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Abstract

Deconvolution is a critical technique for improving seismic data resolution. It eliminates
the filtering effects of the seismic wavelet to obtain reflection coefficients. However, decon-
volution is a highly ill-posed problem, making accurate recovery of reflection coefficients
challenging. Traditional methods obtain a stable solution to ill-posed problems by incorpo-
rating explicit model-based priors based on simplified assumptions. However, they often
struggle to produce satisfactory results in complex geological environments or with noisy
data. Although deep learning methods can effectively enhance deconvolution results by
learning implicit priors from training data, they also suffer from certain limitations, such
as generalization problems. Diffusion models offer a novel approach to acquiring prior
information, known as generative priors. They directly model the approximate probability
distribution of reflection coefficients by training a denoiser and learning to generate reflec-
tion coefficients from random noise. This denoiser provides the diffusion model with inher-
ent robustness to random noise. We propose a 2D seismic deconvolution diffusion model
(SeisDPS) that combines generative priors with model-based priors to achieve more accu-
rate and high-fidelity reflection coefficients. However, existing diffusion-based deconvolu-
tion methods typically focus on processing 2D data, and even a few recent 3D approaches
are computationally expensive. Then, building upon SeisDPS, we propose an algorithm
for 3D seismic deconvolution (SeisDPS-3D). This 3D algorithm applies SeisDPS to one
direction (e.g., inline profiles using SeisDPS) while applying unconditional sampling to
the other (e.g., crossline profiles for continuous sampling correction) and vice versa. This
unconditional sampling uses the prior information learned by the 2D diffusion model as
3D lateral constraints in orthogonal directions, thereby effectively improving the spatial
continuity of the 3D deconvolution results. Under the same conditions, compared to the 2D
diffusion model using slice processing, our method only increases the memory consump-
tion by 5%. Our method is trained solely on 2D synthetic reflection coefficients. It dem-
onstrates superior results to the sparse-spike inversion method on 3D synthetic and field
datasets. Experimental results show that our method exhibits greater robustness to noise
and improved spatial continuity.
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1 Introduction

Convolution models represent seismic data as the convolution of seismic wavelets and
reflection coefficients, effectively providing a fundamental framework for representing
seismic traces (Robinson 1957). Deconvolution aims to eliminate the filtering effects of
seismic wavelets to obtain reflection coefficients, thereby enhancing seismic data resolu-
tion. Moreover, deconvolution is also often called equalization as it guarantees that all
seismograms represent responses with equal residual source functions. However, decon-
volution is often a highly ill-posed problem. First, due to the filtering effect, seismic data
inherently possesses a limited bandwidth (Ricker 1953). The loss of high-frequency infor-
mation makes it challenging to uniquely recover reflection coefficients (Backus and Gilbert
1968; Claerbout 1971; Claerbout and Muir 1973; Claerbout 1976). Second, seismic data
are invariably contaminated by noise. Noise introduces uncertainty and can be amplified
during deconvolution, making the deconvolution solution unstable. Third, approximate
forward operators simplify the complex physics of seismic wave propagation to improve
computational efficiency. However, this introduces modeling errors, which further exacer-
bate the ill-posedness. Introducing accurate prior information provides an effective way to
mitigate ill-posedness.

Traditional methods rely on explicit, simplified mathematical models, introducing
explicit prior information to mitigate the ill-posed nature of deconvolution. Early decon-
volution methods rely on assumptions like reflection coefficients following a white noise
distribution and the seismic wavelet being minimum-phase. Robinson (1957) first pro-
poses deconvolution methods; building upon Robinson’s work, several other deconvolution
methods were proposed, including predictive deconvolution (Peacock and Treitel 1969),
least-squares deconvolution (Berkhout 1977), and minimum/maximum entropy decon-
volution (Burg 1972; Wiggins 1978; Sacchi et al. 1994), homomorphic deconvolution
(Ulrych 1971), and lp (0 <p > 1) sparsity constraints (Debeye and van Riel 1990; Tay-
lor et al. 1979; Sacchi 1997; Chopra et al. 2006; Zhang and Castagna 2011; Gholami and
Sacchi 2012). However, the simplified assumptions underlying these traditional methods
often lead to incomplete or inaccurate prior information, consequently limiting their per-
formance. Therefore, acquiring more accurate prior information is crucial for better decon-
volution results. Furthermore, traditional methods typically operate trace-by-trace, neglect-
ing the inherent spatial continuity of seismic data and resulting in poor lateral continuity
in deconvolution results. Although subsequent studies introduce multi-trace deconvolu-
tion methods (Zhang et al. 2013; Kazemi and Sacchi 2014; Hamid and Pidlisecky 2015;
Gholami 2016), these approaches typically rely on adjacent or a limited number of seismic
traces, such as three or five traces (Porsani and Ursin 2007; Li et al. 2016). While this
strategy improves lateral continuity to some extent, it remains insufficient for capturing
long-range correlations between traces, especially those separated by significant distances
or involving complex relationships across multiple traces. Additionally, traditional decon-
volution frameworks are primarily designed for 2D seismic data, and algorithms capable of
direct application to high-dimensional data remain scarce.

In recent years, deep learning techniques have driven the development of numer-
ous deep learning-based techniques for seismic data deconvolution (Araya-Polo et al.
2018; Chai et al. 2021). Unlike traditional methods relying on explicit mathematical for-
mulations, deep learning-based deconvolution methods acquire prior knowledge directly
from data. These learning-based approaches can be categorized based on their learning
paradigms as supervised, unsupervised, and semi-supervised, as summarized in Table 1.
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Supervised learning learns an implicit prior from paired training samples and can learn
complex non-linear mappings, achieving satisfactory performance when trained on large
and representative datasets (Zhang et al. 2021; Wu et al. 2021). However, the scarcity of
high-quality labels in real field seismic datasets often leads to significant generalization
issues. To mitigate the reliance on labeled data, unsupervised learning methods aim to
implicitly learn prior knowledge from the inherent statistical properties and structural pat-
terns present within the unlabeled training seismic data itself (Wang et al. 2022). How-
ever, the absence of labels leads to a lack of clear evaluation criteria, which can cause
the training process to converge to non-global optima, potentially resulting in suboptimal
performance. Consequently, the performance of unsupervised learning may be lower than
that of supervised methods. Self-supervised learning is a specialized form of unsupervised
learning. It generates pseudo-labeled data from large amounts of unlabeled data through
carefully designed pretext tasks and subsequently trains the model in a manner analo-
gous to supervised learning (Wu et al. 2025). The quality of the automatically generated
pseudo-labeled data plays a crucial role in determining the final performance of the model.
Semi-supervised learning offers a balanced approach by utilizing a small amount of labeled
data with a larger quantity of unlabeled data. They often incorporate domain-specific prior
knowledge, such as information derived from well-logging data, to constrain the deconvo-
lution process (Alfarraj and AlRegib 2019; Chen et al. 2021; Liu et al. 2025). The labeled
data trains an initial model, while abundant unlabeled data allows the model to capture the
underlying data distribution and characteristics better, thus enhancing the robustness of the
deconvolution model. Beyond leveraging real field seismic and well-logging data, synthetic
data is also explored as a valuable source for acquiring prior knowledge (Torres and Sacchi
2023). Although leveraging synthetic data effectively enhances generalization, the model’s
distribution must be re-generalized to adapt to different real-world datasets. Despite the
diverse strategies employed by these learning-based methods to acquire prior information,
they consistently demonstrate superior accuracy and robustness compared to traditional
approaches (Chai et al. 2021; Gao et al. 2021; Chen et al. 2023; Rahman et al. 2024). Nev-
ertheless, most existing deep learning approaches are also applied to 2D seismic data.
Diffusion models implicitly learn generative priors by directly modeling the approxi-
mate probability distribution of reflection coefficients through training a denoiser (Sohl-
Dickstein et al. 2015; Song and Ermon 2019; Ho et al. 2020). This paradigm shift in
acquiring prior information offers significant advantages, notably the ability to train the
diffusion model using solely clean reflection coefficient data, thereby circumventing the
requirement for paired data-reflectivity training samples often needed in supervised learn-
ing. Furthermore, this denoiser guides random noise during the generation process towards
regions more consistent with the prior distribution, endowing the diffusion model with
inherent robustness to random noise. This generative process allows for the introduction of
additional prior information through the use of specific sampling algorithms (Daras et al.
2024), such as ILVR (Choi et al. 2021) and diffusion posterior sampling (DPS) (Chung
et al. 2022), effectively alleviating the result non-uniqueness in unconditional sampling
approaches such as denoising diffusion probabilistic models (DDPM) (Ho et al. 2020).
For example, Yu et al. (2025b) successfully applies diffusion models to 2D seismic data
deconvolution by employing DPS. This model effectively integrates observed data into
the sampling process, providing guidance and constraints on the deconvolution results and
demonstrating enhanced generalization capabilities with satisfactory outcomes. Although
DPS introduces additional prior information into the sampling process of diffusion mod-
els, diffusion models excel at learning complex nonlinear features and therefore tend to
fit such complexities when constructing approximate prior distributions. This tendency
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can consequently lead to potentially generating artifacts in regions characterized by sim-
pler, more regular structures, such as Fig. 5a. Therefore, building upon Yu et al. (2025b),
we propose a novel 2D seismic deconvolution diffusion posterior sampling model (Seis-
DPS). This method introduces a generative prior learned by the diffusion model, which
can achieve more accurate and high-fidelity reflection coefficients when combined with an
explicit prior. However, even with these improvements, SeisDPS remains fundamentally a
2D method that can only handle 2D seismic data.

Although diffusion models have shown potential in deconvolution, the effective appli-
cation remains limited to 2D data. The application of 3D seismic data remains a largely
unexplored area. Three-dimensional data provides detailed mapping and characterization
of intricate geological features from various perspectives, which is essential for accurately
assessing the size, shape, orientation, and internal heterogeneity of reservoirs, faults, and
other structures of interest. In contrast, 2D data only provides a limited 2D perspective,
and using simple 2D processing may lead to a loss of crucial information about the true 3D
geometry and spatial relationships of subsurface features. Therefore, given the inherently
3D nature of subsurface geological structures, a method capable of directly handling 3D
data is essential.

There are two main approaches for applying diffusion models to 3D data: 2D diffusion
applied to 3D data and 3D diffusion that directly learn the prior distribution of the 3D
space. Although current technologies have made 3D data modeling easier, they require
significant time and computational costs. For example, Yu et al. (2025a) employed dif-
fusion models for 3D data modeling, and even with 8 NVIDIA A100 GPUs for training,
it still took 21 days. Furthermore, testing with 6 GPUs also required 30 min, highlighting
the significant challenges in terms of computational resources and time. In contrast to the
direct 3D approach, the second strategy involves initially slicing the 3D data into a series
of 2D slices, processing each slice independently using a 2D diffusion model, and sub-
sequently reassembling the processed slices in their original order. Although this method
offers a pathway to address 3D problems with lower computational demands, it inherently
neglects the spatial continuity of 3D data, often resulting in artifacts and diminished lat-
eral coherence in the results. To address the discontinuity issue between processed slices,
Chung et al. (2023) used total variation to enhance the continuity of adjacent slices in the
orthogonal dimension. While this strategy can effectively smooth the processed 3D data
and improve local consistency, it primarily considers dependencies between neighboring
slices. It does not fully capture the intrinsic spatial continuity of 3D data. Therefore, the
development of an effective new solution is essential to overcome these limitations and
enable the efficient processing of 3D data in the field of seismic deconvolution.

Therefore, based on SeisDPS, we propose an algorithm for 3D deconvolution (SeisDPS-
3D). This method performs SeisDPS on the inline profile and uses unconditional sampling
on the crossline profiles probabilistically or with fixed frequency to correct the sampling
process continuously and vice versa. The inline profile is typically chosen for SeisDPS
because the crossline spacing is often smaller than the inline spacing in real-world data,
allowing for finer spatial information to enhance the overall 3D deconvolution. Compared
to the simple total variation constraint (Chung et al. 2023), the prior information-based
constraints help the model produce more geologically realistic solutions. By adding mini-
mal additional memory to the 2D slice processing, we achieved 3D data deconvolution,
effectively addressing the memory consumption challenge of processing 3D problems and
significantly improving the spatial continuity of the deconvolution results. Moreover, we
train only on 2D synthetic reflection coefficient data and can achieve robust performance
across multiple datasets by fine-tuning the model’s hyperparameters. In addition, multiple
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experimental results further demonstrate the proposed method’s robustness to noise, supe-
rior generalization capability, and satisfactory spatial continuity of the inversion results.

2 Method
2.1 Score-Based Diffusion Model

Diffusion models, as one of the most advanced generative models currently, learn to model
the probability distribution of training data via the forward process. Following training,
they leverage the reverse process to generate data resembling the training data distribution.

The currently popular diffusion model was first proposed by Ho et al. (2020), and later,
Song et al. (2020) extended this model by defining it through stochastic differential equa-
tions (SDE). In the forward process, given a target data x, ~ p,, noise is progressively
added over T time steps, gradually transforming the data into a simple standard Gaussian
distribution x; ~ A(0, I). The forward process is defined as follows:

dx=—%xdt+ \/B.dw (1)

where f, is the noise schedule of the process. It is typically defined as a linear function that
increases monotonically with respect to time ¢. Generally, f, is set to rise linearly from 10~
to 0.02 over time ¢ (Ho et al. 2020). Additionally, w denotes the standard Wiener process
(a.k.a., Brownian motion).

We aim to reconstruct the approximate distribution of the original data from Gaussian
noise. This process is represented by the corresponding inverse SDE as follows (Anderson
1982):

dx = —%x - BV, logp,(x,)|dr + \/B.dw, )
where dt corresponds to time running backward and dw to the standard Wiener process
running backward.

To solve the inverse time stochastic differential equation similar to Eq. 2, it is important
to determine the time-dependent score function Vx’ logp, (x,). This term can be approxi-
mated using the neural network s,, which is trained using denoising score matching (DSM)
(Vincent 2011):

0" =argminEy |, [llso(x,. 1) =V, log plxlxo)lI3]. 3)

By substituting s,.(x,, 1) for V, logp,(x,) in Eq. 2, the sampling results can be obtained
recursively.

2.2 Diffusion Posterior Sampling

Diffusion posterior sampling (DPS), proposed by Chung et al. (2022), effectively introduces
additional prior information by incorporating observed data into the sampling process, thus
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further constraining the solution space. The general forward model of an inverse problem is
defined as follows:

y=Ax) +e, 4)

where A(-) represents the forward measurement operator and e¢ denotes the measurement
noise, which is assumed to follow a Gaussian distribution. According to Bayes’theorem,
the term V, logp, (x,) in Eq. 2 can be reorganized and rewritten as:

V. logp,(x,ly) =V, logp,(x,) + V, logp,(ylx,). (5)

Since V, logp, (xt) is determined solely by the distribution of the training data, the pre-
trained s,. (x,,) is used to substitute the unconditional score term V, logp,(x,). Thus,
Eq. 5 can be rewritten as:

v, logp,(x,ly) = sy (x,.1) + V, logp,(ylx,). ©6)

Since the term er logp, (y|xt) depends on time t and there is no clear direct relationship
between y and x,, the primary challenge is to approximate the term Vx’ logp, (ylxt). To
address this issue, Chung et al. (2022) proposed an approximation method:

V, logp,(ylx,) = V, logp,(y|%(x,)), %)

where % (x,) emphasizes that £, is a function of x,. Under Gaussian noise, based on
Tweedie’s denoising estimate (Efron 2011), equations 6 and 7 are integrated as follows:

2

®)

Vx, lng[(x, |)’) = Spx (xt’ [) - Ctvx, y — A(j‘lo) ”2’
where §, =1/ “ y — A(fco) ”2 is the step size, and # is a hyperparameter that controls the step
size, allowing for adjustments in the iterative process. The algorithm samples from the pos-
terior distribution, with the algorithmic flow as shown in Algorithm 1. To simplify the cal-

culation, definea, =1 — f,and a, = H;zo a, (Ho et al. 2020).

Algorithm 1 DPS

Require: T7 Yy, {Ct}iv=l7 {O—t}ivzh S

1. T ~ ./\/‘(07 I)

2: fort=1T,...,1 do

32 z~N(OI)ift>1, else 2=0

4: i:o — \/% (il?t + (1 — dt)89 (lit, t))

5: Th_g Mf:@f"’”wt + ?i};f” Lo+ o2
6 xp1 4wy — Vg, |y — A@o)3

7. end for

8: return x,
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2.3 Improved DPS for Seismic Deconvolution

Deconvolution is based on the assumption of the convolution model (Robinson 1957), where
the seismic trace can be represented as the convolution of the reflection coefficients and a seis-
mic wavelet. The forward model is generally expressed as follows:

D=L(M)+e. )

where M represents the reflection coefficients, D is the observed seismic data, ¢ denotes an
unknown data error represented as additive noise, and £(:) is a forward operator.

In the convolution model, no specific assumption is made about the seismic wavelet,
which may either be time-invariant or time-varying. In this paper, the seismic wavelet is
assumed to be time-invariant and known or at least well approximated as a preliminary
step (Ulrych et al. 1995). While a more realistic model entails an unknown and non-
stationary propagating wavelet, this simplification serves as a good approximation. As
a specific realization of the general forward operator A(-) in Eq. 4, the forward opera-
tor L(-) is represented as a Toeplitz matrix formed by the seismic wavelet, where L; is
given as follows:

.= ri_j+1 lZ‘]
L, { i (10)

where r;_;,, refers to the (i —j + 1)th sample point of the seismic wavelet. This means that
we need to estimate the seismic wavelet in advance.

Although DPS provides more prior information to the diffusion model’s sampling
process, its application to certain datasets may inadvertently introduce artifacts, such as
Fig. 5a. A plausible explanation is that diffusion models, owing to their proficiency in
learning intricate nonlinear features, tend to overfit these complexities when constructing
an approximate prior distribution, potentially generating artifacts in regions characterized
by simpler, more regular structures.

To address these issues, we introduce a sparse explicit prior based on the assumption
that subsurface interfaces are typically sparsely distributed. Combining this sparsity-
explicit prior with the complex implicit prior learned by the diffusion model ensures that
the generated reflection coefficients are more realistic. This approach enables high-resolu-
tion deconvolution in both complex and simple subsurface regions. Specifically, we intro-
duce 7, regularization to implement the sparse constraint. The £, regularization facilitates
the reconstruction of sparse subsurface structures, such as subsurface interfaces or strati-
fied features. Furthermore, introducing this additional constraint helps alleviate the ill-pos-
edness inherent in deconvolution and reduces the risk of overfitting. The £, regularization
introduces a constraint on the reflection coefficients by incorporating their #,-norm into the
objective function, as defined below:

: 2
min [|D — LVDII; + £[IMIl;, (11)
where & denotes the regularization parameter.

To enhance the sparsification process, a soft threshold operation is introduced. Soft
thresholding is a nonlinear method for promoting sparsity. Moreover, this operation can
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also remove small-amplitude random noise. For a signal M, the soft thresholding operation
is defined as follows

S(M, 1) = sign(M) - max(|M]| — 4, 0), (12)

where A represents the threshold, sign (-) denotes the sign function. Finally, we redefine the
sampling process at each step based on DPS, starting with soft thresholding:

M, — SOV, ). (13)
Then, the processed M6 is used as the new M, for the next step, resulting in M,_;:
M, | «M/_ =V D= LOVI; — EVy IV, (14)

The improved algorithm is called SeisDPS, and the algorithmic flow is illustrated in
Algorithm 2.

Algorithm 2 SeisDPS

Require: T7,D, L € R*** {GHY | {oe} 1 N & sp
1 My ~ N(0,1) € R7%¢
2: fort="T,..., 1 do
3 Z~N©OI)ift>1, else Z=0
4 My va_t (M + (1 — @)sp (M, t))
5 M, YELEe DN, o VBN 46,7,
6 M)« S(Mj, \) . .
7 My My = GV D — L(Mp) |13 = £V, M1
s: end for
9: return M)

2.4 Solving 3D Deconvolution with 2D Diffusion Models

For a 3D seismic data D € R™*_ the considerable computational demand of direct 3D
deconvolution, particularly in terms of GPU memory, presents a significant challenge. A
widely adopted strategy involves slicing the data and independently applying 2D decon-
volution along the inline or crossline profiles, followed by sequential reconstruction of
the data. However, this approach neglects the intrinsic spatial continuity of the 3D data,
leading to suboptimal results with degraded continuity in the other orthogonal spatial
dimension. Chung et al. (2023) uses total variation (TV) to smooth adjacent slices in the
orthogonal axis. Although this strategy can effectively smooth the processed 3D data
and improve local consistency, it primarily considers dependencies between neighbor-
ing slices. It does not fully capture the intrinsic spatial continuity of 3D data.

Inspired by the work of Lee et al. (2023), we adopt an alternating sampling approach
to process 3D data using a 2D diffusion model. Distinct from the approach of Lee et al.
(2023), which requires two separate models, our framework leverages a single unified
model for sampling. This is attributed to the inherent characteristics of seismic data,
where the inline and crossline profiles share consistent distributions, enabling the
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employment of a single underlying model to unify them. Moreover, @ and b induce
weighting between the two distributions according to their importance. In the case of
unconditional sampling, the process can be formally expressed as follows:

Vy logp(X)) = aV y log qP(x) + bV x log q'9x)

y x
=a 2 VX, log q([)(XtJ:J,:]) +b Z VX, log ‘Z(C)(Xr,[i,:,:]) 15)
j=1 i=1

y x
() )
=a Z Sp (Xip ) +0 Zsa (Xegi )
= i=1

where A, |. ., and &, ;. ., denote the j-th inline slice and the i-th crossline slice of A&;,
respectively. Both a and b are weights, while g and ¢(© represent the modeling of slices
along different profiles (inline and crossline, respectively), but both are derived from the
same underlying model. The corresponding sampling equation is as follows:

{ sy (X, P=a/(a+b) 6

Zs;C)(Xz,[i,:,:]), Q=b/a+b)’

where P and Q denote the probability of performing the sampling step. Notably, P and Q
can be defined using either a stochastic mechanism or a structured interval-based approach
to balance computational efficiency with spatial continuity.

We introduce a dual strategy (SeisDPS-3D) to improve generation quality. This algo-
rithm applies SeisDPS constraints along inline profiles while using unconditional diffusion
in crossline profiles. This unconditional sampling leverages the prior information learned
by the 2D diffusion model as 3D lateral constraints in orthogonal directions, address-
ing the issue of poor spatial continuity in the crossline profile caused by the inline sam-
pling emphasis. In this paper, the inline profile is selected as the main profile because the
crossline spacing is often smaller than the inline spacing in real-world data, allowing for
the use of finer spatial information to enhance the overall 3D deconvolution. Sampling is
performed using a structured interval-based approach, and a hyperparameter K is intro-
duced to control the frequency of this improvement. We define the remainder when the
time step ¢ is divided by K as ¢. For example, when K = 3, every three SeisDPS steps
along the inline profile are corrected by one unconditional sampling step in the crossline
profile. This approach balances quality across profiles while maintaining computational
efficiency. Specifically, in contrast to the profile-by-profile method, where complete sam-
pling is performed on a single slice before stitching, the enhanced algorithm performs con-
sistent sampling steps across multiple slices, followed by stitching them into complete 3D
data before initiating the next iteration of sampling. The complete procedure of SeisDPS-
3D is detailed in Algorithm 3, while the sampling process workflow is illustrated in Fig. 1.
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Algorithm 3 SeisDPS-3D

Require: T,D € R®*Y*t £ e R** Lo}V (G 1,6, K, A, 50
1. My ~N(0,I) € R¥*yxt
2: fort=1T,...,1do

5 Z~N(OI)ift>1, else Z=0

4: ¢ <+ tmod K

5: if ¢ # 0 then

6: for iin1: 2 do > processing (y, t) slices
7 M; + Mt[i, s I]

8: ]?1 (*,D[i,l,i}

o: Mg J% (M; + (1 — a@;)se (M4, t))

10: LY A | AEEUESED, V A 3/

11: M6 <—S(M07>\)

12: Mg+ M, | — VM, ||Di — E(Mé)H% — £V, MGy > SeisDPS
13: M1, ::] — My

14: end for

15: else

16: for jin1l:y do > processing (z,t) slices
17: M, Mt[Z,j, Z]

18 L (Mt - \}%se(Mt,t)) t o Z > DDPM
19: Mtfl[I,j, Z] — M; 4
20: end for
21: end if

22: end for
23: return M,

3 Experiment

This section first demonstrates the feasibility of the proposed two methods using 2D and
3D synthetic data, respectively. Then, we evaluate the effectiveness of our method using
field data sets. In addition, we choose the sparse spike deconvolution method for compari-
son to verify our method, which is implemented using the fast iterative shrinkage thresh-
olding algorithm (FISTA) (Beck and Teboulle 2009). We will refer to this deconvolution
method as FISTA. FISTA is a more general method for #, regularization of linear inverse

problems.

3.1 Synthetic Data Experiment

3.1.1 Synthetic Training Data Construction

We first generated a noise-free 2D reflectivity training data set containing 5000 samples,
each with dimensions of 288 X 992, representing 288 traces, each containing 992 time
points with a sampling interval of 2 ms. This data set is carefully modeled to capture the
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Training data Forward Diffusion
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& + SeisDPS
Judgment 1

<= =7 e

1/
R(M;(-1)|M;(),D;)
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My

Fig. 1 The workflow of SeisDPS-3D. In the forward process, the training data is transformed by adding
noise to a random Gaussian distribution. In the reverse generation process, a 3D Gaussian noise volume
(M) of dimensions identical to the original data (D) is initialized. Following each sampling, a conditional
branching is executed: 1) If ¢ # 0, M, and D are sliced along the inline direction. Then, perform a single
SeisDPS step. Upon completion of sampling, the inline slices are reconstructed in their original sequence
to produce M,_;. 2) If ¢ = 0, M, is sliced along the crossline direction, and a single unconditional DDPM
step is applied to mitigate the issue of poor continuity in the crossline profiles due to the use of the inline
profiles as the primary profiles. After sampling, the crossline slices are reconstructed in their original
sequence. Subsequently, sampling iterations are conducted to obtain the final result M,

features of actual geological structures, including fault structures, horizontal layers, and
curved strata. A portion of the data from the dataset is presented in Fig. 2.

In addition, a reflection coefficient with richer information is selected to generate seis-
mic records for subsequent tests, as it better represents real-world data. The 2D synthetic
reflection coefficients have dimensions of 256 X 512, including 256 traces, each containing
512 time points. It is then convolved with a 30 Hz Ricker wavelet to generate synthetic
seismic data. We utilize the Ricker wavelet (Hosken 1988; Gholamy and Kreinovich 2014)
because of its versatility. Figure 3 shows the process of generating synthetic seismic data,
where (a), (b), and (c) represent reflection coefficients, Ricker wavelet, and synthetic data,
respectively.

3.1.2 Training and Parameter Setting

In the experiment, 90% of the data set is used for training, and the remaining 10% are
reserved for testing. Before training, each dataset is randomly cropped to a patch of 256 x
256 samples. The number of iterations, 7, in the forward process is set to 1000. The Adam
optimizer (Kingma et al. 2014) is selected as the optimization algorithm with a learning
rate of 10™*. The training phase is conducted on an NVIDIA GeForce RTX 3090 GPU
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Fig.2 A portion of the data in the training dataset
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Fig.3 Seismic data synthesis process. a, b and c represent the reflection coefficients, the Ricker wavelet,
and the synthetic data, respectively

for 1,000,000 steps. All models used in subsequent experiments are based on this data set
(including 2D, 3D, synthetic, and field data).

3.1.3 2D Data Experimental Results

Our initial evaluation is performed on noise-free synthetic data, with results detailed in
the Supplementary Materials due to space limitations. Figure 28 demonstrates the efficacy
of the SeisDPS method. Single-trace results and multi-trace normalized average amplitude
spectra are further presented in Figs. 26 and 27, respectively.

Although real poststack seismic data generally exhibit a high signal-to-noise ratio
(SNR), they inevitably contain residual noise. To evaluate the robustness of the proposed
method, we augment clean synthetic data with noise at a fixed SNR. We add a noise matrix
N to the clean signal D such that Dy, = D + N. For this, we adopt the definition
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D13
R=——>, (17)
7*1INIIS

where y is a scalar that determines the desired SNR, and N is sampled from a standard
normal distribution. For a quantitative evaluation of the results, we calculate the recon-
struction Structural Similarity Index Measure (SSIM), Mean Squared Error (MSE), and
accuracy

M]3

Accuracy (dB) = 10log;) ———,
|IM - M#||3

(18)

where M and M* are the true and inverted reflectivity models, respectively.

In this section, due to the added noise, the step size # is set to 0.5, and the hyperparam-
eters of A and & are both set to 0.01 to encourage the generation of sparse solutions. In the
FISTA algorithm, the regularization parameter 4 is determined using the y? criterion (Hen-
nenfent et al. 2008) to ensure the data residual aligns with the noise level, rather than being
set to a fixed value. The iterative process terminates when either the maximum number of
iterations Kj,, of 500 is reached, or the convergence tolerance falls below 107>, The choice
of hyperparameters for the SeisDPS method is discussed in the discussion section.

The sensitivity of the proposed method to noise is evaluated by varying SNRs and
injecting random noise based on the SNR definition. The results are summarized in
Table 2. The FISTA algorithm is observed to be highly sensitive to noise, with accuracy
deteriorating significantly as the SNR decreases. In contrast, the SeisDPS method exhibits
only a slight decrease in accuracy, maintaining consistently high SSIM values and consist-
ently low MSE values. These findings are further supported by Fig. 4, which shows that
the SeisDPS method can reconstruct complete reflectivity coefficients even under extreme
SNR conditions as low as 3 dB, albeit with minor detail loss. In contrast, the FISTA algo-
rithm shows a marked increase in noise as the SNR decreases. Therefore, quantitatively
and visually, the proposed SeisDPS method exhibits significantly greater noise robustness
than the FISTA algorithm.

Moreover, to demonstrate the effectiveness of incorporating sparse regularization and
soft thresholding, we compared the results obtained using only the DPS method and those
achieved with SeisDPS. As outlined in Algorithm 1, DPS relies on a single hyperparam-
eter. We ensure that this hyperparameter equals SeisDPS (# = 0.5) for a fair comparison.
The only distinction between SeisDPS and DPS is that SeisDPS includes sparse regulariza-
tion and soft thresholding. The comparison results are presented in Fig. 5. Although the
DPS method can reconstruct the results well, it contains more artifacts, especially within
the yellow box. Compared to the true reflection coefficients shown in Fig. 3a, the results of
SeisDPS are notably superior to those obtained by DPS alone. This further illustrates that
the introduction of sparse regularization and soft thresholding can significantly improve
the deconvolution results, producing more satisfactory outcomes and validating the effec-
tiveness of the proposed SeisDPS method.

Finally, we further demonstrated the robustness of the SeisDPS method to different seis-
mic wavelets and varying wavelet frequencies. We ensure that only the seismic wavelet or
its frequency varies in each test. Results are presented in Figs. 29-32 of the Supplementary
Materials. These results indicate that the SeisDPS method applies to diverse seismic wave-
lets without specific frequency requirements.
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Table 2 The impact of different input SNRs on output Accuracy (dB), SSIM, and MSE

SeisDPS FISTA
SNR (dB) Accuracy SSIM MSE Accuracy SSIM MSE
21 3.40 0.8521 8.97e-4 3.52 0.8329 8.26e-4
18 3.35 0.8477 9.13e-4 3.34 0.8211 1.202e-3
15 3.31 0.8141 9.21e-4 2.02 0.7808 1.238e-3
12 3.22 0.8080 9.40e-4 1.77 0.7490 1.311e-3
9 3.08 0.7973 9.71e-4 1.31 0.7198 1.461e-3
6 2.87 0.7811 1.02e-3 0.52 0.6715 1.746¢-3
3 2.58 0.7581 1.09¢-3 -0.46 0.5880 2.196e-3
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Fig.4 Deconvolution results under convolution with a 30 Hz Ricker wavelet for different SNR. a,d and g
show the synthetic data at SNR values of 18 dB, 9 dB, and 3 dB, respectively; b, e, and h present the cor-
responding SeisDPS results; ¢, f, and 1 show the results obtained using FISTA

3.1.4 3D Data Experimental Results

Although the effectiveness of the proposed SeisDPS method has been validated on 2D
data, seismic data is inherently 3D. We use the open-source Synthoseis model (Merrifield
et al. 2022) to generate 3D synthetic seismic data. This model has a 3D structure and mul-
tiple subsurface scenarios, making it particularly suitable for evaluating our 3D method.
The generated reflection coefficients are convolved with a Ricker wavelet (Hosken 1988) to
obtain synthetic seismic data. The data dimensions are 384 x 384 x 288 (inline, crossline,
and time, respectively), with a time sampling interval of 1 ms.

The SeisDPS-3D method has only one additional hyperparameter, K, compared to Seis-
DPS. In this section, the hyperparameters #, 4, and & remain the same as those used in
SeisDPS for noisy data, set to 0.5, 0.01, and 0.01, respectively. The hyperparameter K is set
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Fig.5 Comparison of results between the DPS and SeisDPS methods, with a representing the results
obtained by DPS and b representing those obtained by SeisDPS. The yellow box highlights that the Seis-
DPS method produces superior deconvolution results, while the DPS method exhibits some artifacts

to 5, which means that after every five iterations of the main profile SeisDPS sampling, an
unconditional DDPM correction is applied to the results of another profile.

Figure 6 shows the results obtained by SeisDPS and FISTA for conventional 2D slice
stitching, along with the results processed by the proposed SeisDPS-3D method. Figure 6b
highlights the significant discontinuities in the crossline and time profiles resulting from
processing along the inline slices by the SeisDPS method. Since FISTA processes data
trace-by-trace, there is no significant difference in performance between the inline and
crossline profiles. As shown in Fig. 6d, the FISTA results are better than those from Seis-
DPS. Figure 6¢ shows the results of SeisDPS-3D, which exhibits good continuity in both
the inline and crossline profiles. To further highlight the effectiveness of the SeisDPS-3D
method, the next step is to present the slice results.

Figure 7 shows the results for inline 300. The original synthetic seismic data are
shown in Fig. 7a, while Figs. 7b—d display the results obtained using the SeisDPS
method (processed slice by slice), the proposed SeisDPS-3D method, and the FISTA
algorithm, respectively. Due to the inline-by-inline processing approach, all three meth-
ods show commendable performance, as highlighted in the yellow box, displaying
excellent detail resolution. Overall, compared to 2D methods, the proposed 3D method
produces smoother results. For fault structures, FISTA performs poorly compared to our
proposed method, as shown in the green box, while the SeisDPS-3D method provides a
more explicit fault description.

Figure 8 shows the result at crossline 150. Figure 8b highlights the inherent flaw of
using the 2D slice method for processing 3D data: poor performance in the other dimen-
sion, neglecting the inherent spatial continuity of 3D data. The SeisDPS-3D method
significantly enhances the continuity of the results while effectively preserving strati-
graphic details. The yellow box highlights that the SeisDPS-3D method reveals more
distinct fault information, making it easier to identify. Although the FISTA algorithm’s
results align well with the overall structure of the original data, its poor spatial continu-
ity results in less effective fault information processing compared to SeisDPS-3D. This
further demonstrates the effectiveness of the SeisDPS-3D method.

Figure 9 shows the time-slice results at time = 200 ms. The comparison between
the SeisDPS-3D method (Fig. 9¢) and the FISTA algorithm (Fig. 9d) underscores our
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Fig.6 Deconvolution results for 3D synthetic data. a Synthetic seismic data, b results by the SeisDPS

method, which processes the data slice by slice, ¢ results from the proposed SeisDPS-3D method, and d
results derived from the FISTA algorithm

effectiveness. Our proposed method effectively addresses spatial continuity issues and
exhibits superior performance in specific details, highlighting its significant potential.
The SeisDPS-3D method demonstrates satisfactory results from the comprehensive
3D performance evaluation to the slice display. Notably, by performing a single pre-
training on 2D data and fine-tuning the hyperparameters, we obtained good results on

3D data, addressing the memory challenges of directly processing 3D data while vali-
dating the SeisDPS-3D method’s strong generalization ability.

3.2 Field Data Examples
3.2.1 Field 2D Data Experimental Results

This section uses a 2D real seismic data set to validate the effectiveness of the proposed
SeisDPS method. The seismic data dimensions are 288 X 496, with 288 traces and each
trace containing 496 time points with a sampling interval of 1 ms. The model used for test-
ing is trained with the synthetic reflection coefficients mentioned earlier. Figure 10 illus-
trates the estimated statistical wavelet and frequency spectrum. The step size 7 is set to 0.3,

and the hyperparameters A and & are set to 0.01. In the FISTA algorithm, the regularization
parameter g is set to 0.05.
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Fig.7 Inline results (inline = 300) of synthetic seismic data. a Original synthetic seismic data, b results
by the SeisDPS method, which processes the data slice by slice, ¢ results from the proposed SeisDPS-3D
method, and d results derived from the FISTA algorithm. The yellow box highlights that all three meth-
ods achieve satisfactory performance on inline profiles, primarily due to the inline-by-inline processing
approach. In contrast, the green box emphasizes that the SeisDPS-3D method excels at revealing fault infor-
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Fig.8 Crossline results (crossline = 150) of synthetic seismic data. a Original synthetic seismic data, b
results by the SeisDPS method, which processes the data slice by slice, ¢ results from the proposed Seis-
DPS-3D method, and d results derived from the FISTA algorithm. The yellow box highlights the visible
fault structures in the SeisDPS-3D method’s crossline profiles, demonstrating consistency with the original

data
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Fig.9 Time-slice results (time = 200 ms) of synthetic seismic data. a Original synthetic seismic data, b
results by the SeisDPS method, which processes the data slice by slice, ¢ results from the proposed Seis-
DPS-3D method, and d results derived from the FISTA algorithm

Figure 11 shows the results for the real data, where Fig. 11a, b, and c represent
the real data, the results of the proposed SeisDPS method, and the FISTA results,
respectively. Figures 11d, e, and f show magnified sections of the yellow boxes. The
overall image demonstrates that both methods successfully reconstruct the reflection
coefficients of the target data. However, the zoomed-in image reveals that the Seis-
DPS method significantly enhances lateral continuity, clearly outperforming the FISTA
algorithm. This is because the SeisDPS method processes the data across the entire 2D
plane.

Figure 12 presents the Pearson Correlation Coefficient (PCC) results between the
synthetic trace data and the original data. Trace number 75 lies precisely within the
yellow region highlighted in Fig. 11. Although both methods yield high PCC values
between the synthetic trace and original data, the SeisDPS method demonstrates better
consistency with the original data in the details, specifically in the area highlighted by
the yellow box in Fig. 12.
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Fig. 10 Characterization of the extracted seismic wavelet. a Extracted statistical seismic wavelet from the
real field 2D seismic data. b Amplitude spectrum
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Fig. 11 Deconvolution results for real field 2D data. a Real field 2D data, b results obtained using the pro-
posed method (SeisDPS), c results derived from the FISTA algorithm, d- f show zoomed-in views of the
regions outlined by the yellow boxes in a- ¢, respectively. The yellow box demonstrates that the SeisDPS
method provides a substantial enhancement in lateral continuity compared to the FISTA algorithm

The normalized multitrace amplitude spectra are shown in Fig. 13 to further com-
pare the FISTA algorithm and the SeisDPS method. The red line represents the original
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Fig. 12 Representative trace Data SeisDPS FISTA
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data, and the results of SeisDPS and FISTA are represented by the blue and green
lines, respectively. It can be observed that both methods effectively enhance high-fre-
quency energy. However, the SeisDPS method maintains higher fidelity in the low fre-
quencies, more accurately preserving their original content. Nevertheless, it shows a
slight reduction in high frequencies compared to FISTA.

3.2.2 Field 3D Data Experimental Results

This section demonstrates the effectiveness of our proposed method using a 3D real seis-
mic data set. The spatial dimensions consist of 256 inlines and 256 crosslines, with a bin
size of 40 m X 20 m, covering an area of 10.24 km X 5.12 km. The time sampling is 2 ms.
Figure 14 illustrates the estimated statistical wavelet and frequency spectrum. The step size
n is set to 0.6, and the hyperparameters A and & are set to 0.01. In the FISTA algorithm,
according to y? criterion, the regularization parameter y is set to 0.05.

Figures 15b and c¢ show SeisDPS-3D and FISTA deconvolution processing results,
respectively. Compared to the Real Field data (Fig. 15a), the SeisDPS-3D method suc-
cessfully reconstructs satisfactory results and provides spatial continuity that more closely
resembles the Real Field data. We also present inline, crossline, and time profiles to illus-
trate the SeisDPS-3D method’s effectiveness further.

Figure 16 shows the inline profile results at 2 km. Figure 16a shows the original profile.
The results of SeisDPS-3D (Fig. 16b) are more satisfactory than those of FISTA (Fig. 16c),
significantly enhancing lateral continuity and improving spatial energy consistency. As
highlighted in the yellow box, the SeisDPS-3D method achieves higher resolution in strong
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Fig. 13 Multi-trace normalized
average amplitude spectrum,
where the red, blue, and green
lines represent the real field data,
the results from the SeisDPS
method, and the results from the
FISTA algorithm, respectively
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reflection areas, whereas the FISTA algorithm exhibits noticeable blurring. Figure 16d, e,
and f are magnified views of the black box region. As indicated by the black arrows, com-
pared to the FISTA algorithm, the SeisDPS-3D method achieves higher resolution and bet-
ter aligns with the actual structure. Additionally, the SeisDPS-3D method exhibits strong
fault detection capabilities. As shown by the green arrows in Fig. 16g, h, and 1, a fault is
visible in the original seismic data. However, in the results, the FISTA algorithm fails to
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Fig. 14 Characterization of the extracted seismic wavelet. a Extracted statistical seismic wavelet from the
real field 3D seismic data. b Amplitude spectrum
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Fig. 15 Deconvolution results for real field 3D seismic data. a Real field seismic data, b results from the
proposed SeisDPS-3D method, and ¢ results from the FISTA algorithm

reveal a distinct fault structure, whereas the SeisDPS-3D method produces a fault structure
that matches the original data more closely.

Figure 17 shows the crossline profile results at 2.6 km. From the results of SeisDPS-3D
(Fig. 17b), the SeisDPS-3D method significantly improves the poor continuity problem of
another profile caused by conventional 2D methods, demonstrating superior performance.
Looking at the details, the results in the yellow box indicate that the SeisDPS-3D method is
superior. Figures 17d—f present magnified views of the green box region. The green arrows
highlight artifacts introduced by the FISTA algorithm, which do not align with the struc-
tural features of the original data. In contrast, the SeisDPS-3D method more accurately
preserves the structural characteristics of the original data. Figures 17g, h, and 1 show the
results within the black box. The black arrows further emphasize the discontinuity in the
FISTA algorithm, demonstrating the reliability of our approach.

Further examination of time slices at 1500 ms in Fig. 18 emphasizes the SeisDPS-3D
method’s superior resolution recovery capabilities. After processing, the depth-time slice
reveals results more closely aligned with reality than the FISTA algorithm. The SeisDPS-
3D method preserves structural features that align with the original data and demonstrates
superior spatial continuity, highlighting finer spatial variations.

To further validate the effectiveness of SeisDPS-3D, we calculated the C3 algorithm-
based coherence attributes of the deconvolution results. Since the SeisDPS-3D method sig-
nificantly improved the results of the crossline profile, we focus on presenting the crossline
profile. Figure 19 shows the crossline profile results at 2.6 km. Compared to the C3 coher-
ence attribute of the original data shown in Fig. 19a, the resolution in Fig. 19b shows a
definite improvement. Specifically, in the fault zone between 0 km and 2 km, the enhanced
resolution in Fig. 19b allows for better differentiation of adjacent faults. However, for the
strong reflector layer between 1.8 s and 1.9 s, as indicated by the yellow box in Fig. 17,
which should be a continuous stratum, Fig. 19¢ exhibits numerous fake faults. Moreover,
Fig. 19c displays a large amount of fault information between 6 km and 10 km, while the
original seismic data in Figure 17a exhibits good continuity in this region. These compari-
sons demonstrate that the SeisDPS-3D method ensures better fidelity.

Figure 20 presents the local similarity between the reconvolution results and the real
field 3D data for the crossline profile at 2.6 km. The SeisDPS-3D method exhibits notice-
ably lower local similarity at the boundaries. However, since the color bar range is set from
0.9 to 1, the accuracy remains relatively high even at these boundary regions. Further-
more, the SeisDPS-3D method shows low local similarity in 1.5-1.8 s areas, but it can
be observed from Fig. 17 that these areas predominantly correspond to regions with more
faulting. Overall, the crossline profile results are slightly better for the FISTA algorithm
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Fig. 16 Inline profile results at 2 km. a Real field seismic data, b results from the proposed SeisDPS-3D
method, and ¢ results from the FISTA algorithm. Figures d, e, and f are magnified views of the black box
regions in a—c¢, and g, h, and 1 are magnified views of the green box regions in a— c¢. The yellow box
demonstrates the SeisDPS-3D method’s improved resolution in strong reflection zones, contrasting with the
blurring observed with FISTA. Further reinforcing the SeisDPS-3D method’s high resolution, the black box
highlights a region (indicated by the black arrow) where FISTA suffers from artifacts. The green box dem-
onstrates the SeisDPS-3D method’s superior fault detection capabilities compared to FISTA. A clear fault
is present in the original data at the location of the green arrow, which is identifiable in the SeisDPS-3D
method but almost invisible in the FISTA result
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Fig. 17 Crossline profile results at 2.6 km. a real field seismic data, b results from the proposed SeisDPS-
3D method, and c results from the FISTA algorithm. Figures d, e, and f are magnified views of the green
box regions in a- ¢, and g, h, and 1 are magnified views of the black box regions in a—c. The yellow box
emphasizes the lateral continuity and resolution enhancement provided by the SeisDPS-3D method. This is
further illustrated in the black box, where the black arrow highlights the SeisDPS-3D method’s significantly
superior lateral continuity compared to FISTA. In addition, the green box demonstrates the reliability of
the SeisDPS-3D method. The green arrow points to a region where FISTA produces structures inconsistent

with the original data, while the SeisDPS-3D method faithfully retains the structural characteristics of the
original data
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Fig. 18 Time-slice results at 1500 ms. a Real field seismic data, b results from the proposed SeisDPS-3D
method, and c results from the FISTA algorithm

than for the SeisDPS-3D method, which may be attributed to the processing being primar-
ily focused along the inline profile.

Finally, we further evaluated the two methods from a spectral perspective. Figure 21a
displays the multi-trace normalized average amplitude spectrum for the real field 3D data
and the deconvolution results. Both methods effectively broaden the spectrum, with the
SeisDPS-3D method showing a slight advantage in the 60 Hz to 80 Hz range. However,
both methods exhibit some deviation from the original data in the 20 Hz to 40 Hz range,
although their overall trends remain consistent with the original data spectrum. This dis-
crepancy is likely caused by the inaccuracy of the extracted seismic wavelet and the non-
stationarity of the seismic data. Furthermore, the spectral ratios in Fig. 21b demonstrate
that while both methods follow a similar trend, SeisDPS-3D provides a more significant
boost at higher frequencies.

4 Discussion
4.1 Different Hyperparameters

Both SeisDPS and SeisDPS-3D involve several hyperparameters. Specifically, the hyperpa-
rameter # determines the step size, A is the threshold in the soft-thresholding method, and &
is the regularization coefficient in the coefficient regularization. The selection of hyperpa-
rameters is a key factor affecting the reconstruction results. To further illustrate the impact
of different hyperparameters, we test on 2D data with noisy data at an SNR of 18 dB. We
apply Eq. 18 to analyze the results quantitatively for ease of comparison.

Figure 22 shows the impact of different hyperparameters on the results. First, when
& = 0.01, that is, the regularization parameter is 0.01, the results (Fig. 22a) indicate that
increasing the step size # significantly improves the reconstruction results. However, 4 and
n are not more effective at larger values; both have an optimal value that promotes generat-
ing the best results. When 4 is 0.005 and 0.01, the quantitative results are not significantly
different, so 4 = 0.01 is used in calculating Fig. 22b. In Fig. 22b, it is clear that after adding
the regularization term, the accuracy of the results is significantly improved, which also
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Fig. 19 Comparison of C3
coherence for a crossline profile
(crossline = 2.6 km) of real field
data. a Real field seismic data,

b results from the proposed
SeisDPS-3D method, and ¢
results from the FISTA algorithm
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Fig.20 Local similarity (crossline = 2.6 km) between the re-convolved results and the real field 3D data. a
Results from the proposed SeisDPS-3D method, and b results from the FISTA algorithm
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Fig.21 Comparative spectral analysis of the real field data and the corresponding deconvolution results. a
Multi-trace normalized average amplitude spectrum, where the red, blue, and green lines represent the real
field 3D data, the results from the SeisDPS-3D method, and the results from the FISTA algorithm, respec-
tively. b Spectral ratios, where the blue and green lines represent the SeisDPS-3D method and the FISTA
algorithm, respectively

verifies the effectiveness of adding regularization. As in Fig. 22a, it can also be concluded
that # has an optimal value. Moreover, A also has an optimal value. Finally, the impact of
A and & is analyzed when = 0.5 (Fig. 22c¢). Figure 22c clearly shows that & has the most
significant impact on the results, and A has two values with similar performance.
Regarding the additional hyperparameter K required for 3D data processing, we per-
formed a thorough sensitivity analysis to determine its optimal value. Since the primary
profile in our study is the inline profile, the K value primarily affects the crossline pro-
file. To maintain conciseness and clarity, Fig. 23 presents representative results that illus-
trate the impact of this parameter. As shown in Fig. 23, the reconstruction performance
exhibits a non-monotonic trend as K increases. At K = 3 (Fig. 23b), the constraints are
insufficient, resulting in significant lateral discontinuities. Increasing the value to K =5
(Fig. 23c) yields the most favorable results, where the spatial continuity of reflection coef-
ficients is significantly enhanced and closely matches the original synthetic data, particu-
larly in the highlighted yellow and green regions. However, a further increase to K =7
(Fig. 23d) leads to a decline in quality and the reappearance of discontinuities. Although
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Fig. 23 Crossline results (crossline = 150) of synthetic seismic data. a Original synthetic seismic data, b,
¢, and d present the results from the proposed SeisDPS-3D method, with the hyperparameters K set to 3, 5,
and 7, respectively

setting K = 7 offers higher computational efficiency, as shown in Table 3, the associated
compromise in reconstruction fidelity (i.e., the recurrence of discontinuities) is undesir-
able. Consequently, to prioritize high-fidelity deconvolution while maintaining reasonable
computational cost, we set the hyperparameter K to 5.

Overall, all four parameters have an optimal solution. In practice, they are generally set
ton =0.5,4=0.01, &= 0.01, and K = 5 and then fine-tuned during the testing phase. For
example, if a sparser result is desired, 4 is increased to obtain the optimal results ultimately.

4.2 Computational Efficiency

We evaluated the computational efficiency of the proposed method with the experiment
conducted on an NVIDIA GeForce RTX 3090 GPU. A single sampling is performed on
a slice of 3D data with dimensions of 256 X 320, and the FISTA algorithm is executed on
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Table 3 The runtime of
different hyperparameter K of
SeisDPS-3D (256 x 256 x 320)

K 2 3 4 5 6 7

Inference time (h) 7.12 6.91 6.77 6.58 6.34 6.18

Table 4 Comparison of inference 1.1 SeisDPS  FISTA (CPU) FISTA (GPU)
time and memory usage on 2D

synthetic data (256 x 320)

Inference time (s) 81.28 69.64 2.93
GPU memory usage (G) 3.09 NA 0.28

Table 5 Comparison of inference time and memory usage on 3D synthetic data (256 X 256 x 320)

Method SeisDPS-3D SeisDPS FISTA (CPU) FISTA (GPU)
Inference time (h) 6.58 5.77 6.18 0.21
GPU memory usage (G) 3.25 3.09 NA 0.28

the CPU and the same GPU. The results are shown in Table 4. Similarly, a single sampling
is performed on all 3D data (dimensions 256 X 256 X 320), and the results are shown in
Table 5, where SeisDPS refers to using a 2D method to process 3D data (slice by slice).
Comparing the memory usage of SeisDPS-3D and SeisDPS, after improving the SeisDPS
method, memory usage increased by only 0.16 GB. The increase in inference time is due
to the additional unconditional sampling correction. However, because of the inherently
high computational cost of diffusion models, the runtime for both methods significantly
exceeds that of the FISTA algorithm, whether using the GPU or CPU version of FISTA.
Our diffusion-based methods represent a strategic trade-off where superior robustness and
reconstruction fidelity are achieved at the expense of increased computational overhead.

4.3 Uncertainty Quantification

To analyze the uncertainty of the proposed method, we performed 1, 000 deconvolution
tests on the noisy synthetic data with an SNR of 18 dB, as shown in Fig. 4a, each initialized
with a different random seed. The corresponding mean and variance maps of the results are
presented in Fig. 24. The mean map represents the finalized deconvolution result. The vari-
ance map is on the order of 1073, indicating a relatively small variance for the normalized
data. The areas of high uncertainty primarily occur where the reflection coefficients exhibit
geological structure, while in other areas, the uncertainty is almost negligible. In addition,
the uncertainty is somewhat higher in areas with strong reflections. This occurs because
the relative changes of the reflection coefficients are recovered primarily, which can lead to
relatively large fluctuations in the strong reflection areas. Nevertheless, the overall uncer-
tainty remains low, confirming the stability of the deconvolution results.
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Fig. 24 Uncertainty quantification of the results from 1000 tests: a mean map, b variance map

4.4 Future Work of Nonstationary Deconvolution

Considering that existing work primarily focuses on the stationary wavelet assumption, and in
view of the structure of our subsequent work, we demonstrate the applicability of our method
to nonstationary wavelets without introducing a new major research direction. We first gen-
erate two nonstationary wavelets. Both nonstationary wavelets linearly attenuate from 40 Hz
down to 10 Hz and 25 Hz, respectively. These wavelets are then convolved with synthetic
reflection coefficients and add noise to obtain the synthetic nonstationary noisy seismic data,
as shown in Fig. 25a and c, respectively. We subsequently estimated the statistical seismic
wavelet for each case and performed deconvolution using the SeisDPS method. The resulting
deconvolved results are displayed in Fig. 25b and d. It is evident from these figures that when
the wavelet attenuation is more severe, the deconvolution results at greater depths are notice-
ably poorer. Conversely, performance improves as the wavelet attenuation decreases.

The deconvolution problem for nonstationary seismic data can be conceptually decom-
posed into multiple stationary seismic deconvolution subproblems (Grossman et al. 2002).
In each subproblem, the seismic wavelet is assumed to be stationary, allowing our pro-
posed method to be applied, and thus holds potential for extension to nonstationary wavelet
deconvolution.

5 Conclusion

This study introduces SeisDPS, a novel method for reconstructing 2D seismic reflection coef-
ficients using diffusion models. SeisDPS performs deconvolution across the entire 2D profile,
addressing the limitations of traditional trace-by-trace techniques and significantly enhancing
lateral continuity. We extend this approach to three dimensions through SeisDPS-3D, which
leverages a pre-trained 2D diffusion model to achieve volumetric deconvolution with only a
5% increase in memory usage, offering a computationally efficient solution for 3D seismic
data processing.

The 3D algorithm operates by applying SeisDPS along one direction (e.g., inline profiles)
while employing unconditional sampling along the orthogonal direction (e.g., crosslines) and
vice versa. This strategy uses the implicit prior encoded by the 2D diffusion model as a 3D
constraint, thereby improving lateral continuity in the deconvolved volume. Importantly, the
method is trained exclusively on synthetic reflection coefficients, yet it demonstrates strong
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Fig. 25 Deconvolution results on synthetic data with nonstationary wavelets. a and ¢ show synthetic data
of seismic wavelet attenuated from 40 Hz to 10 Hz and 25 Hz, respectively. b and d show the correspond-
ing deconvolution results for ( a) and ( ¢), respectively

generalization across synthetic and real datasets, including 2D and 3D field data. Fine-tuning
of hyperparameters reveals robust performance, with notable improvements in noise resilience
and spatial coherence compared to traditional deconvolution techniques.

Our implementation targets stationary wavelet deconvolution; future extensions will
address nonstationary scenarios, expanding the method’s applicability.

Moreover, with the continued development of generative models and improved learning
of priors, the framework proposed in this work can be further developed to achieve superior
results.

Finally, although deconvolution is a mature and foundational technique in seismic data pro-
cessing, accurate reflectivity estimation remains a critical challenge for seismic interpreters and
seismic data processing practitioners. Machine learning offers compelling opportunities to incor-
porate prior information in novel, implicitly defined ways that can enhance seismic resolution. It
remains uncertain whether these methodologies will achieve widespread adoption in industrial
practice. Nevertheless, we contend that innovative explorations—such as those presented here—are
indispensable for propelling seismic data processing into new and promising directions.
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Appendix A 2D Noise-Free Data Experiment

To illustrate the efficacy of the proposed 2D method, we performed tests on noise-free data.
The SeisDPS method has three primary hyperparameters. This section sets the step size #
to 0.3, and the hyperparameters 4 and £ to 0.005. In the FISTA algorithm, the regulariza-
tion parameter x4 = 0.05, with two conditions for stopping the iteration: either the maximum
iteration Ki, of 500 is reached, or the convergence tolerance falls below 1075,

See Figs. 26, 27 and 28.

The deconvolution results of synthetic, noise-free seismic data are shown in Fig. 28.
Figure 28b demonstrates that the SeisDPS method performs well overall, producing
results that closely resemble the true reflection coefficients. Furthermore, zooming in
on the green-boxed regions in Fig. 28a—c, as shown in Fig. 28d-f, demonstrates that
the SeisDPS method outperforms the FISTA algorithm in capturing finer details, espe-
cially as shown in the yellow box. Additionally, the SeisDPS method exhibits better spa-
tial continuity because our method performs deconvolution on 2D profiles, whereas the
FISTA algorithm operates trace-by-trace without considering inherent spatial continuity.

Figure 27 illustrates the multi-trace average amplitude spectra for both the true and
deconvolved results. Below 125 Hz, the SeisDPS method yields more accurate results than
the sparse-spike (FISTA) method. There is only a slight deviation at higher frequencies,
similar to what is observed with the FISTA algorithm. Since seismic data typically exhib-
its relatively low-frequency components, we can conclude that the SeisDPS method effec-
tively recovers the original reflection coefficients. To further validate its performance, we
compare the results using data from trace No.180, as shown in Fig. 26. The green box in
the figure highlights the excessive amplitude produced by the FISTA algorithm, potentially
due to local overfitting when the algorithm balances data fidelity and solution sparsity.

(a) Synthesis data (b) SesiDPS (c) FISTA
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Fig.26 Trace No.180. a True reflection coefficients, b the SeisDPS method, c¢ the FISTA algorithm. The
green box highlights the excessive amplitude generated by FISTA, possibly related to local overestimation
arising from the algorithm’s trade-off between data fidelity and solution sparsity
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Fig. 28 Deconvolution of 2D synthetic data. a True reflection coefficients. b The results are obtained
using the proposed method (SeisDPS). ¢ The results from the FISTA algorithm. d—f present zoomed-in
views of the regions outlined by the green boxes in (a—c), respectively. As indicated within the yellow boxes
in Fig. (d—f), the thin-layer SeisDPS method in (e) closely approximates the synthetic data, outperforming

FISTA in this regard

Appendix B Different Wavelets and Frequencies Experiment on 2D

Data

Since our method requires an initial estimation of the wavelet, and in previous experiments,
only the Ricker wavelet was tested, we now conduct tests on 2D data to further demon-
strate our method’s robustness with different seismic wavelets. We use the same clean 2D
reflection coefficients as in the previous experiments, convolve them with different seismic
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Fig.29 Deconvolution results under different SNR using convolution with the Klauder wavelet. a and d
show the synthetic data at SNRs values of 18 dB and 9 dB, respectively; b and e present the corresponding
SeisDPS results; ¢ and f show the results obtained using FISTA
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Fig.30 Deconvolution results under different SNR using convolution with the Ormsby wavelet. a and d
show the synthetic data at SNRs values of 18 dB and 9 dB, respectively; b and e present the corresponding
SeisDPS results; ¢ and f show the results obtained using FISTA
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Fig.31 Deconvolution results under convolution with a 15 Hz Ricker wavelet for different SNR. a and d
show the synthetic data at SNRs values of 18 dB and 9 dB, respectively; b and e present the corresponding
SeisDPS results; ¢ and f show the results obtained using FISTA
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Fig.32 Deconvolution results under convolution with a 45 Hz Ricker wavelet for different SNR. a and d
show the synthetic data at SNRs values of 18 dB and 9 dB, respectively; b and e present the corresponding
SeisDPS results; ¢ and f shows the results obtained using FISTA

wavelets, and add noise with different SNRs to obtain synthetic noisy seismic data. The
hyperparameters used remain consistent with the previous treatment of noisy 2D data,
ensuring that only the seismic wavelet differs in this test. This experiment uses two dif-
ferent seismic wavelets: the Klauder wavelet and the Ormsby wavelet. See Figs. 29, 30, 31
and 32.

Figure 29 and 30 shows the results obtained from seismic data synthesized with differ-
ent wavelets at different noise levels. Our method maintains satisfactory spatial continu-
ity and reconstructs relatively accurate reflection coefficients at various noise levels. These
results are consistent with those obtained using the Ricker wavelet. The experiment dem-
onstrates that our method is highly robust to various wavelets and noise levels.

To further evaluate the robustness of our method to seismic wavelet frequencies, we
convolve reflection coefficients with Ricker wavelets of different frequencies to generate
synthetic seismic data. This experiment also incorporates different noise levels, while the
hyperparameters remain unchanged to ensure that only the wavelet frequency varies. Fig-
ures 31 and 32 display the results using 15 Hz and 45 Hz Ricker wavelets, respectively.
The results indicate that wavelet frequency is a key factor influencing the accuracy of the
results. As the wavelet frequency increases, the reconstructed reflection coefficients contain
more details, which is consistent with the trend observed in the FISTA algorithm. This is
because higher frequencies provide better time resolution.

Our method applies to different seismic wavelets and has no specific frequency
requirements. It is highly robust to noise at various wavelets and frequencies and can
effectively exploit the spatial structure of the data to reconstruct reflection coefficients
with better spatial continuity.
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