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ABSTRACT

Arrhythmia is a condition in which the heart beats abnormally or irregularly, early detection is very important because
it can cause dangerous situations such as fainting or sudden cardiac death. However, performance degradation occurs due
to personalized differences in ECG signals.

In this paper, we propose arrhythmia classification using hybrid combination model of CNN-LSTM. For this purpose,
the R wave is detected from noise removed signal and a single bit segment was extracted. It consisted of eight
convolutional layers to extract the features of the arrhythmia in detail, used them as the input of the LSTM. The weights
were learned through deep learning and the model was evaluated by the verification data.

The performance was compared in terms of the accuracy, precision, recall, F1 score through MIT-BIH arrhythmia
database. The achieved scores indicate 92.3%, 90.98%, 92.20%, 90.72% in terms of the accuracy, precision, recall, F1
score, respectively.
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Fig. 2 Cell-state of LSTM
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Table. 1 Training and validation data set

Data Training Validation Total
Class samples samples samples
Normal 35,268 8,817 44,085
Arrhythmia 8,712 2,178 10,890
Total 43,980 10,995 54,975
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Table. 2 Convolution filter parameter

Convolution Filter Value
1st convolution filter 16
2nd convolution filter 16
3rd convolution filter 32
4th convolution filter 32
5th convolution filter 64
6th convolution filter 64
7th convolution filter 128
8th convolution filter 256
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Table. 4 Comparison with other research methods

Method Model Input Accuracy
Singh LSTM Raw signal 88.1%
Sellami 1D CNN Raw signal 88.34%
Proposed LSTM Raw signal 90.57%
study | 1D CNN-LSTM | Raw signal 92.3%
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