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Arrhythmia classification using parallel combination of LSTM and CNN

ZHANG Yifan, HUANG Yixiang, WANG Kaizheng, LIU Chengliang

(School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract; Heart disease is the leading cause of death in humans, and most cardiovascular diseases are
accompanied by arrhythmias. In order to realize the automatic analysis of different types of electrocardiogram
(ECG) signals and recognize abnormal heart rhythm, a new classification algorithm based on deep learning was
studied and proposed. Considering the characteristics of the EGG, the convolutional neural network (CNN) was
used to extract the local correlation features, and the long-short term memory ( LSTM) network was used to capture
the long-term dependence of ECG sequence data to identify five different types of heart beats automatically. The
deep learning method based on LSTM and CNN directly took the preprocessed ECG signals as the input of the
network , and integrated the feature extraction and ECG classification into a single learner. In terms of the problem
of imbalance, sampling by sliding window was performed on minority class data to get more training data. The
effectiveness of the algorithm was evaluated with the MIT-BIH arrhythmia dataset, and the accuracy, specificity,
and sensitivity of the classification results in more than 20 000 cardiac beats recorded in the test set reached 99.
11% , 99.44% , and 97.27% , respectively. In addition, the operation of sliding window sampling significantly
improved the sensitivity of minority class. The experimental results show that compared with the traditional
methods, the parallel combination model based on LSTM and CNN did not require separate feature extraction steps
and achieved better classification performance, which is suitable for wearable ECG devices and remote monitoring
field.
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Tab.1 Network structure parameters of LSTM-CNN model

G RS Wi BN K
1 Input layer 300 x2 - -
2 1*' LSTM layer 300 x 64 - -
3 2" LSTM layer 64 - -
4 1*" Convolution layer 296 x 64 5 1
5 1™ Pooling layer 98 x 64 3 3
6 2" Convolution layer 94 x 32 5 1
7 2™ Pooling layer 31 x32 3 3
8 Flatten 992 - -
9 Concatenate 1 056 - -
10 1** Full-connected layer 64 - -
11 2™ Full-connected layer 32 - -
12 Softmax 5 - -
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Structure of neural network model using parallel

combination of LSTM and CNN
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Tab.2 Data distributions of five types of heart beats
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Tab. 4  Experimental results of heart beats classification after

data augment

N 2 GBIl
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AR SRR, Fon BRI ] TR N 2R 3402 F 16 0 19 177 0 99.76  99.91  83.49
y‘j N %"S’EI]IEPI%L’/L‘)?EI’ET)L\EEﬁiQ%ﬁ‘EP%ﬁBﬁE/‘J 0 1 0 1 1 951 99.96 99.97 99.69
3 DEFEMIHRER
Tab.3 Experimental results of heart beats classification %?%ﬁ:q’#?ﬁ%‘smﬁ@i E@fg%*ﬂ%ﬁ%}jﬁ{fﬁﬂg
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Tab.5 Comparison of classification performance by the proposed method and other methods %
SCHik Fk Acc Spe Sen N-Sen S-Sen V-Sen F-Sen Q-Sen
VN8 LSTM + CNN 99.11 99.44 97.27 99.44 91.48 98.04 83.49 99.69
SCRR[ 21 ] CNN 94.03 91.54 96.71 91.54 90. 59 94.22 96.06 97.75
SCRik[13 ] WPE + RR + RF 94.61 - - 94.69 20.00 94.20 50.00 -
SCHk[22] RR + WT + LP 86.50 - - 91.90 81.00 86. 60 - -
CHR[23]DWT + ICA + PCA + RR 93.62 - - 95.35 28.17 75.27 12.50 -
SCHk[24 ] HOS + PCA + LS - SVM 93.48 99.27 98.31 - - - - -
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