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Abstract

At present, the initial diagnosis of congenital heart disease mainly relies on cardiac auscultation.
The analysis and study of the heart sound signal is helpful to the auxiliary diagnosis of congenital
heart disease (CHD) at the initial stage. Firstly, the normal heart sounds and CHD heart sounds
were denoised and pretreated. Then the wavelet cepstrum coefficients (WCC) of heart sounds
were extracted as features. The probability neural network (PNN) was used as classifier. The clas-
sifier was trained with 154 cases of normal heart sound and 105 cases of CHD heart sound. It was
tested by using 66 cases of normal heart sound signal and 45 cases of CHD heart sound. The expe-
riment results show that the correct recognition rate of normal and abnormal heart sounds is 91%
and 86.7% respectively, and average identification rate is 89.2%.
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Figure 1. Wavelet decomposition process
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Figure 2. Heart sound signal level 4, 5 decomposition
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Figure 3. Heart sound signal level 1, 2, 3 decomposition
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Figure 4. Heart sound signal de-noising effect map
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Figure 5. Diagram of probability neural network
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Table 2. Comparison of recognition rates of PNN, SVM and BP methods
= 2.PNN. SVM #1 BP 75 :%IRBIZE3ItL

&SRBk RE2ILYIES
SVM 75%
BP 81.6%
PNN 89.2%

5.2. SrHridie

AR LI 25 RANTT IR ORI, A ORI R SEI0 7778, /N 5% R EHe IUE S 4R1E, B I
M2 2% PNN 170 88555, BEXT G Lo OB AT A R0 R, LI 45 FAE IR 05 A5 5 1T 24 R 5

DOI: 10.12677/hjbm.2019.91002 15 LR 2


https://doi.org/10.12677/hjbm.2019.91002

153 89.2%. HAEMFE SR ZEAT T, WA ET SVM J7VEM BP Jrik. L, ASCHRHIET % BA
—EMAATYE, A BT SEELe RIS B B AL E A B T 12 A B2 I

E&WE

AT R IR G0 H S RA O IR Lo 35 P A 3 SR AR SR BUSEVE I 7T 7, 0T H 4 52 61261008
PR B 8 BR R R T “ 2 T N TR RE5 TR+ 8 o W2 J B 2 i BRI R 5 P 60tk TiH
Yi'5: 2018ZF017 % H).

SE

[1] Adam, T.B., Salam, M.S. and Gunawan, T.S. (2013) Wavelet Based Cepstral Coefficients for Neural Network Speech
Recognition. Proceedings of IEEE International Conference on Signal and Image Processing Application, IEEE Press,
Piscataway, 447-451.

2] FE&, S HT /PRS2 B0 ME R e 4 W48 B BIGIE B0 15 IR IR D). T HLS BT 7T, 2018, 35(4):
978-981.

[3] BRPHAE, Bk, B TP BFE0ES ME e 8 i sei]. RE%2E, 2017(4): 6-8.

[4] Wk, BTN S RS A [D]: [l 22850, T8 KR, 2015,

5] FATTR, MEA, S 2T SR BN B B0 M5 VR D). T IHITYE K222 3B 2R B 22 R, 2016,
34(1): 19-25.

[6] MX4KEN, XWgETE, Dy, B, T coifs /NEMZ 8GOS E S IRIEIERFF R[] P EAYEYTRE
2£4R, 2006(5): 538-541.

[7] 2%k, AHHE. T MEEMD /K BIE R 2L 2 e 7 VR[], B REL TR %S (H AR ), 2018, 32(5):
189-198.

[8] ZEgi4, FEMLHEH, FBHHRE. 2T EMD Al MFCC HIEFIK 0 24535 B0 8RNI, R3h5 i, 2017, 36(11): 8-13.

[9]1 FREB, /K BT CRERENLTGCEE S BINRAMI]. HEL SR, 2016(6): 36-39.

[10] sutse, B, S8, K%%E, sk @, 0 FRBEEEREOTHEEFEMSE RN, HEL2ER, 2018,
41(1): 208-220.

[11] AS%VE, BAEtE, 2250, 380K, ABL TR K. BT HHT FOREZ 0028 0 2% 1728 15 2% J5) 0 e i fe R i 7). IiAR
BT HOR, 2018, 41(9): 152-156.

[12] M HE, Mikz, S8R R, A BRE. Mkl e e & M4 IR BRI, BEE RG24, 2018, 13(3):
388-394.

Hans ;X
SIS R PR 2

1. FTHF%nM T http:/kns.cnki.net/kns/brief/result.aspx?dbPrefix=WWJD
THIFIRHEESE: [ISSN], HAWITI ISSN: 2161-8976, RIF A )
2. FTHEIME T http://cnki.net/
Ao« EBRSCERA R HEN, A SCERRRE, BIRE

hmiE S http:/www.hanspub.org/Submission.aspx

HATIMEFE: hibm@hanspub.org

DOI: 10.12677/hjbm.2019.91002 16 LR 2


https://doi.org/10.12677/hjbm.2019.91002
http://kns.cnki.net/kns/brief/result.aspx?dbPrefix=WWJD
http://cnki.net/
http://www.hanspub.org/Submission.aspx
mailto:hjbm@hanspub.org

	Recognition of Heart Sound Based on Wavelet Cepstrum Coefficient and Probabilistic Neural Network
	Abstract
	Keywords
	基于小波倒谱系数和概率神经网络的先心病心音信号识别
	摘  要
	关键词
	1. 引言
	2. 心音信号预处理
	2.1. 实验数据准备
	2.2. 心音信号去噪
	2.3. 小波变换去噪效果

	3. 心音信号的特征提取
	4. 心音信号识别
	5. 实验结果与分析
	5.1. 实验结果
	5.2. 分析讨论

	基金项目
	参考文献

