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INTRODUCTION

Generally, we use seismic primaries
exploration (Verschuur, 2013). Before
primaries only reflect once under the :
than once (Berkhout and Verschuur, 1€
Seismic multiple removal is an import:
We can use the method of Wave Ei
Inverse Scattering Series (Weglein «
Multiple Elimination (SRME) (Dragos
which have temporal and spatial shifi
phase discrepancy and so on compare
2021). Therefore, we conduct adapt
subtraction of the modeled multiples frc

Adaptive subtraction is usually co
regression (LR) and 2D matching filte
primaries satisfy the L2 or L1 norm n
Verschuur, 2004; Li and Li, 2018). Co
better express the super-Gaussian d
primaries exist or multiples and prima
filter estimated with L1 norm can b
reduce distorted primaries than the 2I
norm (Li and Li, 2018). However, th
frame of LR has limited ability in rem
between the modeled multiples and tru
primaries or leave residual multiples i
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parameters of U-net for the next data part. In this way we do not need to
train U-net in every data part with random initial network parameters. The
U-net based adaptive subtraction is accelerated with decreased epoch
numbers by using transfer learning,

The paper is organized as follows. We review the U-net based adaptive
subtraction and then give the flow chart of using transfer learning for
acceleration. After that the effectiveness of the proposed U-net based
method with transfer learning is verified in the field data example. Finally
the conclusion is given.

METHOD

For the U-net based adaptive subtraction its mathematical model is
described with the following equation (Li et al., 2021}

P=S-NMM,0) |, (1

where the modeled multiples, original recorded data and estimated primaries
in a 2D data window are represented with the matrixes M, S and P with
size of XH1 @ represents the network parameters of U-net N (g)
which are estimated during network training. The U-net architecture is
shown in Fig. 1 and is described in detail in Li et al. (2021).
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Fig. I. U-net architecture (Li et al., 2021), The input data, labels and output data are the
modeled multiples, original recorded data and estimated multiples in 2D data windows,
respectively.



The modeled multiples and origine
data and labels, respectively. We define
2021)

L(0)= Y [ls- V(W) + le]

where A is the regularization fac

[Pl = D

minimize the loss function L(®) and

P,

. » where P={Pj,k

the Adam algorithm (Kingma and Ba,
We choose the number of 2D data wii
O in one training iteration. The total
Adam algorithm is computed as [A/ 1

the value to the nearest integer and
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Fig. 4. Eight common offset gathers of the original recorded data.
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Fig. 5. Eight common ollsel gathers of the modeled multiples.
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We choose m -2, meaning that two gathers are used for U-net training in
every data part. In the first data part the proposed accelerated U-net based
method uses 45 epochs. The adjacent gathers have similar mismatches
between the modeled multiples and true multiples. From the second data
part the proposed accelerated U-net based method only uses 8§ epochs to
train U-net for seismic multiple removal. Since the non-accelerated U-net
based method uses the random initial network parameters for U-net training
of every data part, it needs 45 epochs to train U-net in every data part. Figs.
6a, 6b, 6¢ and 6d show the curves of the training loss value versus the epoch
number in the first, fourth, sixth and nineth data part for the accelerated and
non-accelerated U-net based methods. Both the accelerated and
non-accelerated U-net based methods use the Gaussian random initial
network parameters in the first data part. From Fig. 6 we can see that they
obtain similar training loss value after the curve convergence in the four
data parts. From the second data part the accelerated U-net based method
uses verv few epochs (8 epochs) compared with the non-accelerated U-net
based method.
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Fig. 6. The training loss curves in the first, fourth, sixth and nincth data part for the accelerated
and non-accelerated U-net based methods.

The accelerated U-net based method estimates primaries in Fig. 7 and
gives the removed multiples in Fig. 8. The non-accelerated U-net based
method gives the estimated primaries in Fig. 9 and removed multiples in Fig.
10. The difference gathers in Fig. 11 are obtained with the subtraction of the
gathers in Fig. 9 from the gathers in Fig. 7. Similar results are achieved by
the accelerated and non-accelerated U-net based methods. The
computational time of the accelerated and non-accelerated U-net based
methods is 349 s and 1212 s, respectively. The accelerated U-net based
method improves the computational efficiency by about 40% compared with
the non-accelerated U-net based method.
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Fig. 7. Estimated primaries in eight common offset gathers of the accelerated U-net
based method.
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Fig. 8. Removed multiples in eight common offset gathers of the accelerated U-net based
method.
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Fig. 9. Estimated primaries in eight common offset gathers of the non-accelerated U-net

based method.
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Fig. 10. Removed multiples in eight common offset gathers of the non-accelerated U-net

based method.
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Fig. 11. Eight difference gathers by subtracting the gathers in Fig. 9 from the gathers in
Fig. 7.

CONCLUSIONS

For efficient seismic multiple removal in field data transfer learning is
introduced to accelerate the U-net based adaptive subtraction in this paper.
We use the network parameters of U-net estimated in the previous data part
as the initial parameters of U-net for the next data part. From the second
data part the accelerated U-net based method uses very few epochs and is
computationally efficient. The field data verifies the validity of the proposed
accelerated U-net based method.
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