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[ Abstract] This paper studies a two—classification method based on single lead ECG signal quality. To improve the complexity of
manual feature extraction and the subjectivity of rules selection in traditional methods for ECG quality classification, a one —
dimensional Convolutional Neural Network is designed based on the Tensorflow framework. The training data set is constructed by
using MIT-BIH and NSTDB database, and the classification features are automatically learned by constantly adjusting the network
model. Two public test sets and one private test set are used to verify the generalization of the algorithm. The experimental results
show that the average accuracy, sensitivity, and specificity of the proposed algorithm on the three test sets are 96.5%, 98.1%, and
94.7%. Finally, compared with the methods based on the traditional SVM model or CNN, the algorithm not only has higher
accuracy, but also performs well on unknown data sets. The research shows that the proposed method can avoid the disadvantages of
manually processing massive data, and realize the classification of ECG signal quality with more objective and higher accuracy.
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Fig. 4 Experimental data distribution
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Tab. 1 Classification results on three test datasets %
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