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Research on Heart Sound Classification Model

Based on Lightweight Neural Network
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Abstract : Heart sound auscultation is a common method to assist in the diagnosis of cardiovascular diseases. An automatic heart sound
classification model based on lightweight convolutional neural network is proposed. First,the preprocessed heart sound signal is segmented
as the input of the model. A depthwise separable convolution layer is used to replace the traditional convolution layer to reduce the compu-
tational complexity of the model. The inverted residual module enhanced by squeeze and excite module is used to ensure the classification
effectiveness of the extracted features while using a small convolution kernel and a small number of channels. The channel shuffle model is
used after the inverted residual module to exchange information between different channels to achieve a larger receptive field to extract suf-
ficient global features. Experimental tests on the public heart sound signal dataset used in the 2016 PhysioNet/Computing in Cardiology
Challenge show that the accuracy,precision,recall,F1 scores and AUC values of the proposed model are 95.69% ,95.76% ,98.60% ,0.97
and 0.94 respectively. Only a total number of parameters of 45 993 and a total number of floating point operations of 0.40 G are used.
Compared with the results of other convolutional neural networks,the classification performance is better and the computational complexity
is lower. It has great potential in the application of auxiliary diagnosis of cardiovascular diseases based on heart sound signals.
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