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ECG Signal Denoising Method Based on Stationary Wavelet Transform with Hyperbolic Tangent
Threshold Function

WANG Haiyong"** and DING Gufei'
1 College of Computer Science, Nanjing University of Posts and Telecommunications,Nanjing 210023, China
2 National Key Laboratory of Autonomous Marine Vehicle Technology Laboratory, Harbin Engineering University, Harbin 150001, China

3 Smart Campus Research Centre, Nanjing University of Posts and Telecommunications,Nanjing 210023, China

Abstract In the acquisition process of ECG signals, there are various kinds of noise filled in the ECG signals, which will make the
ECG signals become difficult to identify,thus affecting the diagnosis of medical personnel. Denoising the ECG signal is an impor-
tant part of ECG signal research. This paper adopts the technique based on stationary wavelet transform,aiming at the defects of
hard threshold and soft threshold in the denoising process of stationary wavalet transform,a hyperbolic tangent function with
variable parameters(SWTaVHT) is proposed for denoising ECG signals. Moreover,in order to prevent the loss of some high fre-
quency information segments in the process of denoising, the R-peak location information assisted correction method is used to
better retain useful signal features. In order to evaluate the effectiveness of SWTaVHT,experiments are conducted on the public
database MIT-BIH for a comparative study with existing methods. Experimental results show that the signal-to-noise ratio
(SNR) , root-mean-square error(RMSE) and percentage root-mean-square difference(PRD) after denoising are better compared to
the existing methods. The SWTaVHT denoises the ECG data without changing the amplitude of the original signals, which is bet-
ter than the existing methods.

Keywords Electrocardiogram(ECG) , Threshold function, Stationary wavelet transform,R-peaks correction,Denoising
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Fig. 7 Denoising effect on ECG signal 101 with Gaussian noise
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Fig. 8 Denoising effect on ECG signal 101 with Random noise
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Table 2 SNR with different denoising methods

(dB)
ECG LPF HPF FDM EMD DWT X#[10] SWTaVHT
100 30.87 31.78 25.89 37.61 39.05 43.38 49. 85
101 24.70 29.22 28.13 36.21 40.79 41.15 48.63
103 28.50 28.42 31.81 31.57 37.79 42.15 47.42
115 27.43 28.39 33.83 37.65 38.43 45.41 51.72
117 24.53 29.43 33.53 37.52 37.53 46.25 48.01
234 20.48 20.79 21.76 35.23 38.92 40. 23 46.78

#* 3 RFEEWETT K RMSE
Table 3 RMSE with different denoising methods

ECG LPF HPF FDM EMD DWT  xX#/[10] SWTaVHT

100 0.0007 0.0261 0.0387 0.0039 0.0023  0.0015 0.0007
101 0.0019 0.0427 0.0325 0.0028 0.0014  0.0014 0.0012
103 0.0014 0.0300 0.0300 0.0037 0.0023 0.0016 0.0008
115 0.0023 0.0447 0.0584 0.0039 0.0009  0.0008 0.0008
117 0.0025 0.0549 0.0425 0.0031 0.0029  0.0023 0.0013
234 0.0017 0.0513 0.0502 0.0027 0.0015 0.0014 0.0011

* 4 AR EMETIE TR PRD
Table 4 PRD with different denoising methods

ECG  LPF HPF FDM EMD DWT xX#/[10] SWTaVHT

100 0.282 0.482 0.508 0.485 0.300 0.273 0.251
101 0.263 0.597 0.568 0.342 0.176 0.165 0.152
103 0.176  0.622 0.434 0.375 0.242 0.152 0.151
115 0.355 0.734 0.720 0.251 0.138 0.145 0.137
117 0.219 0.693 0.843 0.478 0.278 0.201 0. 165
234 0.425 0.583 0.621 0.424 0.321 0.299 0.200

M2 2.3 3 FI3 4 AT A0 F HPF 73, LPF ik R
FAE 103 50 HLAE 5 H R U8 I SNR A H = 3 8 kg =
0.08, HARfF5#H WA HPF ik, m LPF J7 7 RMSE
F1 PRD L AYME¥IEF HPF Jrik. % RMSE L, & fli tk HPF
J7¥/N 0.0524,7E PRD I, e fli [t HPF J5ik/h 0,474, X
B HPF J7 ik 8 + LPF ik, BARBE Sk M XT3 | 1
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Table 5 Comparison of calculation times
R il /s SNR
EMD 0.1846 37.61
DWT 0.1354 39.05
Xk[10]77 % 0.3103 43.38
SWTaVHT 0.5252 49. 85
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