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Fig.1 Data 1 synthesis data dictionary learning denoising results
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Fig.5 Denoising results of dictionary learning for example 1 of measured data

K6 Fros o SEM s S0 2 7 i ) IR AR [ 6 (a) N JRaa%ds, wTIL, S 2
Hh Rt i (R AT i 22 AR AR 2, 30y DX AsdB 2 T AR 2% . I 2096 BN ),
W 6 (b o, DCRTRA 3 5 o3 S i (R A el HLA (R R Al 25 e B LG P B i, i
TR EAR AT AR % 6 (c) Ny SR MRE R, MBS EAE /0, ZWRah R AL
UF AW T R K R R AR Bl o A, Ferb s ZEOHR IR e RS RS B, 6 T 99 IR e =
VAR ORI DT, T [RIAT b o A5 2T R PR

L o Che

20

g 40 g 40

# g0 £ 60 4

B R

= 80 = 80 1

= =

= 100 = 100

120 ! 120 e : L
20 40 60 80 100 120 20 40 60 80 100 120 20 40 60 80 100 120
HhRETE HhRETE HhRETE
(a) JEUEHE (b) FugE A

(c) ZMEEHE
6 SEIERE G 2 s ) et gk g

Fig.6 Denoising results of dictionary learning for example 2 of measured data
K7 BT g SIS G4 3 - oy o) B Al T VA LR A R EE . BT () O JRdR sk
D, AW, SRR A T K R S i IS M Rk R A, RIS R R A
INfIR] BN B T [R)AH Sl R . 9 59 R AR R AR I 5, B0 B2 i R £« i R A A
5 x5 apdan, 193] T i R E R (BT (b)), BT RS T AR s K
POMRFAE DI, O Ja Sl Byt iy o) MR BEE T ARl R, X sUIREEE I 20 % BEALME



564 CT PR 5 N HIFAY 314

I [ R 2
T

F UL 50 100 150 200

MR IE
(b) HHUREE (e) B
it ;0
H#
BR B 100
iy
_'; =
= 150
- 200
50 100 150 200
HhETE HhE
(d) /DAL g 1 Ce) ik ss 1 (f) P> LG gt g

B 7 SEE ] 3 s S s ah
Fig.7 Denoising results of dictionary learning for example 3 of measured data

R OWE T (o) o, W AR R Un R OB I 0 A N R, AT RS
TEAEXS AP HAT IEF U o O T REATARBERLE, ARSCG I/ A e S 5 2 e 2 W
HPSHAT AT, Hor, AN HeR F Sym8 AN RREL, AR ECH 3 2 iR R
F L2 SR ZEVE N B R . BT (D) R T Ced 430 DAy /INiB 780 450 A e A i B vk D M
R W, BMA L BEALME ARG BB . AH H TN R ECR IR O E 1, SR
R AL L 2 [ A Al R BT S TR B G s i b e AR d oy T SR A v 22 RS B 56 A I D o
SR FIAR S, LT iR BRI O R D KRR LS . 7 (F) WA
FIEE S LM AR, AN, BT BORIIE R T SR AR B[R AN A, A i
LWL R AR B A R RS R A . AN SRR A2 e Rl A At o 4K b, P s D) SR &
WA SR o T /N AR R B AR SR (K AR IR T AN SCREA T R 2 R s
(1 25 g AU

Bk b, T S SR R R ol TN R s A S R R SCR, BE 1A
SR AT YT B A M R B ) 25 T

3 g

BT BATLISE 7 e A AR B ), AR SR 0 B BHE 1) 3 L2 D) BT RE T 8K
(EARA LA R S b 2 B S0 LR E I B SR PRAN A 4 T 2 BB IR 7 I S MR A
i LR R A AR S B R SEDURE o S S 7K B R b 2 [l A L A SR e 5 ) AT
by BRI B P SR SC R 7 ik AT Bl R, SRAS AU I LR R
R E 0 LE AT BRI ST, Bk T ASCIIA M ATt Ba, RASORE- A
B AL 7 1) S I R S0 25 R AR B, [ IRy 25 Mg 4 g /N AR e i e AR i e e 4 2R



5 1

JARBES: He Ty P s ) PR TR R Kl 2 14 565

XL, SRR T A SCRLE I S Bl 1A Rk

B 3HK
[0 Edin, XA, Wth, S AR Sk L], BRI, 2021, 36(6) :

(2]

[3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]
[11]
[12]

[13]

[14]

[15]

2588-2598.

WANG G C, LIU H J, YANG H W, et al. One good denoising method of converted wavel]].
Progress in Geophysics, 2021, 36(6): 2588-2598. (in Chinese).

LR, WRAM, BFm, F. ZEA UG R R A B SRS [J]. Mk
HERE, 2021, 36(2): 730-735.

JIANG Z D, FAN C W, LI X Z, et al. Study on suppressing strong amplitude narrow band
random noise based on multichannel singular spectrum analysis[J]. Progress in
Geophysics, 2021, 36(2): 730-735. (in Chinese).

FUFR, PN, PARIZE, % DnCNN R U-Net b ih i BE AL 75 s i (006 LG 23 A (D], M Bk Ay 2 2%
HERE, 2021, 36(6): 2441-2453.

GAO HT, SUN NN, SUN K Y, et al. Comparative analysis of DnCNN and U-Net on suppres-—
sion of seismic random noise[J]. Progress in Geophysics, 2021, 36(6) : 2441-2453. (in Chinese).
ZEeRE, KIS, R T EIE NN A G P 27 T s b B A AT A e g S L] R
AREMR, 2021, 35(3): 185-189, 204. DOI:10.3969/j. issn. 1671-7449. 2021. 03. 001.

LI G H, ZHANG Z H, LI J R. An applied on low-frequency noise suppression of seismic
exploration based on adaptive WNN[J]. Journal of Test and Measurement Technology, 2021,
35(3): 185-189, 204. DOI:10.3969/j.issn. 1671-7449. 2021.03.001. (in Chinese).

A, MhEsE, FRE, S AT RENTIRE MR E RN ] ek sk, 2021,
36(6) : 2454-2461.

HE Y, LIU J X, WANG X Y, et al. Application of interpolation denoising based on adaptive
dictionary learning[J]. Progress in Geophysics, 2021, 36(6): 2454-2461. (in Chinese).
G, AR, BRASUT. SRR g BRSO R TN AT RE [T]. AZhAEIR, 2015, 41(2):
240-260.

LIAN Q S, SHI B S, CHEN S Z. Research advances on dictionary learning models, algorithms
and applications[J]. Acta Automatica Sinica, 2015, 41(2): 240-260. (in Chinese).

CHEN S S, DONOHO D L, SAUNDERS M A. Atomic decomposition by basis pursuit[J]. SIAM
Review, 2001, 43(1): 129-159.

OLSHAUSEN B A, MILLMAN K J. Learning sparse overcomplete image representations[C]//
Wavelet Applications in Signal and Image Processing VIII, International Society for
Optics and Photonics. 2000, 4119: 445-452.

AHARONM M, ELAD M, BRUCKSTEIN A. The K-SVD: An algorithm for designing of overcomplete
dictionaries for sparse representation[J]. IEEE Transactions on Signal Processing, 2006,
54(11) : 4311-4322.

TANG G, MA J W, YANG H Z. Seismic data denoising based on learning—type overcomplete
dictionaries[J]. Applied Geophysics, 2012, 9(1): 27-32.

SIMON B, MA J W. Simultaneous dictionary learning and denoising for seismic datal]].
Geophysics, 2014, 79(3): A27-A31.

JAHOME, iR, BRSCH. BT RS 1 2RI R A R D R A B L [CL/ /v B A )
PRECRHT 2518 04, 2015: 165-168.

VFHZE. AT MR s A 2y o) i e Bod et ot D], KA AR, 2016.

XU D X. Research on seismic denoising based on the sparse representation and dictionary
learning[D]. Changchun: Jilin University, 2016. (in Chinese).

SRk, FET KA B2 A (SCK) 1M 4l B (5 5 E gl 5 Rt sT (D], R Wb DK%, 2016.
ZHANG C. Study on reconstruction and denoising of two—demensional seismic signal based
on sequential generalization of K-means[D]. Tianjin: Hebei University of Technology,
2016. (in Chinese).

JEJGH. BT AR IR S S AL A R S sy 25 (D] A AR TR, 2016.


https://doi.org/10.6038/pg2021EE0587
https://doi.org/10.6038/pg2021EE0587
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0473
https://doi.org/10.6038/pg2021EE0473
https://doi.org/10.6038/pg2021EE0473
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.6038/pg2021EE0480
https://doi.org/10.6038/pg2021EE0480
https://doi.org/10.1137/S003614450037906X
https://doi.org/10.1137/S003614450037906X
https://doi.org/10.1109/TSP.2006.881199
https://doi.org/10.1007/s11770-012-0310-z
https://doi.org/10.1190/geo2013-0382.1
https://doi.org/10.6038/pg2021EE0587
https://doi.org/10.6038/pg2021EE0587
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0116
https://doi.org/10.6038/pg2021EE0473
https://doi.org/10.6038/pg2021EE0473
https://doi.org/10.6038/pg2021EE0473
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.3969/j.issn.1671-7449.2021.03.001
https://doi.org/10.6038/pg2021EE0480
https://doi.org/10.6038/pg2021EE0480
https://doi.org/10.1137/S003614450037906X
https://doi.org/10.1137/S003614450037906X
https://doi.org/10.1109/TSP.2006.881199
https://doi.org/10.1007/s11770-012-0310-z
https://doi.org/10.1190/geo2013-0382.1

566 CT B 5 N HWFFT 314

QU G Z. The suppression of random noise and separation of ground roll in seismic
signals based on sparse representation[D]. Hefei: Hefei University of Technology, 2016.
(in Chinese).

(16] sk, (RAfa, MHEYE. FIHZEAARGRRR SRS [JT]. Ay iy, 2017,
52(3) : 442-450. DOI:10.13810/j. cnki. issn. 1000~7210. 2017. 03. 005.
ZHANG Y, REN W J, TANG G W. Random noise suppression based on sparse representation of
multi-trace similarity group[J]. 0il Geophysical Prospecting, 2017, 52(3): 442-450.
DOI:10. 13810/ . cnki. issn. 1000~7210. 2017. 03. 005. (in Chinese).

(17] R, BRET, BREA, 2. BT BIERNAE )5 M0 800 2 Ho s e 75 B il i (C1// Tl B Bk
YIRS R TR S04, 20180 438-441.

(18] ik, LMk, Z=05. ZET{R4RT o Sk M B Aod 2o v A (7). Wi < M, 2019, 26(2):
177-180. DOI:10. 6056/dkyqt201902009.
WANG L, MAI H, LI Y. Application of seismic data denoising based on online dictionary
learning algorithm[J]. Fault-Block & Gas Field, 2019, 26(2): 177-180. DOI:10.6056/dkyqt
201902009. (in Chinese).

(191 ZEK. TR 2o T b U 25 Ak R e ARG 9T [D]. IR JRIE: R /RIE K2, 2016.
QIN N. Research on aeromagnetic data processing based on sparse representation[D].
Harbin: Harbin Institute of Technology, 2016. (in Chinese).

Denoising of Seismic Data Based on Block
Dictionary Learning Theory

ZHOU Junjie, WU Xiangling™, LI Wenjie, LI Jinghe
College of Earth Sciences, Guilin University of Technology, Guilin 541004, China

Abstract: With the increasingly complex observation environment of oil and gas exploration, the seismic data
collected are often mixed with various noise signals, resulting in the effective weak signal caused by the
exploration target is covered, which seriously affects the high-precision seismic data interpretation, so it is more
and more important to effectively suppress the seismic data noise. In this paper, the dictionary learning strategy is
used to block the complex seismic data. The dictionary atoms are obtained through the dictionary learning of the
block data, and the sparse representation of the seismic data is constructed by high-precision dictionary learning.
The dictionary atoms are updated through two iterations for data denoising. The dictionary learning algorithm is
applied to the processing of simulated and measured seismic data with random noise. The analysis results show
that the algorithm can effectively removes the random noise while retains the effective signal phase axis, improves
the signal-to-noise ratio which verifies the feasibility and effectiveness of the algorithm. The research results
provide a new technical means for complex noisy seismic data denoising.

Keywords: block dictionary learning; seismic data denoising; iterative updating; processing of measured data
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