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INTRODUCTION

The lack of seismic data caused
economic acquisition affects the s
migration imaging. In theory, the da
compressed sensing can break through
and recover the missing seismic data in
sensing data reconstruction mainly inc
transform, and reconstruction methods.
sparse, but it can meet sparse 1
transformation. The coefficients corres
distributed intensively and relative
corresponding to the aliasing are very ¢
data reconstruction (Zhang et al., 201
2007; Yang et al., 2013). Since the len
long, the Fourier transform does not
reconstruction effect based on the Fou
Wavelet transform is a multi-scale
spectral and temporal information simu
it has the disadvantage of poor direc
directional selectivity of conventional
curvelet transform has been applied i
reconstruction (Yang et al., 2012; Zhe
Yang et al., 2012; Zhang et al., 2019
combined to improve the sparsity of the
further improved (Wang et al., 2019
Transform is not singly generated. Its ¢



reconstruction effect in the DCT+shea
shearlet domain.

THEORY
Compressed sensing reconstruction a

Considering the shortcomings of the
sparse characteristics of the signal, Car
proposed the compressed sensing theor
on compressed sensing can be expresse:

d =mf
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where fER? is the data to be recor
MERP*Y is the sampling diagonal mai
correspond to d. When d is not missir
sampling diagonal is 1, otherwise it is 0

In this paper, the DCT+shearlet
representations of the seismic data,
seismic data reconstruction in the #-x dc
of random noise suppression in the ¢
basis is the shearlet basis function



Set & as reconstruction error, eq. (5) ¢
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We use the POCS method (Zhang et
al., 2012; Zhang et al., 2019; Zhang
reconstruction in the DCT+shearlet don
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where d°® is observed data. T 5 s
threshold. & is the number of iterations
k+1. di. is the result of reinserting ¢
I is unit matrix. Among various inte
used because of its simple implementati

DCT+shearlet transform

The DCT is a transform related to -
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Shearlet transform (Guo et al., 2007; Easley et al., 2008; Guo et al., 2013)
can effectively represent anisotropic characteristics of seismic data. The
rotation model of curvelet transform is replaced by shear mode.In 2D case,
for any square-integrable function A(¢), the shearlet transform is given by:

SH b(ji LK) = <b,¢f].’[,k> (11

s

where 1 Aol
8,14 (t)=|det A 2¢[B A (t—k)] , (12)

where jER',/ER, kER®, A is the anisotropic expansion matrix. B is the
shear matrix, and both A and B are second-order reversible matrices. J
is the scale parameter. / is the shear parameter, and # is the translation
parameter.

To compare the effects of the shearlet transform and the DCT+shearlet
transform, we use a 1-scale shearlet decomposition for simplification. A
synthetic shot gather of the Marmousi model is used in this study. The shot
has 512 receivers with a 10 m interval and 1 ms sampling. The shot is
decomposed into 1 low-frequency subband without directional
characteristics and 8 high-frequency subbands with directional
characteristics. The energy of 9 subbands in the DCT+shearlet domain is
more balanced than that in the shearlet domain. Fig. 1 shows the shot and its
2D-DCT, and Fig. 2 shows 9 coefficients of the shearlet decomposition. The
energy of the low-frequency subband shown in Fig 2 (e) occupies 97.13% of
that of the 9 subbands shown in Fig. 2. Fig. 3 shows 9 subbands of the
DCT+shearlet decomposition. The energy of the low-frequency subband
shown in Fig. 3(e) occupies 75.78% of that of the 9 subbands shown in Fig.3.
Table 1 is the energy ratio comparison of different subbands in the shearlet
and the DCT+shearlet domain. The energy of subbands in the DCT+shearlet
domain is more balanced than that in the shearlet domain, which is more
conducive to the data reconstruction based on iterative
shrinkage-thresholding inversion.
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Fig. 1. A shot gather of the Marmousi model (a) and its 2D-DCT data (b).
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Fig. 2. Nine subbands of 1-scale shearlet transform decomposition.
(a)-(d) and (T )-(i) Eight high-frequency subbands, and () the low-frequency subband.
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Fig. 3. Nine subbands of 1-scale DCT+shearlet transform decomposition.
(a)-(d) and (T )-(i) Eight high-frequency subbands, and () the low-frequency subband.



Table 1. Energy ratio comparison of difi
DCT+shearlet domain.

Subbands | shearlet(%
a 0.0027

b 0.1700

c 2.1900

d 0.4900

e 0.0059

f 0.0000

g 0.0000

h 0.0000

i 97.1300




Fig. 5.
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Fig. 4. The shot with 40% randomly decimated (a) and its 2D-DCT(b).
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Comparison of reconstruction results of Fig. 4 (a) in different sparse domains.

(a) Reconstructed result in the shearlet domain, (b) difference between Fig. 5 (a) and
Fig. 1(a), (¢) reconstructed result in the DCT+shearlet domain, (d) difference between
Fig. 5 (c) and Fig. 1 (a).
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Fig. 6 DCT data comparison (a) DCT of Fig 5 (a) reconstructed in shearlet domain, (b)
DCT of Fig 5 (¢) reconstructed in DCT+shearlet domain.

Fig. 5 shows the reconstruction results of Fig. 4 (a) in different sparse
domains. The reconstruction error in the shearlet domain [Fig. 5 (b)] is
greater than that in the DCT+shearlet domain [Fig. 5 (d)]. The SNR of
seismic data reconstruction in the shearlet domain [Fig. 5 (a)] is 15.42 and
that in the DCT+shearlet domain [Fig. 5 (¢)] is 17.01. Fig. 6 shows the DCT
data comparison of seismic data recovered from different sparse domains.
The spatial aliasing in the DCT domain is well suppressed after compressed
sensing reconstruction. The dct of seismic data recovered in DCT+shearlet
domain [Fig. 6 (a)] is closer to the original DCT data [Fig. 1 (b)] than that in
shearlet domain [Fig. 6 (b)].

FIELD DATA

To verify this method’s effectiveness and practicability, we conducted
trial processing on a marine shot [Fig. 7 (a)]. The shot has 380 receivers with
a 6.65 m interval and 1 ms sampling. Fig 7 (b) is the 2D-DCT of Fig 7 (a).
The shot is 30% randomly decimated [Fig. 7 (¢)]. Fig. 7 (d) is the 2D-DCT
of Fig. 7 (c). Fig. 8 shows the reconstruction results of Fig. 7 (c). The
reconstruction error in the shearlet domain [Fig. 8 (b)] is evidently greater
than that in the DCT+shearlet domain [Fig. 8 (d)]. The SNR of reconstructed
data in the shearlet domain [Fig. 8 (a)] is 5.46 and that in the DCT+shearlet
domain [Fig. 8 (c)] is 12.32. The reconstruction effect in the DCT+shearlet
domain is better than that in the shearlet domain.
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Fig. 8. Comparison of reconstruction results of Fig. 7 (a) in different sparse domains.
(a) Reconstructed result in the shearlet domain, (b) difference between Fig. 8 (a) and

Fig. 7 (a), (c) reconstructed result in the DCT+shearlet domain, (d) difference between
Fig. 8 (c) and Fig. 7 (a).
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Fig. 9. DCT data comparison (a) DCT of Fig. 8 (a) reconstructed in shearlet domain,
(b) DCT of Fig. 8 (c) reconstructed in DCT+shearlet domain.



Fig. 9 shows the DCT data compar
different sparse domains. The spatial
suppressed after compressed sensing 1
data recovered in DCT+shearlet domai
DCT data [Fig. 7 (b)] than that in shearl

CONCLUSION

In this study, the DCT+shearlet trar
basis transform. The data reconstructi
domain was transformed into the randc
continuous DCT domain. Experiments
the DCT+shearlet domain is better than

The DCT+shearlet transform can be
random noise and deblending of
DCT+shearlet transform, we can |
DCT+wavelet, DCT+curvelet, DCT+
transform), etc.
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