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Abstract This paper proposes a heart sound classification algorithm using enhanced image coding and asymmetric convolutional
networks. Unlike traditional methods that extract heart sounds based on statistical features and time-frequency domain features,
this algorithm enhances three image coding methods—Gramian angular field (GAF) . Markov transition field(MTF),and recur-
rence plot(RP)—by introducing fractional Fourier transform(FrFT),which constitutes the image coding modules of FrFT-GAF,
FrFT-MTF.and FrFT-RP.respectively. The one-dimensional heart sound signal is transformed into a two-dimensional encoded
feature map using these image coding modules. An asymmetric convolutional network(ACNet) leverages computer vision advan-
tages to analyze and process the two-dimensional encoded feature map for effective heart sound classification. In addition, the per-
formance of the above image coding modules is evaluated and compared respectively. Experimental results demonstrate that the
FrFET-RP module achieves the best classification performance in binary heart sound classification tasks, with an accuracy of 0. 981
and 0. 977,and F1 score of 0. 989 and 0. 974 on dataset 1 and dataset 2(Physio Net/CinC 2016 dataset) ,respectively. The FrFT-
MTF and FrFT-GAF modules show effective performance in that order. The performance of the method using FrFT to enhance
image encoding features has significantly improved compared to previous methods, providing novel approaches and methods for

heart sound signal classification,is expected to be applied in machine assisted diagnosis of congenital heart disease.
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Fig. 1 Block diagram of heart sound classification algorithm
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Table 1  Classification results of dataset 1

a7 % ﬁ%\%ﬁ

Accuracy Sensitivity Specificity F1
GASF+ ACNet 0.920 0. 847 0.994 0.918
GADF+ ACNet 0.907 0.821 0.994 0.899
MTF+ ACNet 0.931 0.871 0.991 0.927
RP+ ACNet 0.943 0.946 0.941 0.936
FrFT-GASF+ ACNet 0.969 0.941 0.998 0.968
FrFT-GADF+ ACNet 0.966 0.965 0.968 0.967
FrFT-MTF+ ACNet 0.973 0.957 0.989 0.973
FrFT-RP+ ACNet 0.981 0.979 0.998 0.989

HYK 2 B U AR SCERL 1 09 A vk 5 A) SR A O B
4R 2 5 PAE B0 (5 5 R AR AR U vk HEAT AT LE, LA SR n
R 2GR 2 N AR SCRT R L A A S B EE Y U
RN FL A8 55 AR 3 2RO 8 T H Al R AE , o FrFT-RP
EH R R W] 35 0. 977,F1 4 0. 974,
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Table 2 Comparison of different classification methods

\ 7 R
5% #iE o # ok — :
Accuracy Sensitivity Specificity F1
Riccio 421 PIFS CNN 0. 850 - - 0. 860
Ranipa %(23] MFCCs+ Mel + CST MACNN 0.955 0.973 0.884 0.972
Wang % [31) second-order spectral PCTMF-Net 0.930 — — 0.927
Arnab % 032] Spectrogram YAMNet 0.922 — — —
Zhang 433 R e MDFNet 0. 944 0.898 0.957 0. 870
FrFT-GASF ACNet 0.967 0.987 0.951 0.963
N . FrFT-GADF ACNet 0.963 0.991 0.940 0.959
A X &
FrET-MTF ACNet 0.972 0.971 0.972 0.968
FrFT-RP ACNet 0.977 0.983 0.972 0.974
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S HXERE . MTE 3 ZE3 TR A8 )10 5% B M 3 40 5, i 4K
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BYHREAE S BOEME RRAE S R B . RP 3 151 0 & 7 91
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Table 3 Ablation experiment
— EEEA i 3% FF
ACBlock Accuracy Sensitivity Specificity F1
1 & 0. 950 0.905 0.996 0.948
Z 0.981 0.977 0.987 0.982
9 % 0.955 0.965 0.947 0. 949
= 0.977 0.983 0.972 0.974
BERAE AR SCERI T b i B s R 5 g A R AR X R

MmO E 8L, BT E S Hko sl /T /5
L, 9RJ5 5] A FrET XF GAF, MTF, RP J& 4 K 1% 4 5 77 1
74458 M T FrET-GAF, FrFT-MTF, FrFT-RP & 14 % 1%
B 053 8IS A — 4805 15 5 i i o e i R A 18
IEff I ACNet BRI XS0 5 BEAT 43 B0 5E . MLk, B X 3 58 )
45 T G g AL B i M BE AT T IRAR AT EL A, SE 25 R B
IR GAELE 53 BAT 45, FrFT-RP B3 19 43 28 ROR fe b
FrFT-MTF.FrFT-GAF £ 8e i R AR WK, i FrFT 1 g (A
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