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Abstract Among cardiac diseases, arrhythmias can lead to serious complications such as stroke, heart attack, and heart failure if left
untreated, so continuous and accurate ECG monitoring is crucial for clinical care. However, the accurate interpretation of
electrocardiogram (ECG) data is entirely dependent on medical doctors, which requires additional time and cost. Therefore, this paper
proposes an arrhythmia recognition module for the purpose of developing a medical platform through the analysis of abnormal pulse
waveforms based on Lifelogs. The proposed method is to convert ECG data into image format instead of time series data, apply
visual pattern recognition technology, and then detect arrhythmia using CNN model. In order to validate the arrhythmia classification
of the CNN model by image type conversion of ECG data proposed in this paper, the MIT-BIH arrhythmia dataset was used, and the
result showed an accuracy of 97%.
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Fig. 1. PQRST complexes in the ECG waveform(5]
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Fig. 2. Overview of the Proposed Arrhythmia
Classification System
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Table 1. MIT-BIH Arrhythmia Database Classification used in our experiment(8]

Category

Annotations

Train Data Test data

Normal

Atrial escape
« Nodal escape

Left/Right bundle branch block

72471 18118

Atrial premature

« Nodal premature

Aberrant atrial premature

« Supra-ventricular premature

2223 556

Ventricular escape

Premature ventricular contraction

5788 1448

F « Fusion of ventricular and normal 641 162

Paced

Q » Fusion of paced and normal 6431 1608

Unclassifiable
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Fig. 3. Example of Image—typed ECG Data of 5-types Arrhythmia Classes
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Fig. 5. Performance Result of Proposed CNN Model
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Table 2. Precision and Recall Evaluation Results of proposed
Arrhythmia Classification CNN Model and General RNN Model

Class Precision Recall
OUR RNN OUR RNN
N 0.98 0.99 0.98 0.98
S 0.71 0.99 0.80 0.99
V 0.90 0.99 0.92 0.99
F 0.83 0.99 0.52 1.00
Q 0.96 1.00 0.98 1.00
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