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Denoising of seismic signals based on non-local mean in Shearlet domain

LI Min, ZHOU Yatong. LI Mengyao, WENG Liyuan
(School of Electronics and Information Engineering, Hebei University of Technology,

Tianjin 300401, P. R. China)

Abstract: Due to the limitations of the acquisition environment and instrument performance, the collected
seismic signals contain strong random noise, which presents great challenges for subsequent processing and
interpretation. Multi-scale geometric analysis has attracted attention in recent years. This paper introduces
non-local mean algorithm (NLM) into the Shearlet transform domain to denoise seismic signals. The
algorithm firstly performs non-subsampled Shearlet transform on seismic signals, and approximates the
generalized Gaussian distribution. The Shearlet coefficients are subjected to principal component analysis
(PCA), and then the non-local mean processing Shearlet coefficients are used. Finally, the new Shearlet
coefficients are inversely transformed by Shearlet to obtain the denoised seismic signals. The experimental
results show that under low noise the proposed algorithm can achieve better denoising effect than the non-
local mean algorithm. Therefore, the proposed algorithm is feasible for denoising seismic signals.
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Fig. 2 Flow chart of seismic signal denoising algorithm based on non-local mean in Shearlet domain
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Table 1 Performance of each algorithm for denoising artificially synthesized seismic signals (Gaussian noise)

W 7 7K 7 Sigma/ % Bk P L vise Ssm
5 Shearlet+NLM 32.782 8 0.000 527 0.768 833
5 NLM 32.595 2 0.000 550 0.729 478
5 Hard threshold 32.3951 0.000 576 0.703 291
5 Wiener 28.547 3 0.001 397 0.631 189
10 Shearlet+NLM 28.132 6 0.001 373 0.605 009
10 NLM 27.203 6 0.001 388 0.597 750
10 Hard threshold 27.037 1 0.002 125 0.560 621
10 Wiener 25.437 4 0.002 859 0.499 155
15 Shearlet+NLM 26.484 1 0.002 293 0.519 761
15 NLM 26.173 6 0.002 395 0.514 030
15 Hard threshold 24.613 1 0.003 457 0.467 707
15 Wiener 22.782 7 0.005 269 0.432 429
20 Shearlet+NLM 25.023 3 0.003 250 0.504 993
20 NLM 24.538 4 0.003 309 0.492 885
20 Hard threshold 23.835 1 0.004 135 0.457 848
20 Wiener 20.690 8 0.008 529 0.386 747
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Fig. 6 An illustration of shearlet decomposition
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Fig. 7 The variation of Psw with smoothing parameters at different noise levels by proposed algorithm
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Fig. 8 The variation of P with smoothing parameters at different noise levels by NLM algorithm
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Fig. 9 Marine seismic signals denoising
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Table 2 Performance of each algorithm for denoising marine seismic signals (Gaussian noise)

W75 7K ¥ Sigma/ % (ER7S P sk Lose S
B Shearlet+ NLM 32.336 1 0.000 587 0.944 837
5 NLM 31.614 5 0.000 607 0.943 030
5 Hard threshold 31.014 3 0.000 792 0.936 267
5 Wiener 25.996 7 0.002 506 0.895 850
10 Shearlet+NLM 28.959 2 0.001 342 0.932 539
10 NLM 28.740 7 0.001 361 0.923 253
10 Hard threshold 27.046 3 0.001 974 0.907 809
10 Wiener 23.887 1 0.004 086 0.872 911
15 Shearlet+NLM 26.407 9 0.002 200 0.903 589
15 NLM 25.812 4 0.002 304 0.902 194
15 Hard threshold 25.191 1 0.003 026 0.890 313
15 Wiener 22.153 2 0.006 091 0.824 981
20 Shearlet+NLM 24.617 2 0.003 454 0.878 513
20 NLM 24.320 9 0.003 697 0.858 285
20 Hard threshold 23.627 5 0.004 338 0.865 075
20 Wiener 20.835 1 0.008 251 0.760 658

X2 AFH ML AEME K 5% BN T SR A NLM 8wk i 25 e P fE AR 25 8 K, (H [ B 5 1 16 A
Wiener IR B 4, N AR BALZE R F, SCP BN Paw M 32.336 1, b NLM B0 P 211 0.721 6,
B4 T 2.23% ., B MR A (R 386 im, SC b 38092 W 30 1 1 40 15 A0 B BT LUATS e AR R PR e B A L T NLM Bk
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A8 M P KPTGO0 T 5 25 MR AIOR, 728 o A AR . R (k2 MR I 2 T B i )R B R 4
BT, Bk — S5 B AT S B R SCR R FRAR . Wiener 1 5 5800 XoF iy 307 M 75 A A it 4 410 ) 28R L (H
M2 BT R EWRE THNAEER  REERACREE .

5 4 &

SO AR R R SEE IR R SR AR Shearlet 22 4 5 B 40 55 & B A ) S 30 23 A, 5 NLM Bk DU K
PCA X401 RECHATAL B R EAT Shearlet WA A5 3 M 4551 . Rk B TR (E S MA TS
JHLFE A S, SAEGEM NLM 5535 A 10 (8 15 . Wiener U8 5335 A Fo o SC b 5306 X0 40 35 3 43 9 b 215 3 €5,
NLM 88350 5 A 5 20 AHABL R (0 i 72 5 25 MR SR S o A {53k F A A 7 DX 0] 5K 119 Ml 7 £ 5 2 g
RO HLF . Wiener 3830 5505 0 35 A7 w0 I P ) M 752 £ 5 A BRASOCR B0y . S il X il 2 bR 55 . S0P 5
L REER S 5 RS B 40 5 23 M A 73 HLJC O W7 b 288 o DT 328 1) 587 e ) 25 R AR, IR MR AT Shearlet 78 # 11
NLM S E AR S & 0 MR 5 5 A7 L B .
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