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Electrocardiogram Signal Based Personal Identification
Performance Analysis Using Pre-trained Network Model
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Abstract

The existing personal identification method has a problem that is vulnerable to various crimes, and researches
using biosignals, which are internal characteristics of the body, are being conducted to compensate for this. Among
them, ECG signals are unique to each person according to the size and location of the heart, which makes them
suitable for personal identification, and many studies are being conducted in conjunction with deep learning. In this
paper, we analyze the performance of personal identification according to the pre-trained network model using 2-D
ECG images. The pre-trained network model for training ECG data sets uses 11 networks of Inception and ResNet.
The training data of the network uses 2-D image data using one period of the ECG signal, and the experiment is
performed by changing the number of learning. Inception-ResNet-V2 is the highest in the Inception network with
96.18% performance, ResNet-V2-152 is the highest in the ResNet network with 99.12% performance.
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