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A Study on Arrhythmia Classification using Multi-Stream CNN
based on Variational Mode Decomposition
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Abstract

Recent advancements in deep learning have significantly contributed to the analysis of electrocardiogram signals for
the early detection and prevention of cardiac disorders such as arrhythmia. However, various factors related to the
user's health status, and the signal acquisition process introduce nonlinear characteristics, which can degrade the
model’s identification accuracy. To address these problems, this study proposes a multi-stream convolutional neural
network architecture for enhanced arrhythmia classification. As a result of the experiment, the identification results of
arrhythmia signals using the multi-stream based four single networks proposed in this paper showed accuracies of
94.6%, 95.3%, 95.5%, and 96.1%, respectively, with differences in accuracy ranging from 0.6% to 1.5% depending
on the intrinsic mode function. In addition, the arrhythmia identification accuracy of the multi-stream based deep
learning model that fused four single networks was 96.6%, which was 0.5% higher than that of a single network.
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Table 1. Types ECG wave and action

Wave Action
P Depolarization of the atrial
Q Activation of the anterior septal region of
the ventricular myocardium
R Depolarization of the ventricular myocardium
S
T

Activation of the posterior basal region of
the ventricle
Rapid repolarization of the ventricle
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