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Heart sound signal classification method based on spectral envelope feature extraction
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Abstract: Cardiovascular diseases can predispose the heart to structural and functional abnormalities, leading to weakened
myocardial contractility and reduced blood-pumping capacity, which severely jeopardizes patients' physical and
psychological health. Therefore, this study proposes a heart sound analysis method based on frequency-balanced power
spectrum intensity (FBPSI) features to enable effective differentiation of normal and pathological heart sound signals. An
adaptive wavelet threshold shrinkage denoising algorithm is first employed to preprocess heart sound signals and extract
FBPSI envelopes. Subsequently, multi-dimensional features are extracted from the FBPSI envelopes, which are then fused
with features derived from power spectral density and energy spectral density. The importance of these features is ranked
using the minimum redundancy maximum relevance algorithm. Finally, machine learning models are applied for the
classification and identification of heart sound signals. Experimental validation is conducted using the Yaseen and the
PhysioNet/CinC Challenge 2016 public datasets. Ten-fold cross-validation results demonstrate that the proposed effective
feature vectors combined with the K-nearest neighbor classifier achieves a five-class classification accuracy of 97.40% on the
Yaseen dataset and a binary classification accuracy of 89.11% on the PhysioNet/CinC Challenge 2016 dataset, providing
valuable references for the prevention and diagnosis of cardiovascular diseases.
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Figure 1 Temporal-frequency domain comparison of normal

signals before and after denoising
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Figure 2 Temporal-frequency domain comparison of abnormal

signals before and after denoising
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Figure 3 FBPSI, PSD, and ESD envelopes of heart sound signals
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Figure 5 Importance scores of features selected by MRMR on the Yaseen heart sound dataset
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