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Abstract: Heart sound auscultation is an effective diagnostic method for early screening of heart disease. In
order to improve the performance of abnormal heart sound detection, this paper proposes a heart sound
classification algorithm based on bi-directional long short-term memory (Bi-LSTM) network and self-

attention mechanism (SA). Firstly, the heart sound signal is partitioned into frames, and the Mel-
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frequency cepstral coefficients (MFCC) features are extracted from each frame of the heart sound signal.
Next, the MFCC feature sequence is input into the Bi-LSTM network to extract the temporal contextual
features of the heart sound signals. Then, the weights of the features output from the Bi-LSTM network at
each time step are dynamically adjusted through self-attention mechanism, and more discriminative heart
sound features that are conducive to classification are obtained. Finally, the Softmax classifier is used to
classify normal/abnormal heart sounds. The proposed algorithm is evaluated using 10-fold cross-validation
on the heart sound dataset provided by PhysioNet/CinC Challenge 2016, and achieves sensitivity of 0.942
5, specificity of 0.943 7, accuracy of 0.836 7, F, score of 0.886 5, and accuracy of 0.943 4, respectively,
which are superior to typical comparative algorithms. Experimental results show that the proposed
algorithm can effectively detect abnormal heart sounds without the need for heart sound segmentation, and
has potential clinical application prospects.

Key words: heart sound classification; Mel-frequency cepstral coefficients (MFCC); bi-directional long

short-term memory (Bi-LSTM); self-attention mechanism

51

il

R, 0085 950 16 36 3 2 5 B A6 T W s b vy 9 6o o0 3 S RO E LR A 45 R T
£ R0 AL Y0 T B A A O SO B 51 2 ML 5 2 T 7 A A P RE A R B B 0 & R R 3 ik i A R
SECER I T AR o 76O 00 A5 50 1 L 300 07 A5 oy L 0 95 WP I8 J2 e 0 R B A S B s i O i SR
O E WIS S5 R T B8 55 N R i2 &5 FZ2 WK 2 EMR R Z K. MEBFIiZ 4
H LRI U A5 R R B R AR 0 B AR S MR AR B AF A 43 R S O s 7 A 109 e Ak 8k T
BEN . 0T B AR B AR T FE— R R R I 5 N B I RIS I B TR TR 7, 4 T 1 A R Y92
K.

TEIA R ZH00 & RBE D |20 F 5 5 304708 4 Be, BB & 451> 0 3l 5 200 b 2 —
i (S1) 0 IEUS 46 3 (Systole) V55 03 (S2) LU IE &7 5K 3 ( Diastole ) 4 A~ MR ZS A9 47 B X ], A 0 35 4
TSRS O 8 3 AR L A B e . O & 43 BOR X0 5 5 2R AT 43 2SS B H B AR A, O B 43 B RS BE X
OFESENERRA ZXEEA LW SR, X T — L8329 S e W& T4 )™ & 0 5 8 0 ok
U, YT 0 2l JE 30T 0 5 48 I Al 2 A B Y BT DAV B H O A5 S AT A BRI ME BE A K . Sy T R 2
O 8 3 B 0 28 LA BE S (T 3 180 7 43 S PR RE TR B B S A, AR SCHR R JE R HEAT 0 A3 B O )
K.

1 MAxXIME

OB AR TR ME R, A0 & F 5 i AR Z 03 A (Cardiac cycle) o fAN0 30 5 9 & A
ST Wi i)\ S2 Mgs sk 4 FRZS o R0 F A Sh R BN AMIFSE N LA T R .0 & 432805
B, FE G N B TAEGEHLAS 27 T 19 53 2K 07 1 R T IR B2 2 > 9 3 2K 07 i R 2k .

FETAG LA S 005 432 7 1k S SR BN T TH 9.0 B R AR L 2R 5 5% FH B8 T 32 510 /1 L (Sup-
port vector machine, SVM) Ap 28 DU i 7 5 & £ /% AT SR AR (Hidden Markov model, HMM) #Y 53 26 £ ik
FTOEF 40250 Deng 25 R I T — R 2L T 1 AR S 550 AF AP B 5 10 00 5 20 2507 ¥k, 1SS0 B 1/ i e
#i (Discrete wavelet transform , DW T ) Mt 3 {5 5 B9 4> 5717 4 46 rP 4@ B A AR SRR, 98 ) 38 2 7 it



458 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 2, 2025

SFPRE RS A -l 0 AR SCHREAE Rl A I — SRR 1) 6 55 B RRAE ) i A A B SVM A3 R BT 0 B A 2K
Milani %7 8 S $2 W00 35 15 5 o STRIS2 i i SR SRS AE |, 98 5 il F L T30 42 I 4 (Artificial neural
network , ANN) #E 47 1E % /5 # 0 & 43 2%, ) PhysioNet/CinC Challenge 2016 %45 £ ik £8 150 40 &
ICSREAT T S 96 032, A ot FH B s A0 R A5 2 5 R B 43 B T 9024 .83.33 %6 1 93.33 %6 Y fE
Bi% . Guven % B S0 — 4035 15 5 R4 B T AR R 5 s 1035 B SRR Mot 35 7 Bevh $2 BUE
HRAIE , RSO 315 5 38 B BT RRAE |, DK 2 00 R AIE 5 R 0T R AE 20 A A ok 1 8 — > Ry R i S AR 1IE
B REAIE P28 B3 i 20 9 A FH DR SRR SVML R 3R DL i iy (KT A B8 1 AR O ik AT IR/ R L R,
M PhysioNet/CinC Challenge 2016 % 45 4 h 3 £ 2 435 450 & id sk 647 17 52 56 003K, 4 51 B A5 T
87.8%0.91.2% .83.3% .89.9%0 F1 92.7 % WyMER A . LI bR T GELAS 27 > 1.0 & 43 FE Mk REAE AL MM T
N T3 B0 B RRAE SR TN TR 1A R0 R F 2 — 42 TR X 1% 4

HE T VR BE 5 >0 W0 5 43 2607 R PR I35 4 22 0 2% 11 31 42 00 ¥ 5 AIE IR 58 L0 75 43 2 o Chen %1
P T — A 3 T Ik B9 88 R R /N D% AE i (Modified frequency slice wavelet transform, MESWT) Fl
CNN H.035 4 2607 o 156k FI HMM B a8 S1.S2 M4 W1 7 3K 01 9 07 8 L SR )5 i FI MFSW T .0
B E S A Sy R RS B S R CNN #EAT IE %/ 5% % 0 & 43 28, 7E PhysioNet/CinC Challenge
2016 Hdit 48 EHEAT T 5250, O 1 0.94 (9 F KR 5 L0.95 (9 AU R 0.93 (9 E 57 BE . Zhu 4 T
— P 3k T 58 2= [ 4% (Residual network, ResNet) #1445 B {212 W 2% (Long short-term memory, LSTM) [
OE SRR BRI R A KRB O 55 00 240 3 R B, 25 43 0 3l JE A A
B rp R B8 Uk 45 41 4R 1 (Filterbank, Fbank) g 2R 4 % i 22 %1 (Mel-frequency spectrum coefficients , MF -
SC)FFAE M IR 55 3R 48] 33% 22 %0 (Mel-frequency cepstral coefficients, MFCC ) $#1F , 4R J5 5 32 B2 (6 BRAF 43
il A 2 il ResNet A LSTM W 45 14 73 JE 68U v fE 4T 1%/ 5 % 0 7338 o & PhysioNet/CinC Chal-
lenge 2016 £ £ b /9 5250 45 R R W], MESC R AE AL T HARRRAE , B T 84.306 1Y 1573 \84.4 00 B ifE
TR (84.3% By 7 % M 85.6% KRR ¥ . LiZE W e R HMM i 52 0 35 15 5 o 434> 0 30 J5 )
S1.S2 W4 1 A&7 5K I A9 AL E, B DL ST O s Ul 3 s 10 i B, SR JE SR LG i B MF -
CC Xt i /R (Log-MeD) i 4F S Z 4 Mg /K (Mel) RUEERHE i A 2 CNN ST IEHR /5% 08 42K . 18
PhysioNet/CinC Challenge 2016 %4l 4 I i) 52 56 25 R R W, DL Log-Mel i i R AE A BE RSB T 89.6 %
Y A IMAF- 34 4 [l %6 (89.5 %0 1Y R BIUREFN 89.7 V6 (e 57 FE

R A3 T 1 A AR R AR i IR A A 58 O i 4 B, B E 0 Bl AT ST R L S2 .
AR A MRS . AR, 0 o3 B — RO B 3 B HOR o B PR R A R, PR — 8 O3 I 5N B
TR BT IO o3 B0 & 23 28 T7 1, DT W 3k A 53 B AN A2 4 e 246 93 R 45 SR R 1 52 )

Singh 258 Se bt 28 1 B AL B 9B R 5 s B9 R 4 Bl A 5 IR AT SN AR B, 2B R T 4k N
Wi B, R 5 A B0 25 9 AlexNet [ 28 HE 47 1E % /5% 0 & 43 25 . £ PhysioNet/CinC Challenge 2016
BARAE BT T 928 S T 90.00% B9 R B 90.00 % Y 4 5 B R 90.00 % B HERG %, Zhang %51
HE T A T I [ S SRR AR AT LSTM (0 3 2 5 k. 1 e i T I ol B e A e ke SR B0 15 5
B 8T P 5 9K JE AR 6 AN [ Aty v 400 33 ] ok ~F- 347 i BE 2% pR AR (Average magnitude difference function,
AMDF ) 5005 15 55 B B 18] o JE S R AF , P4 A LS T M 3R A5 B 1) o ) 301 R AiF 9 B4 3 56 = L 45 31 F)
T o R0 SR s B, 8 O R 28 R AT IR R/ RO 43 28 o 7E PhysioNet/CinC Challenge
2016 5 FHAT TR B T 0.942 240.024 19 R L0.904 8£0.017 4 (45 5 B F10.923 5+



EEYW FATRARARTICR LA B2 E S AH o F ok 159

0.010 9 Yy A5 4> . Krishnan 285 08 0395 155 0143 0 6 s B0 35 A Be SR 5 i 3 Savitzky-Golay 3§
W g% B BEEAT IR R S 43 B A B — 4 U 28 I 4% (1D-CNN) FIRT 5 28 ) 4% gk 47 1 %/ 5=
B 4325, B PhysioNet/CinC Challenge 2016 £ 42 /1 1 081 450 ¥ i s F 47 52 3 4, 45 A = WA
A5 12 09 T st ol 28 I 2% B R A B PR BR L IUIR T 0.856 5 Y BV ARK L 0.867 3 1 R B AN
0.847 ST . Li%s ™ i se % 28 i Wi Ak B 1 K O 3 s B S 43 Bt 5 15 5 26 A7 4 I 4 L i 7AE e
3 20k &, SR )5 A CNN BEAT 1E %/ 5 % 0 8 4328, 78 PhysioNet/CinC Challenge 2016 $#i 4 I i 47
TEE AR E T 870 M R AE (850 MR (8594 M HET AN 86 o Y M AKE B . SRR RAEIHR I T
— il 3 T AR B 7 2 SRR (Convolutional block attention module, CBAM ) #l1 ResNet f).Lr & 43 28 T s
B R EUL 15 5 1 MFSC i |, 8% J5 % H Bl & CBAM (1) ResNet W 4% ¥E 47 1E % /5 0 0 35 43 25 78
PhysioNet/CinC Challenge 2016 £t #ii £ b 4T 1 92456, A% 17 90.25%0 B9 REE (91.63 06 Y45 5 I
90.90 %% H HERH .

2 ETFBIi-LSTMMEZHNEEENNEHHOLEFTSE

YT BirLSTM [ 28 % iif 6] 77 51 LA R AP A9 @R ge 77 48 0 7 — A T BI-LSTM W 4 il B 1 3 )
HLH Y0 3 2 BRI (T T &) 17

T X AR T AT A A B 5 IR LG AR S 1 MECC AR IE s 35635 o MEFCC HRE 7 91 i A
Bi-LSTM M5 , F] 1 Bi-LSTM M 45 $2 B0 35 15 5 B B 3B R SCRRAE s 4R )5, 76 B SE Al b sl ad B 1 7
FI AL S A5 HE BI-LSTM W 4 4 A b 8] 25 i 1 RR A A A, 45 204G A1) 40 28 10 0 L 56 300 1k 1 0 35
TE s feJe il 5 Softmax 43 4R L IIE R /78 O EH .
2.1 EFMFCC 5 E3R B

O FAF I — Pl — A A5 S, TS A S e R e e R e S 2 0 R 6 S AR S B S A
R 3X ol AR He 2% T B UAE B0 e R TEE S WA 1 43 A B I ) Sh A AR AR . S T D ) L AR £
BSf A1 40 T D7 3 N 3 T 2k, oA J sk s B 2 3 (Short-time Fourier transform, STFT) J2& fi 25 ML 1) i} 4
SEAT O R AR A B AR R B R A S R e B IR g Sl X AT AW T, SR X — 1t
HEAT PR A R o AR e 0 I B 2% (Hz) |, (RN X 0 2% 3 P b 32 B (IR O R R X R o M
IR (Mel) b B — B B T N H A3 (0 JE e MEAR BE L 76 Mel bR BE R, A58 19 248 Ak S A7 5 AN H- 80 1 A
XFARAE o Mel b BE 05513 Mel( f ) 5 b 2% b JBE (0 01 3 22 18] B LI 56 R oy

Mel( f)=2595lg(1+ £/700) (1)

e IR AT 2580 i R ) 3 Fr) X3 A T M R AT 2R 0 i 1 AR R R A M R AR R AR EE R A L T
TE B 18 X SO0 0 i v ) 2 P VD B ) A B R R e N EE R BT RE ) 5 S R AR G R .
KL IAF T MFCC fEME A R O 5 5 BRRIE ™

> FH MFCC R E (1 4 Bt P 5 24 45 43 Wit fn g7 PR St fef B 8 e Mel b B 6 48 353 X0 $i g i
F B HOAR 5% e S5 A BAOD IR NT

(L) A3t e o B S X B0 & B BCdb AT 20 i b B, A A5 5 i (9 0 3 15 5 3 U RS s B
B LC A5 AT IR AR DLk G e B S o (EUN 7 AT B — W e (S AR L T
il A2 R A, W5 T 2 () A — 0 S, A 00 T T A S R L Y B ) 2 U AR RS o AR SCEE BRI (Ham-
ming) & , K SRR o BRSO B S MU T, 40 N S A cWUE S 2, (), Ho e
FORMF S ,6=0,1, -, T — Lin KR (WAHESHRESTF S ,n=0,1, -, N— 1,N R EW.L&EES



460

R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 2, 2025

L

St

P %T*IWﬁ

51T { #5201

MFCCHHIFHHL

_____________________________________

B PR T

N

BT T BIELSTM M4 A A ML AL o3 28 e AR 1]

Block diagram of heart sound classification based on Bi-LSTM and self-attention mechanism
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Table 2 Comparison of classification performance between the proposed algorithm and other algorithms
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