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Abstract; In order to improve the classification effect of heart beats, a deep learning algorithm based on bi-di-
rectional long and short-term memory (BiLSTM) model is studied. Firstly, the “double slope” method is used
to preprocess the electrocardiogram signal. Then, an adaptive threshold is designed to perform the prepro-
cessed electrocardiogram signal. QRS waves are located, and heartbeats are intercepted according to R wave
peak segmentation. Finally, the deep learning algorithm of BiLSTM model is used to classify the acquired
heartbeat shapes. MIT-BIH arrhythmia database is used to verify the effectiveness of the algorithm. The ex-
perimental results show that the sensitivity of the proposed algorithm to bundle branch block (N), supravent-
ricular abnormality (S), ventricular abnormality (V), and fusion (F) is 98.56%, 97.10%, 93.33%,
79.52% , specificity were 98.38% ., 98.08%, 98.54%, 99.65% , respectively; compared with the traditional
support vector machine method, the proposed algorithm can further improve the accuracy of heartbeat classifi-
cation.
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Fig. 1 Signal preprocessing steps
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Fig. 2 ECG signal before and after pretreatment
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Tab. 1 Classification results of four arrhythmia types by three algorithms
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