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Abstract

Heart sound classification is a crucial diagnostic task in the medical field. However, due to the in-
sufficient amount of data, the lack of wideband signal representation ability, and the challenges of
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contextual learning of heart sound sequences, there are still many shortcomings in this field. To
address these issues, a novel method for heart sound classification was proposed. In this method,
each signal was segmented into 2-second overlapping slices, and the corresponding frequency co-
efficients were extracted using improved Mel Frequency Cepstral Coefficients (MFCC) and Linear
Frequency Cepstral Coefficients (LFCC). The first-order difference was calculated as fusion features,
and the proposed Parallel Convolutional Recurrent Neural Network (P-CRNN) method was trained
for classification in comparison to traditional recognition methods. The experiment shows that
compared to other traditional recognition methods, the proposed method has a significant im-
provement in heart sound signal classification.
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1. 5|8

FRAE A BRIALC B R T AR NS AE0E 7T, B At 5 Bl W B an 0 2 — (1] I
BB R, UETSBCOIERAME. R0 3. A E R A (@R, [F]
BEITIRE RGN R E R BUE /7. DL, ST il M B0 I 5 580 0 R LA I 28 ¢ 2.
OB W12 20 VB A I RS 28 1) B B R 2, AR N — A AT sk i AR R A2 TR, B AR
Gy BRE . WS ZITEE B TR — RPN B O 58, W R BNk A 5%
TR, DA RO D) 38 s LD R B A5 (2] SR, ARG Lo B WT 12 T7 VAT AR P B AR T 2 AE i 22 5
K, O IR T KT 22 BTHER 2R 208 80%, T H)Z0Co JIEJi B= A2 T 1212 W 22 7E 20%~40% [3]. BRI,
N FRGGEA B, BT Bl E B0 R T A JE B .

AR, TREE 2 S)HRAE O 40 RO R I A = I ME R [4]-[6] - F751l /2 H PhysioNet/CinC Challenge
2016 [7]RATLIR, FETIREEZIHLE 0 KONEESEMRE LA 7P KR, Posts %5 A[8RH &
A1 22 [ 2% (Convolutional Neural Network, CNN)-5 H & W 3 58 57 7%:(Adaptive Boosting, AdaBoost)fH 45 5[]
Femg, MO B (Phonocardiogram, PCG)H H2HL 124 AN AURFIE o A AT 17E BEATLFHAE M 4E B SRBL T 86.0%
HIAR IR 14 7 [71 % (Unweighted Average Recall, UAR), 7E PhysioNet/CinC Challenge 2016 H3k1§ T 55—
%o Yaseen 55 N [9TH] FH ML B A5 5 BRI Mg 7K 49122 {51 1% 52 %5 (Mel Frequency Cepstral Coefficients, MFCC)
BB NP A8 4 (Discrete Wavelet Transform, DWT)R¢IE, {8 FH S FE R & AL(Support Vector Machine, SVM)
A DWT #EATIIZRAN 532, FFdt— PR Fh o785 5 T O A% ) K 48 592 (K-Nearest Neighbors, KNN)
FHZE TR FE 41 22 I 4% (Deep Neural Networks, DNN) I/ R EVEM 45 A, ST OE AT 028, IWMSEHL T 97%
(17 RUERA 2 . Akram MU 55 A [10 i85 [7) 2569, 2% 1 1) QL2 S BURBFR R (I8, XEO 3 A5 5 A kO
AT EAL,  F AR [ 2 oR HOAZ () AR ZE 1 S 1) AT AR IR SR I A RRAE AT O B HEAT 4028, BARAT 91% 1
Wiz LiF S N[ PEAESRRHE TR TS SIRE ) BB ME &, 8 AN EL 497 IMRHIE, KB iR
PREE I 2% v 1) 4 R~ 3 AR JZ AR A 2R B 2 A I 1 82 =, IR a SR H 43 )2 T B 38 IR il RPN i

H 7L R RE, 7 PhysioNet/CinC Challenge 2016 %4548 IR #ERAZE . REBUE . R 7 ME 707108 86.8%-
87%H1 86.6%.Zhang % N[ 12182 H T — Mk T Hu 451 1% 1] 5 f s /) 3¢ [A] ) (Partial Least Squares Regression,
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PLSR)[) PCG (55 73K 715, KRB REEE L MR- IMREZ, THEARFKCIEEE, BEE T
FRAESEEL;  FFLE AR H B R FH R M4, 49 201 @ RST i 4e i ¥ 2 5 R PLSR b br 1
BIEAT e 4E; mJailid SVM 210 K45 0. BACEAREXRT OB RN ES T, BT OoEE
SRERBMERZAE, FEORZHITEMVERAE bR &S A P TR, 32 25 R T Pk i N TR
TSRV RERAE O B A5 5 R ERFIE, DA RCR B I £ 455 B ik T ] S (s A9 B PR32 A e 055 -
BEA SR HE ) MFCC 5 28 1 4% 81 3% 22 %((Linear Frequency Cepstral Coefficients, LFCC)AH il & F4FAE AN
FATBALB VAP P25 1.0 43 A, Jld 25 MFCC 7EFE & 15 5 LI sV %, LU 5] N LFCC
TEFR AL B = 28 7 FR 28 ANE R AR 1R B 5 5 08 ) B8, FRRE P 1 — B 250 R WUE 5 13 FE
AiE, AT SEIR 5 S 4 T AR B 000 B A5 SRR ISR AE s BE S R F 32 (0 IR AT 4 AR VA i 42 ) 2% (Parallel
Convolutional Recurrent Neural Network, P-CRNN)X fill & 4 MEHEAT 432852 3] o A SCAH FH B9 5 VA 75 B gk AT
OFEE], BT VR R E RN ST TR S A A e

2. BERE
2.1. BFER

s A S BT SRAE I PCG £ 5 HEAT 40 S — MR A9 = A5 AR B SREUAN 4 250030,
B2 BRI | R

[M%ﬁ%{}——{»ﬁ%ﬁ }-+[%mﬁm}——+[ﬁ§m%}

Figure 1. Heart sound classification task workflow diagram
E 1. LENRESLRTERE

TRAL BRIy — AT RO A5 T HEAT L. RIS ERAE, WMEGEE SR, A SCRERH T By
R IE P AR VIG5 5 AT IR AL P . RRAE SR B B R B S 2 1) OB 15 59 0T T B R RS, A B TR
A E O FE ARG S, B A SO AE A BEAT O & 20 B E O0 N 350 &5 53T 0B, R ok 5 1)
MFCC 5 LFCC $2HU0 515 S AR B IERAE, I Hih B — B 2 0 TR RS 5 IR G . 2 281R0
A2 BRI A R B B RRAE SR X 73 AN R R A 1) 00, AR SO RS FRAG 3 #4142 I £ (Convolutional Recurrent
Neural Network, CRNN)-5 XU ] 45 #1242 /¥ 4% (Bidirectional Long Short-Term Memory Network, BiLSTM)
FHAT AP 7 O HFAEAS BT 70 B4 B . BRI O H 15 50 B BAAHELE I an %] 2 Fr

2.2, F4biE

T, R ERRR IR A0 B AGE S AT IR, AT OB E SRS B, BEER
IO 5 2 B 5220 3. Rk, FRATSINE & DRI e KT R, AmskECE 2 5dEE S,
DU REE AL . BRI BRI TS50, G e b, mI3R1G S aF SRz AL e

BT — AN OBk I R KB E 0.6 s ~ 1s, BIIRATHIER S OB E SV 2 s MY A4
59, HFHESEORGRBEINIEEN 1s, WIRGEREDHE—DBERCE NG SHCRER, Bk
A 3 s

2.3. $FEREN

N T AR RHE S BAE (S SR AL LR RRTE, AB TR 748 MFCC 51ERE N R s L5 1
LFCC 454 W etk Tk AT O 8 A5 5 AORF RS- L, REWS B8 4 T i 41 005 15 5 IO A RS AL, e 8200
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Figure 2. Overall framework diagram of heart sound signal classification
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Figure 3. Overall framework diagram of heart sound signal classification
B3 LEESERBYRAETERE

TEAEG T iET, ERHESE G FE i SR DO RS T NG, vl Resx S EUIE i #8 S5 ah rl . Rt A
it 72 R VN 7 H B L % (Hanning self-convolution window, HSCW)AX & X B & X 43 i s IS ‘5 BEAT N
Mty E{5 5 G JE 1Y MFCC Al LFCC $-AE, 0TIk, RS IEAIR i, S8 sothis > 55
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T, AT DAk R, S R Al HORE R

2.3.1. i# MFCC 5 LFCC
MFCC R NHWr st AL, [ 7 NH5 7 E R 2 AR R AR, AR HA /R 21 AR
R, HEIRIIR f 5 KPR Z 18 #9282 T (DR .

%)
Mel =25951g| 1+—— 1
e g( 200 (1)

X, Mel(f) R ZIFESIZR, BN Mel, 0555 SRR, BN Hz.
LFCC WK FHZR VA2 dsl, i ik 25 7E A2 25 () N AR (RN BRI 507 a5, DA Ry SR 1
AT G MFCC 5 LFCC $FFEFE B AR AR U R -
(1) Fm=E
BT 7E R AT AR TR mii sy B4k, At SR F TN S R4 RSG5 5 I m A E 4 2k, USSR 7,
[, B UM eSS H (z), O BENUEE S AT A ], IR S Ho) A in2).
H(z) =1-pz" 3

X, w RTIINE R, BUE I 7E(0.9~1) 2 [/,

(2) it Nt

BAROEESETIETRES, B 24 ms~256 ms 2 [BEEIFa @R AS[13]. Kk, AW E EE O
TS S HEAT /T, AR SR AT RRAE SR . Dy T SCE M [8] PRSP I U, RS2 AR E 50%
MES, JEHRIN T HBREREHRRDIAE, SR kb 55 P H0 8k i 85 2 38508,
B DR THRRE S B P o 20 SR I0E, SR 2 M 0T BB R & E N & B B0 5 5347 N i A3
2 T BB R E RIE L X3) s

WHz(n):%WR (n)+%{WR[n—2§j+WR [H%’TH} 3)

X, Wr(m) AR BRI N, ik 2 () s

. [ nN
_j(N-Dn | ST (2j
Wy (”) =e ? . (nj
sin| =
2
(3) TRIE {8 B 25 # (Fast Fourier Transform, FFT)

N T HGAE 5 AT S 46 BBk, AN SCOKE SR R A B AR 3, B B IS 5 () FE R N ATIEAE T X(K),
FFEWE(S).

4)

N-1
X (k)= x(n)e ™™, 0<nk<N-1 (5)
Horp x(n) MEIEFEME . A WU E UG KOS 1E S, n RN
(4) DhEutk B
B A5 S P0E X (k) BBCETT, 321Th3E P(k) -

P() :%|X(k) ©)

|2
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(5) HE/RHTEE = fi T 0L 5 2 et
AS T P (k) ST MR = R I ST VR S MR 2R, TR AR T, T PGR)
SR H, (k) TR, 5 ST M ARV S = FE L, = AU H (ORI R

0, k< f(m-1)
I (nety<ks g
H, (k)= f(m)=f(m=1)’ fmnskEs 7
m f(me)-k f(m)<k<f(m+1)
f(m+1)=f(m)’
0’ k>f(m+l)

Ref, £ (m) A8 m AT OB
R4S T P (k) ST P B AL AT UG, SRR SR, (R M i B AR
I, CRPEVE R T BTG AR R P, PR () TE R 13950 503
(6) X ek it i34
B SR KO A B 5 M SR S (m) -

S(m):lnE]Z;P(k)Hm(k)} 0<m<M ®)

X P(k) RINZE, H, (k) NUERARAL, M O9uERE AL
(7) B4R 7% # (Discrete Cosine Transform, DCT)
X A B AT B R 52 AR W, ITTI#$E] MFCC 5 LFCC R%(C(n) :

C(n)=NZ;)S(m)cos(izn(m—O.S)/M), n=1,2,--L 9

A, LN MFCC 5 LFCC ZE MM, M NiERE A H A4

(8) & MFCC 5 LFCC $#EHHY

I b RFE SR I MPCC F#AEAT LFCC FREQUR B T O 5 S5 S REE, P AEX 55
S B ASRE T ONEUK, OESE S EE R T A TEENEE, Wb E A R R,
RN ELF R ROEE T HISIEE R, B MFCC 5 LFCC 43 B3R B —F 24> 220 AMFCC Ml ALFCC. 5

AN PR
D(n): — Zi-C(n+i) (10)
,Ziz i=—k
i—k

At C(n) O EESH MFCC REUF LFCC R%, k AZES R, BEREN 1.
2.3.2. REYFEREE &
HF it MFCC 50 LFCC SR AR ER: 28 REHEAT O& 5 SHRHMERR I, RAEOEE A FMR:
SR, NTET G, HEXASHES IR G, MG R &SRR, HR .
MLFCC = (MFCC, AMFCC,LFCC,ALFCC) (11)

2.4. P-CRNN 43 3M%%

TEZ RTIBTFEE R, B2 M 4% (Convolutional Neural Network, CNN)ZE K HRA A =y 4 H 5 2 )
R RER B . BT 4 M 2% (Recurrent Neural Network, RNN)E [R] 5 1) 2 >3 FIK 4K i 50 R Al 5k
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D5 B A B IROR . I AEARSCH, SRECK CNN 5 RNN Z5& 2R3, FIHF M CNN 3B 5
ER WAL RFE AT RNN I 38 10 KR 0C 28, X015 5 A0 B 5 15 2 (I RHIE S Bk T R 24 S, A SCiR
T ¥ CRNN 5 RNN FATE IR, 28 R T oAb AR

fE5E 1) CRNN BEALE H RNN 2% ) 56F CNN it R IR (R RRAE, ERAR B 1 9 K (R RFHE S HURN 7 47
HRES), (BAAEIEAR B RGO 5 5 I [AVRRAE &5 i, (R, O T3k — B3R IE AR 15 5 I I 4
fE, ABFFIRE T —FHPZHESE: P-CRNN. A SCHEH ) P-CRNN MZHESE R & W 4 Fis.

BRIk BiLSTM
2x2 Q
(98,26,1) %
>
A %
— Dropout
1952 “ CGed—| =) > )
%
(98 25.16) (48,11,32) (23,4,64) 18,
—> _— | | — . .
Boout | | Rt Bk g SEBE AERR
2x2 2x2 4x4 O
&
3x3 3x3 3x3 .
BEE BHE BHE ¥R GRU

Figure 4. P-CRNN Network framework diagram
[ 4. P-CRNN M HESR R EE

WE AR, BT IR ESGE JE ) MECC 5 LECC 2L —Br Z 0 Ve N8 1N, AT 1Ri%
CRNN Fl RNN F1 40 Bl #EATRAEE 2] o BlEJE, KPS IATREEREL & i — DG — IRHAE 1) S AT R 2R 402K,
K AR 7 Softmax 22X AN R (8] T E 2 0 A EAT HES: o BT4@ HE 1) P-CRNIN #5844 7 AL CRNN
SBT3 REAE T AN RN R (14 B ) 41

7£ CRNN A EH T =ANERE S5 —4 GRU )2, HPE—MERZERMH 16 M8, £24%
FUZERH 32 MR, FoABRERH 64 M6, 8 ANEFZJE#H PreLU (Parametric
Rectified Linear Unit) G ek 4. Kb Z MR IA—10 2, HPm R ESHIRH 2 x 2, 2x2 fl 4
x4 B . 25 R R 28 SR LAE AL N GRU 3T 055 S IR AR IR S, 2 R A —
NETVE, T 558 RNN s s ST 4

7E RNN fiderf, JEREL 2X2 FIf Rt 20 NG S5 37 B 4E, JF HAEMH LSTM EiHT 05 ES
I IEAFAE S~ 2] o B CRNN FEHL 5 RNN B ) R il — MR R B, JRAE A 32 Mo 4 g
IR 21 A R R E . Bl G K dropout 2B/ o cE, BT b G, S FHAH 2 ME o
B4 . BeJa R A Softmax EHE S HIEH 5 50 0 & 28 A2 .

3. XWELERSH
3. RIHIE

S v BT A FH 1005 (5 55K H PhysioNet/CinC challenge 2016 ${#i /%, AI7E Physio M3 /A FF3RE
AR PSRk B TGN TN TR B LA ST B S AN PR AN R I R IR R Ak e 52 3 Al
FIEG 55 I 3 3%0%E%uﬁ*“ﬁi:L%uiﬁ%w%ﬁ%¥% SHTE 4 N EZUHS LT

KAE: FAIRIrZX . sikEIriZX. ZRMIrie XK. ZRTi2X, KEM 5s 2] 120s 7%, R
FESTZ N 2000 Hz. FHoh FH 03 *‘jﬁﬁﬁaﬂ:L»@*ﬁ#&%ﬁkfm(fg%ﬁ“"#wﬂﬁiﬁ TR A FEB)
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KR B A AN T B0 JkE B A 45 RUREAR B IR 45 25 Lo IO R o 28U P IE R AT O B 5 5 3240 B
HorpJtfy 2575 B B 15 SHARIC N IEHR , 665 BULH 15 S HARIC 7 - LI s b 20% 45 9l 4
R LAk 80%H 1E W A7 W 0 5 5 5 # EU BB EL 80%IE N IZREE, 20% M NS IESE . Bikss skl WAk
1.

Table 1. Data partitioning

= 1. BuERIS
e EH SH
VI[ES 1648 426
ISR 412 106
MR 515 133

3.2. SCIRIRIE

SIBG A FITAE F  R AR R Pycharm 2021, 4afEiE 5 A Python 3.9, FT{# A AT R VA #2845 1)
7t TensorFlow 2.8 HEZLHSZH, TEAFIAEE: o dukbHE 2% (Intel(R) Xeon(R) CPU E5-2670 v3 @ 2.30 GHz,
RAM & 62 GB), 575+ NVIDIA Corporation GP104 [GeForce GTX 1080].

A FATERB AL NS E R : SKH Adam AL B0 H AR BT RAL; 22 I RYIGHE
90.001, AN 1 x 1070 HR R ECHM G758 @Rk k%L Dropout 2 IRFFIEZ A 0.5.

3.3. IR
N TV PR DT, AN SEERAE A T AR SR Al fe s HERA R (Accuracy), H [FIFE (Recall), #5
% % (Precision), F1, R (Specificity), 155 % (Sensitivity). 1XL& 52 X0 F -

Accuracy = TP+ TN (12)
TP+ TN+ FP +FN
Recall = — (13)
TP +FN
Precision = TP (14)
TP +FP
Fle2 PI'CC.IS.IOII x Recall (15)
Precision + Recall
. TN
Specificity = 16
P Y TN +FP (16)
e TP
Sensitivity = — 17
Y TP +FN a7

X, TP NG H D EFEARPIEH 72 RAHCR; TN VIR O &SRR 72 X8R FPOVIEH D& H AR
IrRIIBUE; FN ONRE OSBRI K HE .

3.4. GROHT

3.4.1. EXREMEIESRMEREXTEE
AT 25U P-CRNN [ 43r28H R, A58 5 A A W2 HESE HEAT TR REXTEL, Wi: CNN. RNN Al
CRNN. H EAEMZEHELIE 2 Bw.

m
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Table 2. Other traditional network frameworks

2. BAtRGMSIELR

iy 0 2% HE 4L

Conv(16,3,3,1)-MaxPool(2,2)-BN-Conv(32,3,3,1)-MaxPool(2,2)-BN
-Conv(64,3,3,1)-MaxPool(2,2)-BN-FC(32)-Drop(0.5)-FC(2)

RNN LSTM(64)-FC(64)-Drop(0.5)-FC(2)

Conv(16,3,3,1)-MaxPool(2,2)-BN-Conv(32,3,3,1)-MaxPool(4,4)-BN
-Conv(64,3,3,1)-MaxPool(2,2)-BN-LSTM(64)-FC(32)-Drop(0.5)-FC(2)

Conv(16,3,3,1)-MaxPool(2,2)-BN-Conv(32,3,3,1)-MaxPool(4,4)-BN
-Conv(64,3,3,1)-MaxPool(2,2)-BN-GRU(64)-FC(32)-Drop(0.5)-FC(2)

CNN

CRNN-(LSTM)

CRNN-(GRU)

K Conv (x,y,z, n)FKaim A x MERUZ, Hdy Mz AR BB % SR IE, n NS RE
HfE K s MaxPool (x, y)RERKMALE, x Fy NIBALE D58 R E; BN #orfitla—)2; FCKx)
RFA x NMSIEERZ; LSTMx)A GRUX) 7 HIFE 7~ LSTM JZ2# GRU JZ, i x S5 H 23 8] (1 4
#: Drop()EERRIMFZ, RECH xo BRfE— 2K Softmax Brifish, HARWIE R E#K A PReLU.
K ML 53 A8 SURAE Rt e ek B, A0SR A Adam EA6ES

%3 N EIRHADAL RN BHELE S P-CRNN IZAHELSE R T B0 5 MLFCC $FAE T I SRER 4 B ML
gEipuT DUE Y, P-CRNN FEEUC IR R 7EMERR . REBUE . FrR L2 F1 80 IE 7 sir s 5
HRIEF] 97.25%, REEN 97.84%, FrFEN 95.29%, F1 3% 98.21%.

Table 3. Comparison of classification results of different network frameworks

3. TRIMEEHELR S HEERELIR

X £ AEE B Accuracy (%) Sensitivity (%) Specificity (%) F1 (%)
CNN 92.34 85.14 94.36 95.06
RNN 91.18 80.38 94.49 94.26

CRNN(LSTM) 94.70 85.94 97.58 96.53
CRNN(GRU) 94.89 90.34 96.20 96.70
P-CRNN 97.25 95.29 97.84 98.21

3.4.2. PERFHEREA X EREXTEL

O 73 TR A RFAE SR 2 R BT DA 4 2R 5 e o O 7 BB A o) B A R R AR SR EL
Ko R R MR RE R, 3 A (R ARRAE B 7 6 At 2 Bt /) 50 MLFCC #4758 MEXT LG, TR
HY 4R AE$R B 7 3 9: MFCC. LFCC. GFCC (Gaussian Filtered Cepstral Coefficient, =i (513 2 %0).
¥ UL _ERFESE T 253 AIAE  P-CRNN 48 [ NRFE, AT 75 256 4 B or 2545 3 .

Table 4. Comparison of classification results of different feature extraction methods

4. NEMHHERETED FERIER

ARSI v Sensitivity (%) Specificity (%) Accuracy (%)
MFCC 89.06 96.21 94.59
LFCC 93.99 96.95 96.30
GFCC 91.44 93.33 92.96

MLFCC 95.29 97.84 97.25
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% 4 TTLAEH, £ MLFCC IRGFHIESHI) 7 R AR T HAR S — k. IR G HFIES
I MLFCC [ 5r ZEUER R 97.25%, T f# F 5. —4F4E MFCC.LFCC.GFCC )43 28R 2 M 7351 4 94.59%
96.30%11 92.96%, HILLZ T, 3HIHRE T 2.66%. 0.95%F1 4.29%. TMLERFFE 5 iH, AL T HAh =Fp e
— S, 8 MLECC B A EHESE MR TE T 6.03%- 1.30%- 3.85%, RELE S HHETH T 1.63%-0.89%-
4.51%.

AL, SRANESFFIESE MLFCC MISFIESRIUTIASE AT MFCC fEACFEE S {55 1 R 35 A
LFCC TE s 73 22 ARG & AL B BRI 3s, M RERE B8 4F H RAE O B 15 5 o IR R AT BB &
FPINEE AL 3, AEAFAEATI S M IR SE AT R D 55 T8, $2im 7OF o 2RI R

4. LRIE

A T AT MLFCC FHEFIFEAT HBAE T A NI H 20 & 2R E . HeNOEES
BEATTOINE . . EESY) . e, REWEHEJER0EES s BEEEH S0l s MRE R IO 2055 51
FEHUE 5 1 MFCC M1 LFCC H#E X% B —M 20 8380 IF BT IR A RHERL & SR A Frdg i
P-CRNN [ 4% £ f %of 1E 35 O 5 A 0 O 5 04T 70 28R 0 o TR a0 28 AR 0, AR L T ot i Ab 28 5725,
KABEREORNESYT R, RNEZEEAEREE, BRAEEAL. BURRE S EAFENE,
R Er FRAL IR T AP S E R AL RE J; A LT IR RS I 7, R MFCC 5 LFCC #Hi4h
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