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Heartbeat classification based on wavelet transform and Inception network

LIN Mingfang, XI Yanhui
(School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: [Purposes] In clinical practice, professionals need to analyze and diagnose the
electrocardiograph (ECG) beat by beat, which is time-consuming and energy-consuming. To
address this issue, an automatic ECG identification method based on a pre-trained Inception
network was proposed. [Methods] Firstly, the Mexican wavelet transform was used to convert the
ECG from the time domain to the time-frequency domain and extract the time domain and
frequency domain information of heartbeat signals. Secondly, the Inception network was utilized to
automatically diagnose and identify time-frequency graphs of heartbeats, and the stochastic
gradient descent momentum (SGDM) algorithm was adopted for model optimization during the
training. [Findings] In order to verify the effectiveness of the proposed method, five types of
heartbeat data from the public arrhythmia database were selected, and experimental results show
that the proposed algorithm performs well in indicators such as positive predictive value, recall
rate, and accuracy, and it has higher precision and faster convergence compared with the pre-

trained residual networks and visual geometry group networks under the same experimental
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conditions. [ Conclusions] The Mexican wavelet basis function can better characterize the shape of

a single heartbeat, and the end-to-end Inception model can concatenate the heartbeat signal

feature matrices with different widths according to the depth and extract richer features.
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Fig.1 Time-domain graph of five types of heartbeats
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/N (Meyer) o flLfi] A 2 A4 RE U2 4 BT .

MNFZ AT LU H « 55 PR/ A BH A o000 {7
JIT 3 DY AN U RO e L A BT 99.1%), L
Meyer /NI 55 0.9 A 43 545 88 P4 AF /NI 09 HER
RIE K IR EN T 98.7% 5 55 74 &F /N 4 73 [BR A
e KB Db4 /N B9 /N 0.1 AN T 43 55, (i 8 — 3%
Ul B B8V BF NI AT R 50 Bk E SR AR A
ol PRI, AR SR 0 B8 75 B /N B A R 4
REEGPERE A R T 5 S22 i I 25 5 2% 20 dH4i
15 P 28 1) SR A AR A R o

AN PRECEMG NP 9 TR o 7 33X B8 /N I PR £
rh, SRV EE /N Y e O Bk S R I

Fa IR E A AT B G B SR A
Table 4 Overall performance of different models

obtained by different wavelet bases Yo
BE/NE FHPETOIAE | A% | e
AV A/NE (Mexh) 99.1 98.8 98.7
/NI (Gaus8) 98.4 97.9 95.1
Z DUP /B (Db4) 98.9 98.9 98.2
I HR/INEE (Meyer ) 98.2 87.2 97.9
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Fig. 10  Accuracy and loss function value of three model

training curves
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M5 0] LLE H : SGDM B 19 56 I E B 3 L
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Table 5 Comparison of three optimization algorithms

AL | IR/ | SEAERG /% | DCHER /%
Adam 6.1 95.7 91.3
SGDM 4.8 95.8 91.8

RMSprop 5.9 85.7 77.9
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