Journal of Korea Multimedia Society Vol. 23, No. 3, March 2020(pp. 402-411)

https://doi.org/10.9717/kmms.2020.23.3.402

AAE Ase] AgA

He AAE A

Deep De-noising Network 27|

e

H2 L' olx|2

tHE

T AARRR
= (=}
HdE |, U=

Design of Deep De-nosing Network for Power
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Oyun Kwon*, JeeEun Lee“, Jun Hwan Kwonm, Seong Jun Lim””, Sun Kook Yoo

ABSTRACT

P

Power line noise in electrocardiogram signals makes it difficult to diagnose cardiovascular disease.
ECG signals without power line noise are needed to increase the accuracy of diagnosis. In this paper,
it is proposed DNN(Deep Neural Network) model to remove the power line noise in ECG. The proposed
model is learned with noisy ECG, and clean ECG. Performance of the proposed model were performed
in various environments(varying amplitude, frequency change, real-time amplitude change). The
evaluation used signal-to—noise ratio and root mean square error (RMSE). The difference in evaluation
metrics between the noisy ECG signals and the de—noising ECG signals can demonstrate effectiveness
as the de—noising model. The proposed DNN model learning result was a decrease in RMSE 0.0224dB
and a increase in signal-to-noise ratio 1.048dB. The results performed in various environments showed
a decrease in RMSE 1.7672dB and a increase in signal-to—noise ratio 15.1879dB in amplitude changes,
a decrease in RMSE 0.0823dB and a increase in signal-to—noise ratio 4.9287dB in frequency changes.
Finally, in real-time amplitude changes, RMSE was decreased 0.3886dB and signal-to—noise ratio was
increased 11.4536dB. Thus, it was shown that the proposed DNN model can de-noise power line noise

in ECG.
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Fig. 1. Block diagram of the proposed DNN Model ECG denoising method.
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Fig. 2. (a) Clean ECG signal (b) Power line noise con—
taminated ECG signal,
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Fig. 4. The analysis of Proposed DNN model learning result a) Result of clean ECG signal wavelet transform, b)
Result of power line noise contaminated ECG signal wavelet transform, c) ECG signal with power line noise

removed by model,
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Table 1. Result of SNR and RMSE in amplitude coefficient change

Input SNR(dB) Input RMSE(dB) SNR enhancement RMSE enhancement
2.2612 0.3814 10.6335 0.2693
5 -13.3018 2.2882 15.8811 1.9206
10 -17.7388 3.8137 17.4186 3.3003
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. 10. The analysis of de—noising result with amplitude modulation noisy ECG signal (b) Clean ECG signal (c)

Table 3. The analysis of real—time amplitude change noise de—noising result for 3 case ECG signal, SNR, RMSE

Input SNR(dB) Input RMSE(dB) SNR enhancement RMSE enhancement

ECG 1 -0.7490 0.5393 13.8392 0.4297

ECG 2 -2.3383 0.5293 16.6941 0.4603

ECG 3 4.2446 0.5393 10.0518 0.3698
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Fig. 11. The analysis of real—-time amplitude change
noise de—noising result by inverse wavelet
transform (a) Clean ECG signal, (b) Noisy ECG
signal in real—time amplitude changes, (c) De—
noised ECG signal,
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