5537 4 55 3 ) /BT N AN S Vol.37 No.3
2023 45 H Journal of Hunan University of Technology May 2023

do0i:10.3969/j.issn.1673-9833.2023.03.006

—FhIHY) CNN-BILSTM UVt de it sy 32718

&FNE, AR, BT
G Tl K2 BB sCl2=Ee, Hr AR 412007)

wm OE: %%ffﬁluwﬁ— R T — ARt e) AR e KA R ML A EISEX T AN L,
%%ﬁé\ AP 2L (CNN) R HEEE AR R KA IE, BERGK4rTIcM% (BILSTM ) 42480 %
a’aﬂa‘xﬂ#a%@i RAFENSEAZTH AL, EMIT-BIH SR FHIEE LRTHTHLERENA,
?771“/%423524'%" BARAEE 9932% th Rk mh b, FITHA LN LR, ESEF A0 EHHELANRAT

1.02% #= 10.07%, B @ EHFNRAT 12.52% F=2 4.25%, #h L SHEXF B ELGmNE R,

KER: CufFT; ERWERNL; ZEANG; ReKERITILHN %

FESES: TNIIL7 MEAARERE: A MXEMRS: 1673-9833(2023)03-0034-08

Bl TR AP, HIAIR, BE R . —FP et 69 CNN-BILSTM S 42 & % - £ 7 ik [1]. #d Tk K 53R,
2023, 37(3): 34-41.

An Improved CNN-BiLSTM Arrhythmia Classification Method

SHU Xiaohua, YANG Mingjun, JIAO Longfei
( College of Railway Transitportation, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: Based on one-dimensional ECG signals, an improved convolution bidirectional long short-term
memory network has been proposed for a realization of an automatic classification of arrhythmias. On the basis of the
convolutional neural network (CNN) as well as its attention mechanism, with key features extracted, the bi-directional
long short memory network (BiLSTM) is built to mine the temporal correlation of ECG signals, thus finally realizing
the automatic classification of ECG signals. The experimental results on MIT-BIH arrhythmia data-set show that the
proposed method achieves an improvement of rare category classification based on the overall accuracy of 99.32%,
with the accuracy of S and F classification improved by 1.02% and 10.07% respectively; meanwhile, with the recall
rate increased by 12.52% and 4.25% respectively as well, thus meeting the requirements of automatic classification of
arrhythmia.

Keywords: ECG signal; CNN; attention mechanism; bi-directional long short memory network (BiLSTM)
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Fig.3 Network training and test performance charts
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Table 6 Comparison of performance indexes of classification results of arrhythmia
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