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Abstract:

Cardiovascular disease is one of the diseases with high mortality rate in China. Monitoring elec-

trocardiograms to determine if there are abnormalities in the electrical signals of the heart can be used to

prevent and screen for cardiovascular disease. Due to the large scale and complexity of electrocardiogram

data, clinical medical staff have a heavy workload and are prone to misdiagnosis or missed diagnosis dur-

ing electrocardiogram screening. In order to improve the screening efficiency of electrocardiogram and

reduce the pressure on medical staff, a model based on convolutional neural network, long and short-term

memory neural network and SE network (CNN-LSTM-SE) was proposed to divide electrocardiogram

into five categories. The main research contents include: MIT-BIH arrhythmia data set is selected as the
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data source of ECG signals, Butterworth bandpass filter is used to de-noise ECG signals, Z-score method

is used to standardize ECG signals, and unique thermal coding method is used to encode ECG labels.

Finally, the proposed algorithm model is trained and tested using the processed ECG data. The experi-

mental results show that compared with other models, the proposed model can effectively improve the

accuracy of ECG classification, and the classification accuracy of the experimental data set reaches 99. 1%.

Key words: arrhythmia; electrocardiogram; convolutional neural network (CNN) ; SE net; long and

short term memroy neural network(LLSTM)
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Tab.3  Arrhythmia classification confusion matrix
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Fig. 10 Accuracy curve of CNN-LSTM-SE model
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Fig. 11 Loss curve of CNN-LSTM-SE model
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Tab.4 CNN-LSTM-SE model arrhythmia classification confusion

matrix

CNN-LSTM-SE

Bl
N L R A \
N 494 2 1 0 1
L 0 493 1 2 0
R 1 2 497 1 1
A 4 1 0 496 0
\Y 1 2 1 1 498
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Tab.5 Classification index of arrhythmia based on CNN-LSTM-SE

O ORER/ 0 REE/ % FERIE/ % FUE
N 99.2 98.8 99.8 99.0
L 99.4 98.6 99.8 99.0
R 99.0 99.4 99.8 99.2
A 99.0 99.2 99.7 99.1
N 99.0 99.6 99.7 99.3

ASCIRI A IR T 5 UL 0 v B 43 2
BRI, CNN, LSTM . CNN-SE #1 CNN-LSTM #
R, R S A ORI AT X S B SRR Y
YR AR MR A Y N A SCRy I 2R it 4 .
6 Fian, X BT T, 7R R AR 2 1Y
TELT , AR SCR A CNN-LSTM-SE U A2
HL P SR () o3 PR RE Hh L, R TR
LSRR TAE T RO BT .

F 6 BRI LR

Tab.6 Model comparison result

B W %
CNN 96.0
LLSTM 95.3
CNN-SE 98.4
CNN-LSTM 98.0
CNN-LSTM-SE 99.1
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