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Abstract

With the rise of the untact-society, documents in many fields such as business information, corporate confidential information,
and personal information have been digitized, and a security method with high security from the outside is required. Although
the electrocardiogram-based authentication technology is attracting attention as a security method described above, there remain
objectives to be achieved to implement it in a wearable device. In this study, we implement methods to apply the ECG
authentication technology to real-life based on wearable devices and evaluate the results for use in future research. To implement
it in a wearable device, we want to minimize the variability of the electrocardiogram within an individual and provide personal
information using 2D features. As a result of this study, 4.56% FAR, 2.08% FRR, and 96.68% ACC were obtained using only
2D features. Through this result, ECG authentication can be applied to wearable devices, and it is expected that ECG

authentication using a smartwatch will be possible.
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2.2 Pre-processing
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2.4 Normalization
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2.5 Feature extraction
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2.6 Authentication
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