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Abstract: Heart sounds are vital physiological signals that reflect cardiac status, and heart sound classification plays a crucial
role in the early diagnosis of cardiovascular diseases. Compared with traditional methods that rely on handcrafted feature
extraction, deep learning techniques can automatically learn representative features from heart sound signals, achieving
superior classification accuracy and robustness. This study provides an overview of recent advances in deep learning-based
heart sound classification by retrieving and analyzing relevant domestic and international research. This review systematical
introduces the characteristics of heart sound signals, commonly-used datasets, and preprocessing methods, summarizes the
application status of deep learning approaches, including convolutional neural networks, recurrent neural networks,
Transformer-based models, and hybrid architectures, in heart sound classification, and further compares their model
architectures, classification performance, and clinical applicability. Finally, the application prospects of deep learning in heart
sound classification is discussed, aiming to promote the application of deep learning techniques in heart sound classification.
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Figure 1 Organizational structure diagram
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Table 1 Acoustic characteristics and pathological causes of different types of heart sounds
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Figure 2 Comparison of heart sound waveforms
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Table 2 Commonly—used heart sound datasets
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Figure 3 Heart sound signal classification algorithm
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Figure 4 Comparison of heart sound signals before and after VMD
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Figure 5 Comparison of heart sound signals before and after
DWT denoising
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Table 3 Research on heart sound segmentation
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Table 4 Research status of heart sound feature extraction
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