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[Abstract]

In this paper, we classify ECG signal data for mobile devices using deep learning models. To
classify abnormal heartbeats with high accuracy, three factors of the deep learning model are selected,
and the classification accuracy is compared according to the changes in the conditions of the factors.
We apply a CNN model that can self-extract features of ECG data and compare the performance of a
total of 48 combinations by combining conditions of the depth of model, optimization method, and
activation functions that compose the model. Deriving the combination of conditions with the highest
accuracy, we obtained the highest classification accuracy of 97.88% when we applied 19 convolutional
layers, an optimization method SGD, and an activation function Mish. In this experiment, we confirmed

the suitability of feature extraction and abnormal beat detection of 1-channel ECG signals using CNN.

» Key words: Deep learning, Electrocardiogram, CNN, ResNet, Arrhythmia Detection

[ 9

B =R gy 2dS olgste] muld 7)7]o] AAE AlF ZA dolEE EF3
A Adets S =2 AR EFs7] 98 deld 2de 4 24 A /K E AAs A
Q20 21 W e BF AIEE vudth AAE A5 golEe EAL AnR FE5T
I JE CNN 2dS Hasty 2ds pAshs mdol Zo] A3} uhy, &A43) o 218
WAt F 487019 23t S vudth MY =2 AL E Hole 2 2{[e =&
Az} AEFA dolof 1971, H A8 ¥ SGD, 443} &4 Mishs 48313 ]l 4% 97.88%
2 RE T T MY £ EF AYEE Aotk o] Aol CNNS 83 1Y AL Al
39 B4 F&3 uAA vk HE0 AgAS Fgolsditt

=

» FA0f: Hajd, AIZE, CNN, ResNet, 240 7=

e First Author: Hyun-Ji Lee, Hyeon-Ah Kang, Corresponding Author: Seung-Bo Park
*Hyun-Ji Lee (95220023@inha.edu), Dept. of Material Processing and Engineering, Inha University
*xHyeon-Ah Kang (ha.adastra@gmail.com), Software Convergence Engineering, Inha University
*Seung-Hyun Lee (tmdgus8659@gmail.com), Dept. of Material Processing and Engineering, Inha University
*Chang-Hyun Lee (ckd9848@gmail.com), Dept. of Material Processing and Engineering, Inha University
*xSeung-Bo Park (molaal@inha.ac.kr), Software Convergence Engineering, Inha University

* Received: 2021. 07. 09, Revised: 2021. 07. 26, Accepted: 2021. 07. 26.

Copyright © 2021 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



30 Journal of The Korea Society of Computer and Information

I. Introduction
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Fig. 1. Main Components from an Electrocardiogram

showing an ideal heartbeat
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II. Preliminaries
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III. Configuration for Deep Learning Model

1. The MIT-BIH Arrhythmia Database
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symbol

L Left bundle branch block
Any heartbeat not N NoTmal
N categorized R Right bundle branch block
E Atrial escape
B S} W er @ j Nodal (junctional) escape
] A Atrial premature
s Supraventricular J Nodal (junctional) premature
ectopic beat(SVEB) S Supraventricular premature
a Aberrated atrial premature
v Ventricular ectopic beat E Ventricular escape
(VEB) \ Premature ventricular contraction
F Fusion beat F Fusion of ventricular and normal
P Paced
Q Unknown beat u Unclassifiable
f Fusion of paced and normal
Fig. 2. Mapping Original Heartbeat Types in the MIT-BIH

Arrhythmia Database to AAMI Groups
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Table 1. Amount of Data by Category

Group Amount of data before | Amount of data after
Symbol Over-sampling Over-sampling

N 82,242 82,242

S 2,768 2,768

\% 6.807 6.807

F 801 2,533

Q 2,337 2,337

2. Deep Learning Models
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Fig. 3. The Proposed Architecture of the
Deep Learning Model

3. Factors of Proposed Model
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Table 2. Optimizers used in this experiment
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Fig. 4. The Four Activation Functions Used in Paper

Table 3. Mathematical Definition of the Four Activation
Functions Used in Paper

Activation Mathematical
Function Definition
RelU R(z)=max(0,2)
Leaky RelU L(z) =max(a*z,z)
Swish S)=xz- (1+exp(—pz)) "
Mish M(z)=xztanh(In(1+€"))

4. Experimental Method

4.1 Data Preprocessing

A= 2lzo EAE Als £&517] Yolk+ QRS o
£ Y dEshe 7o) 7V 58sHKT Ago] 2
=l UA| glolEjoA o 22 ] 845 FEshe A2
Ui o]t} WetA CNNeJ §4 &9 A =S £o)7]
Hall A HAl giolge] Fa2 Ao a9 &
Foll o} sidste Fure] W7 tf2u g 7F 59
S0l T2} e PS K1e¥siint.



Face Detection Using Shapes and Colors in Various Backgrounds 33

................

| i |
Fig. 5. ECG Signals According to Filtering Sequence
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4.2 Experimental Process
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Fig. 6. The experimental process

Table 4. Experimental Environment

CPU Intel(R) Xeon(R) Gold 6140 CPU @
2.30GHz
GPU GeForce RTX 2080 Ti
0S Ubuntu 18.04 LTS
Programming Python 3.7
Language
Deep Learning
Framework PyTorch 1.7

IV. Experimental Results

Table 5. Experimental Conditions

Input Conditions of Factors Output
Depth Optim. AF N
heartbeat 19 Adam L.ReLU \
data 27 Ada Mish F
35 delta Swish Q
oY Mg RIS Lot 7t 40 Wl e w
dlo] Hate s wlwsty AA| 48709 v A% F by
o YEEg Holk £S WAl UY ZS BA
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1. Performance Comparison According to Factors
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AA: Average Accuracy, D:One of The Factor, D, :

Factor of x condition, A: Accuracy, n: Number of

combinations including condition D,

Table 6. Average accuracy and best accuracy by
varying the condition

Factor Condition SRS e

Accuracy Accuracy

ResNet11 96.78 % 97.49 %

The depth ResNet19 9713 % 97.88 %
of model ResNet27 96.98 % 9741 %
ResNet35 96.73 % 97.30 %

RelLU 97.07 % 97.49 %

Activation Leaky RelU 96.99 % 9755 %
Function Swish 96.77 % 97.46 %
Mish 96.92 % 97.88 %

SGD 97.22 % 97.88 %

Optimizer Adam 96.92 % 9741 %
Adadelta 96.56 % 97.27 %

glojo] 70} 2L A7HA]olY A|Nst Wi, &/det
220] 271 Watol wet 2t 128k Btttk 1 2
A 55 NS 2T ResNetl9of|A B Ao
97.13%, 21 AetE 97.88%= 7Ht =8 MEr S Wl
o} $7luC} o BRe Alx} 222 malsige o AatEst
gasted 16709 A 552 7H] ResNet3bof|A] Hat
MET 96.73%, &1 HEe 97.30%9 H=g Yo o]
of 4 &7 F VY pe BEeg nyt,

Z)A3E BHHO SGD, Adam, Adadelta s AL

=
of Z10] UL 52 HlTSIAT T} Q40| £ £Y

ol
=

-

o wet 2} Alsja} AL 169K B, A 7}
xo] A3} YoM B Wetwet A1 Yateg 242
M3 A3 SGDE MEINUS T BF 97.22%, A1
97.88%2] Jereg Bglon] HKe} Yol walo] e}
Ve getel J1 we JEes e o of
0.66%2] Aol Bt

2 29t P40 A7 O 940 A7) 1} 12
HAR A5t o RelU, Leaky RelLU, Swish, Mish&
Agsto] 2yt P4o] U2 B H5S vlastect

0

AR et =S Hlusis

ReLUZ A-85t 2o 97.07%2 71 943 As
=S Hlasls ™ SwishS gt &

dlo] Aatn xp= oF 0.3%=2 A 7}

A9 84 F 7P AL Alolg BTt

o B

T

2. Overall performance comparison
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Fig. 7. Confusion matrix for accuracy in the 5— categories
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Table 7. Top-5 conditions with the highest accuracy

Top-5 conditions Loss Accuracy
ResNet19+Mish+SGD 0.1099 97.88 %
ResNet19+LRelLU+SGD 0.1095 9755 %
ResNet11+LRelLU+SGD 0.1108 97.49 %
ResNet19+RelLU+SGD 0.1301 97.49 %
ResNet11+Swish+SGD 0.1285 97.46 %

3. Discussion
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Table 8. Classification accuracy by using CNN-based
methods

Refs. Classes Accuracy(%)
Kiranyaz et al.[12] 96.4
Yildirim et al.[13] 17 91.33
Kachuee et al.[6] 5 93.4
proposed 5 97.88
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