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Arrhythmia detection algorithm based on dilated convolutional neural network
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Abstract: An electrocardiogram (ECG) signal classification algorithm based on convolutional network is proposed. The
algorithm adopts an atrous spatial pooling pyramid module to extract information through atrous convolution of different
sizes, and aggregates the information of each channel for enhancing the ability of feature extraction and reducing the number
of parameters. The study focuses on the categories of sinus rhythm, premature atrial contraction, tachycardia and bradycardia,
and a real ECG data set from a hospital which contains ECG records of 75 000 different subjects is used for experiment. The
results reveal that the proposed model reaches an F1 score of 0.89 on the real ECG data set, and also achieved an F1 score of
0.87 on the CinC2017 data set, which indicates that the classification algorithm has excellent feature extraction and
classification capabilities, and has application prospects in the real-time classification of ECG signals.
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Figure 1 Typical ECG waveform
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Figure 2 Typical ECG waveforms of 4 target categories
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Table 1 Some labels from a hospital database and the corresponding quantities
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Figure 3 Schematic diagram of 12-lead ECG signal
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Figure 4 Schematic diagram of model structure
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Table 2 Hyperparameters for model training
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Figure 7 Accuracy on training set and validation set
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Figure 8 Loss on training set and validation set
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Table 3 Comparison of F1 scores between the

proposed method and other methods
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