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ECG Signal Recognition Based on Deep Stacked Network

ZHANG Riv'  WANG Ru'  HUANG Jun®  ZENG Xin'
( 1. School of Automation Harbin University of Science and Technology Harbin 150080 China;
2. Chengdu East Road Traffic Technology Co. Ltd Chengdu 610037 China)

Abstract: The traditional electrocardiogram ( ECG) signal recognition algorithms rely on ECG experts to
participate in feature recognition which is time-consuming and laborious with high diagnostic cost. Complex and
diverse ECG signal patterns result in low recognition accuracy and poor adaptability. To solve the above problems
the stack Sparse Autoencoder was combined with the Softmax classifier to form a Deep stack Network to realize
automatic recognition of ECG signals. The feature extraction of ECG signals was completed by stacking three sparse
autoencoders and the high-dimensional features of ECG signals were depicted layer by layer and the ECG signals
were identified by Softmax classifier. Detailed assessment of the model characteristic of Deep stacked Network
determine the super parameter of the network model sample training set and test set samples from MIT/BIH
database. The experimental results show that the total recognition rate of the proposed method is 99. 69%  which
verifies the effectiveness of the proposed method.
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Tab.1 Four kinds of ECG signal data sets B
RBBB LBBB NORM pvC
5803 6452 59 969 5627 B 3 B
1451 1613 14 992 1407 ;
3
5.2 SSAE p
SSAE p
o p 0.01
p B o
p B 5.3
SSAE 5.3.1
3 150 1~6
50 10 Softmax
250 200
4 o 2. 3 o
2 B (p =0.01) 10
Tab.2 Effect of parameter 8 on classification accuracy °
(p =0.01) 4 .
B : —— I
0.5 0.9913 0.990 6 —o— KA
1 0.9936 0.9923 0.995 -
2 0.994 8 0.9935 e
3 0.996 9 0.9949 ﬁ 0:990 ¢
4 0.9956 0.994 0
5 0.994 9 0.9937 0985 1
6 0.9949 0.9930
7 0.994 8 0.9923 0980 2 3 4 5 6
R 24
3 P (B=3) 4
Tab.3 Effect of parameter p on classification accuracy Fig.4 Impact of the number of hidden layers
(B =3) on classification performance
P 4
0.5 0.9949 0.993 4
0.1 0.9951 0.9939 o
0. 05 0.9952 0.994 1
0.01 0.996 9 0.9949
0. 005 0.996 7 0.994 8 3
0. 001 0.996 8 0.994 5 °
0. 0005 0.996 1 0.994 4 5.3.2
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Tab.4 Results of the Softmax classifier

NORM LBBB RBBB PVC
1 0.9832 0.007 6 0.004 7 0.004 5
2 0.0116 0.9101 0.028 6 0.0497
3 0.0101 0.0270 0.943 1 0.0198
4 0.0191 0.014 8 0.0154 0.9507

1
5 o
5

Tab.5 Comparison of several neural network

classification performance

MLP SAE PCA DSN

/% 86.77 97.63 95.90 99. 69

DSN  MLP.SAE PCA

. SAE
97.63%
MLP  PCA o
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