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Single Lead Electrocardiogram Atrial Fibrillation Detection Method
Based on Convolutional Attention

QIU Rongjian  WANG Jianzhuo
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: With the popularity of wearable electrocardiographic devices, the method of automatically detecting atrial fibrillation

from single lead electrocardiograms is becoming increasingly important. A residual neural network model Resnet34-CAB based on
convolutional attention is proposed to address the issue of noise interference in single lead electrocardiograms collected by wearable
electrocardiographic devices. By integrating Convolutional Attention Blocks (CAB), the detection performance of the model is
improved by selectively focusing on key features of the electrocardiogram and adaptively suppressing noise, with a small increase in
model complexity. The experimental results on public datasets show that the Resnet34 CAB model outperforms the Resnet34 and

Resnet34 Transformer models, verifying the effectiveness of the fusion CAB.
Keywords: single lead electrocardiogram; convolutional attention block; atrial fibrillation detection; residual neural network
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