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Abstract: Electrocardiogram (ECG) and Phonocardiogram (PCG) are commonly used diagrams
in heart diseases diagnosis. While, using them alone for heart disease diagnosis is not effective.
Based on multimodal feature engineering, after segmentation and normalization preprocess of
the dataset, Gramiam angle fields (GAF) are used for time-series data reconstruction to form an
image model. Additionally, a two-stream self-fusion network (TSNet) suitable for this image
model is proposed, which replaces the bottom-layer convolution operations with a two-stream
self-fusion (TS) module to better integrate the heterogeneous information of ECG and PCG.
Tested on the PhysioNet Challenge 2016 a dataset, the proposed algorithm achieves best values
of accuracy, F1 score, precision, and recall at 95.3%, 95.4%, 96.2%, and 99.4%,
respectively. Compared to other multimodal convolutional neural network algorithms for ECG
and PCG, it shows higher accuracy.

Key words: electrocardiogram (ECG); phonocardiogram (PCG); multimodal feature engineering ;
Gramian angle fields (GAF) ; two-stream self-fusion network (TSNet)
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Fig. 1 Framework of the algorithm
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Fig. 3 Schematic diagram of heart sound signal

1.3 GAF4FETL#E

— YA 22 9 25 A I S PR 2K T THT Y
B ARG AR SF AROCR , E2 2t TR 2
P 265 B DI A S TR E , ] s dke = A5 200 198 S 11 A
BRI A AR EE 2T FE 0 5 U A SR LA
AU, T W 28 R, Rt — 2
ARSI PR A B R R T 4 R R AR

TR R 2 2 e R LR TR A R AR ARk
32 %5 20F 88 V5 & (recurrence plot, RP) ™ R 1% |
LR A] Fe ¥ (Markov transition field, MTF )"’
AR VL e GAF B4 . 5256 i ] GAF 8 85 %
RFEULOR B AP 7 5 R . GAF B —4E 7
YR AR EUR FEL RO\ S A i e
(0 Fl 5 AR 5 o A ARl 28 Ak 5 B Je 0 = A eR B
A

M 1.2 AR BRAE T A, RAE RN B N, R
FER R X, P50 X R

X={X,, X5, X, Xy ). (2)

551 LR E AN X AT — b B fF XY
i Foo R e AR E -1, 1], 0 — 1k /5
KAE SN X, H— 1 A
[x,.—max(X)]Jr[xl..—min(X)] (3)

max (X)—min(X)

55 2 0 B I — AR5 B —ZET ] R 51 N R
IRAEBR R GBI A bR 2T, et ] 51 e
P B AR AR bR 2 T e f AR 5% 4 L ¢, WD R A
SIS W R A VER AR bR R TP AR e, BT

i:

¢,=arccos(x,), —1<x,<Lx,eX. (4)

r,:#,ieN. (5)

IR ) R IR A 2R 618 7 91 B £ B 40 A2
PR AT, 5 BT AR FR PN SRAT S Z [ Y
£ 22 19 =48 pRBOR R SRATE A B 22 18] A4 15
(1] SCHRAE A ST F A /2 GAF Hr AR R oK 22
sin(¢,—¢,) ... sin(¢,—¢,)

X=[sin(¢,—¢,)]= .(6)

sin(¢,—¢,) -+ sin(4,—4,)
B 4 FE S 205 R 70 AR S MO EE S
A i e A R

B4 DEBESTYERE
Fig.4 Two-dimensional spectrum of electrocardiosignal
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Fig. 5 Two-dimensional spectrum of heart sound signal
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