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Abstract: Due to the limitations of seismic exploration instruments and the impact of the high
frequencies absorption by the earth layers during subsurface propagation of seismic waves, recorded
seismic data usually lack high and low frequency information that is needed to accurately image
geological structures. Traditional methods face challenges such as limitations of model assumptions
and poor adaptability to complex geological conditions. Therefore, this paper proposes a deep
learning method that introduces the attention mechanism and Bi-directional gated recurrent unit
(BiGRU) into the Transformer neural network. This approach can simultaneously capture both global
and local characteristics of time series data, establish mappings between different frequency bands,
and achieve information compensation and frequency extension. The results show that the BiGRU-
Extended Transformer network is capable of compensating and extending the synthetic seismic
data sets with the limited frequency band. It has certain generalization capabilities and stability
and can effectively handle various problems in the data reconstruction process, which is better than
traditional methods.

Keywords: attention mechanism; signal reconstruction; frequency extension; BiGRU-extended transformer

1. Introduction

Ideal broadband seismic data can reveal intricate geological details and provide high-
resolution images of subsurface structures. However, due to the excitation characteristics
of the explosive source and the absorption of high frequencies by the earth’s layers, as well
as the suppression of low-frequency noise in data processing, the actual seismic data often
partially lack high-frequency and low-frequency signals, resulting in insufficient imaging
resolution and limited detection capabilities of deep geological structures [1]. To miti-
gate these challenges, frequency augmentation processing becomes essential. Frequency
extension processing of seismic data plays an important role in data interpretation and
inversion. Extending the high-frequency information can help to shorten the wavelet width
and improve the spatial resolution in imaging results. At the same time, enhancing the
low-frequency information can weaken the energy of the side lobe, dividing the layers more
explicitly and precisely [2]. In full waveform inversion, the low-frequency information can
improve the inversion’s accuracy and estimate the parameters of the subsurface strata closer
to the actual situation [3]. Therefore, the research and application of frequency extension
methods for seismic data have become one of the key means to improve data resolution.

Traditional methods for extending the frequency range of seismic data typically in-
volve deconvolution, inverse Q filtering, and time-frequency transformation [4]. However,
these techniques come with their own set of challenges. Deconvolution may introduce some
unstable factors, leading to inaccurate processing results. Inverse Q filtering is effective
at enhancing high frequencies but falls short in amplifying low frequencies. The time-
frequency transformation method may be affected by noise and other interference, resulting
in incomplete and inaccurate frequency recovery. In recent years, some new seismic data
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frequency extension methods have begun to emerge with the continuous development of
technology. Sun et al. [5] proposed a spectrum extension technique that combined broad-
band processing and a tuned energy enhancement method, which effectively improved the
seismic identification and prediction capabilities of thin-crossing reservoirs. Han et al. [6]
solved the sparse inversion problem based on compressed sensing theory and achieved
low-frequency compensation of seismic data. Rui et al. [7] proposed a deconvolution low-
frequency recovery method based on high- and low-frequency joint measurement, solving
the amplitude and phase distortion generated during the signal acquisition process. Ding
et al. [8] used compressed sensing technology and a broadband Yu-type low-pass shaping
filter to analyze and compensate for seismic low-frequency information. Zhang et al. [9]
realized the expansion of lacking low-frequency signals based on compressed sensing
theory. Zhang et al. [10] proposed a time-domain seismic data compression method and
frequency band extension using nth power operations, which effectively enhanced the
low-frequency components of seismic data.

In recent years, the advancement of computer hardware resources has significantly
facilitated the application of deep learning in geophysical research [11–13]. Zhang et al. [14]
introduced the GAN and combined it with an adaptive bandwidth extension method
to use deep learning to improve the resolution of seismic data. Sun et al. [15–17] stud-
ied low-frequency bandwidth extension methods through convolutional neural networks
(CNNs). Fang et al. [18] proposed a data-driven low-frequency recovery method based on
high-frequency signals to improve the reliability of full waveform inversion. Choi et al. [19]
enhanced the spectrum by training the U-Net network by considering data characteristics
and prior information. Nakayama et al. [20] achieved low-frequency extrapolation through
supervised learning. Jin and Hu et al. [21,22] proposed a progressive transfer learning
method to supplement low-frequency information in full waveform inversion using extrap-
olated low-frequency reflection seismic data. Zhang et al. [23] used neural networks to map
post-stack data into broadband data, effectively extrapolating low-frequency information.
Ni [24] proposed a data-driven high and low-frequency recovery scheme that used the atten-
tion mechanism and ResNet structure to achieve frequency band widening of narrowband
seismic records. Zhang et al. [25] improved the U-Net network through residual structures
and combined the constraints of physical parameters to achieve low-frequency recovery.

In seismic exploration, the choice of wavefield components is essential to meet different
exploration needs. Seismic data usually contain multiple wavefield components; each has
different propagation characteristics and responses to subsurface structures [26]. Observing
and analyzing information such as the amplitude, travel time, and frequency of the reflected
waves can help infer the stratum structure and lithology distribution. Particularly, the direct
wave of the near-offset has a short propagation path and is less affected by the subsurface
medium, offering higher fidelity to the source wavelet. Analyzing near-offset direct waves
allows for a more precise determination of the wavelet’s shape, frequency, and other
properties, thereby facilitating a better understanding of the source characteristics. Effective
suppression of multiples can mitigate the crosstalk artifacts frequently observed in stack
and offset sections, thus enhancing geological interpretation accuracy [27]. Therefore, when
discussing the effects of signal reconstruction, the wavefield components of the original
data must be considered, which helps to select appropriate methods and parameters to
meet specific exploration needs.

The core issue of this research is to take data-driven bands as the main body, using
the effective information and wavefield attributes within the existing seismic frequency
bands to effectively realize the information compensation and reconstruction of seismic
data in any frequency bands, thereby improving the imaging quality of seismic data.
Therefore, we propose a method based on deep learning, incorporating the self-attention
mechanism and BiGRU to design a neural network that facilitates the mapping between
each frequency band and reconstructs the implicit frequency band characteristics. In
order to ensure the objectivity of the experiment, we introduce a set of evaluation metrics
to verify the effectiveness and accuracy of the method in this paper through a series
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of numerical examples and evaluate the effect of signal reconstruction under different
wavefield conditions.

2. Theory and Method
2.1. Theory

The field of application deep learning is constantly expanding, and it is widely used in
seismic data processing. The current method of using neural networks to solve the problem of
frequency extension is as follows. The data produced by the main frequency are designated as
full frequency band data, while the data corresponding to each individual frequency band are
referred to as frequency band-slice data. It is then posited that a specific functional relationship
exists between the full frequency band data and the frequency band-slice data:

Y(x) = G(M(x)) (1)

x is the full seismogram represented by a matrix; Y represents the full frequency band data;
M represents the frequency band-slice data; G represents the mapping relationship between
the two. The mapping relationship is approximated by introducing the neural network
BE-Transformer, and the expression is as follows:

Y(x,α) = Net(M(x,α)) (2)

Y represents the predicted complete full band data; Net represents the BiGRU-Extended
Transformer network structure; α is a hyperparameter. This mapping is non-linear and can
handle complex patterns and laws. The neural network continuously adjusts the learning
parameter α to achieve a good fit between the input and output so that:

Y(x) ≈ Y(x,α) (3)

During the neural network training process, the implicit relationship between data
is established by solving the least squares optimization problem. The objective function
expression is as follows:

J(M,α, Y) = argmin∑
i

L[Net(M(xi,α ), Yi] (4)

In the formula, J is the network optimization objective function; L is the loss function.
The iterative idea approaches the optimal solution by using the gradient descent method
and expresses the network parameters αi+1 as:

αi+1 = αt + β[∇αi=1,2,...,tJ(M,αi, Y)] (5)

In the formula, αt is the network parameters after the t-th iteration; β is the update
directions; ∇αi=1,2,...,t is the gradients relative to J. Through optimization algorithms and
back-propagation mechanisms, neural networks can gradually approach the objective
function and improve the accuracy of predictions.

2.2. Network Structure

The Transformer model was proposed by the Google team in June 2017 by Ashish
Vaswani et al. in the paper “Attention Is All You Need” [28], and the proposal of this model
has had a significant impact in the field of Natural Language Processing (NLP). Unlike
traditional recurrent neural networks, the Transformer model abandons the sequential
structure and, instead, adopts the mechanism called self-attention, which allows the model
to be trained in parallel and improves the training speed. In addition, the self-attention
mechanism also allows the model to consider global information when processing the input
data, further improving the model’s ability to understand and generate text [29–31]. The
BiGRU is an improved recurrent neural network structure that combines the bidirectional
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recurrent neural network (RNN) and the gated recurrent unit (GRU) [32,33]. It aims to solve
the gradient vanishing or gradient explosion problems that are prone to occur in traditional
RNNs when processing long sequences. It consists of two independent GRU layers, one
processing the sequence along the forward direction and the other processing the reverse di-
rection. The bidirectional structure allows BiGRU to capture long-distance dependencies in
sequences, thus improving the model’s performance. To achieve the acquisition and recon-
struction of signals in any arbitrary lack of bands of seismic wavefields, the paper proposes
the BiGRU-Extended Transformer (hereafter referred to as BE-Transformer) network.

The study adopts a hybrid architecture of the extended version of Transformer and Bi-
GRU. The introduction of multi-head attention (MHA) allows the model to simultaneously
focus on different parts of the input sequence in different heads, thereby enhancing the
model’s expressiveness and ability to capture complex dependencies. The introduction of
Scaled Dot-Product Attention allows the model to learn dependencies in the input sequence
based on the similarity between various positions through scaled dot-product operations
and weighted sum operations, thereby better capturing semantic information. Position
Encoding introduces position information into the embedding vector of sequence data,
allowing the model to maintain long sequence dependencies while considering the order
information of words or characters in the sequence. BiGRU is introduced to help the model
further refine local information and waveform details in seismic images. With such a
setting, the network can process local and global features of time series data simultaneously
and improve flexibility and prediction performance, thereby more accurately establishing
the mapping relationship between frequency band-slice data and full frequency band data.

When processing large-scale data, the inner product operation relied on by the atten-
tion mechanism in the Transformer model may cause numerical instability. Introducing
the scaling factor allows us to adjust the scale of the inner product result to finely control
the inner product operation, which improves the model’s performance when dealing with
large-scale data, enhances the modeling capability of the model, and reduces the training
difficulty. The regularization technique is introduced into the model, and the data are
linearly transformed through the Add Norm layer to eliminate the dimensional differences
between the eigenvalues, making the model more stable and reliable. The Dropout layer
randomly inactivates some neurons to reduce the model’s dependence on training data,
thereby alleviating the overfitting problem and improving the network’s generalization.

In summary, this deep learning model can construct a feature-rich and multi-scale
domain, which enhances their capabilities when dealing with complex tasks. The network
we used is shown in Figure 1.
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3. Numerical Example
3.1. Data Organization

We choose two different velocity models and generate three different frequency band-
slice data sets as the data basis for this experiment to verify the generalization of the
network in different situations. Namely, the randomly intercepted velocity sub-model
(Figure 2a), the Marmousi II model (Figure 2b), and the four-layer layered model (Figure 2c).
Each velocity model was configured with a uniform grid size of 101 × 128, maintaining a
grid spacing of 8 m in both horizontal and vertical directions. The finite difference method
is used to perform forward modeling on each velocity model, and the Ricker wavelet with
a dominant frequency of 20 Hz is selected as the source function. During the forward
modeling process, the total recording time is set to 1.2 s, the sampling interval is 0.001 s,
and a perfectly matched layer boundary condition of 60 grid point thickness is set. We
construct the labeled dataset with full-band seismic records. We generate three different
frequency band-slice data as the sample data sets. For the first sample data set, we apply a
band-pass filter between 15 Hz and 25 Hz to the full-band data to simulate the band-slice
seismic records. Subsequently, we adjust the amplitude in different parts of the first sample
data set to generate second and third sample data sets. A total of 1280 seismic records
are received, and we randomly select 70% of the entire data set as the training set and the
remaining 30% as the test set.
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Figure 2. Velocity model (a) Marmousi II sub-model; (b) Marmousi II model; (c) Four-layer veloc-
ity model.

Our computing device is NVIDIA GeForce RTX 3080, and our neural network frame-
work is TensorFlow-GPU 2.6.0 with 10 GB of video memory. We built two network models:
the BE-Transformer network and the CNN network. During the training process, the
Adam algorithm is used to optimize the objective function, and the activation function is
Sigmoid. The network models were trained with the same hyperparameters to ensure a
fair comparison. The entire training process was carried out for 600 iterations, the learning
rate was set to 0.001, the number of training data in each batch was 32, and the inputs and
outputs of both networks were 1200 × 128. This setting provides a basis for subsequent
model evaluation and comparison.

In deep learning, loss function is an important concept used to measure the difference
between the model predictions and the real data. The predictive accuracy and generaliza-
tion of the model are improved by minimizing this difference. The loss function is Mean
Square Error (MSE), and the formula is:

MSE_Loss =
1
n

n

∑
i=1

(xi − f(xi))
2 (6)

In the formula, xi is the real data, f(xi) is the prediction result of the neural network,
and n is the size of the network batch.

The loss function curve during the BE-Transformer network training process is shown
in Figure 3. The loss curve decreases rapidly at the beginning of the training and gradually
stabilizes as the number of iterations increases.
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We used the Pearson correlation coefficient as the evaluation index when evaluating
the accuracy of the prediction model. The Pearson correlation coefficient measures the
linear relationship between two variables, with values between −1 and 1. Here, we use
it to evaluate the similarity between the predicted output and the expected data. Its
expression is:

R2 =
(∑n

i=1(xi − x)(yi − y))2

∑n
i=1(xi − x)2∑n

i=1(yi − y)2 (7)

In the formula, xi and yi (i = 1, 2, . . . , n) are the predicted output and expected
data, respectively, and x and y are the mean values of the predicted output and expected
data, respectively.

Figure 4 shows the Pearson correlation coefficient diagram of the BE-Transformer
training process. As the number of iterations increases, the Pearson correlation coeffi-
cient gradually increases. After 600 iterations, the Pearson correlation coefficient value
reached 99.5%, and various indicators reached stability. It indicates that the network has
converged, has strong positive correlations between features and variables, and can capture
the similarity between the predicted output and the expected data.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 7 of 17 
 

In the formula, x୧ and y୧ (i = 1,2, … , n) are the predicted output and expected data, 
respectively, and 𝑥̅ and 𝑦ത are the mean values of the predicted output and expected data, 
respectively.  

Figure 4 shows the Pearson correlation coefficient diagram of the BE-Transformer 
training process. As the number of iterations increases, the Pearson correlation coefficient 
gradually increases. After 600 iterations, the Pearson correlation coefficient value reached 
99.5%, and various indicators reached stability. It indicates that the network has 
converged, has strong positive correlations between features and variables, and can 
capture the similarity between the predicted output and the expected data. 

 
Figure 4. Pearson correlation coefficient plot during training. 

3.2. Training Results 
The comparison of the prediction results obtained after 600 iterations with the input 

data and expected data seismic records is shown in Figure 5, where the seismic source is 
located at x = 500 m. The input data is the first type of band-slice seismic record with only 
a band-pass filter applied. The label data are the full band seismic record. The comparison 
shows that the prediction results of the BE-Transformer are consistent with the expected 
data, and the wave group characteristics are clear. Although the prediction results from 
CNN also contain the desired features, there are apparent artifacts in the records, and the 
signal-to-noise ratio is low. To display the prediction effect of the model more intuitively, 
Figure 6 shows the single-trace waveform comparison between the BE-Transformer and 
CNN network prediction results and the expected data. The offset of Figure 6a is 56 m, 
and the offset of Figure 6b is 0 m. The prediction results of the BE-Transformer maintain 
high consistency and accuracy with the expected data in terms of amplitude and phase. 
As for the CNN prediction results, although the main events match the expected data well, 
the continuous consistency of the phase information is not good, and there is an apparent 
undesired waveform oscillation phenomenon before the first arrival time, and the overall 
fitting effect is average. Therefore, from the comparison of macroscopic and local features, 
the BE-Transformer network has shown excellent reconstruction performance and good 
generalization ability from the tests on both simple and complex models. The effect is 
significantly better than that of the traditional CNN network. 

    

V
la

ue

Figure 4. Pearson correlation coefficient plot during training.

3.2. Training Results

The comparison of the prediction results obtained after 600 iterations with the input
data and expected data seismic records is shown in Figure 5, where the seismic source is
located at x = 500 m. The input data is the first type of band-slice seismic record with only
a band-pass filter applied. The label data are the full band seismic record. The comparison
shows that the prediction results of the BE-Transformer are consistent with the expected
data, and the wave group characteristics are clear. Although the prediction results from
CNN also contain the desired features, there are apparent artifacts in the records, and the
signal-to-noise ratio is low. To display the prediction effect of the model more intuitively,
Figure 6 shows the single-trace waveform comparison between the BE-Transformer and
CNN network prediction results and the expected data. The offset of Figure 6a is 56 m,
and the offset of Figure 6b is 0 m. The prediction results of the BE-Transformer maintain
high consistency and accuracy with the expected data in terms of amplitude and phase. As
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for the CNN prediction results, although the main events match the expected data well,
the continuous consistency of the phase information is not good, and there is an apparent
undesired waveform oscillation phenomenon before the first arrival time, and the overall
fitting effect is average. Therefore, from the comparison of macroscopic and local features,
the BE-Transformer network has shown excellent reconstruction performance and good
generalization ability from the tests on both simple and complex models. The effect is
significantly better than that of the traditional CNN network.
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Figure 5. Comparison of BE−Transformer and CNN network prediction results with input and
expected data seismic records. (a) Layered model; (b) Marmousi II velocity submodel.
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Figure 6. Comparison of single-trace waveforms between BE-Transformer and CNN network predic-
tion results and input and expected data. (a) Layered model (offset = 56 m); (b) Marmousi II velocity
submodel (offset = 0 m).

Reverse-time migration (RTM) was performed on the three data sets: original data
(input data), expected data (label data), and BE-Transformer predicted results. We use
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true velocity models to perform the RTM. The RTM imaging results and depth curves are
shown in Figures 7 and 8, respectively. For the layered model, the comparison between
the original and expected data shows that artifacts will appear in the imaging results,
and the signal-to-noise ratio is low when the data lack low-frequency and high-frequency
components. After signal reconstruction, the signal-to-noise ratio of the data is significantly
improved, the velocity structure of the subsurface medium is correctly modeled, and the
stratal continuity is good. The comparison between the input data and the prediction results
shows that the artifacts in the input data have been significantly improved and eliminated,
the details of the image are richer, and the imaging quality has been significantly improved.
For the Marmousi II model, the main strong reflection interface of the expected data is
clear, and the layer information will be accurate. However, due to insufficient frequency
band information, the original data have side lobes and artifacts, and there is also certain
layer distortion in thin layer areas and lower resolution. The data reconstructed by the
BE-Transformer network have better resolution capabilities in the thin layer of shallow and
the reservoir of deep, and the imaging accuracy is significantly improved.
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Figure 7. Comparison of BE-Transformer prediction results with original data and expected data
RTM imaging results. (a) Layered model; (b) Marmousi II velocity submodel.
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Figure 8. Comparison of BE-Transformer prediction results and original data and expected data
reflectance curves. (a) Layered model; (b) Marmousi II velocity submodel.

We use the second and third sample data sets to test the signal reconstruction effect
and verify the BE-Transformer network’s generalization ability. In addition to band-pass
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filtering 15−25 Hz, we also attenuate the amplitudes within different frequency bands of
the filtered data set to simulate the condition of damage across various frequency ranges.
Compared with the first data set, the second data set lacks some middle frequency. The
third data set lacks high and low frequency and the frequency amplitude is very narrow.
After 600 iterations, the BE-Transformer network prediction results of the layered model
and the Marmousi II velocity model in the two cases are shown in Figures 9 and 10, along
with the seismic record comparisons of input data and expected data. The predicted
results have good waveform matching with the expected data, and the differences in phase
and relative amplitude are very small, thus achieving amplitude-preserving prediction of
seismic data.
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To show the reconstruction effect of seismic data in each frequency band more intu-
itively, spectral analysis was performed on the above dataset, and the results are shown
in Figure 11. Input(a–c) refers to the three different types of band-slice seismic data sets,
which are the input of the network. The Label is the network label full band seismic data
set. Pred(a–c) are the prediction results of the three different types. Whether a simple
or complex model, the network can learn and capture the intrinsic correlation between
frequency band-slice data set and full frequency band data set. The frequency bands are
balanced and linearly gained, which achieves the information extension and compensation
of arbitrary lacking frequency bands of the seismic data from local to whole and from
unknown to known. This further proves the generalization ability of the BE-Transformer
model to cope with various complex seismic data processing scenarios.
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frequency; (b) is the simulated case lacking high and low frequency and the frequency amplitude is
very narrow.
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Figure 11. Comparison of BE-Transformer prediction results, input data, and expected data amplitude
spectrum. (a) Layered model; (b) Marmousi II velocity submodel.

Considering that noise may impact the signal compensation reconstruction, random
noise with a signal-to-noise ratio of 20 was added to the frequency band-slice data (only
applied band-pass filter with 15−25 Hz) and entered into the model for anti-noise exper-
iments. The comparison of seismic records before and after noise addition is shown in
Figure 12. After testing, the noise has been effectively suppressed, and the effective signal
has been restored and enhanced. The BE-Transformer network also has a good processing
effect on data containing noise and has good anti-noise performance.
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4. Discussion of the Impact of Different Wavefield Components

During the signal reconstruction process, testing the effect of data training under
different wavefield conditions is essential to improve the accuracy and reliability of seismic
data processing. Therefore, by establishing labeled datasets under different wavefield
conditions, the impact of different wavefield conditions on the signal reconstruction effect
can be more accurately simulated, thereby optimizing the data processing algorithm. Here,
we consider the wavefield in four cases. The absorbing boundary and free surface were
used as the top boundary conditions. At the same time, the wavefield data with and
without multiples were simulated under each surface boundary condition. Taking the four
labeled data obtained by the layered velocity model shown in Figure 2c as an example,
the single shot records with the source located at x = 500 m are shown in Figure 13a–d,
respectively. The top boundary conditions of Figure 13a,b are absorbing boundaries, and
Figure 13c,d are free surfaces. Figure 13a is the without free surface-related multiples
wavefield but including direct wave, Figure 13b is the primary scattered field without
direct wave, Figure 13c is the full wavefield, and Figure 13d is the full wavefield without
direct wave.

We compared the seismic records and single-trace waveforms of input data, expected
data, BE-Transformer network, and CNN network prediction results under four wave field
conditions. Figure 14 shows the comparison of the source’s seismic records at x = 500 m.
The prediction results of the BE-Transformer are highly consistent with the expected data
events, and the fit of the waveform features is very high. Although the CNN network
prediction results have a high degree of waveform matching, there are apparent artifacts.
The prediction results in wavefields other than the no-free surface multiple wave field are
very poor, the phase axis is discontinuous, the signal-noise ratio is low, and the information
is obviously distorted. Figure 15 shows a comparison of single-trace waveforms randomly
selected under four wavefield conditions. The offset of Figure 15a is 56 m, the offset of
Figure 15b is 8 m, the offset of Figure 15c is 16 m, and the offset of Figure 15d is 16 m. The
prediction results of the BE-Transformer network have high waveform consistency with the
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expected data in terms of amplitude and phase under arbitrary wave field conditions. How-
ever, the CNN network prediction results show a large number of waveform mismatches.
The waveforms are discontinuous and there were many noise points and mutation points,
and the fitting effect was not ideal. In summary, the BE-Transformer network performs
well under different wave field conditions and can effectively deal with various problems
in the reconstruction process of seismic data. In contrast, traditional CNN networks have
apparent limitations in handling complex wavefield conditions.
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Figure 15. Comparison of BE-Transformer, CNN network prediction results, and expected data
single-trace waveforms under four wave field conditions. (a) without free surface-related multiples
wavefield; (b) primary scattered field; (c) full wavefield; (d) the full wavefield without direct wave.

To more intuitively demonstrate the signal compensation and reconstruction effect
of the BE-Transformer network model, Figure 16 shows the spectrum analysis results of
seismic records under four wavefield conditions. While the energy signal reconstructs the
specific frequency band information in the original observation record, it also has a certain
degree of richness in high and low-frequency bands. The results of the experiments under
different wavefield conditions show that the prediction results are most accurate in the
wavefields without free surface-related multiples. Training with data from a free-surface
multiple-free wavefield containing direct waves and the entire wavefield yields better
results than using wavefields without direct waves. The presence of multiples has little
impact on the experiment, highlighting the importance of retaining direct wave components
before signal reconstruction. This provides new insights for the data preprocessing of our
reconstruction method.
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5. Conclusions

This study introduces a novel deep learning approach designed to reconstruct signals
missing in certain frequency bands within seismic wavefields. Numerical examples show
that the BiGRU-Extended Transformer network model can process local and global fea-
tures of time series data at the same time, flexibly utilize existing seismic frequency band
information, and obtain and reconstruct the signals with some frequency band missing
in the full frequency band. This process effectively compensates for missing information,
facilitating signal reconstruction. By comparing the impact of different wavefield condi-
tions, we find that the importance of retaining direct waves before signal reconstruction.
This provides new insights for the data preprocessing of our reconstruction method. The
experiments in this paper were conducted under idealized conditions and have not yet
touched on the application level of transfer learning. We plan to introduce real seismic data
in future research to further validate the model’s effectiveness and generalization ability in
practical applications.
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