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ECG Rhythm Classification Method Based on Adaptive Convolution

LIAO Guixin  GAN Li
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: A heart rhythm classification method for electrocardiogram (ECG) based on adaptive convolution is proposed to

address the issues of insufficient detection performance caused by reduced model complexity after network lightweighting. Firstly, a

lightweight convolutional neural network model framework is used to construct a dual branch structure. The main branch extracts the

waveform features of ECG, while the sub branches extract the difference information between ECG samples and normal heart rhythm;

Then, by using adaptive convolution method, the difference information between ECG samples and normal heart rhythm is integrated

into the main branch to improve the detection performance of the model; Finally, experiments were conducted on publicly available

datasets, and the F1 score, accuracy, and recall rates were 93.58%, 95.53%, and 91.70%, respectively. This showed a significant

improvement compared to the network that did not include the difference information between ECG samples and normal heart rhythm,

verifying the effectiveness of this method.

Keywords: electrocardiogram; heart rhythm classification; lightweight convolutional networks; adaptive convolution; double

branch structure
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