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Figure 1 Common ECG classification steps
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Figure 2 Overall structure of the model
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Figure 3 Improved residual shrinkage networks
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Table 3 Experimental results of different classification algorithms on CPSC2018 dataset

Bk I i T2 S Precision Recall F1

Simonyan % %/ VGGNet+LSTM +Attention 0. 765 0.751 0.758
He %% ResNet+LSTM+Attention 0.787 0.784 0.785
Yao %1 ATI-CNN 0.817 0. 821 0.819
Chen %17 = P4 I Bk ResNet+LSTM+Attention 0.823 0. 836 0. 829
Ye 40180 XGB-Net 0. 857 0.814 0.835
Dong 4124 MBSF-Net 0. 839 0. 840 0. 840
AL % 2% Wi 45 ) 4% + LSTM + A ttention 0. 847 0. 861 0. 854

B T 2 L DL I 2% B AL 22 Ah R SCIR TR BT
L AR e 0 A A o X R AL, o AL G He 451
Yao %5100 HY Y B 1) B i 5 BUME 28 4% (ATI-
CNN) ,Chen 2574 il — Fh 45 & 7 IR B0 =%
ResNet 55 LSTM LA K 4 3 77 B ) 1% BB 2 > i
R Ye %M 4547 CNN 5 LSTM 3 FI FH T #% FR BB
VBT B2 Y TR B 2% 3J B R XGB-Net, DL & Dong
SR — Bl 2 4 A 5 A N 4 MBSF-Net,
e 3 ERGH TIX 6 FhS 2 A5 D) J AR ST 4
HOT AR 3 MERETE bR LIRSS R, WK 3 ]
DL AR SO 1 118 26 ol 0 1) 5% 25 00 4 09 45 1)
TR 2 S RS RUYE PG AN 48 b b B0 T Hofth 2 % g
5 Yao %" 5 Chen %" (0 B HE , AR SCHT 4R
M7 AR T 3.5 HAr A 2.5 | 4r AU MR Y
5. BT Ye 81 A Dong %“‘”}ﬂf%m%ﬁ%,
ARSCH TS FLIFA 54T T 1.9 HAr RS
L4 H5r 8, UL RS RFE s UE B T AR SC T £ 55 1 A
R0 HL A 5 B 1 oy 2 M e
2.5 REEEE

e 12 BEAR O S RES R T, BT T
B L TR R SN REFINGES
HORE R AT ShE G TR A R O S X R A 2] SR Y
O3 25k RE 1 AN AT 2R BRI R T IR AR ST R
AR R T 5 M0 B A S O P ME BE ), AR SCTE CP-

SC2018 i 2 ) ECG Lo HUAF 5 b B I T A o 22
0.5 U EH 0 fFMELE 6 dB By o 47 1 7
VDB A TH I 55 BT i HE A Y B A A [R] R A% Y
VGGNet LA Kz ResNet 1 5250 XF B2 HAE 5 M A
B Loy A R NER 4 R
F4 MMIEFH CPSC2018 HIFEM LWL R
Table 4 Experimental results on CPSC2018 dataset

with added noise

ET M4 Precision Recall F1
VGGNet 0. 683 0. 695 0. 689
ResNet 0.726 0.731 0.729

A SCHE 0. 820 0. 837 0. 828
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An ECG Denoising and Classification Algorithm Based on Two-stage Feature Extraction Network

LIN Nan, TANG Kaipeng, NIU Yongpeng, XIE Lipeng

(School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450003, China)

Abstract; Since clinically acquired standard 12-lead ECGs often contain noise, which could affects the accuracy of
the ECG signal classification results, a noise reduction classification algorithm for ECGs based on a two-stage
feature extraction network was proposed. Firsty, in the spatial feature extraction stage, spatial features were
extracted from the input 12-lead standard ECG signal by a residual contraction network with a deeply coupled soft
thresholding denoising method. Secondly, in the temporal feature extraction stage, temporal features were extracted
from the ECG signal by a combination of a long and short-term memory network and an attentional mechanism. And
ultimately, the extracted spatial and temporal features were fused through the fully-connected network layer to
output the probabilistic predictive distributions for the nine categories. In order to verify the effect of the proposed
algorithm, comparison experiments were conducted with other state-of-the-art classification algorithms of the same
type on the CPSC2018 dataset, and the experimental results showed that the proposed classification algorithm could
achieve an average F1 score of 0. 848 when classifying the nine categories of ECG signals, which was a much better
performance in terms of various indicators. In addition, the experiment proved that the proposed algorithm also
could outperform other mainstream networks in noise-containing data, which fully demonstrated the noise reduction
classification performance of the proposed algorithm for noise-containing ECG signals. And the algorithm can also
be applied to other similar noise-containing physiological signals for analysis and processing.

Keywords; ECG classification; ECG denoising; residual shrinkable network ; soft thresholding; attention mechanism



