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Rale Detection Method Based on Residual Network and Attention Mechanism

Yang Linjian ZhangYu
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In order to solve the problems caused by the easy change of rales intensity and properties, such as difficulty in

selecting artificial parameters of support vector machine, poor detection accuracy and so on. A rales detection method based on

residual network and attention mechanism is proposed. Through the residual network to deepen the network structure to extract more

levels of information, while adding the attention mechanism to further mine the channel level and spatial dimension features to

achieve rales detection. We used a self-developed digital stethoscope to record a total of 2620 breath sounds in 325 subjects. The

experimental results show that compared with SVM and ResNet50, the proposed method improves the accuracy of rale detection by

6.83% and 1.58% respectively.
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