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T Wave Shape Classification Based on Convolutional Neural Network

LIU Ming® LI Guo-Jun* HAO Hua-Qing’ HOU Zeng-Guang® LIU Xiu-Ling'

Abstract
ocardial ischemia, acute pericarditis and sudden cardiac death, is an important research topic in electrocardiogram remote

T wave shape classification which is helpful for the diagnosing of many cardiovascular diseases such as my-

monitoring. The method of traditional T wave shape classification is based on the accurate detection of the T wave. It
is implemented after the T wave delineation and feature extraction. However, T wave detection is difficult because of
the position shift, morphologic variation and multi-noise. To resolve this problem, this paper proposes to classify T wave
shape based on convolutional neural network. In the new method, firstly, a candidate data segment which contains the
T wave is intercepted based on the location of the QRS wave and the medical statistical knowledge. Then the T wave
is classified directly based on the convolutional neural network. Due to the advantages of sparse connection and weight
share, the convolutional neural network can extract T wave feature by data training and it is robust to the poison shift
and noise. So the convolutional neural network can resolve the T wave shape classification problem efficiently. The new
method is tested on the MIT-BIH QT database; the experimental results show that the new method performs well in T

wave shape classification without T wave delineation and the classification accuracy is 99.1 %.
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Fig.1 Flow chart of the T wave shape classification
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Fig.2 Illustration of the R wave peak detection
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Fig.3 Illustration of the shapes of the T wave
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Fig.4 Illustration of the electrocardiograph (ECG) signal
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Fig.5 Illustration of the window for T wave interception
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