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Markov transfer field combined with modified MobileNetV2 for arrhythmia classification

JI Changpeng, DENG Wei, DAI Wei

School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China

Abstract: The automatic arrhythmia classification is critical for cardiovascular disease prevention. An approach for
arrhythmia classification based on Markov transfer field (MTF) and modified MobileNetV2 network is presented. After
preprocessing and data enhancement for the original electrocardiogram (ECG) signals, MTF maps the processed ECG
segments into two-dimensional images with temporal correlation, and then a modified MobileNetV2 network which
incorporates with efficient channel attention classifies the ECG signals of 4 types: normal beat, left bundle-branch block,
right bundle-branch block, and paced beat. The results show that the modified MobileNetV2 is slightly more complex than
the original MobileNetV2, and it has a classification accuracy of 99.71%, which is 0.89% higher than the original
MobileNetV2, demonstrating that the proposed approach can achieve the effective arrhythmia classification.

Keywords: cardiac arrhythmia; Markov transfer field; MobileNetV2; two-dimensional image; attention mechanism
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Figure 4 Overall flowchart of arrhythmia classification
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