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Abstract - This paper addresses the problem of hyperspectral
image (HSI) restoration under mixed noise, specifically Gaussian
and impulse noise, by proposing a novel method based on low-
rank tensor decomposition. While existing low-rank approaches
often adopt fixed regularization schemes, they may fail to capture
spatial-spectral correlations in HSIs. To overcome this limitation,
we introduce a spatial-spectral adaptive model that integrates
regularizers with pixel-wise weighting, enabling local structural
preservation and improved denoising performance. An efficient
optimization algorithm based on the Augmented Lagrangian
Method (ALM) is developed, with closed-form solutions derived
for subproblems to ensure both accuracy and convergence.
Experimental results on both simulated and real HSI datasets
demonstrate the superiority of the proposed method over several
state-of-the-art approaches, which are based on low-rank tensor
decomposition. Our method achieves higher PSNR, SSIM, and
FSIM scores, and provides visually cleaner results with better
preservation of image details.

Key words — Hyperspectral image restoration, low-rank tensor
decomposition, group sparsity, mixed noise.

1. Introduction

A hyperspectral image (HSI) is a type of image that
captures continuous spectral information across hundreds of
narrow wavelength bands for each pixel, enabling detailed
analysis of material composition in a scene. Its advantages
include the ability to distinguish materials with similar
spectral properties, with applications in precision
agriculture, environmental monitoring, biomedical imaging,
and military target identification. HSIs are often affected by
noise due to various environmental factors during
acquisition. Common types of noise include impulse noise,
Gaussian noise, and dead pixels. Such noise degrades image
quality and negatively impacts subsequent processing steps
like classification or detection. Therefore, restoring HSIs is
essential to ensure accurate analysis and interpretation.

In this paper, we investigate the problem of restoring
hyperspectral images corrupted by mixed noise, which is a
mixture of Gaussian and impulse noise. Several studies
have focused on denoising mixed noise in HSIs to improve
image quality for subsequent analysis. HSIs have strong
relationships in both the spatial and spectral domains.
Nearby pixels often share similar spectral features, and the
spectral bands are closely related to each other. Because of
that, it's important to use methods that take advantage of
both spatial and spectral information. Some suitable
approaches include spectral-spatial filters, low-rank
models, or methods that combine both domains.

Variational methods are widely used in HSI restoration
thanks to their ability to incorporate prior assumptions and
regularization into an optimization framework. Total
variation is commonly applied to remove noise while
preserving object edges. Spatial-spectral adaptive total
variation models were proposed that performs well on mixed
noise [1-5]. Among various restoration techniques, non-
local filtering has gained attention due to its ability to exploit
the self-similarity of image patches across both spatial and
spectral dimensions. Sippel et al. [6] proposed a non-local
filtering method for HSI reconstruction by finding similar
patches and applying collaborative Wiener filtering.

Dimensionality reduction techniques play an important
role in HSI denoising by simplifying the data while
preserving essential spectral information. Some studies
applied Principal Component Analysis (PCA) for HSI
restoration by reducing dimensionality and removing noise
in the less significant components. Qian et al. [7] proposed
a PCA-based method combined with spatial filtering to
suppress noise and enhance image quality.

HSIs often have a low-rank structure because of the
strong correlation between spectral bands. Therefore, low-
rank decomposition methods can effectively separate noise
from the main information, making them useful for
denoising [8-12]. Wang et al. [13] introduced a HSI
restoration method that combines low-rank Tucker tensor
decomposition with anisotropic spatial-spectral total
variation regularization to effectively separate clean image
structures from mixed noise. In [14], the authors used low-
rank tensor approximation guided by multigraph structures
to restore HSIs. Chen et al. [15] combined low-rank tensor
decomposition with weighted group sparsity. The group
sparsity term guides the model to treat related pixels
together, which improves noise removal without losing
important details.

While traditional model-based methods have shown
strong performance in HSI restoration, they often struggle
with real-world complexity and variability. Recently, deep
learning has offered more flexible and data-driven ways to
recover clean images. Deep learning methods for HSI
restoration typically learn mappings from noisy to clean
images using large amounts of training samples [16-19].
They often capture complex spatial-spectral patterns better
than hand-crafted models, making them well-suited for
real-world noise. In [20], the authors incorporated low-
rank tensor priors into deep learning frameworks for
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improved HSI restoration. Deep learning methods can
model complex, non-linear relationships and often achieve
higher restoration quality than traditional approaches like
low-rank tensor decomposition, especially on large and
diverse datasets. However, they usually require substantial
labeled data and training time, and may generalize poorly
to unseen noise types or sensor conditions.

In this paper, we focus on low-rank tensor
decomposition methods for restoring HSIs corrupted by
mixed noise, specifically Gaussian and impulse noise.
Most existing low-rank tensor decomposition methods rely
on fixed regularization across the entire image, which may
overlook local wvariations in spatial and spectral
characteristics. This limitation highlights the need for
models that can adaptively adjust to spatial-spectral
structures for more accurate HSI restoration. The proposed
approach incorporates group sparsity to better preserve
structural consistency. To further enhance restoration
quality, spatial-spectral adaptiveness is introduced through
a pixel-wise weighting function embedded in the model.
An optimization algorithm based on the Augmented
Lagrangian Method (ALM) is developed to efficiently
solve the proposed problem.

The main contributions of this

summarized as follows:

study can be

- We propose a novel HSI restoration model that
integrates low-rank tensor decomposition with group
sparsity regularization, in which the model components are
adaptively weighted across spatial and spectral dimensions
to better capture local variations and enhance restoration
accuracy.

- An efficient optimization algorithm based on the
augmented Lagrangian framework is developed to solve
the resulting model, where closed-form solutions are
derived for subproblems to ensure convergence and
computational efficiency.

- Extensive experiments on both synthetic and real
hyperspectral datasets demonstrate that the proposed
method achieves superior performance compared to
several state-of-the-art approaches, which employ low-
rank tensor decomposition.

2. Preliminaries
2.1. Notations

A tensor is a N-way array, and N is referred to as the
order of the tensor. Formally, an N-order tensor
X € Ri1X2X-XIN jg an array indexed by N indices, where
I, denotes the size along the n-th mode. Tensors are
widely used to represent high-dimensional data, such as
hyperspectral images, where the spatial and spectral
dimensions are naturally modeled as a 3rd-order tensor.
A fiber is a vector obtained by fixing all indices of a
tensor except one. A mode-n fiber is the vector obtained
by varying the n-th index while keeping the others fixed.
A slice is a two-dimensional section of a tensor,
obtained by fixing all indices except two. The n-mode
product of a tensor X € RI1*2*-XIN with a matrix U €
R/¥n is denoted by X X, U. For a comprehensive

overview of tensor representations and operations,
readers are referred to [21].

2.2. Problem statement

A degraded HSI is commonly affected by mixed noise,
which typically includes Gaussian and impulse noise.
Accordingly, the degradation model of HSI under mixed
noise can be expressed as follows:

Y=X+sS+X, €))

where, Y — the noisy image; X — the clean image; S — the
sparse noise; and V' — the Gaussian noise. The terms Y, X,
S, NV e R™™P are 3rd-order tensors, where m X n
represents the spatial resolution of each band and b is the
total number of spectral band. HSI restoration estimates the
latent clean image X given the noisy image Y.

2.3. Low-rank tensor decomposition

Low-rank tensor decomposition is a powerful tool for
modeling the global structure of high-dimensional data by
exploiting its inherent redundancy. Among various
decomposition techniques, Tucker decomposition is one of
the most widely used methods. It represents a tensor as the
multilinear product of a smaller core tensor and a set of
orthogonal factor matrices along each mode. Specifically,

given a 3rd-order tensor X € R**2XI3 Tycker
decomposition approximates it as:
X = C Xx; Uy X, Uy X3 U, 2)

where C € R™*"2%73 is the core tensor capturing interactions
between components, and U, € R»*™ are the factor
matrices, which satisfy UTU; = I. The low-rank property is
imposed by choosing 1, < I,, allowing Tucker
decomposition to effectively reduce noise and preserve the
essential structure of hyperspectral data. The Tucker
decomposition of a 3rd-order tensor is illustrated in Figure 1.

b U3
73
b mn T3,/ /
] U
m x m | Ug = n
2

n
Figure 1. Tucker decomposition of a 3rd-order tensor

2.4. Group sparsity

In [15], Chen et al. introduced a hyperspectral image
restoration model that integrates low-rank tensor
decomposition with a weighted group sparsity
regularization. In this framework, the group sparsity prior
is applied to the sparse noise component, which is assumed
to exhibit structural correlations across spectral bands. The
group sparsity is defined by:

m n
WO DXllos = ) > Wl DIDX DIl
m n i=1j=1 (3)
+Z Zwy(i,j)”DyX(i,j,:)”Z,
i=1j=1
where W is the weight matrix; © denotes the Hadamard
product; D is the gradient operator with the two spatial
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components D, and D, ; and X (i, /, : ) is the spectral vector
at spatial location (i, j).

By grouping pixels along the spectral dimension, the
method enforces sparsity at the group level rather than on
individual elements, thus better capturing the continuity
and joint occurrence of noise across bands.

3. Proposed model

To address the challenges of mixed noise removal in
HSIs, we formulate a restoration model that leverages both
the low-rank property of hyperspectral data and the
structural sparsity of noise components. Specifically, the
clean HSI is modeled via a low-rank Tucker decomposition
to capture its global spatial-spectral correlations. In
addition, group sparsity is imposed on the low-rank
component to promote structured regularity, especially in
local neighborhoods. To better adapt to the spatial and
spectral variability across pixels, we introduce spatial-
spectral weighting schemes into the regularization terms.
These weights are designed to emphasize the preservation
of fine structures and local textures while suppressing noise
adaptively. Based on these considerations, the proposed
optimization problem is formulated as follows:

min

i LW O Tllzs + 2:IW O Sy

5.6 ~ C Xy Uy X, Uy X5 Us, )
lY—X =Sl <X =2,T=DZ,
where § models the sparse noise; the terms ||[W O T[4
and ||W © §||; encode the adaptive group sparsity and
spatial-spectral sparsity, respectively; 4; and A, denote
regularization parameters; ¢ is the variance of the Gaussian
noise.

Following the framework of the Augmented
Lagrangian Method (ALM) [22], we reformulate the
constrained optimization problem as the minimization of
the corresponding augmented Lagrangian function:
Lﬁ(x’S’C’Ui’T’Z’Mi) = Alllw @ T”Z,l +

+2LIWO S| + (M, Y - X = 8)

B
+§Il‘y—X—SII% + (M, X — 2)
B , B ,
+5|IX—ZIIF +(M3,DZ—T)+5IIJC—ZIIF
)

under the constraint of low-rank Tucker decomposition
X = C X4 Uy X, U, X3 Us, where (:,-) denotes the inner
product; M; (i = 1,2,3) are the Lagrange multipliers;
[ denotes a penalty parameter.

To efficiently solve the unconstrained optimization
problem derived from the augmented Lagrangian
formulation, we adopt an alternating minimization
strategy. Specifically, each variable is updated by
minimizing the augmented Lagrangian function Lg with
respect to one variable while keeping the others fixed. This
decomposition yields a series of subproblems that are
simpler and can be solved either in closed form or using
efficient numerical schemes. In the following, we present
the subproblems and their solutions.

- The X, C, U; problem:

: B
min(¥,Y = X = §)+ 511y - X = SII3
B 2
+(M2,x _Z) +E”x _Z”F. (6)
which is equivalent to:
gl - Ly —s+z+ 20220 7
“}énﬁ” _E<y_ et )F’ M

under the constraint of X = C X; U; X, U, X3 U; with
UTU; = I. The higher-order orthogonal iteration (HOOI)
[21] is used to compute the core tensor C and the factor
matrices U; in the Tucker decomposition. Then, the latent
tensor X is updated.

- The Z problem:
min{M,, X — Z) + 4 X —2zllz
z 2 [)7 (8)
+(;,DZ ~7) + 5 IDZ ~ T,
which leads to the following system of linear equations:
M, M
@+ DTD)Z = <X + 7) + DT (T - 7), )

where 7 is the identity tensor. The above equation can be
solved efficiently using fast Fourier transform (FFT) as:
M. M.
#lc+ ) o (7 -)
B B
1+ F(DTD) ’

Z=7F1 (10)

where F and F~1 are FFT and inverse FFT; the division is
performed element-wise.

- The T problem:
mTin/11||W O Tllz1 +{(M3,DZ —T)
B . (11)
+5 10z =TI,

which is equivalent to:
| g M)
mm/11||W®T||21+—||DZ—T+— (12)
T T2 gl
The closed-form solution for the tube fibers (i, j, : )
of T can be efficiently computed using the soft-
threshold shrinkage operator:

T(i,j,:) = Shrinkage {V(i,j,:),w}, (13)

B

where  Shrinkage(a, b) = sign(a) max(|a| — b, 0);
V=Dpz+2
B
- The § problem:
msinlzllw O Sy + (M, Y —X —8)
B 14
+21Y - X =S|,

which leads to a closed-form solution using element-wise
soft-thresholding as:

My WAZ) (15)

S = Shrinka e( X+ —,
ge|Y R
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- Multiplier update:

The Lagrange multipliers are updated as follows:
My =M+ B(Y—-X-9),
M, =M, + (X — 2),
My =M;+B(DZ -T).

- The weight matrix W and the weight tensor W:

(16)

_ 1
B 2 ’ 17
||<DZ+%)(i,j,:) + eps (7

b F
1
W=ay+a,|l—exp| — i ,
||'y—x+T1 + eps
F

(18)

where a and a; are positive parameters; eps is a small
positive constant used for numerical stability.

The weight matrix W allows the model to adaptively
preserve important image structures, such as edges,
textures, or regions with rich spectral information, by
assigning them smaller weights, while reducing the noise
by assigning larger weights. The tensor W is designed to
adaptively control the sparsity regularization strength
applied to the sparse noise component. It assigns weights
based on the discrepancy between the observed data Y and
the current estimate of the clean image X', adjusted by the
Lagrange multiplier M;. When the residual is large, it
indicates a significant difference between the observation
and reconstruction, possibly due to strong noise like
impulse noise. In this case, W = «a,, leading to a small
weight. This allows noise to be absorbed into the sparse
noise §. When the residual is small, it indicates the
presence of weak noise. In this case, W approaches a, +
a4, resulting in stronger sparsity enforcement for the sparse
noise component. &, ensures a minimum regularization
effect, while @, controls how much stronger the penalty
becomes for weak noise. The optimal values allow the
model to effectively suppress noise without over-
penalizing valid signal components.

The overall algorithm is summarized in Algorithm 1 as
follows.

Algorithm 1. The ALM algorithm for solving the proposed
model (4)

Input: Y, 1,,1,, B, @y, @4, and rank of the core tensor
Initialization: X = Y,W = 0,
Z=W=M =M, =M;=0.

While the stopping criterion is not satisfied do
1: Solve the X, C, U; problem via (7).
2: Solve the Z problem via (10).
3: Solve the T problem via (13) and (17).
4: Solve the S problem via (15) and (18).
5: Update the multipliers My, M,, M3 via (16).
6: Check the stopping criterion:

It = X /1< p) < T
end

4. Experimental results
4.1. Numerical experiments

To evaluate the effectiveness of the proposed method,
we compare it with two representative low-rank tensor
decomposition-based approaches: LRTDTV [13], which
incorporates spatial-spectral total variation regularization,
and LRTDGS [15], which integrates group sparsity into the
decomposition model. The parameters of all the methods
were tuned to achieve the best average PSNR performance.
For the proposed method, several parameters were
empirically fixed, including § = 0.01, ¢, = 0.5, a; = 2.

In the numerical experiments, two datasets,
Washington DC Mall [23] and simulated Indian Pines [13],
are used. The simulated Indian Pines dataset has a size of
145 x 145 X 224, while the Washington DC Mall dataset
has a size of 256x256x191. Mixed noise, including
Gaussian noise and impulse noise, is added to each spectral
band. For each band, the variance of the Gaussian noise is
randomly selected within the range [0,0.2], and the
impulse noise is introduced with a randomly chosen ratio
within the range [0, 0.2].

Table 1. PSNR, SSIM and FSIM results of different methods for
the simulated Indian Pines and Washington DC Mall datasets

LRTDTV ~ LRTDGS  Ours
_ PSNR 4125 4292 43.54
Simulated SSIM 0.9936 0.9965  0.9974
Indian Pines
FSIM 0.993 0.9969 0.998
PSNR 455 46.8 47.46
Washington
DO Mall SSIM 0.9646 09629  0.9781
FSIM 0.9398 0.9315  0.9561

Quantitative results in terms of PSNR, SSIM [24], and
FSIM [25] on two benchmark hyperspectral datasets,
Simulated Indian Pines and Washington DC Mall, are
presented in Table 1. For the Simulated Indian Pines
dataset, our method achieves the highest PSNR value of
43.54, outperforming LRTDGS (42.92) and LRTDTV
(41.25) by noticeable margins. Similarly, in terms of
structural similarity, our method achieves an SSIM of
0.9974, exceeding both LRTDGS (0.9965) and LRTDTV
(0.9936). The FSIM score, which reflects perceptual image
quality, is also the highest for our method (0.998),
indicating superior preservation of spatial and spectral
structures. In the case of the Washington DC Mall dataset,
a similar trend is observed.

The PSNR, SSIM and FSIM indices are shown for all
bands in Figure 2. It can be seen that the proposed method
consistently achieves higher evaluation values across the
majority of spectral bands compared to both LRTDTV and
LRTDGS. While all three methods exhibit certain
fluctuations due to varying levels of noise and structural
complexity across bands, our method demonstrates
superior robustness. The trends observed across PSNR,
SSIM, and FSIM show a strong correlation, indicating that
improvements in signal fidelity are consistently
accompanied by gains in both structural and perceptual
similarity. Moreover, although LRTDGS generally
performs better than LRTDTV in all three metrics, its
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relative performance varies more across bands. This
suggests that while group sparsity improves signal
recovery globally, it may not fully preserve local

perceptual details without further adaptation, which
emphasizes the added value of the proposed adaptive
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Figure 2. PSNR, SSIM and FSIM results of all bands for different methods:
(a)-(c) the simulated Indian Pines; (d)-(f) - the Washington DC Mall

To further validate the effectiveness of the proposed
method, we present a visual comparison of the denoising
results on a representative band of the simulated Indian
Pines and Washington DC Mall datasets, as shown in
Figures 3 and 4. For better visualization, zoom-in regions
are highlighted with green boxes. LRTDTV, which
exploits total variation regularization, is able to reduce a
portion of the noise while preserving edges to some extent.
However, it tends to over-smooth homogeneous regions
and introduces blocky artifacts. LRTDGS, which
incorporates group spars1ty constramts performs better in

preserving local structures compared to LRTDTV. Yet,
some residual noise and detail blurring remain noticeable,
especially along edges and in textured regions. In contrast,
our proposed method achieves the most visually pleasing
result. It not only suppresses noise more effectively but
also maintains fine structural details and edge continuity.
This improvement can be attributed to the pixel-wise
adaptive weighting mechanism embedded in the model,
which allows the model to dynamically adjust its
regularization strength according to local spatial-spectral

content.

thure 3. Denoising results of different methodsfor the band 118 of the simulated Indian Pines dataset.

(b)
Figure 4. Denoising results of different methods for band 95 of the Washington DC Mall dataset:
(a) Original; (b) Noisy, (c) LRTDTV; (d) LRTDGS; (e) Ours

(a) Original; (b) Noisy; (c) LRTDTV; (d) LRTDGS; (e) Ours

_(c)
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4.2. Real experiments

To further validate the practical applicability of the
proposed method, we conducted experiments on a real
HSIs from the real Indian Pines dataset. The denoising
results of different methods on the band 150 are shown in
Figure 5. As shown in Figure 5(a), the original band 150
suffers from heavy noise corruption, with most structural
and textural content overwhelmed. Since a clean reference
for this band is not available, we provide band 140 as a
visual reference for qualitative assessment due to its similar
spatial structure. The denoising results obtained by

(@

different methods are presented in Figure 5(c)-(e).

The LRTDTV method suppresses part of the noise but
exhibits noticeble over-smoothing and blurred textures,
particularly in homogeneous areas. LRTDGS achives
improved preservation of edge information and textures by
leveraging group sparsity, yet some residual noise and
visual artifacts are still evident. Our proposed method
produces the cleanest visual outcome, closely resembling
the structural patterns seen in the reference band. It
effectively removes noise while retaining fine spatial
details and contrast.

@ (e)

Figure 5. Denoising results of different methods for the band 150 of real Indian Pines dataset:
(a) Original; (b) Band 140 for reference; (c) LRTDTV, (d) LRTDGS; (e) Ours

5. Conclusion

In this paper, we presented a novel low-rank tensor
decomposition framework for HSI restoration under
mixed noise conditions, including Gaussian and impulse
noise. Unlike existing methods with fixed regularization,
our model introduces spatial-spectral adaptiveness via a
pixel-wise weighting strategy, enabling better modeling
of local variations. To enhance structural preservation,
group sparsity regularization is incorporated into the
model. An efficient optimization algorithm based on the
Augmented Lagrangian Method was developed, with
closed-form  solutions to subproblems ensuring
computational feasibility. Experimental results on both
simulated and real datasets demonstrate that the proposed
method  consistently  outperforms  state-of-the-art
approaches such as LRTDTV and LRTDGS in terms of
PSNR, SSIM, and FSIM. Visual comparisons further
confirm the method’s effectiveness in detail preservation
and noise suppression. These results validate the benefit
of'adaptive regularization in HSI restoration and highlight
the importance of integrating local spatial-spectral priors
into low-rank models.
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