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Clinicians usually use stethoscopic auscultation for the diagnosis of heart diseases. However, the heart
sound signal has varying characteristics due to the noise and/or the conditions of the patients. Also, it is
not easy for junior clinicians to find the acoustical differences between different kinds of heart sound
signals. which may result in errors in the diagnosis. Thus it will be quite useful for the clinicians to make
use of an automatic classification system using signal processing techniques. )

In this paper, we propose to use hidden Markov medels in stead of artificial neural networks which have
been conventionally used for the automatic classification of heart sounds. In the experiments classifying
heart sound signals, we could see that the proposed methods were quite successful in the classification

aceuracy.
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Fig. 1. A sketch of the heart.
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Fig. 2. An example of the waveform of the heart sound.
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Fig. 3. The left-to-right HMM.
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Fig. 4. Training procedure of HMMs using heart sound signals.
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Fig. 5. Relationship between the HMM and the heart sound
waveform.
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Table 1. The kinds of heart sound signals and the number of data

e GO i
normal sound 15
innocent murmur 14
Aortic Regurgitation{AR) 14
Aottic Stenosis(AS) 18
Coarctation of the Aorta{CA) 20
Mitral Regurgitation{MR)} 21
Mitral_Stenosis{MS) 14
Mitral Valve Prolapse{(MVP) 13
Tricuspid Regurgitation{TR) 20
Ventricular Septal Defect(VSD) 10
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Fig. 6. Segmentaion resuits in the Viterbi decoding as the number
of mixture components increases.
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Table 2. The classification results depending on the feature

vectors,

e MFCC FELE]

oo olg(%)] Bln {engw| vz
normal sound | 100 15/15 | 100 15/15
nnocert  |o2.86  |13/14 [92.86 |13/14
AR 100 14/14 | 100 14/14
AS 100 18/18  |100 18/18
CA 100 20/20 |95 19/20
MR 100 21/21  |100 21/21
MS 100 14/14 100 14/14
MVP 76.92 [10/13 [92.31 [12/13
TR 100 20/20 100 20/20
VSD 100 10/10 [100 10/10
A R 97.48 [155/159|98.11 |156/1569
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Table 3. The classification results depending on the frequency
ranges in the construction of the filter bank outputs,

H{(H) TIHBR (%) |2
0~900 99.37 158/159
0~210 98.74 157/159
0~420 88.11 156/169
200~900 99.37 158/159
200~300 98,11 156/159
30~900 98.74 167/159
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Table 4. The classification results of the ANN.

Hel(Hz) HAH T (%) H|1l
0~210 93,08 148/159
0~420 90.56 144/159
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