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Multi Label Abnormal Heart Rate Detection Method for ECG
Based on Mixup

NI Juan WANG Jianzhuo
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Multi label abnormal heart rate detection method based on Mixup is proposed to address the high variability of

electrocardiograms between different samples and the insufficient generalization ability of deep learning models. Firstly, the

electrocardiogram is mixed with white noise using the Mixup method; Then, use mixed samples to train deep learning models; Finally,
the experiment was conducted on the CPSC 2018 dataset, compared to Inception-ResNet-v2, MLC-CNN, STA-CRNN, the F1 scores
of this method have increased by 0.014, 0.031, and 0.023, respectively.

Keywords: Mixup method; electrocardiogram; multi label; abnormal heart rate detection; deep learning models
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