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Heart sound classification using energy distribution features extracted with wavelet packet

decomposition
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Abstract: Objective To propose a distribution feature extraction algorithm based on wavelet packet coefficients to
reconstruct the signal energy sequence for effectively identifying the pathological features of heart sounds, thereby realizing
the early screening of heart diseases. Methods The original heart sound signal was decomposed into 10 layers using wavelet
packet decomposition algorithm. After obtaining the wavelet packet coefficients of each layer, each coefficient was
reconstructed, and the energy of the reconstructed signal was calculated and arranged in the original order to form the energy
sequence. The distribution characteristics of the energy sequence of the reconstructed signals at each layer were analyzed, and
distribution features were taken as classification features. Support vector machine, K-nearest neighbor, and decision tree were
used to classify and recognize normal heart sounds and the heart sound signals of various diseases. Results The combination
of the distribution features of the reconstructed signal energy sequence and decision tree classifier had an accuracy of 93.6%
for classifying 5 types of heart sounds on the public dataset, and the accuracy was 95.6% for identifying normal heart sounds
and hypertrophic cardiomyopathy heart sounds. Conclusion The proposed algorithm can extract the effective pathological
information of abnormal heart sounds, providing a reference for clinical cardiac auscultation.

Keywords: hypertrophic cardiomyopathy; heart sound; wavelet packet decomposition; kurtosis; skewness
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Figure 1 Feature extraction flowchart
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Figure 2 Wavelet packet decomposition
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Figure 3 Energy distribution of the reconstructed signal
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Figure 4 Box diagram of kurtosis distribution
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Figure 5 Box diagram of skewness distribution
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Table 3 Classification results of distribution features combined

with different classifiers on the clinical dataset
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Table 4 Classification results of distribution features

combined with the optimal classifier on the clinical dataset
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