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Abstract
The conventional iterative shrinkage-thresholding algorithm (ISTA) faces several 
limitations, such as dependence on manual parameter tuning and limited 
ability to recover weak reflections. Hence, this study proposes a sparse spike 
deconvolution method based on an adaptive learned ISTA (Ada-LISTA) and a 
self-supervised physics-driven objective function to overcome these challenges. 
First, using Ada-LISTA as the backbone, the threshold and step size in the iterative 
process were dynamically adjusted through its adaptive parameter learning, 
and the seismic wavelet dictionary was used as the model input to enhance the 
adaptability to different complex geological scenarios. Then, a self-supervised 
physics-driven objective function was introduced to jointly optimize the residual 
of seismic records and the sparsity of reflection coefficients, further improving 
the interpretability of the model. Finally, comparative experiments were carried 
out using theoretical simulation data and actual seismic data from the Bohai Bay 
Basin, China, to evaluate the inversion performance of the proposed method. The 
experimental results indicate that, compared to the traditional ISTA algorithm, 
the proposed method achieved marked enhancements in reflection coefficient 
inversion accuracy, seismic resolution, and robustness against noise. Overall, 
the proposed method offers an efficient and reliable technical solution for high-
resolution seismic inversion and effective recovery of weak reflection signals, 
providing practical support for interpreting complex subsurface geological 
structures.
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1. Introduction
Sparse spike deconvolution, which inverts the 
underground reflection coefficient sequence using seismic 
records with limited bandwidth, is a common processing 
approach to enhance seismic data resolution.1 The spectral 
sparse reconstruction proposed by Levy and Fullagar2 
and the two-dimensional Bayesian inversion framework 
by Lavielle3 have collectively laid the foundation for the 
theoretical development of sparse spike deconvolution. 
Studies of well-log data have shown that primary reflection 
coefficients typically exhibit spectral non-whiteness4 and 
amplitude distributions that are distinctly non-Gaussian, 
which fundamentally influence the design of effective 
deconvolution methods.5 Based on these observations, the 
core principle of sparse spike deconvolution is to formulate 
seismic inversion as a linear inverse problem in which 
the reflectivity is modeled as a sparse impulse sequence 
and L1 regularization is used to promote sparsity.6 The 
solution methods can be categorized into two groups, 
namely convex optimization methods founded based 
on pursuit7 and greedy iterative algorithms derived from 
matching pursuit.8,9 Among these, the iterative shrinkage-
thresholding algorithm (ISTA) introduced by Beck and 
Teboulle10 converts the non-smooth L1 regularization 
problem into an iteratively solvable optimization problem 
by introducing a soft-thresholding operator, thus 
becoming a widely used standard numerical solution 
in the field of sparse spike deconvolution. However, the 
traditional ISTA algorithm exhibits numerous limitations 
in practical applications. Specifically, its threshold and 
step size parameters rely heavily on manual adjustment.11 
Moreover, it is highly sensitive to the initial dictionary,12 
struggles to process complex seismic data,13 and performs 
poorly in recovering weak reflection coefficients.14

To overcome these limitations, researchers have 
started to develop novel algorithmic frameworks using 
deep learning techniques.15-17 In contrast to traditional 
methods that rely on manually designed iterative rules, 
these new approaches enable algorithms to automatically 
learn efficient solution strategies in a data-driven manner.18 
Gregor and LeCun19 developed the learned ISTA (LISTA) by 
unfolding the iterative process of ISTA into a neural network 
structure, enabling end-to-end learning of parameters to 
adapt to signal distributions, accelerate convergence, and 
achieve automatic parameter optimization. Inspired by 
this, researchers have conducted extensive explorations 
on deep learnable sparse solver methods in fields such 
as seismic exploration and high-resolution imaging. In 
recent years, focusing on LISTA and its iteratively unfolded 
networks, researchers have proposed various variants. 
Analytic LISTA20 adopts analytical parameters to simplify 

training while ensuring theoretical convergence. Gated 
LISTA21 introduces gating and compensation mechanisms 
to enhance the expressive ability in adjusting sparse 
components and step sizes. Hybrid LISTA22 realizes a more 
flexible network structure design through a hybrid form 
of iterative unfolding architecture. Step-LISTA23 achieves 
step size learning to accelerate convergence. Extragradient-
based LISTA24 enhances the network recovery performance 
through residual structures and improved threshold 
functions. LISTA with adaptive thresholds25 employs 
element-wise adaptive thresholds to improve the algorithm’s 
adaptability to different sparse signals. Extragradient 
analytic LISTA and fast analytic LISTA,26 respectively, 
enhance the robustness and accuracy of inversion under 
limited observations by introducing residual connections 
and momentum acceleration. LISTA with coupled weights 
and support selection27 optimizes convergence efficiency 
through a support selection structure. Adaptive threshold 
analytic LISTA-based sparse imaging network28 has shown 
excellent performance in high-resolution imaging tasks such 
as high-resolution synthetic aperture radar tomography 
and three-dimensional reconstruction, effectively 
improving spatial resolution under limited observation 
conditions. These methods have made significant progress 
in parameter adaptability, convergence speed, and complex 
signal expression, but they still rely on fixed dictionaries, 
making it difficult to adapt to complex environments. To 
address this limitation, Aberdam et  al.29 developed the 
adaptive LISTA (Ada-LISTA), which improves the model’s 
adaptability to different scenarios by taking the dictionary 
as input. However, Ada-LISTA currently mainly targets 
general signal processing tasks and adopts a supervised 
learning approach, which has high demands on prior 
labels. It has not yet been effectively applied in the field of 
geophysics, especially in the recovery of weak reflection 
signals.

The traditional ISTA, which relies on global static 
thresholds and fixed dictionaries, frequently results 
in excessive suppression of low-amplitude reflection 
coefficients and consequently impedes the effective recovery 
of weak signals. Meanwhile, although supervised learning 
models perform excellently under ideal label conditions, 
the number of on-site logging labels is limited,30 resulting 
in insufficient generalization performance.31 In recent 
years, unsupervised and semi-supervised frameworks 
have gradually become new trends in seismic inversion.32 
On one hand, researchers have widely incorporated 
physical constraints, such as the seismic wave equation33 
and forward modeling,34 constructed physically consistent 
losses,35 and trained networks in an unsupervised manner 
to achieve effective recovery of weak seismic reflections 
and high-resolution structural information.36 On the other 
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hand, they have adopted semi-supervised and multi-task 
learning frameworks, combined attention mechanisms37 
to enhance the feature expression of high-frequency and 
weak components, employed domain-adaptive adversarial 
training38 to effectively improve the generalization ability of 
models to complex structures and unknown environments, 
and introduced amplitude versus angle physical priors39 to 
strengthen the physical consistency and interpretability of 
models. These measures have significantly alleviated the 
generalization bottleneck caused by scarce labels in seismic 
inversion40 and achieved remarkable improvements in the 
identification of complex seismic records and thin-layer 
weak reflection signals.41 These research advances verify 
the advantages of physics-driven unsupervised methods 
and provide an important basis for the construction of the 
objective function in this study.

Given the limitations of the traditional ISTA algorithm 
in recovering weak reflection signals and the reliance of 
existing learning-based methods on fixed dictionaries and 
labeled data, this study proposes a self-supervised Ada-
LISTA-based sparse inversion method for weak reflection 
signals. Through a hierarchical iterative optimization 
structure, adaptive learning of parameters and dynamic 
adaptation of the dictionary are achieved. The physics-
driven self-supervised method is employed to ensure that 
inversion results conform to geophysical laws, and seismic 
record reconstruction is performed. The proposed method 
is tested using theoretical model data and actual oilfield data.

2. Methodology
2.1. ISTA

Under the assumptions of the convolutional model in 
seismic exploration, y(t) let y denote the seismic record, 
d(t) denote the seismic wavelet and x(t) denote the 
reflection coefficient. The relationship among the three can 
be expressed as Equation 1:

y(t) = d(t) * x(t) + n(t)� (1)

where n(t) is random noise.

Based on Equation 1, sparse spike deconvolution can 
be expressed as Equation 2:

argmin
x

Dx y x1
2 2

2
1� ��

�
�

�

�
�� � (2)

Where y is the seismic record vector, D denotes the 
dictionary composed of seismic wavelets, x denotes the 
reflection coefficient vector to be solved, λ is the 
regularization parameter, ⋅

2

2
 denotes the square of the 

Euclidean norm, and x
1

 is the sum of the absolute values 
of all components of x.

Equation 2 can be solved using the ISTA algorithm,10 
and the result is expressed as Equation 3:
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Where DT is the transpose matrix of D, L (L>0) is the 
Lipschitz constant, γ = 1⁄L is the step size parameter, xk+1 
and xk are the optimal reflection coefficients of the k+1-th 
and k-th iterations, respectively, θ is the threshold, and Sθ 
(p) is the soft thresholding function, defined as Equation 4:
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Let U
L

D H I
L

D DT T� � �
1 1, , and I be identity matrices, 

then Equation 3 can be simplified as Equation 5:

x S Uy Hxk k� � �� �1 � � (5)

The iterative flow chart of ISTA is shown in Figure 1. 
In actual calculations, both threshold θ and step size 
parameter γ need to be set manually. In the actual 
experimental process, it is necessary to repeatedly try 
different values to optimize the results. In addition, ISTA 
relies on a fixed threshold, and weak reflection coefficients 
are prone to excessive compression.

2.2. LISTA

To simplify the cumbersome parameter tuning problem 
caused by fixed parameters in ISTA, Gregor and LeCun19 
developed the LISTA. Its core is to reconstruct the iterative 
process of ISTA into a deep neural network architecture. 
The k-th iteration of ISTA corresponds to the k-th layer 
of the network, and the iteration formula for each layer is 
expressed as Equation 6:

x S U y H x k kk k k kk� � �� � � �1 0 1 1� , , , , � (6)

Figure 1. The iterative shrinkage-thresholding algorithm architecture
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Where θk is the learnable threshold parameter of the k-th 
layer, and Uk and Hk are learnable matrices of the k-th layer. 

During initialization, U
L

Dk
T=

1 , and H I
L

D Dk
T� �

1 .

Figure 2 shows the network architecture of LISTA. The 
seismic record y is multiplied by matrix U, then added to 
Hx, and processed by a soft-thresholding function. This 
result serves as the input to the next layer, and the process 
is repeated. After multi-layer cascaded operations, the 
reflection coefficient x is finally obtained.

A comparison of Figures  1 and 2 reveals a clear 
structural connection between ISTA and LISTA. Each 
iteration in ISTA can be regarded as a network layer in 
LISTA. The input and output of each layer are computed 
using learnable matrices and thresholds. Unlike ISTA, 
the parameters of each layer in LISTA are automatically 
adjusted based on data during training without manual 
setting. Through an end-to-end learning approach, LISTA 
converts the ISTA algorithm into a trainable network 
structure, thereby improving the recovery performance of 
reflection coefficients.

2.3. Ada-LISTA

Although LISTA significantly optimizes the training 
process of ISTA through learnable parameters, it is still 
limited by its reliance on a fixed dictionary during the 
training phase. Due to the lack of dynamic adaptability 
in the fixed dictionary, it is difficult to accurately identify 
reflection signals with weak energy and sparse features. 
Such signals are easily misjudged as noise and incorrectly 
suppressed.

To break through this bottleneck, this study introduces 
the Ada-LISTA29 framework proposed by Aberdam et al.29 
This framework is improved based on LISTA. It not only 
takes the dictionary as the model input, but also introduces 
two auxiliary weight matrices W and M, enabling the 
model to dynamically adjust parameters according to 
different signals and dictionaries, thereby enhancing the 
flexibility of inference.

Specifically, the Ada-LISTA iteration formula is defined 
as Equation 7:

x S I D W W D x D M yk k
T

k
T

k k k
T

k
T

k� � �� � �� �1 � � � � (7)

Where θk, γk, Wk, and Mk are learnable parameters, θk is the 
threshold parameter of the k-th layer, γk is the step size 
parameter of the k-th layer, W Mk k

n n, � �  is an auxiliary 
weight matrix, I is the identity matrix.

A comparison of Equations 3, 5, 6, and 7 shows that ISTA, 
LISTA, and Ada-LISTA present an obvious progressive 
relationship in structure. ISTA (Equations 3 and 5) adopts 
fixed parameter matrices U and H to solve input signals 
iteratively. Its parameters need to be manually specified, 
making it difficult to adapt to the characteristics of different 
signals. LISTA (Equation 6) unfolds the iterative process 
of ISTA into a multi-layer network structure and treats U 
and H as learnable parameter matrices. It realizes automatic 
parameter adjustment through adaptive optimization with 
training data. Ada-LISTA (Equation 7) further refines the 
parameter structure and uses weight matrices W and M to 

construct the original U and H more elaborately. It adjusts 

U
L

D Dk
T

k
T� �

1
�  in LISTA to γ k

T
k

TD M  through M in 

Ada-LISTA, and adjust H I
L

D D I D Dk
T

k
T� � � �

1
�  to 

I D W W Dk
T

k
T

k��  through W. This enables each layer to 
fine-tune the dictionary via weight matrices W and M, 
enhancing adaptability to different seismic data. In general, 
these three methods gradually improve in parameter 
expression, structural setting, and adaptability, fully 
reflecting the development process of the model from fixed 
parameters to learnable parameters and then to dynamically 
adaptive parameters.

As shown in Figure 3, Ada-LISTA further extends the 
design of LISTA in the network structure. By introducing 
weight matrices W and M, Ada-LISTA can achieve 
hierarchical adaptive adjustment of input signals and 
dictionary information. Compared with LISTA, Ada-
LISTA maintains the benefit of learnable parameters while 
improving adaptability to varying seismic data conditions 
through dynamic dictionary adjustments. This structure 

Figure 2. The learned iterative shrinkage-thresholding algorithm architecture
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effectively improves the ability to identify weak reflection 
signals within complex geological settings and enhances 
overall flexibility and adaptability.

2.4. Objective function

In the task of seismic sparse spike deconvolution, the 
insufficiency of model prior information makes it difficult 
to directly apply the traditional deep learning end-to-
end objective function. This study introduces a self-
supervised objective function to overcome this limitation. 
This objective function skillfully incorporates geophysical 
features, enabling full utilization of the inherent structure 
of input data for model optimization, while significantly 
enhancing the interpretability of deep learning models 
for geophysical applications. Specifically, the objective 
function is defined as Equation 8:

L A D x y B x� � � � � �
1
2 2

2

1
� (8)

In Equation 8, A and B are coefficients used to balance the 
data fitting term and the sparse regularization term. D is a 
dictionary composed of seismic wavelets and is represented 
by a Toeplitz-type convolution matrix. The reflection 
coefficient result output by the model is denoted by x, and 
the input seismic record is denoted by y. This objective 
function ensures the consistency between the model 
output and the input data by minimizing the data fitting 
term D x y� �

2

2
, and at the same time uses the sparse 

regularization term x
1

 to promote the model to output 
sparse reflection coefficients.

Compared with supervised training of Ada-LISTA, the 
proposed self-supervised objective improves applicability 
when labeled data or strong priors are unavailable, and can 
effectively capture the sparse features in seismic signals. 
This enables us to optimize the effect of sparse spike 

deconvolution without relying on a large amount of labeled 
data, thereby improving the seismic resolution.

2.5. Dataset construction and model optimization

To verify the performance of the model, this study 
conducted experiments using both synthetic data and 
actual seismic data. The synthetic dataset was produced 
by convolving Ricker wavelets with randomly generated 
reflection coefficient sequences. All data were normalized 
to facilitate parameter learning, optimization, and 
performance evaluation of the model. The actual seismic 
data were obtained from a seismic profile of an oilfield in 
the Bohai Bay Basin, China. For the field data, the statistical 
wavelet was extracted from the seismic profile based on the 
Wiener–Levinson process, adopting the autocorrelation 
method. The amplitude spectrum was derived from the 
autocorrelation of seismic traces, and a minimum phase 
spectrum was specified as the input parameter. After 
normalizing the extracted wavelet by its maximum absolute 
amplitude, it was used to construct the Toeplitz convolution 
matrix, forming the wavelet dictionary D for inversion. The 
seismic data in this area are of poor quality, reflecting the 
complex geological structure of the oilfield and providing a 
realistic scenario for evaluating model performance. Seismic 
record reconstruction was performed to effectively enhance 
the resolution of actual seismic data, thereby revealing the 
details of underground geological structures more clearly.

In the model optimization stage, this study employed 
the Adam optimization algorithm with a learning rate of 
1 × 10-9 and a batch size of 8, leveraging its stability and fast 
convergence capability to update model parameters. To 
balance inversion accuracy and computational efficiency, 
the maximum number of iterations was set to 400, with 
an early stopping mechanism incorporated during the 
iterative process, where the iteration terminates when 
the Euclidean norm of the difference between successive 

Figure 3. Adaptive learned iterative shrinkage-thresholding algorithm architecture. (A) Iterative model. (B) Unfolded model.
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estimates is <0.1 for two consecutive iterations, avoiding 
redundant computations while ensuring inversion stability. 
To enhance the generalization capacity, an L1 regularization 
term with a strength of 0.01 was introduced to constrain 
the complexity of model parameters and reduce the 
risk of overfitting. Meanwhile, an adaptive amplitude 
adjustment parameter was incorporated to dynamically 
regulate the amplitude range of model outputs, enabling 
better adaptation to the amplitude characteristics of 
different data and improving the model’s adaptability to 
complex geological conditions. To further quantify the 
deconvolution performance of each method, relative error 
(Err) was introduced as an evaluation metric, calculated as 
Equation 9:

−
=

ˆ
rr

r r
E

r
� (9)

where r̂  denotes the algorithm’s deconvolved result, and r 
represents the actual reflectivity coefficient. A smaller Err 
value indicates that the deconvolved result is closer to the 
actual reflectivity coefficient, signifying superior method 
performance.

3. Results
3.1. Simulation experiments

To evaluate the proposed sparse spike deconvolution 
method, a simulated seismic dataset was constructed 
based on the method introduced in Section 2.5, and 
comparative experiments were conducted. The simulated 
seismic signals were created through the convolution of 
a zero-phase Ricker wavelet, with a dominant frequency 
of 40  Hz, and randomly generated reflection coefficients 
with amplitudes distributed in the interval, thereby 
spanning both strong and weak reflections. Each trace of 
the reflection coefficients and seismic records in the final 
simulated dataset had a duration of 1300 ms, containing 

six reflection positions. To facilitate comprehensive 
feature extraction by the network, a total of 1000 traces of 
simulated data were generated, and one of them is shown 
in Figure 4.

The algorithm was used to test the simulated dataset 
with comparisons to the classical ISTA and LISTA 
algorithms (Figure  5). Quantitative results showed that 
the Err of ISTA, LISTA, and the proposed Ada-LISTA 
was 0.6237, 0.1479, and 0.0422, respectively. While all 
benchmark methods can achieve wavelet compression, 
ISTA suffers from significant amplitude loss and poor weak 
reflection recovery due to cumbersome manual parameter 
tuning. Additionally, although LISTA improved upon ISTA 
by adopting learnable parameters, our Ada-LISTA further 
outperformed both via adaptive adjustment to dynamically 
optimize thresholds and step sizes, thus achieving superior 
amplitude recovery and weak reflection identification.

3.2. Noise robustness evaluation

To further validate the efficacy of the algorithm, this 
study tested data with added random noise. Based on the 
synthetic seismic record shown in Figure 4B, random noise 
of different intensities was added to obtain three sets of 
noisy seismic records. The results are shown in Figure 6. 
These three models correspond to the high signal-to-noise 
ratio (SNR) theoretical model in Figure 6A, the medium 
SNR theoretical model in Figure  6B, and the low SNR 
theoretical model in Figure 6C.

When the SNR was 10 dB, as shown in Figure 7, the Err 
values for ISTA, LISTA, and the proposed Ada-LISTA were 
0.7561, 0.1979, and 0.0526, respectively. When the SNR 
decreased to 3 dB, as presented in Figure 8, the Err values 
were 0.7640, 0.2312, and 0.0819 for the three methods. 
Traditional ISTA showed apparent amplitude attenuation 
and poor weak reflection recovery, with performance 
further deteriorating as SNR decreased. LISTA achieved 
certain improvements over ISTA by adopting learnable 

Figure 4. Theoretical model. (A) Reflection coefficient. (B) Synthetic seismogram.
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Figure  5. Deconvolution results on noise-free simulated data. (A) Iterative shrinkage-thresholding algorithm (ISTA). (B) Learned ISTA (LISTA). 
(C) Adaptive LISTA.

Figure 7. Deconvolution results at a signal-to-noise ratio of 10 dB. (A) Iterative shrinkage-thresholding algorithm (ISTA). (B) Learned ISTA (LISTA). 
(C) Adaptive LISTA.

Figure 8. Deconvolution results at a signal-to-noise ratio of 3 dB. (A) Iterative shrinkage-thresholding algorithm (ISTA). (B) Learned ISTA (LISTA). 
(C) Adaptive LISTA.

CBA

A

B CA

CB

Figure 6. Noisy theoretical model. Signal-to-noise ratio of (A) 10 dB, (B) 3 dB, and (C) 1 dB.

CBA
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parameters, whereas Ada-LISTA demonstrated superior 
noise robustness, realizing better amplitude recovery and 
maintaining higher accuracy in weak reflection coefficient 
recovery compared to both benchmarks.

When the SNR was as low as 1 dB, as depicted in Figure 9, 
the Err of ISTA, LISTA, and the proposed Ada-LISTA were 
0.8007, 0.3582, and 0.1851, respectively. The deconvolution 
performance of the traditional ISTA algorithm degraded 
significantly. Amplitude attenuation was prominent, 
and weak reflection coefficients can hardly be accurately 
recovered. While LISTA achieved certain improvements 
over ISTA, it still struggled with severe noise interference. 
In comparison, although the method proposed in this study 
was affected by noise interference, its deconvolution results 
can still maintain a certain reliability under extremely low 
SNR conditions. It also outperformed the traditional ISTA 
and LISTA algorithms in both amplitude recovery effect 
and weak reflection coefficient identification ability. These 
results indicate that the method proposed in this study 

has stronger robustness and reflection coefficient recovery 
ability when processing low SNR data.

3.3. Application of real seismic data

Seismic data from the lower member of the Minghuazhen 
Formation in an oilfield within the Bohai Bay Basin, China, 
were chosen to evaluate the algorithm’s applicability. 
The data has a sampling interval of 2 ms. Within the 
work area, structural undulations were small, faults were 
relatively well-developed, and strata were well-developed. 
The original seismic data of the target interval were of 
poor quality, with poor continuity of event axes, vague 
reflection interfaces, and low overall resolution. A  local 
seismic profile of this target interval is shown in Figure 10, 
which did not meet the requirements for fine reservoir 
characterization and was suitable as actual data for 
verifying the effectiveness of the algorithm.

After processing with the traditional ISTA algorithm, 
the results in Figure  11A show that the continuity of 

Figure 9. Deconvolution results at a signal-to-noise ratio of 1 dB. (A) Iterative shrinkage-thresholding algorithm (ISTA). (B) Learned ISTA (LISTA). 
(C) Adaptive LISTA.

CBA

Figure 10. Field seismic data of the Minghuazhen Formation in an oilfield within the Bohai Bay Basin, China.
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seismic events in some regions of the seismic profile 
improved, with enhancements in the clarity of certain 

reflection interfaces. Compared with the original profile, 
the resolution increased, but the overall characterization 

Figure 11. Deconvolution results of the Minghuazhen Formation in an oilfield within the Bohai Bay Basin, China. (A) Iterative shrinkage-thresholding 
algorithm (ISTA). (B) Learned ISTA (LISTA). (C) Adaptive LISTA.
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of details remained limited. Seismic events in some areas 
were still blurred, and the recovery of weak reflection 
signals was unsatisfactory. While LISTA outperformed 
ISTA in event continuity (Figure  11B), it still lacked 
sufficient weak reflection recovery due to its fixed 
dictionary. After processing with our method, the results 
in Figure 11C revealed a notable increase in the quantity 
of seismic events in the seismic profile. The distribution 
of interfaces was denser and more continuous. The clarity 
and detail characterization of seismic events were notably 
enhanced. Especially, the initially vague weak reflection 
zones were effectively strengthened. Reflection interfaces 
became sharper. Overall interpretability improved, with 
better agreement with the well log.

These results were further verified by Pearson correlation 
coefficient calculations. The correlation coefficient for 
the original profile and the well log was 0.6831, which 
increased to 0.8103 after ISTA processing and to 0.8369 
after LISTA processing. The profile processed using the 
proposed method achieved the highest correlation with 
the well log, at 0.8783.

To further compare differences in the characterization 
of seismic profile details among various methods, a typical 
area within the aforementioned profile was selected for 
magnification of local information, as shown in Figure 12.

Comparisons revealed that in the detail area of the 
original profile, as presented in Figure 12A, the events were 
interleaved and reflections were blurred. After processing 
with the traditional ISTA, as shown in Figure 12B, some 
events were separated to a certain extent, but details 
remained limited. Although LISTA resolved more events 
than ISTA, the results in Figure 12C show that it failed to 
adequately distinguish weak reflections and thin layers. In 
contrast, after processing with our method, as depicted 
in Figure  12D, the events were continuous and detailed, 
and the thin-layer structures and weak reflection events 
were expressed more clearly. Specifically, weak reflection 
coefficients (marked by red arrows in Figure  12) were 
distinctly resolved, while the fidelity of the proposed 
method (indicated by blue arrows in Figure  12) was 
validated by the well-preserved strong reflections inherent 
to the original data. This aligns with changes in the overall 
profile and significantly enhances the identifiability of 
small-scale structures and thin interbeds within reservoirs.

The results of spectral analysis in Figure  13 indicate 
that, compared with the original seismic records and 
the traditional ISTA and LISTA methods, the method 
proposed in this study showed a gentler amplitude 
attenuation in the medium and high-frequency bands. 
The dominant frequency was progressively increased from 
37.5 Hz for the original data to 47.5 Hz after ISTA, 52.5 Hz 

after LISTA, and 62.5  Hz after Ada-LISTA. Moreover, 
the effective bandwidth measured at −3  dB broadened 
from 42 Hz for the original records to 47 Hz after ISTA, 
52.5 Hz after LISTA, and 60.5 Hz after Ada-LISTA. These 
quantitative improvements confirm that the proposed 
method significantly widened the effective frequency 
band and increased the dominant frequency, leading to 
a noticeable improvement in overall resolution. It also 
exhibited a stronger ability to recover high-frequency and 
weak signals.

To further validate the generalization capability of 
the method for more complex geological structures, this 
study tested it on actual seismic data from another work 
area. This area exhibited more intricate geology with 
significant lateral variations in stratigraphy. The field 
seismic data were characterized by a low SNR and poor 
resolution, featuring a dominant frequency of only 24 Hz 
and a narrow effective bandwidth. Consequently, this new 
dataset provided a more suitable test for evaluating the 
algorithm’s adaptability and robustness under challenging 
low SNR and low-resolution conditions.

Figure 14 displays the field seismic data, which exhibited 
poor continuity of the event axes and vague reflection 
interfaces. These data were processed using the traditional 
ISTA, LISTA, and the proposed Ada-LISTA methods, with 
the results presented in Figure 15.

A comparison revealed that the ISTA-processed result 
(Figure  15A) only partially improved the continuity of 
the event axes, with a correlation coefficient of 0.5768 
compared to 0.5055 for the field seismic data. Its ability 
to enhance weak reflections was limited, and the overall 
profile remained blurred. The LISTA-processed result 
(Figure 15B) showed an improvement over ISTA, yielding 
clearer event axes and achieving a higher correlation of 
0.7550. However, its performance was constrained by a 
fixed dictionary, which limited its adaptability to complex 
geological structures. In contrast, the profile processed 
by the proposed Ada-LISTA method (Figure  15C) 
demonstrated superior performance, attaining the highest 
correlation coefficient of 0.8053. It exhibited significantly 
enhanced event continuity, successfully recovered more 
weak reflection events, presented sharper reflection 
interfaces, and ultimately revealed richer geological details.

To further compare the differences in detail rendering 
among the various methods, a typical region within 
the profile was selected for local magnification, as 
shown in Figure 16. The local details in the field seismic 
data (Figure  16A) exhibited cross-cutting events and 
disordered reflections. Although the ISTA-processed 
result (Figure  16B) demonstrated some separation 
effect, the details remained relatively coarse. The LISTA 
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result (Figure  16C) resolved more seismic events but 
exhibited limited ability to distinguish thin interlayers 
and weak reflections. In contrast, the result from the 

method proposed in this study (Figure  16D) presented 
a continuous, clear arrangement of seismic events. Both 
thin-layer structures and weak reflection events were 

Figure 12. Amplified view of local details from the deconvolution results of the Minghuazhen Formation in an oilfield within the Bohai Bay Basin, China. 
(A) Field seismic data. (B) Iterative shrinkage-thresholding algorithm (ISTA). (C) Learned ISTA (LISTA). (D) Adaptive LISTA.
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clearly depicted, while strong reflection signals maintained 
fidelity consistent with the field data.

The spectral analysis results in Figure 17 further validated 
the significant effectiveness of this method in expanding the 
frequency band and enhancing the dominant frequency. 
The dominant frequency progressively increased from 
24 Hz for the original data to 38 Hz after ISTA, 52 Hz after 
LISTA, and 58 Hz after Ada-LISTA. Moreover, the effective 
bandwidth measured at −3  dB broadened from 17.5  Hz 
for the original records to 29.5 Hz after ISTA, 54 Hz after 
LISTA, and 57 Hz after Ada-LISTA. This demonstrates that 
the method proposed in this paper can effectively broaden 
the effective frequency band, increase the dominant 
frequency, and significantly improve profile resolution and 

geological detail recognition capability even in work areas 
with more complex geological conditions.

The experimental results above demonstrate that the 
proposed sparse pulse deconvolution method, based on 
Ada-LISTA and a physics-driven self-supervised objective 
function, exhibited excellent generalization capability 
and stability across diverse geological backgrounds and 
resolution conditions. It effectively restored weak reflection 
signals and enhanced seismic data resolution, thereby 
possessing significant practical application value.

4. Discussion
This study developed a sparse spike deconvolution method 
based on the Ada-LISTA network architecture. The method 
effectively improved the shortcomings of the traditional 
ISTA algorithm in recovering weak reflection coefficients 
and notably boosted the algorithm’s overall processing 
performance by introducing a self-supervised objective 
function and integrating an adaptive learning mechanism, 
based on the Ada-LISTA architecture. It dynamically adjusts 
threshold and step size parameters through an adaptive 
learning mechanism, thus effectively overcoming the 
deficiencies of traditional ISTA in recovering weak reflection 
coefficients. Meanwhile, in response to the actual needs 
of seismic data processing, the self-supervised objective 
function was incorporated into the model optimization 
process, enabling it to better express and recover weak 
reflection signals under complex geological conditions 
without the need for labeled data. Compared with LISTA 
and its variants, this method uses the dictionary as the 
network input, further enhancing the model’s adaptability 
to different scenarios. It performed exceptionally well in 
processing weak reflection signals, demonstrating stronger 
generalization performance and practical effects.

Figure  13. Spectrum analysis of the Minghuazhen Formation in an 
oilfield within the Bohai Bay Basin, China
Abbreviations: Ada: Adaptive; ISTA: Iterative shrinkage-thresholding 
algorithm; L: Learned.

Figure 14. Field seismic data of the second work area.
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To evaluate the performance of the proposed approach, 
comparative experiments were conducted against 
traditional ISTA and LISTA. The results demonstrated 
that Ada-LISTA, which incorporated a self-supervised 
learning mechanism, exhibited superiority across multiple 
testing scenarios. In tests with simulated seismic data, 

this method not only enhanced the recovery accuracy 
of reflection coefficients but also performed excellently 
in thin layer identification and weak reflection signal 
enhancement. In noise resistance experiments, it can still 
effectively extract reflection coefficients even under low 
SNR conditions, showing stronger robustness and stability. 

Figure 15. Deconvolution results of the second work area. (A) Iterative shrinkage-thresholding algorithm (ISTA). (B) Learned ISTA (LISTA). (C) Adaptive 
LISTA.
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These experimental findings robustly demonstrated the 
efficacy of the proposed approach when applied to complex 
seismic data.

The proposed method exhibited significant advantages 
in recovering weak reflection coefficients. Compared with 
the inversion with elastic-net regularization,42 which relies 

Figure  16. Amplified view of local details from the deconvolution results of the second work area. (A) Field seismic data. (B) Iterative shrinkage-
thresholding algorithm (ISTA). (C) Learned ISTA (LISTA). (D) Adaptive LISTA.
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heavily on prior model constraints during the recovery 
of weak reflection signals, the method achieved accurate 
recovery of weak reflection coefficients without labeled 
data through a self-supervised objective function and 
an adaptive dictionary update strategy. Basis pursuit 
denoising in the joint time–frequency domain43 improves 
time–frequency resolution via basis pursuit denoising 
technology, but suffers from high parameter sensitivity. 
In contrast, our proposed method adopted an adaptive 
learning mechanism to realize dynamic parameter 
adjustment, which effectively enhanced the ability to 
extract weak reflection signals under different geological 
scenarios. The seismic wavelet shape-oriented reflectivity 
inversion44 method performs optimization based on prior 
assumptions of waveform shapes, and its performance is 
easily constrained. In contrast, the proposed approach 
integrated a deep-learning-based framework with 
geophysical prior knowledge and further improved 
recovery accuracy and adaptability through optimized 
objective function design. Extragradient-based LISTA24 
improves model performance through residual structures 
and modified threshold functions, but still has limitations 
under complex geological conditions. Our proposed 
method further integrated residual structures with deep 
learning methods, fully exploited geophysical prior 
information, and significantly enhanced the identification 
and recovery effects of weak reflection signals.

Application of the proposed method to real seismic 
data demonstrated that Ada-LISTA, combined with a self-
supervised learning mechanism, significantly improved 
the resolution of seismic sections, thereby verifying its 
practical effectiveness. However, the method still has 
several limitations in practical applications. Wavelet phase 

shift can introduce non-negligible errors in deconvolution 
accuracy, especially when the zero-phase assumption 
deviates from actual conditions, leading to waveform 
distortion. To mitigate such errors and waveform 
distortion, Chen et  al.45 proposed that envelope-based 
sparse constraints can enhance wavelet stability, and also 
demonstrated that full-band data reconstruction is effective 
in addressing wavelet instability during inversion.46

The current noise robustness evaluation was limited to 
Gaussian random noise, which differs from real seismic 
scenarios where coherent noise and non-stationary noise 
are prevalent. These complex noise types can mask weak 
reflection signals and degrade inversion consistency 
more severely than Gaussian noise. Meanwhile, the 
balance coefficients A and B and adaptive parameters in 
the self-supervised objective function have demonstrated 
favorable performance for the actual seismic data used 
in this study. They may show reduced adaptability when 
applied to data with distinct geological backgrounds or 
signal characteristics due to the variability of subsurface 
structures. In addition, the multi-level iteration of Ada-
LISTA requires adaptive updates of thresholds, step 
sizes, and weight matrices for each layer, which increases 
computational complexity for large-scale seismic surveys. 
Runtime comparison with ISTA and LISTA on the 
field data showed that Ada-LISTA takes approximately 
1.5  times longer than LISTA due to adaptive parameter 
learning. High sampling rates can further amplify this 
burden, potentially limiting the method’s practicality in 
time-sensitive large field projects. This runtime increase 
is manageable for medium-scale surveys but necessitates 
targeted optimization for field-scale applications.

Although the sparse spike deconvolution method 
constructed based on Ada-LISTA has achieved significant 
progress in several aspects, the model relies on the integrity 
and variety of the input datasets. Its computational 
efficiency may be affected when processing extremely high 
sampling rates or extremely complex geological structures. 
In this study, a self-supervised objective function was 
introduced into the Ada-LISTA framework, enabling the 
model to achieve adaptive optimization without labeled 
data and effectively expanding the application scope.

To address these limitations, future research should 
focus on multiple aspects. Researchers can integrate 
more sophisticated deep learning frameworks to enhance 
processing performance and computational efficiency. 
Adaptive parameter-tuning strategies, tailored to diverse 
data scenarios, can be explored to improve the model’s 
generalization capability. Additionally, multi-task learning 
and transfer learning can be employed to increase the 
model’s adaptability to different geological conditions. To 

Figure 17. Spectrum analysis of the second work area
Abbreviations: Ada: Adaptive; ISTA: Iterative shrinkage-thresholding 
algorithm; L: Learned.
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bolster robustness against various types of seismic noise, 
noise-specific suppression strategies can be integrated with 
adaptive learning mechanisms. Furthermore, lightweight 
network design and iterative pruning can be adopted 
to balance inversion performance with computational 
efficiency while maintaining high accuracy. Collectively, 
these advancements aim to address the challenges posed 
by the complexity and diversity of seismic data, which 
demand superior generalization from the model.

5. Conclusion
An enhanced seismic sparse spike deconvolution method 
was developed by integrating a self-supervised learning 
mechanism into the Ada-LISTA architecture. This method 
dynamically optimized threshold and step size parameters 
while refining the objective function by incorporating 
geophysical prior knowledge. It not only markedly 
strengthened the capability to recover weak reflection 
signals but also further elevated the model’s interpretability 
and adaptability. Simultaneously, by utilizing the 
dictionary as input data, the model’s adaptability to diverse 
geological scenarios was effectively enhanced, successfully 
surmounting the limitations of traditional methods 
when addressing complex geological conditions. Applied 
to real seismic data from the Bohai Bay Basin, China, 
this approach demonstrated significant advantages in 
enhancing the resolution of seismic profiles. It effectively 
remedied the deficiencies of the traditional ISTA algorithm 
in the recovery of weak reflection signals, offering reliable 
technical support for the detailed interpretation of complex 
geological bodies.
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