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ABSTRACT

Legacy studies for classifying arrhythmia have been studied to improve the accuracy of classification, Neural Network,
Fuzzy, etc. Deep learning is most frequently used for arrhythmia classification using error backpropagation algorithm by
solving the limit of hidden layer number, which is a problem of neural network. In order to apply a deep learning model
to an ECG signal, it is necessary to select an optimal model and parameters. In this paper, we propose optimal parameter
extraction method based on a deep learning. For this purpose, R-wave is detected in the ECG signal from which noise
has been removed, QRS and RR interval segment is modelled. And then, the weights were learned by supervised learning
method through deep learning and the model was evaluated by the verification data. The detection and classification rate
of R wave and PVC is evaluated through MIT-BIH arrhythmia database. The performance results indicate the average of
99.77% in R wave detection and 97.84% in PVC classification.
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Fig. 1 System configuration
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