g5, O[ML, ofof&l", Zoid, LM

1

AMCHstn of st

Multi-class electrocardiogram classification using deep learning

with multi-modal feature extraction
Seunghyun Jang', Sena Lee!, Yerin Lee!, Hyeonyoung Kang!, Sejung Yang'
Department of Biomedical Engineering, Yonsei University, Korea
janbi3486@yonsei.ac.kr, “syang@yonsei.ac.kr

Abstract

The electrocardiogram (ECG) is one of the simplest and fastest examination tools used to evaluate the cardio-vascular disease.
The ECG signal is time series data and consists of numerical values extracted for specific frequencies, so it is essential to perform
classification by extracting features. However, classification using signal processing is a time-consuming process for experts,
and there may be difficulties in disease diagnosis depending on the method. Therefore, we suggest a deep learning based
algorithm which is widely researched in recent classification tasks. We propose a multimodal input network that employs 1-
dimensional (1D) and 2-dimensional (2D) feature extraction. We used the MIT-BIH dataset for our experiments. It has 109,446
input data and is a multi-class dataset with 5 classes. The class consists of normal(N), supraventricular premature beat(S),
premature ventricular contraction(V), fusion signal of ventricular and normal(F), and unclassifiable signal(Q). Classification
performance was evaluated in terms of accuracy. The proposed model has accuracy as 91.27, and it is confirmed that it has higher
classification performance than the single input(1D, 2D) model. Comparative analysis shows that multimodal feature extraction
has powerful performance in classifying ECG signals than using single modalities.
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