Advances in Applied Mathematics BF%2:HERE, 2025, 14(12), 39-47 Hans X0
Published Online December 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.1412483

ETFRBENME|EEEINMERIEERE
AR

17 7
oS N € o e o P DL

Weks B . 20254F11 20 FHER: 20254F11H26H; KA H: 2025412 H4H

H E

WREGHAFRARKEGRAR, REFENHMENSEER. R0, WREGEE IR, H&ER
AT, HHEEERRFENRE., SARFRMRERERTERBARNMITIE, 3T RBRARA GRS
TAEE. ATRRTFELAR, AATENERERIFR. IR, RERIW ZNATERL
AR, EEFBEINGRKERRAFELE, XRETVGHEESMZIEEIE. B, —METRLHN
T3 AR 2 ST VR BEARRR 2RI B M R 4% () 7 i——Flex-DLD R Y, & A — M ATIZR 2 N
ZEH(DLD) B RENMERKF LRMBS, IHRHMERFENABRREON, HRRHB ML T HRp B8t
MSEBFIZ . A SCRIHLHEEETARE A T i 5 BRI IR 2 S T A (R R R D ) AR S &
FRAFR T HEMERRH RTS8 B SRR MR (NSVD), SGEREWTVRE| R M4 ¥£,
DASESF7E 25 1 ()[R I ER7 BRI G5 MR B A5 R

XKiEid

WRER, B, WL, REEN, ez

Research on Seismic Data
Denoising Method Based on
Low-Rank Approximation and
Self-Supervised Learning

Jun Wu

School of Mathematical Sciences, Chengdu University of Technology, Chengdu Sichuan

Received: November 2, 2025; accepted: November 26, 2025; published: December 4, 2025

NEGIF: AR, TGS B W2 ] s B EE LM R ], N Bk g, 2025, 14(12): 39-47.
DOI: 10.12677/aam.2025.1412483


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.1412483
https://doi.org/10.12677/aam.2025.1412483
https://www.hanspub.org/

iR

Abstract

Seismic images consist of multi-frequency bands, providing rich stratigraphic and textural infor-
mation. However, seismic images are often contaminated by environmental and equipment factors,
accompanied by complex random noise. Traditional seismic image denoising methods rely on con-
strained optimization approaches, where the selection of prior knowledge is also crucial. Due to lim-
itations imposed by manual priors, the denoising performance of traditional methods urgently re-
quires improvement. Recently, deep learning has been widely applied in image processing, but it
requires training on large amounts of paired samples and exhibits poor generalization ability for
untrained noise distributions. Therefore, Flex-DLD—a method combining optimization-based ap-
proaches with deep low-rank decomposition via self-supervised networks—has been proposed. By
replacing multiple complex manual solvers with a single trainable neural network module (DLD)
and converting other priors into loss function terms, the design and implementation of the algo-
rithm are greatly simplified. This paper successfully combines model-based optimization methods
with data-driven deep learning methods (deep low-rank decomposition). It fully utilizes the pow-
erful nonlinear representation capabilities of neural networks to replace traditional low-rank de-
compositions (such as SVD), and uses WTV to guide network learning, so as to better preserve struc-
tural and edge information in seismic profiles while denoising.
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Figure 1. Original data graph
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Figure 2. From left to right, the denoising images of BM3D, DLD, DLD-TV and the method in this paper
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Table 1. Comparative analysis

1 Mo
Noise (Gaussian) o=30 o =50 o=170
Method PSNR SSIM PSNR SSIM PSNR SSIM
BM3D 36.77 0.95 33.52 0.93 31.01 0.92
DLD 37.25 0.96 33.67 0.95 32.89 0.93
DLD-TV 37.88 0.97 34.23 0.95 33.22 0.94
DLD-WTV 38.21 0.98 35.56 0.97 35.05 0.96

B TN RHD R OB EAT SER AN, AN SRRt SRR AT TSR RO SERRHRR SR EIA SRS
HAm B, Freld Lot g S fabs PSNR. SSIM 2 HIWT £ B ACR IR IR BRIk, FRATTA e PRI I 12
XS B R TR 25 ORCRBEAT 00T, JF HLAT DL B B Ll — 2B A sE . B 3 i g
ZiREl, FATKDL BM3D A1 DLD fE—EREE ERER TR, (BRI E 0 M R Bk, JF HO s
PRERG, RIEAAEE —ERENE SR, DLD-TV METHR A%, JUPAFERE S, 26
PEBEAT T TEREAR RIS 4, (HR RIRBCRA IR, AREMIRERREEF . DLD-WTV Jrikaehs Ay X 11
XA AT £, N ERRCREAVRZKIRE, BA RIFMERECR, REGE SR IH
PLR H s

Figure 3. The first row from left to right shows the denoising images of BM3D, DLD, DLD-TV and the method proposed in
this paper; the second row from left to right shows the residual images of BM3D, DLD, DLD-TV and the method proposed in
this paper
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