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Fig. 8 Synthetic noisy data reconstruction test: (a) Original data; (b) Random missing data; (c) Reconstruction data via BPMF;

(d) Residual of BPMF reconstruction data
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(d) Residual of BPMF reconstruction data



164

FIMELEER  20184F 6 H S 3 EH 2 )

g

s |[— EsHE
- — BPMFEZEE

1000 1800

Bf[8)/ms

2200

=
(=:]

i

- — RuEE
30 | | — BPMFEE¥IE

1000 1400 1800

2200 2600

B [8)/ms

i

— BRI EIE
30 || — BPMFERHIR

1000 1400 1800

2200 2600 3000

B [8)/ms

11 EERMEHENIRAEIDR: (a) 5% 228iER; (b))% 4 EIER; (0% 97EIER
Fig. 11 Trace data of real seismic data test: (a) No. 22 trace data; (b) No. 74 trace data; (c) No. 97 trace data

ZER LA SRS A RIS, RUEHIA SR
9 BPMF 530725 1T UAT S80A %o ik 2l R Bt R A7 B e
X BEREGR I , BORIK A MER BT
BRI, IKEE S RIRIEAERFEIR 1, X558
TEICSFMIREE R — 2, RS ITIEHE E Y
AL, 5112 W 7R T 55 T BPMF S0k 1158 0 2k e g,
AR PRBCHRR AR B 1 A 5 W0 1) b R K80 ) R Al 5
fik,

R S R A MR B (5 5 A B AR HA
WIFSEA (A ok B T SR AL AS = D B0k, e %

=

o,

—

[====

’iﬁ

=
o
e ey
e

=

)

S
"
e

[ /
i
N
A

Vi

B 12 SCERMEHIEE S

Fig. 12 Basis matrix of real seismic data



S D ST ABE 3R 0 ) e i A vk

165

P R AR — B B A B AL, B A
LA IREE AT SRR M . BB A FIBEHLRS E )7
% ok o Fil o LI BIEREIITE k (BEE 1 & Bii%
ST IR AR RR) S SR ACE R o W o2 1
SRR 7RIS, 5 A DR
PR [0 2 M £ LB MV O A 3
RIS I PR R 5 5 M T B RSB e
b 5 T2 500 7 H A FE R A 7 T 4 P 4R

RPN

o

A o

(EJE 2SR AT A — Se 5 BT TR ke (9 ) AL
B, PR R R A FARS, ASSCRIE A,
R RN, SEBEEEERRE, W
PFrik N iX 5 Patch A B FLHOC R, (HR AR fif XA
)R 5 BER AT 5 SR DL 43803k ml LUAR Fhin A
Bl FUE A A R — R, 2R R BRI TR
(L RTA=BE NS5 € (S DR V6 R 2 o 4 D9
U A FHZ R PR G S — i ZER AW ST R )

(1]
(2]

(3]
(4]
(5]
(6]

(7]
(8]

[9]

[10]
[11]

[12]

[13]

[14]
[15]

[16]

[17]
[18]

[19]

[20]

(21]

(22]

SPITZ S. Seismic trace interpolation in the F-X domain[J]. Geophysics, 1991, 56(6): 785—794.

BAILS, LIUY K, LU HY, et al. Curvelet-domain joint iterative seismic data reconstruction based on compressed sensing[J]. Chinese
Journal of Geophysics, 2014, 57(9): 2937-2945.

HERRMANN F J, HENNENFENT G. Non-parametric seismic data recovery with curvelet frames[J]. Geophysical Journal of the Royal
Astronomical Society, 2010, 173(1): 233—-248.

ABMA R, KABIR N. 3D interpolation of irregular data with a POCS algorithm[J]. Geophysics, 2006, 71(6): E91.

WANG J, NG M, PERZ M. Seismic data interpolation by greedy local Radon transform[J]. Geophysics, 2010, 75(6): WB225-WB234.
CANDES E, DEMANET L, DONOHO D, et al. Fast discrete curvelet transforms[J]. multiscale modeling & simulation, 2006, 5(3):
861—899.

FOMEL S, LIU Y. Seislet transform and Seislet frame[J]. Geophysics, 2010, 75(3): V25—-V38.

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

ELAD M, AHARON M. Image denoising via sparse and redundant representations over learned dictionaries[J]. IEEE Transactions on
Image Processing, 2006, 15(12): 3736—3745.

BECKOUCHE S, MA J. Simultaneous dictionary learning and denoising for seismic data[J]. Geophysics, 2014, 79(3): A27—A31.
CHEN Y. Fast dictionary learning for noise attenuation of multidimensional seismic data[J]. Geophysical Journal International, 2017,
209(1): 21-31.

MA J. Three-dimensional irregular seismic data reconstruction via low-rank matrix completion[J]. Geophysics, 2013, 78(5):
V181-V192.

CAIJ F, JI H, SHEN Z, et al. Data-driven tight frame construction and image denoising[J]. Applied & Computational Harmonic
Analysis, 2014, 37(1): 89—105.

LIANG J, MA J, ZHANG X. Seismic data restoration via data-driven tight frame[J]. Geophysics, 2014, 79(3): V65—V 74.

YU S, MA J, ZHANG X, et al. Interpolation and denoising of high-dimensional seismic data by learning a tight frame[J]. Geophysics,
2015, 80(5): V119-V132.

CANDES E J, RECHT B. Exact matrix completion via convex optimization[J]. Foundations of Computational Mathematics, 2008, 9(6):
717.

CHEN K, SACCHI M D. Robust reduced-rank filtering for erratic seismic noise attenuation[J]. Geophysics, 2015, 80(1): VI-V11.
CHEN'Y, ZHANG D, JIN Z, et al. Simultaneous denoising and reconstruction of 5-D seismic data via damped rank-reduction method[J].
Geophysical Journal International, 2016, 206(3): 1695-1717.

KREIMER N, SACCHI M D. A tensor higher-order singular value decomposition for prestack seismic data noise reduction and
interpolation[J]. Geophysics, 2012, 77(3): V113-V122.

GAO J, STANTON A, SACCHI M D. Parallel matrix factorization algorithm and its application to 5D seismic reconstruction and
denoising[J]. Geophysics, 2015, 80(6): V173-V187.

SALAKHUTDINOV R, MNIH A. Bayesian probabilistic matrix factorization using Markov chain Monte Carlo[C]. International
Conference on Machine Learning, Helsinki, Fabianinkatu, ACM, 2008: 880—887.

SALAKHUTDINOV R, MNIH A. Probabilistic matrix factorization[C]. International Conference on Neural Information Processing
Systems. Vancouver, Canada, 2007: 1257—1264.



166 Rk FER 20184E 6 A 355 2

[23] DAUBECHIES I, DEFRISE M, DE MOL C. An iterative thresholding algorithm for linear inverse problems with a sparsity con—
straint[J]. Communications on Pure & Applied Mathematics, 2004, 57(11): 1413—1457.

Seismic data reconstruction via a Bayesian probabilistic matrix factor-
ization algorithm

HOU Sian, ZHANG Feng, LI Xiangyang

State Key Laboratory of Petroleum Resources and Prospecting, China University of Petroleum-Beijing, Beijing 102249, China

Abstract Low-rank matrix factorization is a kind of machine learning algorithm. In recent years, the algorithm has received
extensive attention in the problem of seismic data reconstruction. Much research related to model building and numerical
calculations has been published. However, the exact solution of low-rank matrix factorization requires the regularization pa-
rameters, and the regularization parameters are directly related to the statistical parameters such as the mean and variance of the
decomposed seismic data. But these parameters cannot be obtained precisely because of missing data and random noise. In order
to solve this problem, this paper introduces the Bayesian probabilistic matrix factorization algorithm, which simulates the mean
and variance randomly and calculates the optimal reconstruction result by calculating the probability density function. Synthetic
seismic data and real seismic data tests indicate that the proposed method could improve the accuracy and stability of seismic
data reconstruction.
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