AFWLL Az 2

.J&

=g B4 a7

o

o 8F, AL AW, gAY, 29 Faw
AN AATFAENG, QA HERA T, FRN, 8 3otwa’
Ay o 3aap!

New Sound Spectral Analysis of Prosthetic Heart Valve

H.JLee!, S.HKim?, B.C.Chang®, G.Tack!, BK.Cho', SK. Yoo’
1Dept. of Biomedical Eng.,Graduate School, Cardiovascular Research Institute,
E’Dept. of Thorac. & Cardiovas. Surg., F’Dept. of Biomedical Eng., Yonsei Univ,,
“Dept. of Biomedical Eng., Konkuk Univ.

ABSTRACT HA @ad MEE dme$Hd fast orthogonal
In this paper we present new sound spectral search ¢ MUSIC &¢xe|Fs 7R3k o] Wy
analysis methods for prosthetic heart valve EX& parameterol] ©}3 BAgolma FFT| 7|ut
sounds. Phonocardiograms(PCG)  of  prosthetic & ¥ MG AES Fua & 5+ o
heart valve were analyzed in order to derive
frequency  domain  feature suitable for the 2. 49y

classification of the valve state. The fast
orthogonal search method and MUSIC (MUltiple 21 Bateo] s
SIgnal Classification) method are described for '

finding the significant frequencies in PCG. The Qlgsture] wWutee Aot WU owo:

fast orthogonal search method is effective with oL %__‘_o\__ %i};ﬁ MBS 2wTH4]. e A

short data records and cope with noisy, missing S‘,'D_}I,} olyE mE spu,tml energy 7t X% 5}
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information in the autocorrelation matrix or the :';[Jf éll:gz zogiﬁi'g;}ﬂ o :}Hﬂﬂzlgph;gﬂ;:

data matrix into two vector subspaces, one a =[3] of A3 @] 510.1 :3:1 ;}u < =2 3 Z

signal subspace and the other a noise subspace.
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Model coefficients (a) in equation (2)
a - de
0.0004, -0.0417, ~0.0546, 0.0325, (0.0060, 0.0185,
a7 - ae
0.0658, -0.0936, -0.0131, 0.1039, -0.0206, -0.0118,
a3 - am
0.0140, 0.0081, 0, 0, 0.0160, -0.0082, -0.00492 -0.0132
an - az
0, 0, 0, -0.0014, 0, 0, 0.0129, 0, 0, 0, 0, -0.0062, 0,
au - ak
0,0, 0,0, 0, 0, 0
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