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The deep convolutional neural network U-net has been introduced into adaptive subtraction, which is a
critical step in effectively suppressing seismic multiples. The U-net approach has higher precision than
the traditional linear regression approach. However, the existing 2D U-net approach with 2D data
windows can not deal with elaborate discrepancies between the actual and simulated multiples along
the gather direction. It may lead to erroneous preservation of primaries or generate obvious vestigial
multiples, especially in complex media. To further enhance the multiple suppression accuracy, we pre-
sent an adaptive subtraction approach utilizing 3D U-net architecture, which can adaptively separate
primaries and multiples utilizing 3D windows. The utilization of 3D windows allows for enhanced
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Keywords: depiction of spatial continuity and anisotropy of seismic events along the gather direction in comparison
Adaptive subtraction to 2D windows. The 3D U-net approach with 3D windows can more effectively preserve the continuity of
3D U-net

primaries and manage the complex disparities between the actual and simulated multiples. The pro-
posed 3D U-net approach exhibits 1 dB improvement in the signal-to-noise ratio compared to the 2D U-
net approach, as observed in the synthesis data section, and exhibits more outstanding performance in
the preservation of primaries and removal of residual multiples in both synthesis and reality data sec-
tions. Moreover, to expedite network training in our proposed 3D U-net approach we employ the transfer
learning (TL) strategy by utilizing the network parameters of 3D U-net estimated in the preceding data
segment as the initial network parameters of 3D U-net for the subsequent data segment. In the reality
data section, the 3D U-net approach incorporating TL reduces the computational expense by 70%
compared to the one without TL.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
4.0/).

3D data windows
Transfer learning
Multiple suppression

1. Introduction suppressing multiples begins with the simulation of multiples (Li

et al.,, 2021; Wang et al., 2023a,b). Effective suppression of multi-

The effective suppression of seismic multiples is crucial in
seismic exploration of oil and gas prior to the seismic imaging with
primaries (Verschuur, 2013; Ma et al., 2024a; Ma et al.,, 2024b;
Wang et al., 2021). Seismic primaries manifest as singular re-
flections at the subsurface layers, while multiples encompass a
multitude of reflections (Verschuur and Berkhout, 1997; Ma et al.,
2009; Liu et al., 2018). The commonly employed approach for
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ples necessitates adaptive subtraction of simulated multiples from
the initial recorded data, considering the intricate disparities in
amplitude, time and space between the actual and simulated
multiples (Guitton and Verschuur, 2004; Li et al., 2023a). This
process of adaptive subtraction plays a pivotal role in achieving
effective multiple suppression.

At present, deep neural networks have been widely used in
seismic data processing, such as denoising (Wang et al., 2019),
seismic waveform classification (Zhao et al., 2019), arrival picking of
microseismic signals (Zhang and Sheng, 2020; Sheng et al., 2022),
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Fig. 1. Illustration of splitting the seismic gathers into data windows and merging data windows into seismic gathers. (a) 2D data windows. (b) 3D data windows.
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Fig. 2. Illustration of 2D U-net. L,p indicates loss functions of the 2D U-net approach.
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seismic facies interpretation (Yang et al., 2023), sensitivity analysis
of shale gas production (Xue et al., 2024). The application of deep
learning in seismic multiple suppression has become prevalent
(Mousavi and Beroza, 2022; Song et al., 2021). To achieve adaptive
subtraction within the non-linear regression (non-LR) framework,
the 2D U-net approach has been introduced as an effective
approach (Li et al., 2021; Wang et al.,, 2023a,b). The input data in
this approach consists of 2D windows of simulated multiples, while
the reference data comprises 2D windows of initial recorded data.
This implies that the simulated multiples are matched with the
initial recorded data (Li et al., 2021; Ma et al., 2024b). The 2D U-net
approach lacks the capability to precisely express the elaborate
discrepancies between the actual and simulated multiples along
the gather direction. The aforementioned limitation may conse-
quently result in incorrect preservation of primaries or cause re-
sidual multiples. To address this deficiency, we propose the 3D U-
net approach.

Instead of using 2D windows for the 2D U-net, the proposed 3D
U-net approach utilizes 3D windows which are formed by multiple
2D windows in adjacent gathers. The 3D windows can effectively
represent the spatial continuity and anisotropy of seismic events
along the gather direction (Wu et al,, 2019; Li and Li, 2018). The
utilization of 3D network modules (Mehta and Arbel, 2018) and 3D
windows in the 3D U-net approach enhances the preservation of
primary continuity and enables accurate characterization of dis-
crepancies between the actual and simulated multiples along the
gather direction. Therefore, the proposed 3D U-net approach pro-
vides growing protection for primaries and exhibits superior per-
formance in eliminating residual multiples compared to the 2D U-
net approach.

Adjacent seismic data segments exhibit comparable disparities
between simulated and true multiples. Transfer learning (TL) the-
ory has been used to expedite the 2D U-net approach (Siahkoohi
et al,, 2019; Li et al., 2023c). In this paper we employ the TL to
use the network parameters of 3D U-net in preceding data segment
as the initial network parameters for training 3D U-net of the
subsequent data segment. The 3D U-net does not require being
retrained with random initial network parameters for each data
segment except for the first data segment. In this way the proposed
3D U-net approach can be expedited with reduced epoch number
of network training.

The subsequent sections of this paper are organized as follows.
Firstly, we will proffer the theoretical framework about the 3D U-
net approach. Subsequently, we will assess the efficacy of the 3D U-
net approach through its application to both synthesis and reality
datasets. Lastly, we will provide a concluding summary for this
paper.

2. Theory
2.1. The 2D U-net approach

The initial recorded data and simulated multiples are parti-
tioned to create multiple 2D data windows of size n x n prior to
conducting adaptive subtraction (Li et al., 2021). Fig. 1(a) gives the
illustration of splitting the seismic gathers into 2D windows, which
are used to train the 2D U-net. The mathematical model of the 2D
U-net approach is described as follows (Li et al., 2021):
P2p =Sop — Uzp(Map; O2p) (M
where the matrixes P,p, Sop and M,p represent the estimable
primaries, initial recorded data and simulated multiples in a 2D
window respectively. Usp( -) indicates 2D U-net and its network
parameters are represented by ®,p. Fig. 2 depicts the architecture
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of 2D U-net, using the simulated multiples as input data and initial
recorded data as reference data. The 2D U-net comprises numerous
down-sampling and up-sampling stages (Ronneberger et al., 2015;
Senapati et al,, 2023). The fundamental 2D network modules of
each down-sampling stage comprise 2D convolution (Conv),
Rectified Linear Unit (ReLu), and 2D Max Pooling (MP). The
fundamental 2D network modules of each up-sampling stage
comprise 2D transposed convolution (Up-Conv), 2D Conv, and
ReLu. In each down-sampling stage the number of 2D convolutional
kernels is doubled and in each up-sampling stage the number of 2D
Up-Conv kernels is halved. The final convolutional layer has the
activation function of Tanh to make the amplitude of the output lie
between —1 and 1. Moreover, the symmetric down-sampling and
up-sampling feature windows are concatenated in Fig. 2.

The loss function utilized for training 2D U-net is outlined as
follows (Li et al., 2021):

(2)

P
Lp@)=>" U S2p,i — U2p (M j; @2p) |14 JF:U'HG)ZDH%]
i1

1

where u is the regularization factor and P is denoted as the batch
size. The Adam algorithm (Kingma and Ba, 2015) is implemented to
iteratively compute the network parameters ®,p by minimizing
Eq. (2). After the training of 2D U-net the estimable primaries in 2D
data windows are merged as seismic gathers in Fig. 1(a).

2.2. The proposed 3D U-net approach

The 3D windows are formed by arranging multiple 2D windows
in adjacent gathers along the gather direction (Wu et al., 2019; Li
and Li, 2018). Fig. 1(b) illustrates the splitting of the seismic
gathers of the initial recorded data and simulated multiples into 3D
data windows for training 3D U-net. The 3D U-net approach's
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Trained 3D U-net
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Trained 3D U-net
for adaptive subtraction

End

Fig. 4. Flowchart of the 3D U-net method with TL.
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Fig. 5. Synthesis data example in five gathers. (a) The initial recorded data. (b) Simulated multiples by 2D SRME. (c) Actual primaries.

mathematical model is presented as follows:

P3p =S3p — Usp(Msp; @3p) (3)
where the matrixes P3p, S3p and Msp represent the estimable
primaries, initial recorded data and simulated multiples in a 3D
window respectively. Usp( -) indicates 3D U-net (Mehta and Arbel,
2018) and its network parameters are represented by ®sp.

The architecture of the 3D U-net utilized in this paper is
depicted in Fig. 3, wherein the input data comprises 3D windows of
simulated multiples and the reference data consists of 3D windows
of the initial recorded data. Both the 2D U-net and 3D U-net have
the same network architecture of down-sampling and up-sampling
steps. However, compared with 2D U-net, 3D U-net has 3D network
modules, such as 3D Conv, ReLu, 3D MP and 3D Up-Conv in Fig. 3.

The following loss function is defined for training 3D U-net:
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B

L3p(@3p) = > [| |S3p.i — Usp (Msp i; @3p) || + A||®3p|[3
ia

(4)

where the regularization factor is denoted as A and the batch size is
denoted as B. During the network training the Adam algorithm is
applied for estimating the network parameters ®sp through the
minimization of the loss function L3p(®3p). The L1 norm minimi-
zation constraint is applied to preserve primaries effectively
(Guitton and Verschuur, 2004; Li et al., 2021). Numerous 3D win-
dows generated by multiple gathers are utilized for conducting
self-supervised training without actual primaries as labels. After
the training of 3D U-net the 3D data windows of estimable pri-
maries are merged into seismic gathers as illustrated in Fig. 1(b).
The 2D U-net approach employs 2D network modules and
conducts adaptive multiple subtraction in 2D data windows (Li
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Fig. 6. Synthesis data example in five gathers. (a) Estimable primaries of the 2D U-net approach. (b) Removed multiples of the 2D U-net approach. (c) Difference gathers gotten by

subtracting Fig. 6(a) from Fig. 5(c).

et al., 2021). The 3D windows can better represent the spatial
continuity and anisotropy of seismic events along the gather di-
rection than the 2D windows. The 3D U-net approach utilizing 3D
network modules can effectively protect primaries and eliminate
residual multiples by simultaneously employing multiple 3D win-
dows for adaptive subtraction, surpassing the capabilities of the 2D
U-net approach.

2.3. Flowchart of proposed 3D U-net approach

The 3D U-net approach consists of two stages: training and
prediction, which are similar with those of the 2D U-net approach.
In the training stage the 3D U-net is trained using 3D windows
comprising both the initial recorded data and simulated multiples.
In the subsequent prediction stage the trained 3D U-net is
employed to generate estimated multiple by inputting 3D windows
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containing simulated multiples. The identical 3D data windows of
the simulated multiples are utilized for both the training and pre-
diction procedures. Estimated primaries are achieved by directly
subtracting the estimated multiples from the initial recorded data.

In this paper seismic gathers are sequentially partitioned into
many data segments. Within each segment the seismic gathers are
further divided into 3D data windows. Similar discrepancies be-
tween the simulated and true multiples are observed across adja-
cent data segments. The introduction of TL involves utilizing the
previously estimated network parameters of the 3D U-net in pre-
vious data segment as the initial parameters for training 3D U-net
in the subsequent data segment. This process is illustrated in Fig. 4.
To ensure the convergence of the training loss curve, the proposed
3D U-net approach sets the epoch number to R in the first data
segment and K in subsequent data segment. We have K <« R by
introducing the TL theory. The proposed 3D U-net approach with TL
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Fig. 7. Synthesis data example in five gathers. (a) Estimable primaries of the 3D U-net approach. (b) Removed multiples of the 3D U-net approach. (c) Difference gathers gotten by

subtracting Fig. 7(a) from Fig. 5(c).

can enhance computational efficiency effectively by reducing the
epoch number compared with the one without TL.

Furthermore, over-matching exists in all adaptive subtraction
approaches. By minimizing the loss function in Eq. (4) there is
potential risk of over-matching to primaries for the 3D U-net
approach. The effectiveness of adaptive subtraction for each data
segment is contingent upon when the training process is termi-
nated and how the hyper-parameters are selected for network
training. The appropriate number of epochs is carefully selected to
ensure complete convergence of the training loss curve. Ample data
windows are utilized for 3D U-net training, network parameters are
regularized, and L; norm minimization constraint is applied to
primaries. Additionally, the number of 3D convolution kernels is set
appropriately in the first down-sampling step to avoid the risk of
over-matching to primaries (Li et al., 2021). Therefore, we choose
the network hyper-parameters by trial and error. Improper
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selection of these hyper-parameters may harm primaries or result
in residual multiples. We employ initial settings for each hyper-
parameter and gradually adjust its value to compare the effec-
tiveness of multiple suppression results. The optimal values are
selected based on satisfactory results of multiple removal obtained
through this process. In addition, we normalize the data to the
amplitude range of —1 to 1 and suppress random noise on the
training data before the 3D U-net training.

3. Numerical experiments

In this part the proposed 3D U-net approach is contrasted with
the 2D U-net approach and its effectiveness is verified through the
utilization of both synthesis and reality data. In the experiments,
we use the Keras framework of deep learning to implement the
proposed 3D U-net approach on NVIDIA GeForce RTX 2080 Ti GPU.
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Fig. 8. Amplified results of synthesis data example. (a) Initial recorded data. (b) Actual primaries. (c) Estimable primaries of the 2D U-net approach. (d) Estimable primaries of the
3D U-net approach. (e) Difference gathers of the 2D U-net approach. (f) Difference gathers of the 3D U-net approach.

3.1. The synthesis data

The synthesis data utilized in this section, referred to as Sigs-
bee2B data, is derived by the SMAART joint venture consortium
(Bishop et al., 2001). The synthesis data set consists of 496
common-shot gathers. The receiver interval is 22.86 m and the shot
interval is 45.72 m. Each trace in this data set comprises 881 time
samples, and the time sampling interval is 8 ms. Fig. 5(a)—(c) depict
the initial recorded data, simulated multiples generated by 2D
SRME (Verschuur and Berkhout, 1997) and actual primaries in five
adjacent common-offset gathers. The displayed parts in
Fig. 5(a)—(c) only include 300 traces in each gather from 4948 to
10156 ms.

For the network parameters utilized in both the 2D U-net
approach and 3D U-net approach, we choose the size of the
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convolution kernel as 3 x 3 and 3 x 3 x 3, respectively. The number
of down-sampling step is set to 4, and the count of convolution
kernels in the first down-sampling step is chosen as 64 in both two
approachs. Moreover, we choose the learning rate of 3 x 10~4, the
epoch number of 20 and the batch size of 6 in both two approaches.
The size of 2D data window is set to 16 x 16 and the size of 3D data
window is set to 16 x 16 x 5. This implies that each 3D window is
consisted of five 2D windows located at five adjacent gathers. We
train the U-net for multiple suppression one gather by one gather
in the 2D U-net approach. In the training and prediction process of
the synthesis data, the total count of 2D data windows in each
gather and the total number of 3D data windows is 11826.
Fig. 6(a)—(c) show the estimable primaries, removed multiples and
difference gather gotten by subtracting Fig. 6(a) from Fig. 5(c) of the
2D U-net approach in corresponding five gathers. Fig. 7(a)—(c)
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Fig. 11. Reality data example in five gathers. (a) Estimable primaries of the 3D U-net approach. (b) Removed multiples of the 3D U-net approach.

show the estimable primaries, removed multiples and difference
gather gotten by subtracting Fig. 7(a) from Fig. 5(c) of the 3D U-net
approach in the same five gathers.

To enhance visibility, we select partial area of one gather for
enlarged display. The ranges denoted by the white rectangles in
Figs. 5(a), 5(c), 6(a), 6(c), 7(a), and 7(c) are enlarged in Fig. 8(a)—(f).
The proposed 3D U-net approach enhances the capability to handle
intricate disparities between actual and simulated multiples, as
well as preserves the continuity of primaries, owing to its utiliza-
tion of 3D windows and 3D network modules. The white arrows in
Fig. 8(e) and (f) illustrate the superior capability of the 3D U-net
approach in preserving primaries contrasted with the 2D U-net
approach. Additionally, the black arrows in Fig. 8(e) and (f) attest
that the 3D U-net approach exhibits improved effectiveness in
eliminating residual multiples compared to the 2D U-net approach.

The signal-to-noise ratio (SNR) is calculated by
SNR = 10 logyo(|[poll3//lp — Poll3) to facilitate quantitative com-
parison of different results, with py and p representing the actual
and estimable primaries, respectively. We simultaneously input
five gathers of the actual and estimable primaries into the SNR
calculation equation to get SNRs of the 2D U-net approach and 3D
U-net approach, which are 14.9 and 15.9, respectively. The calcu-
lation time of the 2D U-net approach and 3D U-net approach is
4027 and 3230 s, respectively. In the 2D U-net approach, the cor-
responding calculation time taken for each of the five gathers is
797, 802, 811, 809, and 808 s, respectively. The 2D U-net approach
requires sequential training and prediction in each gather, resulting
in longer time compared to the 3D U-net approach. Therefore,
contrasted with the 2D U-net approach, the 3D U-net approach
achieves higher SNR at the cost of less time.
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3.2. The reality data

The reality data comprises 2241 common shot gathers, with
each gather comprising 240 traces. And each trace comprises 3000
time samples. The time interval is 2 ms. In this part we utilize the
common offset gather (offset = 395 m) ranging from 800 ms to
1898 ms with a total of 660 traces per gather to demonstrate the
performance of various approaches. Fig. 9(a) and (b) depict the
initial recorded data and corresponding simulated multiples by 2D
SRME in five adjacent gathers.

The count of convolution kernels is set to 16 in both 2D U-net
approach and 3D U-net approach during the initial down-sampling
step of U-net. The other network hyper-parameters remain un-
changed from those utilized in the synthesis data example. The
learning rate is configured as 1 x 10~4, the batch size is configured
as 16 and the epoch number is configured as 40 for these two ap-
proaches. The window size is chosen as 16 x 16 x 5 in the 3D U-net
approach and 16 x 16 in the 2D U-net approach. We train the 2D U-
net for multiple suppression one gather by one gather. In the
training and prediction process of the reality data, the total count of
2D windows in each gather and the total number of 3D windows
generated with five gathers is 7998. Fig. 10(a) and (b) depict the
estimable primaries and removed multiples of the 2D U-net
approach in corresponding five gathers, respectively. Fig. 11(a) and
(b) show the estimable primaries and removed multiples of the 3D
U-net approach in the same five gathers.

We choose to enlarge partial area of one gather for better
comparison. The parts delineated by the white rectangles in
Figs. 9(a), 9(b), 10(a) and 11(a) are magnified in Fig. 12. Contrasted
with the 2D U-net approach with 2D windows, the 3D U-net
approach with 3D windows exhibit superior capability in handling
intricate disparities between the actual and simulated multiples.
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Fig. 12. Amplified results of reality data example. (a) Initial recorded data. (b) Simulated multiples. (¢) Estimable primaries of the 2D U-net approach. (d) Estimable primaries of the

3D U-net approach.
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Fig. 14. Reality data example in the fourth data segment without TL. (a) Estimable primaries of the 3D U-net approach. (b) Removed multiples of the 3D U-net approach. (c)

Difference gathers gotten by subtracting Fig. 13(a) from Fig. 14(a).

The black arrows in Fig. 12(c) and (d) denote that the proposed 3D
U-net approach can eliminate residual multiples more effectively
than the 2D U-net approach. The total calculation time required for
the 2D U-net approach and the 3D U-net approach is 1335 s and
554 s, respectively. The 3D U-net approach needs less computa-
tional time than the 2D U-net approach.

3.3. The transfer learning strategy

We incorporate the TL strategy to further enhance the efficiency
of the proposed 3D U-net approach. In the initial data segment
comprising five seismic gathers, we partition the data into 3D
windows of size 16 x 16x 5 for 3D U-net training with 40 epochs.
The estimable primaries and removed multiples of the first data
segment are shown in Fig. 11. Subsequently, we utilize the esti-
mated network parameters of 3D U-net in the previous data
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segment as the initial network parameters for training 3D U-net
with the epoch number of 12 in the next data segment. Each data
segment comprises five gathers of the initial recorded data and
simulated multiples. Fig. 13(a) and (b) illustrate the estimable pri-
maries and removed multiples in the fourth data segment by the 3D
U-net approach with TL. Conversely, if we initialize the network
parameters for training the 3D U-net in the fourth data segment
with random values drawn from the Gaussian distribution, the
resulting estimable primaries and removed multiples are depicted
in Fig. 14(a) and (b) by the 3D U-net approach without TL. Fig. 14(c)
depicts the seismic gathers obtained by subtracting the estimable
primaries in Fig. 13(a) from those in Fig. 14(a). Similar results are
observed in the fourth data segment using both the proposed 3D U-
net method with TL and the one without TL. Both these two ap-
proaches remove multiples effectively. Fig. 15 illustrates the
training loss curve versus the epoch number in the fourth data
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Fig. 15. The training loss curve versus the epoch number.

segment. It is evident that both approaches achieve comparable
loss values. The computational time of the 3D U-net approach with
TL and the one without TL in the fourth data segment is 166 s and
555 s. The 3D U-net approach with TL can reduce the computa-
tional time by 70% contrasted with the one without TL. From the
second data segment to the last one the proposed 3D U-net
approach with TL requires less computational time compared to the
one without TL.
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4. Discussion
4.1. Network versatility for multiple removal

In this paper, we improve the multiple suppression accuracy and
enhance primary protection effectiveness by adding the dimension
of gather to construct 3D U-net and using 3D data windows of
training data. In addition, the TL theory has been used to solve the
problem of efficiency improvement of multiples suppression in the
2D U-net approach (Li et al., 2023c). For 3D U-net approach the TL
strategy can also be introduced to improve its efficiency.

Wang et al. (2022a) proposed the self-supervised deep neural
network (DNN) combined with the adaptive virtual events (AVEs)
approach. The AVE approach is used to get the simulated multiples
and the self-supervised learning with the DNN is conducted to
estimate primaries. The iterative steps of the fast iterative
shrinkage thresholding algorithm (FISTA) are unfolded in order to
construct FISTA-Net, which takes the initial recorded data and
simulated multiples as input data and outputs estimable primaries
(Li et al., 2023b). Moreover, FISTA-Net incorporates the non-linear
mapping capability of U-net into its architecture. Both these ap-
proaches and the proposed 3D U-net approach use self-supervised
learning and do not require labels of primaries produced by the
SRME approach (Verschuur and Berkhout, 1997). In the future work
we will conduct comparative studies based on diversified network
architectures such as FISTA-Net (Li et al., 2023b), DNN (Wang et al.,
2022a) and network of ensemble learning (Wang et al., 2022b) with
3D data windows as the training data. Whether we can achieve
better suppression effect of seismic surface-related multiples
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Fig. 16. Synthesis data example in five gathers. (a) Difference gathers with little temporal shift (five-time samples). (b) Difference gathers with significant temporal shift (ten-time

samples).
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Fig. 17. Synthesis data example in five gathers. (a) Estimable primaries of the traditional LR approach. (b) Removed multiples of the traditional LR approach.

remains to be verified, and we will evaluate the performance of
different networks in the future work.

4.2. Selection of number of gathers

In the proposed 3D U-net approach, several gathers need to be
divided into 3D windows to train 3D U-net in each data segment.
We select an important parameter of the number of gathers by the
way of trial and error. With smaller number of gathers the 3D
windows can not represent the spatial continuity and anisotropy of
seismic events in the gather direction effectively. With larger
number of gathers the mismatches between the simulated and true
multiples may be too complex in 3D windows. And in this case the
3D U-net can not remove these mismatches effectively. For the
synthetic data the SNRs of estimable primaries are 15.1, 15.6, 15.9
and 15.3 when the number of gathers is selected as 1, 3, 5 and 8 in
each data segment, respectively. The SNR is obtained by inputting
the corresponding number of gathers of the actual and estimable
primaries into the SNR calculation equation simultaneously. The
comparison results show that the SNR of estimable primaries is
highest when the number of gathers is selected as 5. The corre-
sponding estimable primaries, removed multiples and difference
gather are shown in Fig. 7.

4.3. Handling complex multiple differences

The temporal shift exists between the simulated multiples in
Fig. 5(b) and the actual multiples in the initial recorded data in
Fig. 5(a). We systematically increase the temporal shift of the
simulated multiples to assess its impact on multiple suppression
accuracy. After increasing five-time samples of travel time from the
simulated multiples in Fig. 5(b), we adaptively subtract them from
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the initial data to obtain the corresponding estimable primaries,
which are subtracted from Fig. 5(c) to give the difference gathers in
Fig. 16(a). The difference gathers in Fig. 16(a) are similar to those
shown in Fig. 7(c). By introducing little temporal shifts (five-time
samples) to the simulated multiples, the proposed 3D U-Net
approach still achieves fine results of multiple removals. In Fig. 5(b),
we increase the travel time of the simulated multiples using ten-
time samples and obtain the corresponding estimable primaries,
which are subtracted from Fig. 5(c) to give the difference gathers in
Fig. 16(b). The events indicated by the black arrows in Fig. 16(b) are
caused by residual multiples. The SNRs of the estimable primaries
corresponding to Fig. 16(a) and (b) are 15.4 and 14.7, respectively.
The proposed 3D U-Net approach is unable to effectively handle
significant temporal shifts (ten-time samples), resulting in notice-
able residual multiples.

4.4, Contrast with traditional LR approach

The 3D U-net approach proposed in this paper is aimed at the
adaptive subtraction process of SRME (Verschuur and Berkhout,
1997). The LR approach (Guitton and Verschuur, 2004; Li and Li,
2018) is usually used to conduct adaptive subtraction. We use the
synthesis data for comparative experiments. Fig. 17(a) is the esti-
mable primaries of the traditional LR approach and Fig. 17(b) is the
removed multiples. The black arrows in Figs. 7(a) and 17(a) show
that there are obvious residual multiples caused by the traditional
LR approach. We simultaneously input five gathers of the actual
and estimable primaries into the SNR calculation equation to get
the SNR of the traditional LR approach, which is 12.8. The calcula-
tion time of traditional LR approach is only 116 s. The SNR and
calculation time of the proposed 3D U-net approach is 15.9 and
3230 s. Compared with the traditional LR approach, the proposed
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3D U-net approach has lower computational efficiency, but im-
proves the precision of multiple suppression.

4.5. Summary of innovation points

In order to further improve the precision of multiple suppres-
sion, we propose an adaptive subtraction approach using 3D U-net
architecture, which can adaptively separate primaries and multi-
ples utilizing 3D windows. The contribution of this paper can be
summarized as two points:

(1) The utilization of 3D windows allows for enhanced depiction
of spatial continuity and anisotropy of seismic events along
the gather direction in comparison to 2D windows.

(2) The 3D U-net approach with 3D network modules can
effectively preserve the continuity of primaries and improve
effectiveness in managing the complex disparities between
the actual and simulated multiples in 3D windows. In addi-
tion, we introduce the TL strategy in the proposed 3D U-net
approach in order to expedite the network training.

5. Conclusion

In this paper we present an adaptive subtraction approach uti-
lizing 3D U-net, with the aim of improving the accuracy of seismic
multiple suppression and enhancing primary protection effective-
ness. In comparison to the 2D U-net approach, the proposed 3D U-
net approach utilizes 3D network modules with 3D data windows
as the training data. The 3D U-net approach can enhance the ability
to handle the complex disparities between the actual and simu-
lated multiples while preserving the continuity of primaries. And
the 3D U-net approach proposed in this paper demonstrates su-
perior performance in safeguarding primaries and eliminating re-
sidual multiples contrasted with the 2D U-net approach. Moreover,
we incorporate the TL theory, leveraging the estimated network
parameters of 3D U-net in the previous data segment as the initial
network parameters for training 3D U-net in the subsequent data
segment. Consequently, the proposed 3D U-net approach can be
expedited with reduced epoch number of network training. We will
explore semi-supervised training by incorporating some gathers of
actual primaries in the future work. This could potentially further
improve the performance of the 3D U-net approach, especially in
reality data application, in which the estimable primaries by the
traditional approach can be used as the pseudo-labels (Lee, 2013).
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