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Abstract

The study aims as utilizing the random forest algorithm to classify heart sounds for diagnosing
heart diseases. This paper is organized as follows: the heart sounds are firstly collected via a elec-
tronic stethoscope and preprocessed based on the wavelets transform, and secondly the
short-time Fourier transform-based (STFT), the frequency domain features and time domain fea-
ture are defined and extracted to characterize the features of the first and the second heart sound
in time-frequency domain. Finally, the random forest algorithm is employed to classify normal and
abnormal heart sounds. The performance evaluation is validated by the achieved accuracy of
93.24% for distinguishing between normal and abnormal signals. Therefore, this study can pro-
vide an efficient way to discriminate abnormal sounds for the medical workers or patients.
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Figure 1. The main cause of death in rural and urban residents in China in 2016

1. 2016 FhE R FIHTER T ERHEEDR

H P 1 AT RO I A 1 T o AR R T R A 2 — o o ML R £ 453 R N T B 45 8 K it
FHETT RS ARSI, PriER et o mE R R A K. BT MEER. F58A R
Wi O BOR AR B SRR R, BN G oV SR AR O 5 12 W, PRI SRR 0 7 R B
0] IR s o (2 . X AT R SRR RENT AR, R BRI Z AW DR 8%, A
R GBFHAT I ESRT . H BT 7 BT E AR PR A E FE T R b BOE WK K
1148 (k-Nearest Neighbor, KNN)Z»2REVEA[2], REM[3], SHFFFRENLSVYM) [4], =R A5, A
TAPLZEMI 2% (ANN) [6]55 . LhE& LI 73 S5 IR 2 A7 AR I 40 HL 2 SRAERf BE AN i RS

OFESUEF AL RE 75 5y MBI, AT — IO ST rh, AT ELSE TR 73 SR B R 2%
BRI T . SPAIIARFANES . DORES AR . SRR R Th BE AN 40 AR i 453 2
HZ Mo {H SVM A ANN X KRR I ZRFEARE LLSEIL . H T B LAR ARSI AE AR AR 20 288 1) i A X

DOI: 10.12677/csa.2020.104061 592 PR 55


https://doi.org/10.12677/csa.2020.104061
http://creativecommons.org/licenses/by/4.0/

R

AEG BB A RS, X2 M8, T DR A R R R g . T, ARTAR AT
BEHLARAAR SR 0 5 BEAT 73 ST 7T SN

2. 5k
RAETTEN 2, R0 Fed A8 20 N LR AP R 2.

B T 3IM-3200RE 0 F HIE

F=$ FT /N AR T AL T
A\ 4

BE=4 H T STFTHRELC A

FL EFRIEEEITLEE S

Figure 2. The flow chart of random forest algorithm in
heart sound classification
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Table 1. Power parameters of 3M-3200 electronic stethoscope
F= 1. 3M-3200 BB FITIZRRMINESH

[A]#E d (m)
BUE I K 80 MHz~2.5 GHz
% P (W) 150 kHz~80 MHz
d=12, JP
0.01 0.12 0.23
0.1 0.38 0.73
1 12 2.3
10 3.8 7.3
100 12 23
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Figure 3. 3M-3200 electronic stethoscope
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Figure 4. DB10 wavelet
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Figure 5. Wavelet decomposition diagram
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Figure 6. Normal heart sound signal after noise reduction
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Figure 7. Characteristics of atrial fibrillation cardiac tone signals
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Figure 8. Characteristics of atrial fibrillation cardiac tone signal after noise reduction
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Figure 9. 10 times cross validation
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Figure 10. Stochastic forest flowchart
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Table 2. Atrial fibrillation cardiac tone signal extraction
F2 BELERESRN

AF02
Sy S,

Fw Frmin Tw Fw Frin Tw
156.812 31.126 0.107 146.568 32.702 0.052
169.420 22.458 0.097 159.176 33.490 0.060
148.932 34.278 0.093 133.960 47.674 0.042
172572 20.094 0.118 154.448 28.762 0.073
148.144 33.490 0.093 117.412 32.702 0.064
145.780 36.642 0.088 143.416 37.430 0.050
146.568 38.218 0.072 141.052 30.338 0.058
148.932 30.338 0.063 150.508 31.914 0.062
152.084 31.126 0.110 138.324 40.582 0.041
146.568 35.854 0.085 141.840 42.946 0.056
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Table 3. Characteristics of heart tone signal extraction from aortic valve regurgitation
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DaidoBen_AR_cd1

S; S2
Fw Frmin Tw Fw Frmin Tw
174.936 16.154 0.080 152.084 37.430 0.090
147.356 31.126 0.072 136.324 47.674 0.076
148.144 24.822 0.072 138.688 48.462 0.068
153.660 19.306 0.094 137.112 34.278 0.065
175.724 10.638 0.077 165.480 26.398 0.080
138.688 26.398 0.109 165.480 24.882 0.088
136.329 31.914 0.086 141.840 43.734 0.062
150.508 34.278 0.087 136.324 44.734 0.069
156.812 27.186 0.074 141.052 45.310 0.071
154.478 19.306 0.091 162.328 24.822 0.165
162.382 21.670 0.104 152.872 35.854 0.086
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