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Heart Sound Classification Algorithm Based on Deep
Convolutional Neural Network

MENG Linan, XIE Hongwei, NING Chen, FU Yang
(College of Software, Taiyuan University of Technology, Jinzhong 030600, China)

Abstract. Existing heart sound classification algorithms based on convolutional neural networks have the disadvantages of relying
on precise segmentation of basic heart sounds, single classification model structure, and poor universality. So a method of training
deep convolutional neural networks using a large number of two— dimensional heart sound feature maps that have not been accurately
segmented is proposed. Firstly, the heart sound signal is preprocessed by the sliding window method and the Mel frequency coefficient
to obtain a large number of heart sound feature maps that have not been accurately segmented. Then the deep CNN model is used to
train and test the heart sound feature maps. According to the different connection modes between convolutional layers, three deep
CNN models are designed: convolutional neural network based on single connection, convolutional neural network based on skip con-
nection, and convolutional neural network based on dense connection. The experimental results show that the convolutional neural
network based on dense connections has greater potential than based on single or skip connection. Compared with other heart sound
classification algorithms, the algorithm we proposed does not rely on precise segmentation of basic heart sounds and has improved the
accuracy, sensitivity and specificity of classification.
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AR CHE T IR A0
WA AR B

R 50 LB 6 T 0 A B o R I B 9 5 9 A \ A 3
P 43 8 BB A O A

AR, AR JE B2 e AR Y
BEPEC R AL L KT AR ik 5
I, G FE TR

H2018) . O ML BN B AN KGE 2.9 42, HANAL TRk
FHO B o O AR A BN AR O Sl Ko 15 T RE Y —
FRAEAE S, T LUE o O & T2 88 % 0P A, S A 2
O MU PO B S B . 34k, O F RS I & B — ko
HEROHEEARAEIMN . B, O&FFESH RO
L5 TS B B 12 W AT 5 FSE A A S BER R

FEGER L 4 2807 ER AL B0 i 0 EL L RRAE SR IBOR 3 26
AV 3 AR, L E . — B R0
AoF, HE—-OF. B0, H&ﬂﬁ%ﬁ%ﬂﬁ?&ﬁ,ﬂ%ﬁf
o (ERFIE SR O R b, K 2 OB g 4R O T A

Wi EHE: 2021 -01-12; {&EBEH:2021-02-20,

TG R A, AR SR . M AR A
BEaEmBREZHFEESHZ OB E; T TRBURIEAS
A . FERT S A 2EER 10 4 SRR ™ E AR T 40 Y v
T R R T2 BBCA A R

AR, B L W4 (CNN, convolutional neural
network) LLH 58 K FFAE $2 B jjfl}zlf% RN =
SRR T N . T, LR AR 2 i T
T CONN [ E2KAE. T CNN BRI . 28R
TR O 4 AR R A A X CNIN A

EE&WB :HREARPHES (61872262) 5 111 VG4 FLAl AT 52+ K130 H (201801D121143)

YEZ B Wi (1994 -, 2o, IV Bk A 4, RZNE N TR AR 245 2

LA 7 1] Y F 5T

WIS LT Ak (1962 -, & VTR R A B A2 S 2082, BN SN TR RE VS 245 BB 05 1M 5
SRR EWA LA, T R TSR M R0 J Bk B AL S L 2021,29(8) 211 - 217,222,

B M www. jsjclykz. com



. 212 - A ML 5 P

%29 &

T & . ATEHRO 3 15 5 M KA S R4 ( MFSC,
Mel frequency spectral coefficients) . #f /R 55 % 3] i 2 %™
( MFCC, Mel— frequency cepstral coefficients) ., IJjZ i %5
BEE D (PSD, power spectral density) B — 4t % B (E
SR Vykintas' " URIE R SC #RKE O 2 1 MEFSC R K& —
B 2 43 R 9 22 43 20 SO0 00 = E FRAE B 43 B4R 6
JZA5 B CNN (A, AN Z A 7E T 35 2% 0
5% . Rubin™* 88 A1 5645 0 & 70 BURSEA O 2, 30F 177 2
AL HE R MFCC, RFEHM A 4 )2 CNN #4740 28, Nil-
anon" " FIFFEA R EUL ¥ ) PSD, SrBlEA 4 Z R 5 R
i) CNN #1725 55325 . Potes ™ 48 A% it T AdaBoost Fll
CNN 255 R U2 A%, AH I 40 28 85 09 i ACRRAE AR T o
BAL E R # s AR 6 2 CNN I3 216 38
P2 SRS A o0 0l 4R BB B 1 45T 38R A SRR AE 4 AT A0
Zs, Bin' S AR T 0 B 09— 4E I R AR, I 3
CNN %3k 19 )2, B3 17 BTE i 5 K808 .

RUEE U I T — 43 F CNN L& 28k, |
B EARBEMAFAEUT = FEAL: D RELH
O RRIE AR AR MR T I AL R R o, T R B,
WSRO S IR RE s 2) W TR B A R —, RAEF A
ML & E SR, SR RERNE R,
3) S RBIE AL /NREAR P TN Shar 26, O RS
To kA3 2 A BRI

BEXTLA IR 48 H 0 R B R 48 RS 80 2 0 F
AR AR BN SRR CNN BERL R J5 vk, TR T 2450 43 %)
LB AN R, W A] DL 3 A 2 A Y A 2 M e
RS R OT T S W B B AR IROR R
A, PR MFESC 8k A B0 & W Z4ERRAE B, &5 LA
TRBE CNN B AT YN ZR A ik, 78 R B CNN B A 1 ik it
t, RIEETUZANE T AR TE, &3 T 3 M B2 CNN
AL, BT — R B L M 2% (SingleCNN, convo-
lutional neural network based on single connection) . T Bk
BRI 2 89 B R 2 W 4% (SkipCNN, convolutional neural
network based on skip connection) . & T %5 5 1% 82 19 % FH
Z M4 (DenseCNN, convolutional neural network based on
dense connection), ZZ4& 1, 43 Il ffi I Challenge 2016 A
29 3841 CHSC i &1 6 628 MO EFEAAER 3 FhiE B2
CNN A G AR E s . 5246 3R B DenseCNN E 0 &
55 2R E CNN BBUE BRI . SEEA M
REIEMAT T LB, S5 R WoR AR O F 5 RE
AR T OB H, AR MR 2 BB R R
S D T A
1 HEw AR
L1 #IEOFE

b 5 O A 2R K B R B
TR CNN AR Y fap A 7 7 2 118 RN R AR g A, T
I, BEL O SRS EI N EE LT B AR R L

M. HETRZECD & 5RO 8 o5 REA L E .,
TR HEAT R AR SR RN 232, 350 B A8 1y e o 76 T 3k 7 %5 B HL ¢
AE B IBCRN 4328 7 T AR T 0 B AL RS HE A T, AR SR
FH B0 100 07 2k X T AR A0 A AT OB, R AR T AR
G3FIA R N B 8 M. FIET AT LY AR B . AR
TEREA I 25 B CNIN BB 28 5 T JE Al

Wl 02— B KR n— 1 BB HFH] X =
{2l0],a[1]s. . sxln—11) 5B KB o M3 3 1 4
SRR c FRB)FS Y = {«[],2[i+1]... .,
xlet+i— 110 o W3t A AR LR A «[0] TFih . ZERH
Tl BB s 020w e A, ER R AR ] T 8
TWRRE, WIREBARENGE D KENER ., R4 LIS
F ((n—1—/s+ D ANFFH.

B 1R TR s 0oy kA I E SO F F S
. AP BRI O E S BB EE 5 X, R )
TR B A5 200 & T T8 Y VR IR 2228 B AR KL
9. WA E AR o N BE AR R R M )T A X K
B, LR s N T e

1.8 f X
C

w0

Awindow 3
lwindod 2
!_ !;vindow.l 1

|
5indow; 0 : _}
+ + + -

1.6 ] s
1.4 ¢

[
-+
o

|

|
|
b
k

1.2

1.0
0.8 |

0.6 |

— —— e — ———— — ——— o

AR e

0.4
0.2
ot
-0.2

-0.4

-0.6

-0.8

00 = ———— ——

t/s
BLOMEET Oy IR B T

1.2 MFSC

MESC 7] DK 0 3 09— 4 5 A5 5 56 3 — 4EFRAE &
B F R CNN BRI RRAE SR IR 432, MFSC 2 LB T 8
WAL AR A5 B ) MECC, MFCC 3 4F 52 IR T 1 FH F i
TR ORI DL R 45 R A R N AT S R
SR, BB & AL H8 1 . MFSC A Lt MFCC S i g &
MR R R R e, MESC A i ARG, 745 3% 4 i
W, DB MFSCHIER T RFELKH A FESHEL, M
H Maknickas 2 AU 328 MESC . MFCC 780 35 3 1iF f
HE D7 1 LA et . oA SCRE ) MFSC fE & B CNN A5
R4 AFEAS

MFSC 45 DL N2 5. WOmE. Awihn s, P ff 5
MAR . DRI, MR UE N . XHERE RO

B M www. jsjclykz. com



4 8 T, S TR BN 2 G0 8 5 R 1 - 213 -
L2.1 BinE %
VA T AL R B TR B A A — A i
T S ST IR IN T T AN SN I T SRR <
B E 5 iR (D ®
Z(n) = x(n) — I x(n—1) ¢} ]
ol oG BRSO B ERE S, n B ¥
B, 0 SR BUMEE T, — 0. 9~1. 0, -

L.2.2 gyt Jned

DR R R AR P RAE 5 BESOE R R M, 4
WTnT LR AR5 3 L R A5 5. BT nl LA 1k 5 5 A 48 P
il 12 2 0 i N = R S =117 ST R
B WU, O EE SRR Z A X
(2):
cX f,—F,
Z = 7;‘1 +1 (2)

Forbre o HEBUW O E TIPS A B, F, ik, F,
JWIRS s f S RFEMA , F, 0l H R 10~30 ms 155 5T & 1)
REF, BHEHN 0.5 M5 F, .
1203 PR L AR 4 5 2 AR5 T 5

R e A B o 2 80 K £ DA e 5 B0 A IR A
AbPRAY— T XL E B EAE S  Go gEAT PR A
i, MR ORISR X, R AKX
(3):

N
X(b) = D ame™ N, 1<nk<N 3
=1

n

Hodr: N REWLOEES I & 0580, b 3Eal it
BAEWYE S NIRE PR, IEAR SR (D),

_ 1 )
P(/e);—N | X&) | 4

1.2.4  M/RUEM SX4ERIT R

M SR U 5 6T B R R A R T DL AR R A S AT
AARNENM R ARG, AT LESE. BWOTHESHIY
RIEL MR UENE 2R, IR EME S EGAEE LW
XEEER E (), AR (5. MR uE A M5
M i # B 20~26.,

E(m) = ln[\zljp(k)H,,,(k)], 0o<m<M (5

Hr: H,(B) FIRE m A UEW AR b 550 2% DL 1)
TR

B MLA 5 30 2 — 20 A 2K 1 U5 A D TT A5 B WUE S —
MR BB, R MR ZR B LA WA S BT 3 1 A IR N
HEATHES] . A4S B R RBUE R, RO E 5 % MFSC
B, N—ZEE e g, BMESUSHEGEE. m
AT (R LB O] R e, BRI MIESC R AiE A 2 51 3 i e 3]
HE.

ME 2, LFFFHY 4t MFSC Bk G MXZ
FRAE B, R AE R B il O ) 3R o0 A 5 B IRLER O 1) A it
B, B T5 0 3R A — S B EE MM K IR 2 X R A AR
HiH .

H—BIEE Z Wi
K2 TR MESC SR 1E K

2 R CNNiRE

ASCHR T T0 8 A3 B I IR B CNIN A RS 1Y SR 48 1y
mE 3 iR, FEHEEEHZ (Conv_1, Conv_ 2, Conv
_3)., BEHHEMZ (Com_1, Com_2, Com _3), k)2
(Pool _ 1, Pool _2), @ JFmHfkZ (GlobPool _ 1, GlobPool
_ 2, GlobPool _3) M4 )2 (FC) #HiL.

B — s B BUZ Conv _ 1 64 4> 3 X3 BB B
IEZEPE G (Rectified Linear Unit, ReLU) T L% 15
SRR X, 1 64 NMREIEA AL X, o AT SN 2K R B0
FRRAE S 5E T IEA . 3 Ak)Z Pool _ 1 Fl Pool _ 2 22 i #Y 4 A1
JZ Conv _ 2 1 Conv _ 3 & 1 X1 HBFZ RelLU pri %k, 3
T MR AL, A AR SCUR B CNIN AR A] DL 3R 55 5 i
SRR SR . 5B Com _ 1Al Com _ 2 %
AR X, o f1 X, W fERE A AR, —FERAT
—MEEERZE, 5 —ME 5 NI E 65 B2 AR
Bl X, TEMIE T M T EE . FALREZE GlobPool _ 1
F GlobPool _ 2 A% AR IR Xew Al Xy 2o Com _ 3 By %
HRRAE B 55 R i 1) . bR 2 B /R R X — 2
i RRAE AT B AL, B BIARWURRIE I R E R B . 2%
)2 FC K4 3 A2 i )= F 46 5 090 & AR ATl G
- H softmax 433%,

Hrp, EAEHERALESKZMI MBI, 7
CNN Rt b, HBRZEZ %M e %%y U6 58—
PO BRBRE DT DL R A E Y R L, BT
3 G BT R BITEE A O AL A 3 Fh IR B CNIN 43 2R 45040,
BB R H T 05 4 B CNN BERL,

2.1 ETE—ZEBENESERE

M, B CNN W5 L2 W% B R iE BAE RS 1+ 1

ZE B EPY, AT IS (6) FoR
X, = H, (XD (6)

Horp: X, R BB Mg Zmfn, X RRE !
+ 125, Ho R (+ 1 2R ER kg, LIS
MNERZ M, HemmE 4 Bra. emh, fRiEfFE R
MMWRZZEERAEZ
2.2 ETHRREBENESGSERE

BRER % 42 5 B R AE ResNet™ ! dr, FoR Y [T &2
P a5 A AR AT PR U5 T 0 R 2 D AR AR B R S n A, B R )2
ZEMRFEATHRA (D R

B M www. jsjclykz. com



© 214 - A ML 5 P 529 %
X, 1.c Xua X, " X, v X . X e X,
399X 26Xx1  399X26X64  399X26X120 399X 26X 120 199X 13X 120 199X 135 120 199X 13X 120 99X6X120 99 65120
Com_1 Com_2 Pool_2 Com_3
Conv_1 Conv_2 Pool_1 onv_3 Stride 2
3%X3/1 1X1/1 Stride 2 1X1/1

e/

‘ GlobPool_

% IX1X184 X, , %
1x1xe64%

399X 26 X184 X
oM_1

1

& 3

% 199X 13X 240 X,

GlobPool 2

1X1X240 Xy, ,

\/

99X6X240 X,

GlobPool_3

% 1X1X240 X,

l Flatten
1X664 X,
l FC

(| 1X2 X

ARSCHEEE CNIN A T fY 5 (A 28 4y (]

2.3 ETFZEEENESERE

W 45 P AE DenseNet™ Hrpg W4 . HF F AR AE 5 A
o maE S RZE A RGERWR s, wEad, (85
HESMEEMIE 28 B ERE, MRS (20
NFRE B K B A T A2 0 SRR AR . s R (R

B4 T B A BUR RHAE P 5 B R
= H (X D)+ X, 7)
Bl 5 R T ETHIRERNEAERZE. WD,

B A5 B
gLl
6 BE T 2K

[l 5

GRSk 3R

BT BRERIE H i

fEAEB X, B R AL B 5 = M
DE I W 288 2 AR TR I 3/ 1 i 225K s R 5L

AERZ

SHAE A ERE

BV B CNN L 70 i i
Com _ 2 #il Com _ 3,
#i#l, SingleCNN, S

B M www. jsjclykz. com

batch normalization) .

1 Dropout #:4F . HI bk 3 Fp &2 5 8 BUZ M A SC0

KERA A (8) Fon:
X, = H ([ X, X, X, eee

Hop: [Xos Xy o

REAIE P A 38 38 T 1) L
,FI*’QTL/{@%UI[IE‘%;E

XD (8
X ] RO (=1 JZ R it

., K6 ETT&%L% CR N
PZH A MEZMER, WRT

K6 ETHEEEENESERZ

it —fk (BN,
(Convolution, Conv)
e
BRI T E A B RE Com _ 1,
EAS3) T ARICH 3 AMMEEAHEE CNN
kipCNN FI DenseCNN,

042 R 2% 1 &
ReLU., &K



% 8 3

A, 5 SETHREB TR RSO S KRR - 215 -

3 XRERELHW
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WG Lt — PR hib, EMHE ERA B HNRG
FN5 75 WEMRZ G . BB I 2R 4R F il 4R 24 38 308 e i
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3 BRI XT L (CHSC %46 42
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454 3 Bl CNN LRI ) B 49 S B0k 43 #7» SingleCNN F1
SkipCNN ik B 5 4F 19 53 2 50 R 0 N 28 IR & — FF, A2
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1—D CNN[21] 94. 10 88.05 95.22
DenseCNN 98.22 98. 45 97.18

MFEPBIRERE , ACOFSRFIEAE Ace. REPEM
Spe JrHERA . ALFIEM Acc N 98.22%, & MFSC
—CNN"" | AdaBoost—CNN""'| 1—D CNNP 435 # & T
8.12% . 7.34% . 4.12% s AXBEEER Sen H 98.45%, b
MESC—CNN"" | AdaBoost—CNN" | 1—D CNN?" 4 5
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BET 0.12%., 2.91%. 10.4%; AR SCHRB W Spe
97.18%, H MFSC—CNN™ | AdaBoost—CNN"™ 1—D
CNNPU e 7 5.42% . 8.37%. 1.96%.,

FSEART 3FLF LB R EARITA LT CHSC
AL LA 2880 . AL DenseCNN fEAITE Ace, Sen il
Spe J5 HIAH L H A 4 25T 2 6 e It

R 5 AR HANR S BB XS (CHSC $d: 4

(R0 Acc/% Sen/ % Spe/ %
MFSC—CNN" 76.32 75. 66 69. 10
AdaBoost— CNN 75.22 74. 44 67.81
1—D CNN&Y 77.51 76. 10 75.00
DenseCNN 78.22 78.33 77.24
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A L FE 40 %2 HE 1 B CNIN 2700 48 B £F 14 R
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B X BUAT A 3 T 38 B 22 45 B9 0 3 4 2B R T
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PRI 25 0 1 2 R 4 6 T 44 14 v T 10 5 40 2 o 3088 T3
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FH MFSC 535050 3 1 — 48 15 7745 -5 728 46 A e L isf 35 4t
BE B AR, 1RO R S2IR B CNN BERI i A, IR
B CNN BRI, et T o R Bk ety |, ks
A 3 AR IR A% BUZ MR AN, 15 5] 3 iR
CNN Zr i), STg W, 35 T 95 4 74 132 10 45 B IR 45 455 78
M TR AE T B9 D BEAE O & 43 R AT S5 P R R T B B W A
By TR R A 4 10 o B 2 45 0 RBOCR AU IR T 8T
AR G B 2 W 4, SE TR — 3 B0 4 R 2 ) %
SRFRE S PR, ML HbE A OF LB,
ARICOFT AR EANE T AR LFTHHE, INEFEARRE
K, BETIEEFY RARGE 1 o, (145 00 & 43 28 B9 35 58 M AN
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