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An Improved Neural Network Algorithm for ECG Classification
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Abstract; The mortality of cardiovascular disease ranks first among all diseases. ECG can reflect the activity of human electrical signals,
which has become an important basis for doctors to diagnose cardiovascular diseases. With the rapid development of computer—aided
ECG diagnosis technology ,deep learning method has been able to realize the feature extraction and classification of ECG signals. In order
to better improve the classification and recognition rate and processing efficiency of ECG signals,a new ECG classification method is pro-
posed. First of all, the original data is denoised and an improved wavelet threshold denoising method based on empirical wavelet
transform ( EWT ) is proposed, and then the modal components processed by lifting wavelet threshold denoising technology are
reconstructed. In the training process,a neural network algorithm combining local receptive fields based extreme learning machine (ELM-
LRF) and bidirectional long short—term memory network (BLSTM) is designed,and the attention mechanism is introduced to optimize
the model. Finally, the performance of the proposed algorithm is verified on CCDD and MIT - BIH Arrhythmia Datasets. The
classification accuracy rates have reached 86. 12% and 99.87% ,respectively , proving the algorithm’ s practicability and effectiveness in
clinical intelligent diagnosis of cardiovascular diseases. Compared with other models,the convergence speed of such model is faster and
the loss of convergence is smaller.
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BT AR A A S MR R (BE T EWT B4R TH/N Dk B
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LSTM 74.20 76.67 75.43 Wang L P 54.62 95.13 77.70
BLSTM 72.07 79.77 75.91 Jin L P24 83.43 83. 84 83.66
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i 6 S KU ARl IS B 28 I 28 A T4 2K
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LRF-BLSTM - Attention #8414 i | 5256 vt % 458
R T MIT-BIH 304 4E /93500, 78 MIT-BIH 4% ¢
MU 55 v, — 2 DA B Sy 250 , BRI I ASE 76 1)
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HRZBORNA 1.0 m K o BRI L, B4 i
B EA I, R TRAR R AR 45 R Ak 6 TR,
Elhaj'” i id ZFARAE 3 B0 S UEA T AR AE R BOT Al A,
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