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An improved wavelet threshold algorithm for cancelling EMG signal from ECG signal

GU Xuan, ZHANG Wei, LU Shanshan, LIANG Fu'e, LIU Donghua

College of Information Engineering, Gansu University of Chinese Medicine, Lanzhou 730100, China

Abstract: After removing the electromyogram (EMG) signal from electrocardiogram (ECG) signal with the traditional soft
and hard threshold algorithms, the amplitude of ECG signal decreases and there are local abnormal peaks, leading to
unsatisfactory denoising results. By studying the denoising principle and optimization rules of the wavelet threshold
algorithm, based on the hyperbolic tangent function, an adjustable threshold function with continuity, simple structure and
high flexibility, and an improved hierarchical threshold are constructed. The optimal wavelet basis function and wavelet
decomposition level for noisy ECG signals are obtained through analysis. Finally, an improved wavelet threshold algorithm is
proposed. The soft and hard threshold algorithms, the threshold algorithm in the relevant literatures, and the proposed
algorithm are used to cancel the real EMG signal from ECG signal. The experimental results show that the improved
threshold algorithm can better remove EMG signal from ECG signal and preserve the waveform characteristics of ECG
signal, and has a greater Pearson correlation coefficient value than other threshold algorithms. Both qualitative and
quantitative results confirm that the proposed threshold algorithm is effective in cancelling EMG signal from ECG signal.
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Figure 1 Schematic diagram of k—level wavelet decomposition
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Figure 2 Flowchart of ECG signal denoising with

wavelet threshold algorithm
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Figure 3 Wavelet soft and hard threshold function
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Figure 4 The first quadrant diagram of the improved threshold

function with different adjustment coefficients
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Table 1 The PCC value of ECG signal containing EMG signal noise is

denoised by wavelet threshold algorithm based on sym series and bior

series wavelet basis functions

INPESERRAL  PCCURM/M™E) | | /NEHEREL  PCCURMR/™HE)
sym2 0.9752/0.839 1 bior2.4 0.9779/0.842 4
sym3 0.976 8/0.835 6 bior2.6 0.978 8/0.8489
sym4 0.9794/0.849 0 bior2.8 0.978 6/0.847 6
sym5 0.9784/0.835 0 bior3.1 0.9775/0.8326
sym6 0.9787/0.8402 bior3.3 0.9777/0.8403
sym7 0.9781/0.843 0 bior3.5 0.9781/0.8395
sym§ 0.9793/0.8482 bior3.7 0.9777/0.8459
biorl.1 0.9760/0.8318 bior3.9 0.979 1/0.8412
biorl.3 0.9756/0.842.0 bior4.4 0.9778/0.8393
biorl.5 0.9758/0.834 5 bior5.5 0.9764/0.8387
bior2.2 0.9770/0.8422 bior6.8 0.9783/0.848 3
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Table 2 Wavelet decomposition levels for ECG signal

and frequency range of each level

IriIEE L /Hz AT FEl/Hz
0 180~360 0~180

1 90~180 0~90

2 45~90 0~45

3 22.5~45 0~22.5

4 11.25~22.5 0~11.25

5 5.625~11.25 0~5.625

6 2.8125~5.625 0~2.8125
7 1.40625~2.8125 0~1.40625
8 0.703 125~1.406 25 0~0.703 125
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Table 3 Comparison of PCC between original and denoised

ECG signal at 7 and 8 wavelet decomposition levels

WaN 3= 20 dB(ER/AEFIME) 10 dB(AR/AH R(E)
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Table 4 Thresholds rules and threshold functions of each wavelet thresholding algorithm
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Figure 5 Denoising results of each threshol dalgorithm on No.100 ECG signal with real EMG signal
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Figure 6 Denoising results of each threshold algorithm on No.103 ECG signal with real EMG signal
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Figure 7 Denoising results of each threshold algorithm on No.108 ECG signal with real EMG signal
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