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Classification of heart sounds based on minimal gated unit
WANG Hui

(Department of Intelligent Engineering, Guiyang Institute of Information Science and Technology, Guiyang 550025, China)

Abstract: The classification method of heart sounds based on minimal gated unit (MGU) network is proposed in this paper, which
provides a new noninvasive and convenient method for the diagnosis of cardiovascular diseases. Firstly, the collected heart sound
signals are preprocessed by adaptive wavelet denoising. Then, the logistic regression based hidden semi—Markov model is utilized to
segment HS frames. After that, the MGU model is built for the classification of heart sounds , which can automatically learn the
features of heart sound signals. The results show that the proposed model achieves the superior performance with the accuracy of

97.20%. This study suggests the proposed method could be a useful tool for the diagnosis of cardiovascular diseases and assisting

physicians in clinical diagnosis.
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Fig. 5 Accuracy and loss during the training of the MGU model
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Table 2 Information of heart sound samples
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Table 3 Performance comparison results of different models %
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