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Review of Research on Artificial Intelligence in the Field of Heart Sound
Signal Detection
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Abstract: Phonocardiogram signal analysis is a crucial technology in intelligent cardiac auscultation and related diagnostic fields. In recent
years, traditional machine learning and deep learning methods have played a significant role in the preprocessing, feature extraction, and clas-
sification of phonocardiogram signals, driving rapid advancements in this domain. This paper systematically reviews the signal processing
methods, machine learning, and deep learning techniques employed in existing research, while summarizing the characteristics of commonly
used public phonocardiogram databases and their application value in studies. Finally, it discusses future directions for phonocardiogram sig-
nal analysis, including database development, model lightweighting, and multimodal fusion analysis, aiming to provide a reference for related
research endeavors.
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Table 2 Summary of the features of four electronic heart sound

stethoscopes
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Fig.1 Heart sound signal processing procedure
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Table 3 Summary of heart sound segmentation methods
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Table 4 Summary of heart sound classification methods
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