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Abstract: In microseismic signal processing, complex noise severely interferes with the reliable
identification of valid events and increases the uncertainty in first-arrival picking of P- and S-waves. To
enhance microseismic signal quality and improve the robustness of first-arrival picking, this study
proposes an RC-Transformer—based noise suppression method. Built upon the Transformer deep learning
framework, the proposed approach leverages a self-attention mechanism to capture global signal

characteristics, while incorporating residual convolutional networks to strengthen the suppression of
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local noise. This design enables effective attenuation of complex background noise and substantial

restoration of the amplitudes of effective events. Tests on three-dimensional synthetic microseismic data,

underground gas storage monitoring data, and field microseismic data from coal-roof hydraulic

fracturing demonstrate that the method can efficiently suppress background noise and recover the

waveform amplitudes of microseismic events. Compared with traditional algorithms, the RC-

Transformer significantly improves the signal-to-noise ratio (SNR) of microseismic signals and the

accuracy of first-arrival picking for P-waves and S-waves, boasts high inference efficiency, and provides

an efficient and robust solution for noise suppression and effective event detection of microseisms in

complex geological environments.
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components, including the FCN noise extraction module, residual convolutional feature

extraction module and multi-head self-attention mechanism module
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Fig. 2 Examples of synthetic microseismic waveforms with different noise levels (signal-to-

noise ratio =1, 5, and 10 dB) for RC-Transformer model training
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Fig. 4 Pure synthetic microseismic waveforms used as a reference standard for evaluating

denoising performance
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Fig.9 Denoising results comparison of a single-trace synthetic microseismic waveform

contaminated by Gaussian noise (signal-to-noise ratio = 5dB)
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contaminated by Gaussian noise (signal-to-noise ratio = 1dB)

3 SEINARHE R 7 s o) R 0 A

B 11 JEoR TS R o Ak e e sl
Tt 72 W B ) RC-Transformer 70 25
mht A, B 11 RS IEE, E 11(b)
N A S I T P o R SIS ) e S
s H A E M, Sntsiidk
WEALFR G, 55 R0 R AT B I A, T S
PR EREL, HAMRE TR T
J2 TR S 28 S it 72 500 2640 5 STl 3
P e 7S U BREN, AR5 L
FRRA RS S . i 12() s T HRE T

A HEs 2R S it e i, R R A B ) S K
PRI ) LT 75 58 AR T 25 MR i PO
T (B 12(b)) W BES i M 1L PR B2 e AH AR AIE
HE— P RIE TR R AE R AR R AR N B4
SHEMEES

S SEINAE M IR R IR AT,
RN AN E A YR e AL R WS P
RS REAT AR B H AR5 5 IF LA B ot
o XSGR I MIE ] TR B
i MDA 58 v (4 L 75 JC AR X vy
FEANHE VLRI MR A T H0I, T3 R B Y
LWEPERE S E SRR,



0 5 10 15 20 25 30
Trace

(a) SLMPFILHE

0 0.8
0.6
0.4

0.2

_ -
! > e
R e
S e

5 10 15 20 25 30
Trace

(b) 2B B

B 11 AP R A e R M e AR S B B R R 4 R

Fig. 11 Denoising results of field microseismic data for reservoir geologic body integrity
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Fig. 13 Denoising results of single-channel waveforms of field microseismic data for reservoir

geologic body integrity evaluation
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Fig. 15 Analysis of first-arrival picking and time-frequency spectrum of field microseismic

data for coal seam roof fracturing before and after denoising
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Table 3 Model performance comparison

SHHR ﬁ:@ a5 e
e (M) (GFLOPs)
(ms)
UNet 80 25 60
RC-Transformer 102 40 80
SwinIR 110 45 90

R 4 FIFEBITIER PSNR 5 SSIM
Table 4 PSNR and SSIM of different denoising

methods
P VAP PSNR SSIM
R EE 22.58 0.2837
/N BB 2 25.31 0.6025
UNet 28.21 0.7061
SwinlR 29.20 0.8025
RC-Transformer 31.75 0.9743
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Fig.21 Comparison of denoising results of different algorithms for simulated microseismic

waveforms with mixed noise (signal-to-noise ratio = -5dB)
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simulated microseismic waveforms with mixed noise (signal-to-noise ratio = -5db)
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