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Abstract; This paper applied wavelet denoising method to monitoring micro-
seismicity in large-scale rockmass structure. The feasibility of using symlet6 in
wavelet denoising was validated with MATLAB simulation. Then four types of
adaptive threshold rules for wavelet denoising are used to denoise three noisy
signals. The result shows that the noise in signals can be filtered effectively
with the four threshold rules and the Rigrsure threshold for wavelet denoising is
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more effective with the least mean square deviation and highest signal to noise
ratio. Based on the multi-channel digital microseism monitoring system in
Shizhuyuan mine, this paper applied wavelet denoising method to three different
microseismic signals with the result of MATLAB simulation. The results show
that the true microseismic signals can be recovered from the noisy signals by re-
moving noise at every wavelet scale, even though noisy signals have low signal
to noise ratio or include wide frequency range. The wavelet threshold denoising
is suited especially to the denoising of microseismic monitoring signals in large-

scale rockmass structures.

Key words: wavelet de-noising; large-scale rockmass; microseismic technology;
MATLAB simulation
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Table 1 SNR and RMSE of denoised signal
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Fig. 6 Noising signal and denoised signal of bump
(a) Noising signal; (b) Signal denoised with Rigrsure threshold; (c¢) Signal denoised with Sqtwolong threshold;
(d) Signal denoised with Heursure threshold; (e) Signal denoised with Minimaxi threshold
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Table 2 SNR and RMSE of denoised bump signal

33.222 23.117 30. 544 27.605
0.912 1.511 1. 042 1. 208

3
Table 3 SNR and RMSE of denoised blocks signal

42.116 31.023 37.725 35. 265
0.918 1.599 1.144 1.294
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Table 4 SNR and RMSE of denoised heavysin signal
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Fig. 7 Procedure of wavelet threshold denoising on signals for rock mass fracture location

(a) Noising signal; (b) Denoised signal; (¢) Wavelet decomposition on noising signal;

5

(d) Application of threshold

Table 5 SNR and RMSE of denoised rock mass fracture signal and denoised blast signal

26.405 39.706
0.059 0.015

, Hz

8b ,
3000 Hz, s 3000-—5000 Hz
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Fig. 8 Noise and its spectrum in signals for rock mass fracture location
(a) Noise of signal; (b) Noise spectrum
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Fig. 9 Noising signal (a) and denoised signal (b) of a blast
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Fig. 10 Noise and its spectrum of a blast signal. (a) Noise of signal; (b) Noise spectrum
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Fig. 11 Unlocatable rock mass fracture signal. (a) Noising signal; (b) Denoised signal
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