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ABSTRACT

A Study on User Identification using ECG based on Deep

Convolutional Neural Network

Kim, Sung Hyuck

Advisor : Prof. Pan, Sung Bum

Depar tment of Software Convergence
Engineering

Graduate School of Industry Technology
Convergence, Chosun University

Biometrics technology is a technology that compares and judges biometrics
information and signals presented using unique biometrics information and
signals possessed by individuals. However, existing biometric technologies
are exposed to various crimes. As a method to solve this problem, many
researches are actively carried out by combining the electrocardiogram and
the deep running technique resistant to forgery and modulation to the user
recognition.

In this thesis, we propose DCNN-based ECG for user identification. The
noise of the electrocardiogram signal is removed by using a bandpass filter
and an moving average filter, and the signal is divided based on the R peak
point. The input data of the DCNN is generated through the process of
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preprocessing and converting the 2-D image wusing the divided 1-D
electrocardiogram signal. The structure of DCNN is designed on the basis of
VGGNet. For DONN network design, weight initialization, activation function,
normalization, cost and optimizer function are optimized for ECG data set.

In order to compare the performance of the proposed network structure, we
compare the performance according to the input data, the performance
compar ison with the existing network, and the performance according to the
number of data classes.

Experimental results showed that the performance of the proposed coupling
matrix was 98.35% when using 18 ECG data and 97% when using 47 data. It is
confirmed that this increase is 1.9% and 2.65%, respectively, when using 2D

image.
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20| HACDD| 20 2Ee AFUS A == Jisotn 58 £ UD|
20 HETE Was 4= UL,

X X
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RelLU RelLU Shortcut
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l RelLU
H(x) F(x) +x

(a) 7]1¥22] CNN T%

(b) Residual Learning

& 2.14 ResNet 22| Residual Learning
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