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Automatic Detection Algorithm of Atrial Fibrillation Based
on Multi-scale Fusion Feature Convolution Neural Network
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Abstract ; Atrial fibrillation(AF)is the most common arrhythmia in clinic at present, with high incidence rate and mor-
tality. The traditional diagnosis of atrial fibrillation mainly depends on visual examination of ECG,which is time-consuming,
labor-consuming and inefficient. In this work, we present a convolution neural network (CNN) based on multi-scale fusion
features for automatic detection of AF. Multi-scale convolution kernel (MCK) in this network can improve the feature infor-
mation capture ability of ECG signals,and overcome the limitation of traditional single-scale convolution kernel. The proposed
model achieves an accuracy of 97. 4% , sensitivity of 97. 3% and specificity of 97. 4% on the two public databases of MIT-
BIH. Compared with several existing algorithms.the AF detection algorithm proposed in this paper shows better model accu-
racy and robustness.
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