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Abstract

The objective of this research is to study and compare ECG classification models using three deep learning
models: (1) multilayer perceptrons, (2) fully convolutional networks, and (3) residual networks. The ECG datasets
were simulated using Neurokit2 program, with 4 types of artifacts including wandering baseline, muscle tremor, AC
interference, and motion artifact. The comparison of the performance of each model was conducted using10-fold
cross validation. The obtained accuracy, precision, and recall were investigated. The results showed that the
multilayer perceptrons were less effective when the datasets contained artifacts. The motion artifact was the most
effective the mean accuracy was 0.609 and 0.601 decreased from 0.690, the mean precision was 0.563 decreased
from 0.620 and mean recall was 0.979 and 0.918 decreased from 0.990. The fully convolutional networks when the
data contained motion artifacts, the mean accuracy was 0.941 and 0.972 decreased from 0.999, the mean precision
was 0.884 and 0.978 decreased from 0.999 and the mean of recall was 0.898 and 0.972 decreased from 0.999 . The
residual networks when the data contained motion artifacts, the mean accuracy was 1.00 and 0.99 the mean precision
was 1.00 and 0.99 and the mean of recall was 1.00 and 1.00. The performance was not significantly different with

cleaned ECG dataset, but a high standard deviation was detected in some cases.
Keywords: ECG classification, ECG artifacts, Deep Learning, Time Series
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Artifacts Amplitude* Accuracy

MLPs FCNs ResNet
Avg. (std.) Avg. (std.) Avg. (std.)
None - 0.690 (0.031) 0.999 (0.002) 0.999 (0.001)
Wandering Baseline 0.50 0.735 (0.052) 0.944 (0.149) 0.946 (0.155)
1.00 0.761 (0.057) 0.974 (0.057) 1.000 (0.000)
Muscle tremor 0.15 0.661 (0.039) 0.992 (0.022) 1.000 (0.001)
0.20 0.665 (0.026) 0.997 (0.004) 0.998 (0.002)
AC interference 0.15 0.657 (0.035) 0.997 (0.002) 0.998 (0.002)
0.20 0.676 (0.032) 0.992 (0.007) 0.996 (0.003)
Motion artifacts 0.50 0.609 (0.024) 0.941 (0.153) 1.000 (0.000)
1.00 0.601 (0.021) 0.972 (0.056) 0.999 (0.001)

r J v
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4.20MANUUNUET (Precision)

Ms1ei 2 msumanSeufsuaundouazdrudoununasgiuvesainnuutud

Artifacts Amplitude* Precision

MLPs FCNs ResNet
Avg. (std.) Avg. (std.) Avg. (std.)
None - 0.620 (0.027) 0.999 (0.003) 0.999 (0.003)
Wandering Baseline 0.50 0.665 (0.054) 0.952 (0.150) 0.899 (0.316)
1.00 0.782 (0.098) 0.973 (0.081) 1.000 (0.001)
Muscle tremor 0.15 0.599 (0.032) 0.998 (0.002) 0.999 (0.003)
0.20 0.601 (0.021) 0.995 (0.007) 0.996 (0.003)
AC interference 0.15 0.596 (0.025) 0.995 (0.004) 0.997 (0.004)
0.20 0.61 (0.028) 0.988 (0.014) 0.993 (0.006)
Motion artifacts 0.50 0.563 (0.021) 0.884 (0.312) 1.000 (0.000)
1.00 0.563 (0.021) 0.978 (0.064) 0.999 (0.002)

 J v
* Amplitude Tuitinaneds vunmsunvdrvesdau/aniu

o 9 Y ag = a A Y @ 1 A
ﬂﬁ%“&uﬂﬂimﬂ‘i’l"uﬁlyjﬁﬂ’lﬂ’l‘ﬁ ResNet 11ag FCNs HUszanninlnainoany ua ResNet 3A1A213

wiudhganiuaniies uagds MLPs Tszaniamega

nsdivoyanau i leliaanlantu szdawadonnnumiudluduny MLPs Tagdauaniu

LU Motion artifacts danal¥anNuiuganauIniga TasAunasnuuiudUNINY 0.563 9AAI9IN 0.620

@M TUAIMVY FCNs 1 ResNet WU1AIANNUNUGONYszANTAManawazinndoununasgug lunig

A58 FCNs UA1R 28NN ud 1m0 0.884 uazaudeauuu 0.312 el aaui)an1)uuuy Motion artifacts 1ag

ResNet JA1RA0AMULUEUNIND 0.899 uazandounu 0.316 ielduant/uuuy Wandering Baseline
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4.3 AANWATUBIY (Recall)

maai 3 MmaumaFeuivuamasias i boauunasgIUYeIsIANNATURIY

Artifacts Amplitude* Recall

MLPs FCNs ResNet
Avg. (std.) Avg. (std.) Avg. (std.)
None - 0.990 (0.003) 0.999 (0.002) 1.000 (0.001)
Wandering Baseline 0.50 0.964 (0.016) 0.981 (0.059) 0.891 (0.314)
1.00 0.777 (0.173) 0.983 (0.054) 1.000 (0.001)
Muscle tremor 0.15 0.989 (0.004) 0.984 (0.044) 1.000 (0.001)
0.20 0.988 (0.003) 0.999 (0.001) 1.000 (0.001)
AC interference 0.15 0.989 (0.003) 0.999 (0.002) 1.000 (0.001)
0.20 0.984 (0.005) 0.996 (0.004) 0.999 (0.001)
Motion artifacts 0.50 0.979 (0.011) 0.898 (0.316) 1.000 (0.000)
1.00 0.918 (0.032) 0.972 (0.089) 1.000 (0.000)

 J v
* Amplitude Tuiiinuneds vurnmsunvdrvesdau/antu

o 9 Y ag = a a Y @ 1 A
M331muUn1lszantoyanlsds ResNet ag FCNs U1lszansnmindifeany ua ResNet 1A1A21%
) =K as = A a °
ATUAINGINIUANTDY 1azIT MLPs N1lszansmmeige
nsaideyanau i laiidanlandu sz damaseaianuasudiuludauuy MLPs Tasaalaniu
1Y Wandering baseline 3z a@awaliiainnuasudiuanawiniiga Iaelinumasnnuasus 1miminy 0.964 1ay
0.777 AAA991N 0.990 A1 FUAINVY FCNs 1az ResNet WU1A1ANAs UGk UszdnTamanasuaziia

Weuunuasgiugeluuiensal Tagduun FCNs Iaunasnuasuduminy 0.898 aAnlleuuuniasgiv

9 A

MR 0.316 ovouanaauanyuui Motion artifacts 1a2@211U1 ResNet HAURAIANUATU NN 0.891

U

AliounUNAT IR 0314 1ieveyalidaulaniuuuy Wandering Baseline

U

5. agUwamsanm

Tagnwsauudd Uszansamlumssuuntsznndoyansaidoyananlvidiiale wundmun

U

< 9

= a A A I ax = a A 1 [ @ =
ResNet Nﬂﬁzﬁ‘ﬂ‘ﬁﬂWWQ\iﬂq@‘l 50990981 u3% FCNs Taefidse@nTninarenuaniios uag@2uuy MLPs i

Uszansnmeiga

' '
AaAa

Y 4 @ ' [ a a ° 9 a
doyanau lidnirlantidwdanluezdinadelszaninmlunmssuunlszinndoya Tasosan
1 v ' 1o ' Y] 2 . . ' '
INAINNNYNABY AANUNUET LazAIANNATUGIN Tagdauani)uuny Motion artifacts 1A IHAAD

Uszantnmlumsswunlszinndoyaniniiga Saunquininainnumiudiianas elantunuy Muscle
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tremor 1482 AC interference ¢ aananalszansamlndifeadu aaulantuuuy Wandering baseline 92 a9HanD
mANuATUSIUNanas uazlinndouuuinasgungs ualunmsuee ludiwageainnugndes
lueuianazsimsAnyuSeuievlseansnmvesdunlaslsdoyanau luinialaningudoya
LRy a = a a v = Y o a
MIT-BIH Arrhythmia i udoyasse uazuennnmsanulsz@nsamudd wwfnuimsad uaudnyaz iy
yovtoyalunaazauuy ieanulalunsmauvesnaazdnny uazawsaiau Inseaiand

Uszansmm annsamanunlald vazansaiit 141834

6. PnAnsNlszma
9 o Y o A =} 9 ] =1 @ £
nagiseveveunuARamunsoiie lumsadinseinelszamifion uazmsnadoudmny Tagldy
1 ' ' Y
. o o o o e @ o
71817 python 521041151051 Neurokit Mimunasosifenssiassdoyanau Il i ldisentiuiidnse

ga19 114400
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