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In this study, we proposed a method to determine normal and abnormal ECG waveforms and to classify

them into multiple classes. In this method, the ECG is not treated as time-series waveform data, but as

two-dimensional waveform image data, and classified. We used four classes from the MIT-BIH arrhythmia
database: N class, VEB class, SVEB class, and F class, and classified them using CNN, VGG16, VGG19, and
ResNet. The maximum accuracy was achieved with VGG16 and VGG19. 99.22% of sensitivity, 99.52% of

specificity, and 99.3% of accuracy were obtained.
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