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Classification of Arrhythmia Beat Model based on
Residual-Attention and LSTM

XIONG Lei, HE Peiyu, FANG Ancheng, QIN Leiliang, PAN Fan
(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract ; Long term ECG is a kind of ECG that continuously records the ECG state for a long time. Arrhythmia is char-
acterized by irregular beat frequency or abnormal waveform. Therefore, it is of great clinical significance to identify ar-
rhythmia from long-term ECG efficiently and accurately. In order to recognize the problem from arrhythmia beats from
long-term ECG, an arrhythmia beat classification model based on Residual-Attention mechanism and LSTM network is
proposed. Firstly, long-term ECG signal is filtered by wavelet transform, then QRS wave algorithm is used to find the lo-
cation of R-wave, and the R-wave is segmented into two-dimensional cardiogram based on the location of the peak of R-
wave. Finally, it is put into Residual-Attention and LSTM network for feature exiraction and classification. The accuracy
of Normal \PVC and SPBclassification is 96.09% , which is 3.26% higher than the traditional Convolutional Neural Net-
works model. The F1 values of three classes are increased by 2.04% ,2.56% ,5.30% respectively. The comparative
experimental results show that the proposed arrhythmia beat classification model based on residual attention and LSTM
has better classification accuracy and F1 value than the traditional CNN model.

Keywords : residual ; attention ; long short term memory ;arrthythmia ; beat classification



