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a b s t r a c t

High-quality seismic data are critical for characterizing complex geological reservoirs, yet persistent noise 
contamination remains challenging. Parameterization methods separate signals from noise by expressing 
seismic data as mathematical models. While linear approaches like Tucker decomposition effectively 
impose low-rank constraints to isolate structured seismic reflections,  they lack the nonlinear expres
siveness required for complex stratigraphic features. Conversely, like implicit neural representations 
(INR), nonlinear parameterization achieves enhanced expressiveness through continuous nonlinear 
mappings, leveraging spectral bias to suppress high-frequency noise. However, this strength paradoxically 
becomes a limitation in high-frequency regimes: without explicit structural guidance, INRs sacrifice 
structural fidelity and struggle to distinguish subtle geological features (e.g., fault edges, pinch-outs) from 
spectrally overlapping noise, resulting in over-smoothed structures or amplified high-frequency artifacts. 
Recent advances in reparameterization methods demonstrate promising noise suppression through 
enhanced model expressiveness. To resolve this expressiveness-stability tradeoff, we propose Stacked 
Tucker Implicit Seismic Reparameterization (STISR), a hybrid framework that synergizes Tucker's low- 
rank structural anchors with INR's high-expressiveness nonlinear approximation. Tucker decomposi
tion in STISR provides a noise-reduced, structured initialization to guide INR optimization, effectively 
regularizing the neural representation to maintain coherent reflection  structures. Then, the neural 
network nonlinearly reparameterizes the Tucker decomposition, further enhancing its expressiveness and 
recovering subtle features beyond linear subspace constraints. A progressive hierarchical re- 
decomposition strategy applies linear reparameterization to the Tucker core tensor, iteratively opti
mizing it across scales and reinforcing low-rank stability while adaptively allocating expressiveness to 
resolve fine-scale features. To address the heterogeneity of noise in field seismic data, we introduce l1 

regularization, which adjusts the sparsity threshold based on residual noise, enabling targeted handling of 
diverse noise distributions. Validation on synthetic and field pre-stack datasets confirms STISR's superi
ority in balancing computational efficiency, structural fidelity, and noise rejection compared to conven
tional tensor decomposition or pure neural network approaches.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc- 

nd/4.0/).

1. Introduction

Seismic processing techniques play a critical role in identifying, 
localizing, and analyzing geological reservoirs. However, as 

conventional reserves are rapidly depleted, exploration targets have 
shifted toward increasingly complex geological formations 
requiring advanced extraction technologies, leading to higher de
mands on high signal-to-noise ratio (SNR) seismic data (Mandelli 
et al., 2019). Therefore, noise suppression has become increasingly 
important in seismic data processing (Wang, 1999; Iqbal, 2022).

Parameterization methods (Wang et al., 2022; Meng et al., 
2021; Zhuang and Ng, 2021) describe the characteristics of 
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seismic data through mathematical models or specific parameter 
sets, thereby enabling the effective separation of signal and noise. 
Parameterization methods can be divided into linear and 
nonlinear categories.

Low-rank decomposition is a classic linear parameterization 
method that exploits the low-rank nature of clean signals, as ad
ditive noise increases data rank, facilitating noise reduction. Unlike 
traditional matrix-based low-rank methods (Davenport and 
Romberg, 2016; Kim et al., 2015), tensor-based low-rank 
methods extend this concept to multidimensional data (Kolda and 
Bader, 2009; Xue et al., 2020). For example, Tucker decomposition 
(Kim and Choi, 2007; Karami et al., 2011) factorizes higher-order 
tensors into a core tensor and factor matrices, capturing key data 
features while removing noise. However, as a linear representation 
method, it has certain limitations when dealing with data that 
contains complex nonlinear features (such as intricate faults, 
fractures, and pore structures) and strong noise interference. 
Enhancing Tucker decomposition's nonlinear expressiveness and 
robustness remains a key challenge.

In contrast, nonlinear parameterization methods achieve 
denoising by reconstructing the underlying clean signal via 
nonlinear representations. These methods have been widely 
applied in deep learning (Zhu et al., 2019; Tibi et al., 2021) and rely 
on activation functions (Apicella et al., 2021; Ramachandran et al., 
2017), such as ReLU, Sigmoid, Tanh, and Sine, to help neural net
works learn nonlinear patterns in complex tasks. Nonlinear 
parameterization compensates for the limitations of linear 
methods in fitting  nonlinear features. However, without explicit 
structural guidance, nonlinear parameterization may sacrifice 
structural fidelity  in high-frequency cases, making it difficult  to 
distinguish complex geological features (e.g., fault edges, pinch- 
outs) from overlapping noise.

Recently, to address the challenge that weak seismic signals are 
easily overwhelmed by noise under complex geological condi
tions, several denoising and enhancement methods have been 
proposed. For instance, an adaptive high-dimensional progressive 
denoising approach enhances weak reflection events while grad
ually suppressing noise in high-dimensional seismic data (Wang 
et al., 2024). Moreover, physically constrained unsupervised 
seismic data registration methods preserve structural consistency 
without labeled data, offering new perspectives for complex 
seismic data processing (Hu and Yu, 2025).

Implicit parameterization methods, such as Implicit Neural 
Representations (INR) (Li et al., 2022), have also shown great 
success in seismic data denoising (Li et al., 2025) and interpolation 
(Wang et al., 2023). INR leverages positional encoding and implicit 
functions to approximate data details while preserving the 
intrinsic properties of high-dimensional seismic wavefields.  Its 
coordinate encoding mechanism enables flexible scalability to 3D 
and higher-dimensional data, avoiding the storage challenges of 
explicit tensor representations. Additionally, its continuously 
differentiable nature allows integration with traditional regulari
zation methods. However, it still suffers from the potential draw
backs of nonlinear parameterization, which may lead to the over- 
smoothing of structures or the amplification  of high-frequency 
artifacts.

A core issue in current research is how to precisely characterize 
complex geological features while preserving the overall structure 
of seismic data. In addition to designing new network architec
tures, reparameterization is a widely used technique in machine 
learning (Hoyer et al., 2019; Harlan, 1995). By mapping the original 
problem to a new parameter space or introducing new constraints, 
reparameterization methods not only simplify the optimization 
process but also improve the quality of model outputs (Salimans 

and Kingma, 2016; Figurnov et al., 2018). Reparameterization 
methods can also be divided into linear and nonlinear types.

Sparse reparameterization (Xue et al., 2021; Li et al., 2020) is a 
form of linear reparameterization that enhances denoising by 
leveraging noise sparsity. In seismic data processing, certain types 
of noise (such as irregular noise and partially coherent noise) 
exhibit sparse characteristics, which can be effectively removed 
using sparse representation techniques, such as l1 norm (Vidaurre 
et al., 2013) and Robust Principal Component Analysis (Robust 
PCA) (Cand�es et al., 2011). Unlike traditional PCA, Robust PCA in
troduces a sparse term to separate data into low-rank components 
(representing useful signals) and sparse components (represent
ing noise or outliers), enabling precise signal extraction in complex 
and sparse noise environments. Low-rank reparameterization 
(Zhao and Yang, 2014; Yu et al., 2021) is another linear approach 
that relies on the low-rank characteristics of parameters, reducing 
redundant information through matrix (such as PCA (Jorgensen 
and Hansen, 2011), SVD (Golub and Van Loan, 2013)) or tensor 
(CP (Lebedev et al., 2014), Tucker (Karami et al., 2012)) decom
position techniques, thus effectively compressing the model size 
and improving its robustness. For example, applying an additional 
Tucker decomposition to the core tensor (Li et al., 2023) improves 
reconstruction performance compared to single-layer decompo
sition, demonstrating that multi-layer tensor decomposition net
works not only enhance model interpretability but also more 
effectively capture the intrinsic structural features within the data 
(Yu et al., 2012; Newman et al., 2018).

Nonlinear reparameterization methods enhance data feature 
representation by applying further nonlinear transformations to 
the parameters. Common techniques include diffusion-based 
reparameterization (Ho et al., 2020) and gradient reparameteri
zation (Miller et al., 2017; Tucker et al., 2018). These methods allow 
the model to learn more complex representations from the latent 
space, enhancing their generalization and non-linear expression 
ability, particularly when facing unknown or complex data.

Recent studies have explored integrating low-rank struc
tures with continuous function representations to balance 
expressive power and stability. By introducing low-rank tensor 
function representations, Tucker decomposition is combined 
with INR for implicit modeling of high-dimensional data, 
reducing parameter redundancy while improving multidimen
sional data recovery performance (Luo et al., 2023, Luo et al., 
2025). These studies indicate that coupling low-rank con
straints with functional representations can effectively alle
viate the lack of structural regularization in purely nonlinear 
models.

Motivated by this, we propose a hybrid framework, Stacked 
Tucker Implicit Seismic Reparameterization (STISR), to resolve the 
trade-off between expressiveness and stability. This method ap
plies nonlinear reparameterization to the factor matrices of Tucker 
decomposition using an INR with a sine activation function while 
using linear reparameterization for the core tensor, as shown in 
Fig. 1. Tucker decomposition in STISR provides a noise-reduced, 
structured initialization to guide INR optimization, effectively 
regularizing the neural representation to maintain coherent 
reflection structures. Subsequently, the neural network refines the 
Tucker expressiveness by recovering subtle features beyond the 
constraints of linear subspaces. Additionally, statistical analysis 
over the entire dataset indicates that random noise in the field CRP 
gathers exhibits mixed distributions, with both sparse and 
approximately Gaussian components; Fig. 2 provides a represen
tative example. Inspired by Robust PCA, we introduced the l1 
regularization mechanism to improve the denoising ability of the 
model. Validation on synthetic and field  pre-stack datasets 
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Fig. 1. Linear and Nonlinear Parameterization and Reparameterization Methods. (a) Linear (Tucker) and nonlinear (INR) parameterization methods. (b) Linear (Tucker) repar-
ameterization is applied to the core tensor, and nonlinear (INR) reparameterization is applied to the factor matrices of Tucker decomposition.
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Fig. 2. Noise statistical analysis is conducted over the entire field CPR dataset, with this figure shown as a representative example. The clean data in this figure are obtained using 
continuous wavelet denoising to facilitate more reliable statistical analysis. (a) Field seismic data; (b) a zoomed-in view of the orange box in (a); and (c) the probability density 
distribution of the noise in (b). The results show that part of the random noise has a kurtosis of 4.80, indicating a super-Gaussian distribution (kurtosis > 3) and sparsity, whereas 
another part exhibits a kurtosis of 2.88, approximately following a Gaussian distribution (kurtosis ≈3). The yellow arrows indicate random interference.
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confirms STISR's superiority in balancing computational efficiency, 
structural fidelity, and noise rejection compared to conventional 
tensor decomposition or pure neural network approaches. The 
main contributions of this paper are as follows:

1. A nonlinear reparameterization is proposed, using INR to 
represent the Tucker factor matrices, combining the low-rank 
constraints of Tucker decomposition with the high- 
expressiveness nonlinear approximation of INR to achieve 
efficient denoising and feature recovery for seismic data.

2. A progressive re-decomposition strategy is proposed, which 
applies linear reparameterization to the Tucker core tensor and 
optimizes it across scales to balance low-rank stability and 
expressiveness.

3. An l1 regularization mechanism is introduced to adjust the 
sparsity threshold based on residual noise characteristics, 
enhancing the model's adaptability to heterogeneous noise in 
field seismic data.

The structure of this paper is arranged as follows: Section 2 first 
introduces the tensor basics and notation used in this paper, fol
lowed by a detailed explanation of the Tucker-INR and STISR 
methods, and outlines the optimization process of the STISR 
method. Section 3 presents the reconstruction experimental re
sults on synthetic and field seismic data, verifying the superiority 
of the proposed method in terms of performance and computa
tional efficiency. Finally, Section 4 summarizes the main contri
butions of this paper and proposes future research directions.

2. Method

We propose an unsupervised 3D seismic data denoising 
method that integrates Tucker decomposition (Tucker, 1966), and 
INR (Mildenhall et al., 2021; Liu et al., 2024; Gao et al., 2024) to 
construct the Stacked Tucker Implicit Seismic Reparameterization 
(STISR) network.

Lowercase and uppercase bold letters (e.g., x and X) are used to 
represent vectors and matrices. In contrast, uppercase bold calli
graphic letters (e.g., X) denote higher-order tensors. For a tensor X, 
Xp represents the p-mode unfolding of the tensor, and X×pA de
notes the p-mode product of tensor X with matrix A. The Frobe
nius norm is denoted as ‖⋅‖F, and the l1 norm is defined as ‖X‖l1

=
∑

ij|Xij|. Additionally, ℝ represents the real field.

2.1. Pre-stack noise attenuation with parametrization

The 3D seismic data is typically modeled as the superposition 
of useful signals and noise, which can generally be categorized into 
coherent and random noise (Bakulin et al., 2022). Recently, 
research has shown that combining the l2 and l1 norms can more 
effectively remove noise (Fu et al., 2006; Portilla et al., 2015). The l1 
norm handles sparse noise, while the l2 norm helps smooth the 
signal and remove gaussian random noise. For the given CRP 
gather, shown in Fig. 2, part of the random noise exhibits a kurtosis 
of 4.80, indicating a highly sparse super-Gaussian distribution, 
whereas another part shows a kurtosis of 2.88, which is close to 
that of a Gaussian distribution. Therefore, we model the 3D 
seismic data Y ∈ ℝNx×Ny×Nz as: 

Y = X + E +N (1) 

where Nx, Ny and Nz represent the number of sampling points 
along x, y and z dimensions, X ∈ ℝNx×Ny×Nz represents the useful 
signal, E ∈ ℝNx×Ny×Nz denotes random noise with sparsity, and N ∈

ℝNx×Ny×Nz corresponds to Gaussian random noise. To extract the 
useful signal X , we parameterize it in an optimizable form: 

X = D(ϑ) (2) 

where D(ϑ) represents the surrogate model that captures essential 
features of clean data, and ϑ represents the model parameters, 
including weights and biases. By adjusting the parameters ϑ in the 
parameterized space, the model can better approximate the clean 
seismic data X , thereby achieving reconstruction.

Substituting the parameterized expression Eq. (2) into the 
original model equation Eq. (1) yields: 

Y = D(ϑ) + E +N (3) 

The parameter optimization can be achieved by minimizing the 
following objective function: 

minϑ‖Y − D(ϑ) − E‖2
F + γ1‖E‖l1

(4) 

where ‖E‖l1 
is a sparsity constraint term for sparse noise (Cand�es 

et al., 2011), and γ1 is hyperparameter for noise constraints. As 
Fig. 2 shows, the part of random noise in the given CRP gather 
exhibits sparsity. Inspired by Robust PCA, we introduce an l1 reg
ularization mechanism to adjust the sparsity threshold based on 
the characteristics of heterogeneous noise, thereby enhancing the 
suppression of seismic noise.

Parameterization methods can be classified  into linear and 
nonlinear categories. Taking 3D data as an example, as shown in 
Fig. 1(a).

2.1.1. Linear parameterization
Linear parameterization approaches like Tucker decomposition 

effectively impose low-rank constraints to isolate structured 
seismic reflections. The useful seismic signals in specific pre-stack 
gathers, such as CRP, typically exhibit high correlation and low- 
rank characteristics, whereas the noise components are mostly 
unstructured (Candes and Recht, 2012). Tucker decomposition 
leverages the low-rank nature of signals by constraining the rank 
of the core tensor to represent the signal, as shown in Fig. 1(a), 
while noise increases the rank of the data. Specifically, the data 
reconstruction using Tucker decomposition is: 

D(ϑ) = X̂ = C×1U×2V×3W (5) 

where ϑ represents the optimization parameters, including the 
core tensor C ∈ ℝRx×Ry×Rz and three factor matrices U ∈ ℝNx×Rx , 
V ∈ ℝNy×Ry , and W ∈ ℝNz×Rz . Here, Rx, Ry and Rz denote the ranks of 
X̂ . This method reduces dimensionality and computational 
complexity through low-rank representation, enabling efficient 
convergence. However, traditional Tucker decomposition involves 
repeatedly computing the SVD of unfolded matrices at each mode, 
resulting in high computational cost and slower convergence 
when handling large, high-dimensional data (Kolda and Bader, 
2009; Vervliet et al., 2016). In addition, it lacks the nonlinear 
expressiveness required for complex geological features.

2.1.2. Nonlinear parameterization
Nonlinear implicit neural representations (INR) achieve 

enhanced expressiveness through continuous nonlinear map
pings, leveraging spectral bias to suppress high-frequency noise. It 
models data coordinates directly with a Multilayer Perceptron 
(MLP), mapping continuous space coordinates to seismic data 
values (Gao et al., 2024), as shown in Fig. 1(b). Specifically, for an 
input c ∈ ℝd, the network fϑ maps it to the output fϑ(c) ∈ ℝm, 
which can be expressed as: 
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fϑ(c) = σ(WL ⋅ σ(WL− 1⋯σ(W1 ⋅ c))) (6) 

where d denotes the dimensionality of the input vector c, m rep

resents the dimensionality of the output vector fϑ(c), {Wl}
L
l=1 are 

the weight matrices for each layer, and σ is the activation function. 
INR can adaptively learn complex non-stationary signals and 
reconstruct the data structure through this process. However, 
INR's enhanced expressiveness can be a limitation in high- 
frequency regions: without explicit structural guidance, it may 
sacrifice  structural fidelity  and struggle to distinguish subtle 
geological features (e.g., fault edges, pinch-outs) from spectrally 
overlapping noise, resulting in over-smoothed structures or 
amplified high-frequency artifacts (Mildenhall et al., 2021).

2.2. STISR method

To address the trade-off between expressive power and sta
bility, we use Tucker decomposition as the main framework, 
combined with linear and nonlinear reparameterization, as shown 
in Fig. 1(b). Specifically, the factor matrices are nonlinear repar
ameterized through an MLP, following Tucker-INR formulations 
(Luo et al., 2023), as: 

D(ϑ) = XTucker− INR = C×1fθx (vx)×2fθy

(
vy
)
×3fθz(vz) (7) 

where XTucker− INR represents the reconstructed useful signal using 
Tucker-INR, vx, vy, vz are the coordinate sets of the tensor along the 
x, y, z directions, and fθx , fθy , fθz are MLP networks reparameterizing 
the factor matrices. The parameter set ϑ includes the core tensor C
and the parameters θx, θy, and θz.

The core tensor in Tucker decomposition effectively models the 
intrinsic structure of the original data through its interaction with 
the factor matrices. Its elements can be viewed as the weights and 
correlations between features across different dimensions. How
ever, as the data scale increases, the parameter count of the core 
tensor and multiple factor matrices also increases, leading to a 
significant computational burden that impacts both training effi
ciency and model accuracy. To enhance the expressive power for 
complex data modeling while reducing the number of network 
parameters, we build upon the Tucker-INR framework (Luo et al., 
2023) and introduce Stacked Tucker decomposition (Liu et al., 
2025) to further reparameterize the core tensor. This method 
iteratively optimizes the Tucker core tensor across scales, rein
forcing low-rank stability while adaptively allocating expressive
ness to resolve fine-scale features. The core tensor is expressed as 
the product of a smaller core tensor and multiple factor matrices, 
as shown in Fig. 3. Specifically, the core tensor C is further 
decomposed as: 

C = G×1A×2B×3C (8) 

where G is the new core tensor, and A, B, C are the factor matrices. 
The rank of G is set to half of the rank of C. Core tensors size for the 
different methods in Table 1.

Substituting Eq. (8) into Eq. (7), the data reconstruction process 
is further represented as: 

D(ϑ) = XSTISR = (G×1A×2B×3C)
×1fθx (vx)×2fθy

(
vy

)
×3fθz(vz)

(9) 

where XSTISR represents the reconstruction result of our proposed 
method, and ϑ includes the new core tensor G, factor matrices A, B, 
C, and parameters θx, θy, and θz.

Based on the proposed STISR model, we construct the following 
optimization problem: 

minϑ‖Y − XSTISR − E‖
2
F + γ1‖E‖l1

+ γ2‖XSTISR‖TV (10) 

where XSTISR is defined as in Eq. (9). For conventional 3D seismic 
data, we employ the classic anisotropic total variation (TV) regu
larization (Rudin et al., 1992), which is expressed as: 

‖X‖TV =
∑n1− 1

i=1

∑n2

j=1

∑n3

k=1

⃒
⃒
⃒X (i+1;j;k) − X (i;j;k)

⃒
⃒
⃒

+
∑n1

i=1

∑n2 − 1

j=1

∑n3

k=1

⃒
⃒
⃒X (i;j+1;k) − X (i;j;k)

⃒
⃒
⃒

+
∑n1

i=1

∑n2

j=1

∑n3 − 1

k=1

⃒
⃒
⃒X (i;j;k+1) − X (i;j;k)

⃒
⃒
⃒

(11) 

This regularization term enhances the structural continuity of 
the reconstructed signal by minimizing the differences between 
adjacent pixels, thereby improving the denoising effect. For spe
cific seismic data, as shown in Fig. 2, the spatial relationship be
tween the time and inline profiles  is stronger, exhibiting 
horizontal reflection events. At the same time, the correlation with 
the crossline is weaker. Therefore, we utilize structural priors to 
construct a 2D anisotropic TV regularization. The formula is as 
follows: 

‖X‖TV =
∑n3

k=1

⎛

⎝
∑n1− 1

i=1

∑n2

j=1

⃒
⃒
⃒X (i+1;j;k) − X (i;j;k)

⃒
⃒
⃒

+
∑n1

i=1

∑n2 − 1

j=1

⃒
⃒
⃒X (i;j+1;k) − X (i;j;k)

⃒
⃒
⃒

⎞

⎠

⎞

⎠

(12) 

2.3. Algorithm optimization

To address the denoising problem, we adopt the Alternating 
Minimization algorithm (Holtz et al., 2012), a widely used opti
mization strategy that is particularly effective for multivariable 
decomposition problems. The algorithm iteratively approaches the 
global optimal solution by alternately fixing certain variables and 
updating the others. Specifically, the alternating optimization 
process can be divided into the following two subproblems: 

minϑ
⃦
⃦Y − XSTISR − Et⃦⃦2

F + γ2‖XSTISR‖TV (13a) 

minE
⃦
⃦Yt − X t

STISR − E
⃦
⃦2

F + γ1‖E‖l1
(13b) 

2.3.1. Optimizing parameter set ϑ and reconstructed tensor XSTISR
In Subproblem Eq. (13a), we fix the noise term Et and update 

the parameter set ϑ and the reconstructed tensor XSTISR.
Step 1: Updating parameter set ϑ
The parameter set ϑ = {G;A;B;C; θx; θy; θz} can be updated us

ing gradient descent. The update rule is expressed as: 

ϑ(t+1) = ϑ(t) − η∇ϑD(ϑ(t)) (14) 

where ϑt represents the model parameters at iteration t, η is the 
learning rate, and D(ϑ) is the network model. Common gradient- 
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based optimization algorithms such as gradient descent or Adam 
(Diederik, 2014) can be used for updating these parameters.

Step 2: Updating reconstructed tensor XSTISR
The reconstructed tensor XSTISR is updated based on the current 

estimation of the core tensor and factor matrices. The updating 
formula is as follows: 

XSTISR = D(ϑt) = (G×1A×2B×3C)
×1fθx (vx)×2fθy(vy)×3fθz(vz)

(15) 

2.3.2. Optimizing the noise term E
In Subproblem Eq. (13b), we fix the tensor XSTISR and parameter 

set ϑt, then update the noise term E.
The noise term is constrained by l1 regularization. This opti

mization problem can be solved using common sparse optimiza
tion algorithms such as the Coordinate Descent method (Wu and 
Lange, 2008) or the Iterative Shrinkage-Thresholding Algorithm 
(ISTA) (Beck and Teboulle, 2009). Specifically, the update for the 
noise term can be expressed as: 

E = S(Yt − X t
STISR; γ1) (16) 

where S(⋅; γ1) denotes the soft-thresholding operation, defined as: 

S(⋅; γ1) = sign(⋅)max(| ⋅ | − γ1;0) (17) 

2.4. Network architecture

The study adopts the classical MLP used in INR, as shown in Fig. 3. 
With strong approximation capabilities, MLPs continuously repre
sent seismic wavefields. In tensor decomposition, they model factor 
matrix mappings, adapting dynamically to seismic data features and 
improving performance in handling high-dimensional, sparse, and 

noisy data. Specifically, three MLP networks, θx, θy, and θz, parame
terize factor matrices. The formulation is: 

fθ(c) = WLσ(WL− 1⋯σ(W1c)) (18) 

where σ(⋅) is the nonlinear activation function, {Wl}
L
l=1 are the 

learnable weight matrices of the MLP network, and c represents 
the coordinates along one of the directions (x, y, or z) of the tensor.

Like other deep learning networks, INR exhibits a noticeable 
low-frequency spectral shift (Jacot et al., 2018; Rahaman et al., 
2019). This means the network tends to prioritize learning self- 
similarity and low-frequency features. When leveraged appropri
ately, this bias makes INR effective in signal component separa
tion. However, the limited resolution of the narrow frequency 
range restricts broader applications. To mitigate this spectral bias 
and expand the output frequency range, approaches like Fourier 
mapping layers (Tancik et al., 2020) and sine activations (Sitzmann 
et al., 2020) have been proposed.

We adopt MLP networks with sinusoidal activation functions, 
which are formulated as: 

fθ(c) = WLzL− 1 + bL (19) 

where: 
{

z0 = sin(ω0(W0c + b0) )

zl = sin(Wlzl− 1 + bl); l = 1;…; L − 1
(20) 

where, c is the input spatial coordinate, z0 is the output of the first 
layer, and zl is the output after the l-th layer of the MLP network. Each 
layer is defined by its respective weights Wl and offsets bl, and the 
sine activation function is applied element-wise at each layer for 
l = 1, …, L − 1. The constant ω0 is used to rescale the initial parameters, 
with larger values helping the network capture higher-frequency 
signals, thus effectively mitigating the low-frequency spectral shift.

Notably, as shown in Fig. 3, for a single-point coordinate vy in 
the y-direction, after inputting into the MLP, the network outputs a 
vector of length Ay. Similarly, the coordinates in the vx and vz di
rections correspond to vectors of lengths Ax and Az, respectively. 
These outputs correspond to the red lines in the factor matrices. 
Subsequently, these red lines are mode-multiplied with the core 
tensor C, and the corresponding values for the coordinates (x, y, z) 
in the 3D data X are obtained.
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Fig. 3. Network architecture for the proposed STISR method. (a) The schematic illustration of the overall workflow. (b) Detailed architectural components of the proposed model.

Table 1 
Core tensors size with rank (Ax, Ay, Az).

Tucker-INR STISR

Ax × Ay × Az Az/2 × Ay/2 × Az/2 +
∑

i∈{x,y,z}Ai/2 × Ai
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2.5. Computational complexity analysis

For a 3D seismic data tensor Y ∈ ℝNx×Ny×Nz, the computational 
complexity of the proposed framework consists of:

1. Re-decomposition of the core tensor: The new core tensor 
G ∈ ℝRx×Ry×Rz is multiplied with three-factor matrices 
A ∈ ℝRx×Ax , B ∈ ℝRy×Ay , and C ∈ ℝRz×Az , resulting in a complexity 
of O(RxRyRz 

∑
i∈{x,y,z}Ai +

∑
i∈{x,y,z}RiAi).

2. Update of INR factor matrices: INR generates three-factor 
matrices using inputs of size Nx × 1, Ny × 1, and Nz × 1, 

leading to a complexity of O(md
∑

i∈{x,y,z}AiNi), where m repre
sents the number of hidden units of the MLP and d is the depth.

3. Tucker decomposition: The core tensor C ∈ ℝAx×Ay×Az is multi
plied with three factor matrices U ∈ ℝAx×Nx , V ∈ ℝAy×Ny , and 
W ∈ ℝAz×Nz , leading to a complexity of O(AxAyAz 

∑
i∈{x,y,z}Ni).

Thus, the overall computational complexity of the algorithm is 
O(RxRyRz 

∑
i∈{x,y,z}Ai +

∑
i∈{x,y,z}RiAi + md

∑
i∈{x,y,z}AiNi + AxAyAz ∑

i∈{x,y,z}Ni). The overall computational complexity of Tucker-INR is 
O(md

∑
i∈{x,y,z}AiNi + AxAyAz 

∑
i∈{x,y,z}Ni). Although our method 

slightly increases complexity compared to Tucker-INR, it reduces 
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Fig. 4. Synthetic data at different noise levels. (a) Clean data. (b) Noisy data with σ = 0.1. (c) Noisy data with σ = 0.5. (d) Noisy data with σ = 1. (e) Noisy data with σ = 2. (f) Noisy data with σ = 3.

Table 2 
Denoising performance evaluation of different methods at different noise levels σ (unit dB).

σ = 0.1 σ = 0.5 σ = 1 σ = 2 σ = 3

Noisy data − 11.80 − 7.79 − 6.25 − 5.67 − 2.91

Rank Tucker-INR STISR Tucker-INR STISR Tucker-INR STISR Tucker-INR STISR Tucker-INR STISR

10 16.87 16.63 19.01 17.18 19.52 16.35 19.55 16.44 20.19 17.26
20 16.86 18.18 18.92 19.88 19.21 19.52 19.49 20.49 20.47 19.75
30 15.83 17.71 18.23 19.19 18.57 20.14 19.38 20.19 20.46 21.91
40 15.11 17.44 17.54 18.86 17.95 19.26 18.39 19.75 19.45 21.10
50 14.48 17.29 16.97 18.56 17.27 18.94 17.75 19.72 18.83 20.64
60 13.91 16.87 16.50 18.21 16.65 18.46 17.04 19.11 18.29 19.91
70 13.60 16.12 16.19 17.88 16.18 18.15 16.62 18.64 17.64 19.56
80 13.25 15.54 15.79 17.60 15.80 17.71 16.19 18.08 17.13 19.24
90 13.00 15.36 15.54 17.21 15.52 17.40 15.83 17.74 16.79 19.02
100 12.49 15.10 15.37 16.98 15.22 17.09 15.40 17.39 16.15 18.74

The bold values in Tables 2 and 3 denote the best results.
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parameter count and maintains a comparable runtime (see the 
experimental section). More importantly, it offers superior sta
bility and performance, making it more effective in handling 
complex tasks and noisy environments.

3. Experiments

We evaluate the performance of the proposed method on 
synthetic and field data and compare it with two advanced seismic 
data denoising methods, DIP (Ulyanov et al., 2018), and MSSA 
(Oropeza and Sacchi, 2010). Our method is implemented in 

PyTorch 1.7.0 and runs on an NVIDIA RTX 3090 GPU (12 GB GPU 
memory). A learning rate of 10− 4 is applied during the optimiza
tion process.

To quantify the performance of the method, we use the SNR on 
the synthetic data as the evaluation metric, defined as follows: 

SNR (dB) = 20log10

(
Asignal

Anoise

)

(21) 

where Asignal represents the amplitude of signal, and Anoise repre
sents amplitude of noise.
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Fig. 5. Denoising results at different noise levels. (a)–(d) show results for σ = 0.5 using (a) DIP, (b) MSSA, (c) Tucker-INR, and (d) STISR. (e)–(h) shows results for σ = 2 using (e) DIP, 
(f) MSSA, (g) Tucker-INR, and (h) STISR. The areas indicated by the green arrows retain residual erratic noise in DIP and MSSA, while no such remnants are present in Tucker-INR 
and STISR.
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3.1. Analysis of denoising performance under different ranks

To evaluate the effectiveness of the proposed method, we 
generate a synthetic seismic dataset (size: 300 × 300 × 300) with 
fault structures, as shown in Fig. 4(a). Noise with varying σ values 
σ = 0.1, 0.5, 1, 2, 3 and 10% erratic noise are added to the data, 
shown in Fig. 4(b)–(f). We then apply the Tucker-INR and STISR 
methods for denoising at different noise levels.

Both methods are tested with the same hyperparameters to 
ensure fairness, using the Adam optimizer with weight decay of 1, 
ω0 = 2, a maximum iteration count of 3001, γ1 =0.11, and γ2 = 1.8 ×
10− 5. Additionally, the ranks R of the core tensors C for both 
methods are set to be the same. In STISR, the core tensor C is 
further decomposed into a smaller core tensor G and three factor 
matrices A, B, and C, where the rank of G is set to half of the rank R 
of C, as shown in Table 1. When R = (20, 20, 20), the core tensor size 
of Tucker-INR is 20 × 20 × 20 = 8000, while the core tensor size of 
STISR is 10 × 10 × 10 + 3 × 10 × 20 = 1600.

To compare performance across different ranks, we test ranks 
from 10 to 100 with a step size of 10, recording the best recon
struction quality. The results, shown in Table 2, indicate that STISR 
outperforms Tucker-INR in reconstruction quality, not only in the 
optimal reconstruction results but also in most rank conditions, 
where STISR achieves 1–2 dB higher than Tucker INR, showing 
more stable denoising performance. STISR slightly lags behind 
Tucker-INR in cases of smaller rank values; this may be because 
STISR's rank is further decomposed to half of Tucker-INR's, 
resulting in an insufficient rank to capture all the features of the 
data. Compared to Tucker-INR, the hierarchical re-decomposition 
strategy of STISR significantly reduces the number of parameters, 
thereby reducing model complexity and has rank stability. These 
advantages highlight the potential and practical value of STISR in 
3D seismic data processing.

3.2. Synthetic data example

Fig. 5 presents the denoising results of DIP, MSSA, Tucker-INR, 
and STISR at noise levels σ = 0.5 and σ = 2. The noisy data in 
Fig. 4(c) and (e) exhibit high-intensity noise that obscures the 
original signal, making visualization and structural interpretation 

challenging. The presence of erratic noise further complicates 
denoising. As shown in Fig. 5(a), (b), (e), and (f), DIP and MSSA 
reduce some random and erratic noise but leave noticeable re
siduals, as indicated by the green arrows.

In contrast, Tucker-INR and STISR show clear advantages in 
denoising. Tucker captures low-rank structures and removes 
random noise, while INR models nonlinear patterns to recover 
fault structures. STISR performs exceptionally well compared to 
Tucker-INR, with fault structures more clearly visible in 
Fig. 5(d)–(h). This improvement is attributed to the enhanced 
expressiveness provided by the linear reparameterization, which 
better preserves the details of the wavefield. Furthermore, incor
porating the l1 norm in Tucker-INR and STISR significantly  en
hances noise suppression compared to DIP and MSSA, resulting in 
a denoising performance with no residual noise.

To better illustrate the performance of different methods in 
fault recovery, we performed fault recognition comparisons on the 
crossline = 100 profile for four methods, as shown in Fig. 6. The DIP 
method failed to effectively restore the fault during the denoising 
process, resulting in blurred fault boundaries that could not be 
accurately identified.  In contrast, the MSSA method performed 
better in restoring fault structures, clearly displaying some frac
ture features, although noise interference still had an impact. The 
Tucker-INR and our proposed STISR methods showed significant 
advantages in preserving and recovering fault structural features. 
However, the blue box shows that STISR can better recover fault 
structures under high noise levels. This is due to the combination 
of linear and nonlinear reparameterization, which enhances the 

(a) (b) (c) (d) (e)

(f) (g) (h) (i)

Fig. 6. Fault recognition results for different methods on the crossline = 100 profile. (a) Represents the results for clean data, (b)–(e) show results for σ = 0.5 using (b) DIP, (c) 
MSSA, (d) Tucker-INR, and (e) STISR. (f)–(i) show results for σ = 2 using (f) DIP, (g) MSSA, (h) Tucker-INR, and (i) STISR. DIP fails to recover the fault structure at the locations 
indicated by the blue boxes, while MSSA and Tucker-INR perform worse than STISR, resulting in blurred identification.

Table 3 
Denoising performance evaluation of different methods at different noise levels σ 
(unit: dB).

Noisy data DIP MSSA Tucker-INR STISR

σ = 0.1 − 11.80 − 5.83 1.82 16.87 18.18
σ = 0.5 − 7.79 2.14 7.99 19.01 19.88
σ = 1 − 6.25 5.43 10.52 19.52 20.19
σ = 2 − 5.67 8.68 12.46 19.55 20.49
σ = 3 − 2.91 10.50 15.91 20.47 21.91
Time – 5 h 36 min 1 h 27 min 2 min 57 s 3 min 2 s
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model's denoising capability under high-noise conditions while 
more effectively preserving the details of the wavefield.

The SNR comparison in Table 3 shows that STISR achieves the 
highest SNR at all noise levels, significantly outperforming MSSA, 
DIP, and Tucker-INR. Moreover, compared to MSSA and DIP, which 
require several hours of computation, Tucker INR and STISR 
complete the process in around 3 min. Although STISR's runtime is 
slightly slower than Tucker-INR, the difference is only 5 s. 
Combining Tucker decomposition and INR balances denoising 
performance with efficiency, and the re-decomposition strategy 
enhances stability. These results highlight STISR's exceptional 
performance in seismic data denoising and signal recovery, 
showcasing its potential in practical applications.

3.3. Field data example

To further validate the proposed method, we conduct experi
ments on the previously analyzed field  CRP gathers of size 

3001 × 200 × 570 (Time, Inline, and Crossline). Fig. 2 shows a 
segment of the CRP gather collected at Crossline = 50, which con
tains 200 seismic traces, each with 3001-time samples and a sam
pling interval of 2 ms. The data is contaminated by random noise, 
making weak signal components unclear, while strong reflection 
events exhibit approximately horizontal characteristics. The kurto
sis of part of the random noise indicates sparse characteristics, 
making it suitable for the l1 norm. Notably, due to the relatively 
horizontal alignment of reflection events, we adopt a different TV 
regularization compared to the model data, as shown in Eq. (12).

The denoising results of DIP, MSSA, and STISR are presented in 
Fig. 7. Specifically, STISR methods use the Adam optimizer with a 
weight decay of 0.1, ω0 = 2, a maximum iteration count of 5001, 
γ1 = 0.07, and γ2 = 5 ×10− 6. Although all three methods effectively 
suppress noise, STISR and MSSA outperform DIP in noise attenu
ation. As indicated by the yellow arrows, all three methods reduce 
noise, while the purple arrows highlight the superior suppression 
achieved by MSSA and STISR compared to DIP. Tables 3 and 4
demonstrate that, in contrast to the several-hour runtime required 
by MSSA and DIP, STISR strikes a balance between performance 
and efficiency, completing denoising within 6 min even for large 
datasets.

In the shallow region (Fig. 8), the STISR method demonstrates 
superior performance by effectively removing stronger noise 
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Fig. 7. Denoising comparison on field seismic data. (a) Noisy dataset. Denoised using (b) DIP, (c) MSSA, and (d) the proposed method. The noise was removed using (e) DIP, (f) 
MSSA, and (g) the proposed method. The green and yellow boxes are magnified views of the corresponding regions. In the areas marked by yellow arrows, all three methods 
effectively suppress noise. However, at the locations indicated by the purple arrows, both MSSA and STISR methods attenuate stronger noise, demonstrating superior performance 
compared to the DIP method.

Table 4 
Comparison of running time on field CRP gathers.

Data size DIP MSSA STISR

Time 3001 × 200 × 570 10 h 28 min 3 h 56 min 6 min 25 s

The bold values in Tables 2 and 3 denote the best results.
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energy compared to the other two methods, while preserving 
useful signals. Additionally, it removes more intense interference, 
ensuring the lateral continuity of reflection events, as highlighted 
by the green arrows. By integrating both linear and nonlinear 
parameterization, STISR enhances the model's expressive capacity, 
enabling more precise differentiation between useful signals and 
noise. This approach significantly  improves the suppression of 

both sparse noise (as indicated by the green arrows) and gaussian 
noise while maintaining the smoothness and continuity of the 
signals. Compared to DIP and MSSA, STISR achieves more effective 
noise removal, demonstrating the robustness of the l1 norm in 
suppressing noise.

We further analyze noise suppression in the normalized 
multichannel amplitude spectrum in Fig. 9. In the low-frequency 
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Fig. 10. Denoising comparison on stacked data. (a) Stacked result of the original data. Stacked data results after pre-stack denoising using (b) DIP, (d) MSSA, and (f) the proposed 
method. Stacked noise results after pre-stack denoising using (c)DIP, (e) MSSA, and (g) the proposed method. The green boxes represent magnified views of the corresponding 
regions. As indicated by the red arrows, signal leakage is present in the DIP and MSSA methods, whereas STISR effectively suppresses this leakage. Additionally, the random noise 
highlighted by the yellow arrows is not effectively eliminated in the DIP and MSSA results, whereas STISR achieves effective attenuation.
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range, all three methods exhibit similar performance, indicating 
their effectiveness in preserving low-frequency components. 
However, as shown in Fig. 9(b), STISR achieves stronger noise 
suppression within the primary noise frequency band compared to 
the other two methods. Overall, STISR demonstrates superior noise 
attenuation within the noise frequency range, highlighting its 
exceptional denoising capability.

To further validate fidelity and denoise performance, we pre
sent stacked data (Fig. 10) for each method. For each of the 570 
Crossline coordinates in the processed three-dimensional data, we 
perform horizontal stacking multiple times to generate corre
sponding stacked data. Although all three methods effectively 
attenuate noise, signal leakage is observed in the DIP and MSSA 
methods, whereas STISR achieves the least signal leakage. More
over, STISR not only eliminates stronger noise energy but also 
significantly  suppresses noise, particularly in the regions high
lighted by the yellow arrows, demonstrating superior 
performance.

3.4. Ablation experiment

3.4.1. Impact of regularization
To better illustrate the role of TV regularization and the l1 norm 

in the proposed method, we conducted ablation experiments on 
synthetic data, with results shown in Fig. 11. The experimental 
results validate the effectiveness of TV regularization and the l1 
norm in noise suppression. When σ = 0.1 and σ = 0.5, random 
noise in the data is significantly more prevalent than erratic noise. 
However, when σ = 1, the ratio between the two types of noise is 
more balanced. As σ increases to 2 and 3, erratic noise becomes 
more prominent in the synthetic data. By comparing the experi
mental results, we find that experiments using only the l1 norm 
outperform the TV regularization method at σ = 2 and σ = 3. This 
may be due to the stronger denoising ability of the l1 norm when 
dealing with erratic noise. TV regularization excels in smoothing 
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Fig. 11. Quantitative performance of regularization at different noise levels σ.
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Fig. 12. Denoising results with and without INR. (a)–(b) show the results for σ = 0.5: (a) Tucker decomposition, (b) STISR. (c)–(d) show the results for σ = 2: (c) Tucker 
decomposition, (d) STISR. As indicated by the green arrows, Tucker decomposition retains residual noise, whereas STISR effectively eliminates it. As highlighted by the blue arrows, 
STISR outperforms Tucker decomposition in recovering fault structures, demonstrating superior capability in detail preservation.
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and removing random noise, while the l1 norm is more effective in 
handling erratic noise.

3.4.2. Impact of INR
Fig. 12 presents the denoising results under noise levels of 

σ = 0.5 and σ = 2, with and without using INR. While Tucker 
decomposition, constrained by low-rank assumptions, removes 
part of the noise, it exhibits limited capability in preserving 
intricate structures and fine details, as indicated by the green and 
blue arrows. In contrast, introducing INR in the STISR framework 
enhances its ability to capture fine details while maintaining the 
low-rank structure, leading to cleaner denoised results and 
reduced computational time. On large-scale field  data, STISR 
achieves denoising in just one-third of the time Tucker requires, as 
shown in Table 5. This demonstrates that the combination of 
Tucker decomposition and INR not only improves the network's 
ability to fit nonlinear features but also enhances the robustness of 
denoising at different noise levels.

4. Discussion

4.1. Noise-level analysis

To illustrate the applicability of the proposed method, its sta
bility under different noise intensities is further investigated. As 
shown in Table 6, when the erratic noise ratio is fixed at 10%, the 
proposed method is able to improve the SNR even when the input 
SNR is as low as − 30 dB. No abrupt performance collapse is 
observed, indicating a certain degree of robustness to strong ad
ditive random noise. Table 7 presents the denoising results under 
different erratic noise ratios with a fixed noise level of 0.1. As the 
proportion of erratic noise increases, the output SNR gradually 
decreases but remains stable without sudden degradation, sug
gesting that the proposed method can maintain reliable denoising 
performance under relatively high levels of nonstationary 
interference.

4.2. Limitations of STISR method

Although the proposed STISR method demonstrates effective 
compact representation and noise attenuation for 3D seismic data, 
its applicability is subject to several inherent limitations. As an 

extension of the low-rank regularization framework, STISR 
implicitly assumes that seismic data are low-rank or compressible 
along certain dimensions. This assumption generally holds for 
smooth and slowly varying seismic events, enabling effective 
redundancy exploitation. However, in regions with steep dips, 
rapid local variations, or complex interference patterns, the data 
tend to exhibit higher-rank characteristics, which weakens the 
low-rank modeling capability. In practice, preprocessing tech
niques such as normal moveout (NMO) correction on CMP gathers 
can be employed to make the data more consistent with low-rank 
assumptions. Moreover, the global nature of Tucker decomposition 
relies on strong inter-dimensional correlations, which may 
degrade in structurally complex scenarios, leading to reduced 
reconstruction accuracy. Overall, STISR is more suitable for 
continuous and smoothly varying seismic reflections, while data 
containing complex geological structures generally require 
appropriate preprocessing to enhance their low-rank 
characteristics.

5. Conclusion

The proposed approach integrates Tucker decomposition with 
INR, where the Tucker factor matrices are modeled using INR, and 
a progressive hierarchical re-decomposition strategy is employed 
to optimize the core tensor. This design enhances the represen
tation of fine-scale  features while preserving low-rank stability. 
The incorporation of l1 regularization further improves the 
model's adaptability to heterogeneous noise. Experiments on 
synthetic data demonstrate that the proposed method can effec
tively recover clean signals and reconstruct fault structures under 
low signal-to-noise ratio conditions. Compared with DIP and MSSA 
methods, which typically require several hours, the proposed 
method achieves comparable or superior denoising performance 
within approximately 3 min. Field seismic data experiments 
further verify the robustness of the method in suppressing both 
sparse and Gaussian random noise under vertically nonstationary 
signal conditions. Poststack results indicate that the proposed 
method removes noise with minimal signal leakage. Future work 
will explore integration with alternative tensor decomposition 
schemes (such as TT or TR decomposition), extension to higher- 
dimensional seismic data, the suppression of more complex 
coherent noise (e.g., linear noise and multiples), and the devel
opment of adaptive rank estimation and online processing 
strategies.
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Table 5 
Comparison of running time with or without INR on different data.

Data size Tucker STISR

Synthetic data 300 × 300 × 300 228 s 182 s
Field data 3001 × 200 × 570 960 s 325 s

Table 6 
Denoising performance with fixed 10% erratic noise (unit: dB).

Input SNR, dB − 30.23 − 23.09 − 20.47 − 13.18

Output SNR, dB − 0.58 6.52 9.53 14.98

Table 7 
Denoising performance with fixed noise level of 0.1 (unit: dB).

Erratic noise ratio 10% 20% 30% 40% 50%

Input SNR, dB − 11.80 − 11.95 − 12.14 − 12.21 − 12.37
Output SNR, dB 18.18 16.40 14.19 11.95 9.78
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