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Multilayer perceptron-based method for atrial fibrillation ECG detection
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Abstract: Objective To propose an atrial fibrillation (AF) recognition method based on multilayer perceptron (MLP).
Methods Firstly, a novel R-wave detection algorithm based on adaptive threshold was designed, and then with the location
and amplitude of R-wave as features, MLP was used as classifier to recognize the normal/AF electrocardiogram (ECG). The
network parameters of MLP were initialized by deep belief network pre-training algorithm. Finally, the weights of MLP
network were tuned by error back-propagation (BP) algorithm. Results The sensitivity, specificity and average recognition
rate of the proposed method for the classification of normal and AF ECG signals on a single-channel ECG database were
96.00%, 84.18% and 90.09%, respectively. Conclusion The proposed algorithm based on MLP which has high accuracy and
lower computation complexity can be a new method for the intelligent diagnosis of AF.

Keywords: atrial fibrillation; electrocardiogram; multilayer perceptron; R-wave detection; deep belief network
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Fig.1 A cardiac cycle of the normal electrocardiogram (ECG)
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Fig.2 Multilayer perceptron (MLP) architecture used for

atrial fibrillation recognition
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Tab.1 R—wave detection results on MIT-BIH

arrhythmia database
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