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Abstract

Heart sound signals contain rich physiological and pathological information, serving as crucial bi-
omarkers for assisting in the screening and early diagnosis of cardiovascular diseases. Traditional
heart sound analysis methods typically rely on single features or manually designed rules, making
it difficult to fully characterize the complex variations in time-frequency structures. This often re-
sults in limited recognition accuracy in environments with high noise levels or significant individual
differences. To address this, this paper proposes a time-frequency feature fusion and channel atten-
tion-based convolutional neural network (TTFI-CNN) for abnormal heart sound detection. The net-
work comprehensively utilizes three complementary features—Mel-Frequency Cepstral Coefficients
(MFCC), Short-Time Fourier Transform (STFT), and Discrete Wavelet Transform (DWT)—to construct
a multi-feature representation spanning the “time-domain, frequency-domain, and time-frequency
domain”. Additionally, a lightweight Squeeze-and-Excitation (SE) channel attention module is designed
to enhance feature selection capabilities. Furthermore, the model incorporates EarlyStopping and
cross-validation strategies to improve generalization. Validated on the 2016 PhysioNet/CinC heart
sound challenge dataset, the proposed model achieves an accuracy of 97.8% in the task of abnormal
heart sound detection. Ablation studies demonstrate that removing the DWT branch reduces accu-
racy to 96.4%, while removing the SE attention module lowers it to 97.09%, fully confirming the
effectiveness of the three-branch fusion and channel attention in enhancing classification perfor-
mance. The experimental results indicate that this method can robustly capture multi-scale time-
frequency features, demonstrating promising potential for application in abnormal heart sound de-
tection.
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O JIILAE P95 2 A R B PN = B B0 5 00k iR TR 22— 1], FE R 0% 25 5 v A2 W7 X T PRI fra g
Mg B E S A EE R Y, 015 5 (Phonocardiogram, PCG)/E N —Fh LA . (KA H 5 T RE A
155, REf% s WO JIE R A K I A0 IR S 5 75 I R A B2 Wt 55 ] 2 S f 3 M 05 % wh e B HH 1R 47 1 2 FH T 55
B & AR S IHE R IR, BT 0BG S B S T R O E AT IZ R AN

AR, UREES S HORAE R A5 5 A PRSI B E i g, 1RO 0 RSP IRII AR,
RE CLRAL G 7L 2]-[4]. H5 59072 E PhysioNet/CinC Challenge 2016 [51 K& i fa, KERETHLEEE] SR
ST ST TR AR Y, G IS TR AU R JE . Posts 55 A [6 4 AR [ 2% (Convolutional
Neural Network, CNN)-55 [ & & 1 5 5772 (Adaptive Boosting, AdaBoost)FH4E &, MU 35155 iR B 4kt
BURHAE, FERENLINASE B T BGE AR B H B2 Yaseen 55 N[ 7] 0] FH Mg /R 5515 (513 22 2 (Mel
Frequency Cepstral Coefficients, MFCC)-5 & 8/ i &2 #2 (Discrete Wavelet Transform, DWT)FME, 256 SCFF
In) =L (Support Vector Machine, SVM). K 1T 4B 5% (K-Nearest Neighbors, KNN) & 15 5 #1225 (Deep Neu-
ral Network, DNN)JFJ& 73 KAt 58, 1E AR F3RE T EOVHEAR R RS B . Mubarak %6 A\ [9]5: T [A]
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OSSR IR ENZ SVM S0 H 7328 Li 58 A [10]0)8 1 58k 2 Rk & 5 51 N 2 JR~F 3t
gy, P8I TRz AR RE . Zhang S8 N [11]42 H—FhE 10 S 0E I3 5 f f /)y —3fe [ )
(Partial Least Squares Regression, PLSR) .0y & 73 57775, AT 45 44 M 2RO 5 (5 5 S8l 1A Red . R
B FRTTEER e B IS T —E MR, HHTOEESAGEGI MRS, MEREE., B
TR AR A DA T VEE LR S F T e v AR R e . Sk, AR — R R T 2 REERR
G E5EEIVEIOF BRI T ——TTFI-CNN (Time-Time-Frequency Integrated Convolutional Neu-
ral Network). Z#EE L RS MFCC. % i 8 B[ 245 3 (Short-Time Fourier Transform, STFT) A& B #/
B H(DWTYRHIE, M, A0S I 5 22 A 2 T 0 55 5 1 2 REERAE, AR0EME T RHERE
A1 [FIB, TEZ20r SRHMERAI B G N2 BT SE (Squeeze-and-Excitation)ifliE ¥ & /IHLH], XA [H]
FEIE 7 SO B BT BIE RINAL, AT seelectively 584k 5 578 008 AH ORI CEEAS B o NIGIEFTHE H 7
LR R, A SCLE PhysioNet/CinC Challenge 2016 /0% B 5 _Fi (T T KRG 5206, i W mh 5256 o #r
%3 SRl B S5 Je SE 1 B JTREHO RS 14 B 1) 5
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Figure 1. Overall framework of the abnormal heart sound detection algorithm
1. RELERNEEEEER

ASCHEH ) TTFI-CNN 58 OB A BR B AR ME SR a0 14 | Fom e i BA AR TUACEE . RRIEFREL, &
Je, XA PCG {55 LL 4 kHz RFERIREL, HRA 3s K. 1.5 s EE&M 7 R0 s TR F B b
JERIH 4 B Butterworth 7 18 JEJ #5(25~1000 Hz)#0 | E 50/ AT iR AR 0 — 4 b ¥ . 7EbEAE b, 1
A B B A A =R B AMRFAE: — 22 T Mel S MFCC K —. W24 2%, TBRC 120 x T
YERIRT - AEIRERRER ;. T2 STFT MRMERE. w0 5w 5 A ) 66 x 47 4ERT - Siae & 5 i T RE
fE; =JEilid db4 /NETE 4 AN RE LR RS0 2100 10 4ERHREHEARE . MFCC FI STFT 4#4iE 7
I APINR BB T WL, 2B #1316, LeakyReLU. JALFI4 515 it Ak H B s 4 34 Sl R A
DWT FFAE @S P2 S M ARSI 2 RIE S TR . BE, 8 =0 S EE m B g0l ot, If
FIN SE XS FE I8 1 3 U, X Rl A R T FUE R AR E, DA HOO RO S U 1 2y SO 4, 1
HITLARBE A G E . RE, MEENEZERIERMANESIERN ISk, 02T 158 XU R k47
Ui B 2R, AT SEILIE S 555 0S5 MBI FEBHFZ, PhysioNet/CinC Challenge 2016 44
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FEH T PPINHEZE R OB 5 SARENIEH SR M, WM ES. R, NRKRAES, FHO0H
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2.2. F4biE

BT OH 7 BT A “IER /7 AR M B, AL R E0shE . RiboH
ZHTFNIZRREFIA 5~120s A5, RFEFREREE 4kHz. AR RIEBS, HRMBRE%id
SKH. B Us; MJE KM 5 B Butterworth 7 il Ji€ Y% #5 (20 Hz~1 kHz, zero-phase filt-filt) % PR FE LR IE 2 5
AR, CREOE FEREEAE IEBEPATIHEAIT Y EWH 3s, BK 155 S0%ER), MREERZED
A5 D RELEE(=0.8~1.05). A& 3s MR HZIEE. Uk B npd W a s g tts, &2
H I e K E 12,000 53 s x 4 kHz) 3 U751, H—BFE . BA7 2, HARXW)FR:
Yo H

c

Xpom (1) = (1)

2 PR, BRI A R 26,410 BOIEF AR 8080 BUREFEA, 5 AFIESR Y LIZ G L L
AL BOSHIN -

2.3. $FEREN

OEE S HA RE WP 2 RERE, R W B R, ik & 2 RERE= 510 EIFE
ZR . NEHRMEOEESANEE, RSO S 2 RESTHRAE R, 5 55 E0E /R
A R E(MECC) I H B A2 3 (STFT)RAAE LA S B N AR e (DWT)RFIE, I8 HAE 2 73 S i 2%
UETTIANS

B, NZIECEE T RN AR, ASON RN O & Bt EAM RIS, AR R 40
4t MFCC . [RIEF 51 X MFCC FI—B I B 2255, AR O & (5 S TER M4 s B0 E 2. 8
1% 75 ER1F 1 MECC HFAE BB A 280 WL B EAS RIS L (R 50 A0 S FERE I (B AR e 3s, e &
I3 FAE S HA BRI F A fe

HIR, HTREN MFCC FEATE 4015 21 1 77 H AR, A SCHE—B 5] N STFT FRIEXS O & 15 5 BT I 47
SINT o JEIEX O S S AT R 2 WO SR R, RAFBER (B AR A SRR . O SR ARRAE B EUE
FasEtt, Xt STFT MEFEEURHOLR, 50 45 M 18] 4 REAT 48— # BT, AT B8] 5 R~ e Ak
TEB . IZHREAE BB B S S 5 o 5 /AN [) R ] X [5] P (0 400 0% AR AL ARFAE

tb4h, FBREFEOEES RSN EMEEZER, RSCRHBEBUNE R O & E 53T 2 RE
orffe BRI dbd ANBE KBRS R R DUZ, A & RN R ECHE G REGE ShaiE %), LR
B WO B BEAR 25 M R e 5 5 AT B AR ZE AR AE R 7 « DWT RHAE REWE A 0R A SURFAEAE 4 R RUBEAS B
FEAR T TS A2

LXATM S, MFCC A1 STFT b = T %0 &5 5 B RN 3045 84, i DWT $90E ) 22 )RS £ R
R 5 ARG R . = 2RHIEAE (S B3R L B RIFM B AME, NIES: TTFI-CNN 412 532
RlE 2 SR T T N ANARE BREAE R

2.4. ETFHERLA BIBEE RS

FEZ 0y SCRHERE 3R, ANFRFAE 73 32 8 e 3 BB 0 57t 5 40 5 O ) DR A7 AE S 25 22 57 . 9
I YEYE 2 SRS D 1] (O ELAM S, JF 13 N 58 6 S 05 SN U RIS, AR PF% 2 5
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5l N—F 40 138 18 7F = 781 H] (Channel Attention Mechanism), X B-& 4 FAEHEAT B S EFR E

2.4.1. B{rme
B4 MFCC-CNN 4332, STFT-CNN %332 & DWT-MLP 43 S #EBLE E 4R 2 B8

fMFCC € Rlzg > ‘f‘STFT € R128 > fDWT € R16 (2)
ZEERFIETE M B 0T PR, S BB A R IE R R
f:[fMFCC;fSTFT;fDWT] eR* (€))

Hrr, C=272 RRrihE ERIIBIEYESE .
ZRE B F S T 0SS - SRS B i - SRR A DL M 2 R SO G AL
(EANTRLIEE TP & S B ITC R AR R GE S A —2, R b 2 Bt HbAT B 3@ N IR

24.2. BEFENRE

ASCKH SE (Squeeze-and-Excitation) AU (1IHE 1 & /145049, XFRb&RRE f 3T I8 EAR 2 . B THE
fiE CAE A Rtk e 2By — 42, @18 46 (Squeeze) W BT A B A FFIE I A R Ge it fi ik, B
FEVL AR IEE R A )

z=f Q)
FEWU(Excitation)P Be, 383 199 J2= 4 5 2 100 245 S8 ) PR AR DG P EAT R AT, 72 p A AL T i
s=o(ms(Wz)) (5)

Hob, WeR™ L W, e R RIS SRR BRI, ASCRER r—4: 5() %R ReLU
A o() %R Sigmoid E B T THABUIIA (620, 1], Wi, I EEE TR A AL
FRRFE, AR

f=sof 6)

Hr, © 3R Hadamard B e & ek .

ORI TE VE R AL AR ERLE AR 2 1A] P O LA S AN [ B T ) A, TG R RO
AR AR AR B, FEAD ) TU AR B PR @ T 5 EEEPHERHEAR L, i AUIE SRR A 24
BEAKWHATIR T, &M 7 20 RHERG A RES G T, a8 K345 ' g H A 5
PER /2 RAE

2.5. TTFI-CNN R4& 4549

AHEFCHR M T — P AL T 2R A 58 T LR S R 42 I 28 5 ——TTFI-CNN (Time-
Time-Frequency Integrated CNN), FF 7% OEE S EIAN . B LLOEE S A, @it Ml
SRR DU VE B 2 0 SRHIER R . BETT S, B e MRLEL &S5 T4 A5 MFCC R
STFT R4 B LA & DWT £ R G iHHFE, Fod MFCC 5 HE4E 2y 120 x 47, STFT $FHE4ERE A 66 < 47,
DWT FHIEA 10 gElm . — SRS Bl 0T (1 I 28 43 SOk AT FEAT At

Wi 2 7R, MFCC 4335 STFT 43 ¥R AL TR 4 WX 28 RFIE SR AN A5 1 o AN 40 SRR
TWE 4B, BRI 3 < 3, BREER S BN 64 F1 128, B EHHEAIE—1k
(Batch Normalization)/z= 55 LeakyReLU BU& R EL, DL M ZifaE tE SRR LR ). £ —EG
FUG BIN R M AC A DR ACRFIESE 5, [FIB 7E Ak J5 NN Dropout J2( £ 73 0.2) A AR IS #0517
3 R BREIET 4R itk (Global Average Pooling, GAP)¥ — 4E4E M B L4 A 5 K — 4R ) /2,
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and-Excitation) 874 & JIHLH] . 1ZAREHGE L P 2 A B 45 M il A R AE AT R 45 S5 R, 2B E s A E
g, X AR AR AT FUE R EARE , T I SRS 2 ] O B R R AIE 1 DGR R
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Figure 2. TTFI-CNN network architecture diagram
[ 2. TTFI-CNN R4 4546 E

3. XWESER
3.1. SKIBR

SEH6 HP AT )00 515 55K 1 PhysioNet/CinC Challenge 2016 %45 72 , 7 7E Physio W36 28 FF3REL
U PEok B T -BANIE TN TR B LA SR SL S 4 A PR A i RIS A 52 A &AL
73 58 TR USCEE L 3240 13 TR GR O 15 510 3% o IR 005 B 1 5 LT WT IS 2R AE 4 A TS A T
KEE: EFMKIRITZIX . WEIIKIEITIZX . S92 X, ZRIBITiZIX, KEM Ss B 120 s A5, K
FEARAR Y 2000 Hzo Horh 3 0 &5 5ok B T OISR (R HE R i . MR A S, F3)
I SN 2 Bl Bk A A 4 ) R e R B0 K 55 &% 0o R (8 MR PR R A0 B 1R S 3240 B
H 3L 2575 BoL BB SHARIC R IEHR , 665 B &8 S ARG A R H  SLIR TR 20% 1 A4,
80%ENINZREE . BRI 7 WA 1. RIS R, P 1 50 O B 1l sk GO T I 2R 5 S
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Table 1. Data division

%= 1. BIERS
e /B SEHBL
VilE%S 2060 532
T4E 515 133

3.2. SLIRIREE

SIS R A ) MR BN Pycharm 2021, ZwAE1E 5 4 Python 3.8, Ffdi F HAT B AR 1% I #0220 X 2% 35
7 TensorFlow 2.5 HEZL AR SZH . T35S A dedbFH2%(14 vCPU Intel(R) Xeon(R) Gold 6330 CPU @ 2.00
GHz, RAM & 90 GB), ##37%+ NVIDIA Corporation GP104 [GeForce GTX 3090].

AL SR E W T RA Adam MRAGEXS H bR sk Bl AT R AT B, VIR IR 8 x 1074,
J454 EarlyStopping 5 ModelCheckpoint fRUEYIZRERE M 725 BRECH TR T (e = 0.05) 73258 X
TR A RS RHIE > Sl & 2 %32 5]\ Dropout (TR FF# 0.4~0.6, % Optuna H 3% %) T4
R A, FRERGBY BN SE I8 v & /ML DS IR AER R B & B bR E
3.3. iR

AT AL TR Y TTFI-CNN ARUE 78 OB A IS5 Th i 40 Ve RE, ASCRH ZME - B — 4036
PR FebR, BEHEUERI R (Accuracy). A [F1% (Recall). A% (Precision). F1 {H(Fl-score). 4F35% % (Specificity)
AR BUE (Sensitivity) o FIRFEFR AN [F] £ FE S A RS A e i 5 1E 3 OB R I 2R H 0 R 7T, HoE T

TP+TN

Accuracy = (N
TP+ TN+ FP+FN
Recall = TP 3
TP+ FN
Precision = _TP 9
TP + FP
Fl= 2xPr e?c%swn x Recall (10)
Precision + Recall
N
Specificity = 11
P Y TN +FP (b
TP
Sensitivity = 12
Y TP +FN (12)

Horb, TP RS E# N R H O S MREARSE, TN FORBIEM N ER OF PR AR, FP RN
BORF A 5 O E I IEF AR, FN RRBRH N IE R O & e AR .

3.4. GROHT

3.4.1. TTFI-CNN (& 488 547
JEEFTHE Y TTFI-CNN BEAU7E Ji O B R AT 55 A e, A SCIE T PhysioNet/CinC Chal-
lenge 2016 LT & T RAE M LI VAL . 5] 3 f@on T RERENNAAE BB RE R I, 70 m MIITZRUS X
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R A o A DA K A e 7055 05 AT 73
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GRS R TES —B, RHIHRIRGEERIBGILSR, R IALE TR HEE X 7 5m 5 1
WAEALE R, A e a8 e R B ISR L& RIFIizAkRe 71, 18 3(b)gh th T IHR4E L VRIEHERRE 45 R,
A LU H AR 2 B0E 0 5 e D S FEAR M E RN, A DR REAR AR A, UM 20
EET R TR a1, HE—D0WriR s BEEARRIL, B IR (FNYRE AT B 555 0 %
EE RS, H 52 5o A el R R R, RS A 5 R O S A — A A T D R R (FP)
FEAR Z 5 1E 8 O o H B AR A T s A 0 il s B e 75 4y, 5 BB AR A 22 SRR 2 ) o 7 A S
MR . RUEAELE LRGN, 35T 28 El & 5@ E I 51N, BB PR AT BE 05 A5 2530 i g
FTIIFREFRAR AR A LG, Bl B e pe .

HE—Eh, & 30 MK 3(d)r a7 AR ROC HiZks PR #igk. Hr, ROC ik FiAR(AUC)
HiE 0.99, PR HIZE7E i A 8 [X 8] Py AR i RS W 2R, 2R ISR 70 S ) ) e BB T 3 A e i
OERANEEST, JCHAESN A A BT IR BT R R IPERE . 252G UL Eatrgs &, Arig
) TTFI-CNN R 75 57 O 25 A AT 55+ F 300 ) 0 P R A 1 i
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Figure 3. (a) Training process curve; (b) Confusion matrix; (¢) ROC curve; (d) PR curve

3. (a) WS I2HAZ; (b) SRIBIERE; (o) ROC BhZk; (d) PR BhZk
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NS FT R U7k, ASCE TTFI-CNN 543k 5+ PhysioNet/CinC Challenge 2016 Zi#fi 4
MR IR I 5 I 73T T XA, ke 2 Fow.

Table 2. Performance comparison of different methods on the PhysioNet/CinC 2016 dataset
% 2. TE75 A7 PhysioNet/CinC 2016 ##E 5 _FRIIEEERTLE

Jiik FEER A R L) Accuracy (%)
Potes et al. [6] (2016) F LB IRAE CNN + AdaBoost 86.0
Li et al. [8] (2017) Z 3T THHE CNN + GAP 86.8
Yaseen et al. [7] (2018) MFCC + DWT SVM/DNN 97.0
Ren ef al. [12] (2021) Mel/STFT CNN 95.6
Kumar et al. [13] (2022) Mel-spectrogram CNN + Attention 96.3
KRITTH MFCC + STFT + DWT TTFI-CNN + SE 97.8

%2 XM T AR SISk HE T PhysioNet/CinC Challenge 2016 HE & HAE M O F 0307 .
ATLAE Y, BHERHER R AR 540 R st By M RBP4 T . AT Y TTFI-CNN JéEid
A& MFCC. STFT 5 DWT Z8URHIE, JH5] NiEEF = OALH], fER—23E4E LIS T 97.8%M 4 I3
R, T2, RYFTIEITEE T8 O SR WAT% o BA B 2ok .

3.4.2. JHRASELS

JNUEAE TTFI-CNN % 4SS SR M RE A BTk, AR SO 7 MRSEas, o AS (A 45 MG B (e 2
VEBEBEAT XL M. SEIGAEA R MR A . ARV ZR NS 5 S M08 B 46 R EAT, AR B TR 45 Mg 2 AT 1
B, DURUESRIG 45 B Ryl thdtk . AR seat & BUL B 3 Fios.

Table 3. Comparison table of ablation experiments

2 3. JHBASCIEXTEE R

YA B MFCC STFT DWT SE Accuracy (%)
A SRR V \ x \/ 96.40
=4 (G SE) V J V X 97.09
TTFI-CNN (58 %) v \ v \ 97.80

TG, R RIEGHRHERIME R, ASCER 7 DWT 7332, fURE MFCC 5 STFT PIAMRHES:
SRR =0 SCRE AR . SEIRAE SRR, AR K 70 SRUEF RN 96.4%, TX WIS STURFAIE AfE LA 78 73
FALLHAE 5 P2 R HE S, T DWT RRAERES A BORAN L& A5 5 AE AN RN 8] RUEE - B Ge 45k,
A BT R IR 8O F KRB BE J) . ESLIERE b, BE—22 5] N DWT 20 SO =70 SCRE SRR, (HA
B IE T = B 2R 7 SEHET 52T 2 97.09%, Ut ] 2 SHARFAE Filt 5 A8 0% Sk 255 4 BiR ABEY FR) RPALE
RIBRES. SR, S5 E AR LU A AEVERE 2R, R W TR] RV RFAIE DF 4 XE LA 78 70 22010 2% 70 SCRFAIE 2 8]
MR EE TR fRJa, 1R =70 SCRb S S5 B 5| NEIE S INLEI(SE), XS AN FIAFAE 7 SCHEAT H 3l BN,
TE R 241t TTFI-CNN f58d, suinst SR, SRR — D5 28 97.8%. X ¥ BIMIE & /1AL
REAG A7 R NS 57 B PR SE N BUR IR 0 B, AT 3E— S D4R TR R B A i

4. &g
ARSCHR T —Fh T 2 R A 5 I B WL 105 B 2 X 440035 5 % K 7 5 (TTFI-CNN) .
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X RGO B S S T E R SRR, AR EE D ESY) SR EEE, DRGSR
ZRRREARKE AR —BUGBAEA R W Bl 20 5l U, AT e i 38 Gt v A FEHR L MFCC. STFT &5
DWT $#iE, #EZRE. ZEIOFRERR; EHERE L, %t T H2 0865 M% 5% 810 SE i@
TG R IS ZE ) TTFI-CNN AE8Y, SIS AN [RIRFAE 23 S EE RS INAL Rl & s 53 i il 4 ide e 4y 2K 2%
FERUE R O ESREOENESAN . LR REW, Bt 775 PhysioNet/CinC 2016 /O & $idfE 52
FHRAS T 97.8%[ 43 MR, TEHERR . RBUE LA YRR TR T30 O Jyik. Wahseitit—5
UE T DWT 2 REERHIES SE My & JypLHICE B AR Bl 5 T 1A 2801 1t B 22 SRe ik Rl & S5 R AE
IS T REMOEFESOTEFEEE L. ZHELTHERNOESE, A5 MHR N, St
FZ AR Bt s, O BB S B SRR At T —FG R E AT AR T %
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