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A Multi-Scale Group Sparse
Representation Model with Weighted
Log-Sum Penalty for Image Denoising

1 JIANG Zhenyi, ZHANG Tao'
School of Microelectronics and Data Science, Anhui University of Technology, Maanshan 243032, Anhui, China

Abstract: In the field of image denoising, the non-local self-similarity (NSS) prior has been widely validated. By exploiting the similar
structural details within groups of similar patches to effectively extract redundant information, it significantly improves the accuracy and
quality of image restoration. This method can well preserve textures and edges while removing noise. However, NSS-based methods have
certain limitations. They usually process patch groups as a whole and neglect the differences among patches within a group. In addition,
constructing similar patch groups using NSS is challenging for highly noisy images, suffering from problems such as scarce similar patches
and low similarity. To address these issues, this paper proposes an image denoising model with multi-scale group sparse representation
based on weighted log-sum penalty. Based on the original-scale image, a multi-scale image sequence is constructed via upsampling and
downsampling operations, which not only generates a large number of similar image patches at each individual scale to expand the overall
pool of patch candidates, but also excavates structurally correlated similar patches across different scales through a cross-scale patch
matching strategy, thus effectively enhancing the inter-patch similarity. Especially for images with high noise intensity, original image
patches are severely disturbed by noise, making it difficult to find a sufficient number of highly similar matching patches at a single scale.
In contrast, multi-scale construction can weaken the concentrated impact of noise at a single scale, highlight the inherent structural features
of the image at other scales, help select more representative similar patch groups, and alleviate the core problems of scarce similar patches
and insufficient similarity in high-noise scenarios. Experimental results demonstrate that the proposed MSGSR-Log model outperforms the
state-of-the-art methods.
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0 Introduction

Digital images are often affected by noise during
transmission, and image denoising technology is crucial
to eliminating noise interference, restoring details, and
enhancing visual quality. In image denoising research, a

mathematical model is used to describe the noisy image

process, where recovering a clean image X from a noisy
image Y is expressed as:

Y=X+N, (1)
where N is usually assumed to be zero-mean Gaussian
noise with standard deviation ¢. Due to the ill-posed na-
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ture of the problem, image priors are employed to regu-
larize the model. Via the Maximum A Posteriori (MAP)
method, this regularization problem can be transformed
into a minimization problem:

X=min S ¥-X || :+76(X), @

where the first term represents data fidelity, and the sec-
ond term is called the regularization term, 4 is a regular-
ization parameter that balances the trade-off between
these two terms. How to choose a good regularization
functional ¢ is an active area of research in imaging sci-
ence.

Previous studies have proposed various image prior
models, including local smoothness, Non-Local Self-
Similarity (NSS), and sparsity priors. Among these,
sparse representation stands out as a representative
patch-based prior. The K-SVD (Singular Value Decompo-
sition) algorithm'" pioneered the application of sparse
coding in image processing. The NSS prior™ exploited
the structural similarity among image patches. Due to the
high correlation between such patches, this prior has in-
spired research directions such as Low-Rank Matrix Fac-
torization (LRMF) ' and Nuclear Norm Minimization
(NNM) ¢, Building on LRMF, methods like Rank Re-
sidual Constraint (RRC)™ and Group Sparse Residual
Constraint (GSRC)™ demonstrate strong performance in
image restoration tasks. Specifically, RRC models low-
rank residuals and achieves favorable results across vari-
ous applications,while GSRC reformulates image denois-
ing as a problem of minimizing group sparse residuals.
These LRMF-based approaches leverage the low-rank
structure of image patches, which is closely related to
the high correlation among patches and also supports
NNM—a widely adopted low-rank approximation tech-
nique that uses the nuclear norm as a convex surrogate
for matrix rank. Extending NNM, Weighted Nuclear
Norm Minimization (WNNM)® improves flexibility by
assigning different weights to individual singular values
and remains a popular method for image denoising. Fur-
thermore, the Group Sparsity Residual Constraint with
Non-Local Priors for Image Restoration (GSRC-NLP)
model"”, which is built upon GSRC, incorporates non-
local priors before applying constraints on the input im-
age, thereby achieving enhanced restoration perfor-
mance.

In image denoising, the NSS prior plays a crucial
role in many algorithms. These methods exploit the
internal self-similar structures of an image by aggregating

similar patches to extract redundant information, thereby
achieving effective denoising performance. However,
the NSS prior has two main limitations:

1) NSS methods typically process patch groups
with identical penalty intensities, ignoring subtle differ-
ences in local structures (e.g., textures, edges, or noise
levels) among patches. This "one-size-fits-all" approach
fails to adapt to diverse patch characteristics, leading to
suboptimal denoising results—such as artifacts or loss
of fine details.

2) For highly noisy images, NSS struggles to iden-
tify sufficiently numerous or similar patches. The scar-
city and low similarity of patches under high noise lev-
els compromise denoising performance, as the prior re-
lies on robust patch-group construction to exploit redun-
dancy.

Our previous work on the GSRC-Log model"" ad-
dressed the first limitation by introducing a weighted log-
sum penalty, which enables the adaptive adjustment of
penalty intensities based on patch similarity. This dynamic
weighting strategy preserves NSS structures in high-
similarity regions while effectively suppressing noise in
low-similarity regions.

To tackle the second limitation, this paper proposes
a MSGSR-Log model based on multi-scale patch extrac-
tion strategy. By integrating upsampling, downsampling,
and the original scale, we construct multi-scale image
representations to:

1) Increase the quantity of similar patches by ex-
ploring structural similarity across resolutions.

2) Enhance patch similarity by leveraging scale-
invariant features, especially in noisy scenarios where
single-scale NSS struggles.

Experimental results demonstrate that the proposed
MSGSR-Log model outperforms state-of-the-art meth-
ods, particularly under high noise levels, by combining
adaptive weighting with multi-scale patch aggregation!”.

1 MSGSR-Log Model for Image
Denoising

1.1 Construction Process of Multi-Scale
Similar Patch Groups

Firstly, we examine multi-scale image processing
strategies. This strategy constructs multi-resolution im-
age representations by performing downsampling,
upsampling, and combining with the original-scale im-

age. Specifically, downsampling reduces image resolu-
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tion via pixel aggregation or mean filtering (e.g., scaling
factors of 0.55 and 0.75), smoothing noise, reducing
data volume, and highlighting the main structure to fa-
cilitate coarse-grained patch group matching. Upsam-
pling employs interpolation algorithms (e.g., bilinear) to
enlarge the image (e.g., scaling factors of 1.2, 1.6), im-
proving resolution to preserve details and uncovering
more potential similar structures in high-noise environ-
ments. By integrating images at different scales, this
strategy captures global structural similarity through
downsampling and supplements detailed similarity via
upsampling, effectively mitigating the scarcity of similar
patches in NSS under high-noise scenarios. It furnishes
richer contextual information for image denoising and
enhances denoising algorithm performance.

The multi-scale similar patch search approach
complements the NSS approach by exploring similar
structures at different scales. In previous multi-scale
similar patch construction research, most studies em-
ployed the residual between the multi-scale similar patch
group and the product of the Principal Component
Analysis (PCA) dictionary matrix (based on the original
image) and group sparse coefficient matrix as a regular-
ization term in objective function minimization. Addi-
tionally, previous experiments mostly limited multi-
scale processing to the coarsely downsampled scale.

Downsampling has several benefits:

1) It can smooth the image and reduce noise to a
certain extent by aggregating or averaging adjacent pix-
els during processing.

2) Compared with upsampling, it reduces image
data volume, benefiting video stream transmission, com-
plexity reduction, and computational efficiency improve-
ment.

3) It removes some image details, highlighting
main structures and features for coarse-grained analysis.

However, downsampling also has limitations. For
many images, the time required for patch extraction via
upsampling and downsampling is comparable. But when
multiscale similar patch group extraction is incorporated
into the regularization term, upsampling increases the
computational time for solving the minimization prob-
lem. In fact, when upsampling is used solely for similar
patch search (not in regularization term solving), its time
complexity is lower than previous downsampling based
solutions. Additionally, downsampling reduces image
resolution and causes aliasing effects (e. g., jagged
edges). As the scaling factor decreases, textured regions

in images produce more artifacts, leading to signifi-
cantly worse denoising results than upsampling.
Conversely, upsampling increases resolution, clari-
fying details and enabling more accurate similar patch
localization, thus better preserving details during denois-
ing. Relying solely on NSS prior information often fails
to yield an adequate number of similar image patches,
and even if the count meets the predefined threshold,
their similarity may be insufficient. To address this,
multi-scale images are introduced: similar patches are
extracted from scaled images and sorted by similarity,
with experimental results confirming that this improve-
ment significantly enhances denoising performance. To
bridge the global noisy image Y to the local patch
groups Y, in the optimization model, the following pro-
cess is implemented: Starting from the original noisy im-
age Y, we first construct multi-scale image representa-
tions by integrating downsampled, upsampled, and the
original-scale images. For each reference patch in the
original image, we search across these multi-scale im-
ages using distance metrics to identify similar patches,
which are then aggregated into groups. Each of these
groups corresponds to a subset ¥, of the global noisy im-
age ¥, where Y, denotes the noisy patches within the
i - th group.
1.2 Application of Multi-Scale Similar Patch
Groups in GSRC-Log

To enhance the performance of group sparse repre-
sentation model, we leverage the multi-scale similar
patch search strategy proposed in above subsection. For
each patch group, we analyze patches across different
scales by performing downsampling and upsampling,
generating multi-scale image representations. At each
scale, distance metrics are used to identify similar
patches, expanding the set of similar patches. Building
on the multi-scale similar patch groups ¥; and the non-
convex regularized model proposed in the GSRC-Log
framework, we consider the denoising model:

o k
{A,.} 71:argrr}liin%; I'Y,-Xi ¢

k
+/12F,. -1og(|A,. +é). (3)
i=1

In Eq. (3), k£ denotes the total number of similar-
patch groups extracted from the whole image, X, repre-
sents the restored patch group from the observed noisy
image ¥;, A, represents the group sparse coefficient of
each group X, i.e., X;=D,A,. D, is an adaptive PCA dic-
tionary learned from each patch group. The matrix I'; is
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defined as 7— W, where I is an identity matrix and W, is
a matrix constructed from the weights w, () that are in-
versely proportional to the distance between the target
patch y; and its similar patch y,(j). By replicating o, ()
m times to form the matrix W, This construction of I'; al-
lows the model to adaptively adjust the penalty strength
based on the NSS information, which helps in preserv-
ing fine details in the image during the restoration pro-
cess. The specific construction process of W, can be re-
ferred to in Eq. (4) and Eq.(5).

0.()= T exp ( e BT
Wi: dlag( w; (1), w,; (1), s W (1) > W, (2), w,; (2)7 s (2) ’
~~,a),.(m),a),(m),-..,w,.(m)), (5)

m times

m —v.(7 2
where L= zexp(—n)}’Z}Z’U)HF) is the normalization
j=1

factor, 4 is a predefined smoothing parameter, m is the
number of patches per group, y; is the reference patch,
and y, () is the j - th similar patch.

Due to the orthogonality of the PCA dictionary D,
and the unitary invariant property of F-norm, Eq. (3) is
equivalent to

a,(j)= ar%g)lin 217 s, ()= a: ) +7:()log (a; () +¢)-
(6

Notably, y,log is a parameterized regularization that
can adjust the penalty intensity according to block simi-
larity and control the convexity of the objective func-
tion. ¢ is a very small positive number used to prevent di-
vision by zero. s, () refers to the j - th element of the vec-
torized form of the observed noisy patch group ¥, a,())
represents the sparse coefficients associated with the
j -th element of the i - th patch group in the image. In im-
age denoising experiments, it improves metrics such as
Peak Signal to Noise Ratio (PSNR) and visual effects, ef-
fectively addressing the drawbacks of the unified weight
in NSS.

A, achieves a closed-form solution by minimizing
the objective function. Drawing on the derivation of the
GSRC-Log model"", the formula is expressed as:

A,=arg n}}nén Y—-D A :+1-TOlog(|4,|+e). (7)
The element-wise closed-form solution (where

a,(j) denotes the j-th element of A4;) is expressed as:
0; (J)=Prox;, . (s; (/) =sign(s; (/))- a

-sign (max {F(a),0}) - sign(max {¢,(/)~4v,(/).0} ).8)

where:

GO VD4 0)

; : ©)

G ())=s,(j)—e where s,(j) is the j-th element of the vec-

torized Y; v,(j)=4y,(j)—es,(j), and y,(j)is the j-th ele-
ment of the vectorized I',=1-W,; F(a,(j)=J(0)-
J(a,;(j)) , which is used to determine the global opti-
mum. J(-) denotes the objective function of Eq. (6); Prox.
is the proximal operator, facilitating efficient solution of
optimization problems with non-convex logarithmic pen-
alty terms; sign(-) is the sign function, ensuring consis-
tency between the solution and the sign of s, (/).

The regularization parameter 4 dynamically bal-
ances the data fidelity term and the regularization term,
which is adaptively adjusted by the estimated standard
deviation ¢, of the patch group coefficients and the noise
variance ¢;. The formula is:

c2

A= —, (10)
where c¢ is the step-size ratio parameter (adjusted accord-
ing to noise levels, refer to Table 1 for values), o, is the
variance of additive noise in the image, J, denotes the es-
timated standard variance of 4, and ¢ is a tiny positive
number to avoid denominator zero.

The GSRC-Log method employs a group-sparse
residual constraint model with a weighted log-sum pen-
alty, which adjusts the penalty intensity by leveraging
NSS information: the denoising intensity is reduced in
regions with high NSS coefficients to preserve inherent
NSS structures and fine details, while being increased in
regions with low NSS coefficients to enhance noise sup-
pression. The y log regularization term!" is vital for this
adaptive adjustment. When y is small, the local patches
closely resemble the reference patches, reducing the pen-
alty for sparse coefficients and maintaining details re-
lated to high NSS coefficients. As yp increases, the con-
vexity of the objective function changes, imposing a
higher penalty on low NSS coefficients and suppressing
noise. Figure 1 depicts the complete workflow of our im-
age denoising method. Initially, we utilize the example
image and its zoomed version. By employing block
matching, we identify similar patches in both the origi-
nal image and the zoomed image. These similar patches
are subsequently subjected to multiscale similar block
bonding. Following this step, we perform the SVD and
utilize a PCA dictionary. Subsequently, we derive the
group sparse code 4; and apply the GSRC-Log for denois-
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Fig.1 Flowchart of the proposed MSGSR-Log for image denoising

ing, as shown in Eq. (3). After denoising, we obtain clean
similar patches, from which we select blocks of the origi-
nal size. Finally, we aggregate these blocks to recon-
struct the clean image.

To conclude this section, we provide a concise over-
view of Algorithm 1, namely the MSGSR-Log algorithm
designed for image denoising. The MSGSR-Log algo-
rithm significantly enhances the denoising performance
by incorporating a multi-scale strategy. Specifically, it
constructs multi-scale image representations by perform-
ing both downsampling and upsampling operations. Sub-
sequently, it identifies similar patches across different
scales and aggregates them into groups. A weighted loga-
rithmic sum penalty is then applied to adaptively adjust
the penalty intensity according to the similarity of the
patches. This adaptive weighting mechanism enables the
algorithm to preserve structural details in high-similarity
regions while effectively suppressing noise in low-
similarity regions. By leveraging the strengths of both the
GSRC-Log model and multi-scale patch aggregation, the
MSGSR-Log algorithm achieves superior denoising re-
sults, particularly under high noise levels. Note that other
parameter names in Algorithm 1 are consistent with those
in GSRC-Log'"".

2 Experiment

In this section, we present the experimental results
of introducing multi-scale similar block matching based
on GSRC-Log. The specific experiments are divided
into two parts.

First, we degraded the test images by adding zero-
mean white Gaussian noise to generate noisy observa-
tion images. We reported the results of denoising at dif-
ferent noise levels (¢ = 30, 50 and 75) and compared
them with state of the art denoising methods, including
BM3D!"™, NCSR™, SAIST", EPLL", PGPD"",
RRC™, GSRC-NLP™, and GSRC-Log!"". To evaluate the
quality of the restored images, we used both the Peak
Signal to Noise Ratio (PSNR) and the Structural Similar-
ity Index (SSIM) as references. For the selection of data-
base images, we followed the same approach as GSRC-
Log. Table 1 lists the algorithmic parameters adopted for
different noise levels. 7 is the ADMM penalty coeffi-
cient, p controls the curvature of the logarithmic regular-
izer, ¢ gives the step-size ratio of the searching window,
m and & are the maximum number of patches per group
and the half-size of the search window, respectively, and

Vb is the square-root of the PCA dictionary atom count.
Their values are adaptively tuned according to the noise
standard deviation o.

Secondly, to verify the better denoising perfor-
mance of introducing multi-scale similar block matching
under large noise variances, since GSRC-Log has al-
ready demonstrated excellent denoising and texture pre-
serving capabilities. Meanwhile, we conduct a compari-
son of PSNR and SSIM under the condition of relatively
high noise levels (¢ =100). In addition, we calculate the
differences between these two metrics for the two de-
noising methods. To control the experimental variables,
the search window used in the block matching process
was kept the same as that of GSRC-Log, with a size of
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Algorithm 1 The MSGSR-Log algorithm for image denoising

Require: The noisy image ¥

1.Initialize X”=Y and parameters m, c, h, ., ¢, p , o and Iter.
2.for t=0 to Iter do

3.Divide x* into patches {x,}" .

4 for each x; do

5.Construct multi-scale group ¥, by integrating downsampled,
upsampled, and original-scale images:

6.Step 1: Extract the original-scale patch x,"® from x centered
at the current pixel.

7.Step 2: Downsample x using a scaling factor o (e.g., 0.55,
0.75) to obtain a lower resolution image x“™.

8.Step 3: Extract the downsampled patch x; " from x“"
centered at the corresponding pixel.

9.Step 4: Upsample x“ using a scaling factor a (e.g., 1.2, 1.6) to
obtain a higher resolution image x"".

10.Step 5: Extract the upsampled patch x,“” from x“” centered
at the corresponding pixel.

(orig)

11.Step 6: Combine x, ", x,“*, and x," to form the multi-
scale group Y.
12.end for
13.for each group Y, do
14.Compute similarity weights o, (/) by Eq. (4).
15.Construct weight matrix W, by Eq. (5).
16.Update I'.by I',=1—-W..
17.Update regularization parameters [4] by Eq. (10).
18.Construct dictionary D, by ¥, using PCA.
19.Estimate A; by Eq. (8).
20.Reconstruct clean patch group: )2, :D,./i,.
21.end for
22.Aggregate all )2,: Place patches back to original positions and
average overlapping pixels to get X
23 XX o o s ter
X0
24 break
25.end if
26.end for

27.0utput: Restored image x.

Table 1 The parameter setting for MSGSR-Log

o T p c m h b
20 <o <40 0.2 0.8 0.65 70 90 7
40 <0 <50 0.2 0.8 0.75 70 115 8
50<0<75 0.2 0.8 0.9 80 160 8

75 <o <100 0.2 0.8 0.95 90 160 10

25%25. Other parameter settings were also consistent
with those of GSRC-Log. That is, we only changed the

scale size and the ratio between the original scale and
the scaled scale. In terms of multi-scale scaling ratios,
we selected eight scaling factors: 0.55, 0.65, 0.75, 0.90,
1.05, 1.20, 1.40, and 1.60. The specific parameter set-
tings are provided in Table 2.

Table 2 Statistics of similar blocks

Total similar Original Zoom similar
7 block  similarblock  block
30 70 68 2
50 70 66 4
75 80 75 5
100 90 82 8

The denoising method we proposed has been com-
prehensively compared with a series of traditional and
state-of-the-art denoising methods, such as BMS3D,
EPLL, NCSR and PGPD, at different noise levels. The
experimental results are shown in Table 3 and Table 4.

From the results in Table 3, it can be seen that for
various test images, the method proposed in this paper
achieves superior PSNR and SSIM values across differ-
ent noise levels compared with other methods. On aver-
age, it outperforms other comparative methods by a cer-
tain margin, which fully demonstrates the outstanding
ability of our method to restore the true image signals
and minimizes the distortion effects caused by noise to
the greatest extent. Regarding SSIM, an important di-
mension for evaluating the structural similarity of im-
ages, our method also performs remarkably well.
Whether we are dealing with texture-rich images with
abundant details or images containing complex scenes,
under various noise conditions, the SSIM values of the
images processed by our method are closer to 1. This in-
dicates that the generated denoised images are more
similar to the original images in terms of both structure
and visual perception, and our method can better pre-
serve the details and structural information of the images.

It is particularly worth noting that, as evidenced by
the experimental results in Table 5, the D-value repre-
sents the difference between our method and GSRC-Log
in both PSNR and SSIM measures, our method demon-
strates extremely strong superiority under conditions of
high noise levels. This validates our previous conjecture.
When confronted with high noise levels, the NNS prior
fails to identify a sufficient number of similar patches,
and the degree of similarity among these patches does
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Table 3 PSNR comparison of different methods for image denoising

dB
Image o BM3D EPLL NCSR PGPD RRC SAIST ~ GSRC-NLP GSRC-Log ~ MSGRS-Log
30 27.20 26.67 27.19 27.11 27.21 27.33 27.46 27.72 27.72
Kodim 50 24.78 24.39 24.75 24.76 24.69 24.84 24.93 25.11 25.14
75 23.18 22.81 22.92 23.06 23.14 23.24 2336 23.50 23.46
30 29.08 27.62 28.77 28.96 29.27 29.39 29.38 29.60 29.65
Barbara 50 26.42 24.75 26.05 26.28 26.37 26.69 26.51 26.95 27.06
75 24.53 22.96 23.82 2435 24.26 24.72 24.46 24.64 24.70
30 30.33 30.18 30.24 30.27 30.61 30.45 30.23 30.56 30.71
Parrots 50 27.88 27.71 27.72 27.86 28.11 27.99 28.01 28.17 28.34
75 25.94 25.64 25.82 25.93 26.01 25.96 26.14 26.18 26.30
30 27.97 27.95 27.86 28.11 27.86 28.22 28.21 28.33 28.30
Flower 50 25.49 25.51 25.31 25.63 25.39 25.73 25.76 25.93 25.87
75 23.82 23.59 23.50 23.82 23.48 23.89 23.88 23.89 23.99
30 26.28 26.49 26.27 26.44 26.10 26.43 26.35 26.47 26.49
Girl 50 23.65 24.02 23.44 23.90 23.56 23.92 23.86 23.97 23.98
75 22.06 22.00 21.72 22.12 21.71 22.09 22.02 22.16 22.15
30 24.46 23.35 24.77 23.82 24.78 24.98 25.07 25.25 25.21
Brodatz 50 21.73 20.79 21.94 21.28 22.01 22.15 22.24 22.60 2251
75 19.83 18.83 19.64 19.50 20.03 20.11 2021 2031 20.33
30 25.05 25.19 25.08 25.11 24.89 25.26 25.04 25.42 25.44
Bahoon 50 23.24 23.29 23.27 23.29 23.00 23.26 23.09 23.45 23.49
75 22.24 22.14 21.97 2223 21.98 22.19 22.06 22.18 22.23
30 26.36 26.34 26.24 26.27 26.20 26.36 26.34 26.50 26.51
Mural 50 24.13 24.06 23.80 24.17 24.09 24.15 24.22 24.36 24.41
75 22.57 22.38 21.99 22.58 2235 2231 22.49 22.57 22.72
30 26.50 26.70 26.56 26.63 26.42 26.72 26.62 26.79 26.80
Nanna 50 24.03 24.13 24.04 2426 24.00 2431 2425 24.32 2434
75 22.37 22.34 22.29 22.47 22.08 22.53 22.37 22.54 22.55
30 24.94 24.76 25.16 24.83 25.02 25.41 25.37 25.51 25.49
Straw 50 22.41 21.99 22.47 22.29 22.37 22.86 22.62 22.99 22.97
75 20.72 20.06 2051 20.60 20.27 21.09 20.67 21.10 21.11
30 22.81 22.73 22.84 22.48 22.46 22.84 22.65 23.06 23.06
Windows 50 19.92 20.04 19.92 19.89 19.82 20.19 20.00 20.36 2036
75 18.27 18.14 17.99 18.24 18.20 18.49 18.28 18.46 18.49
30 25.34 25.48 25.27 25.47 25.43 25.68 25.54 25.89 25.87
Zebra 50 22.43 22.73 2233 22.69 22.56 2281 22.83 23.07 23.07
75 20.73 20.65 20.27 20.77 20.60 20.84 20.75 20.97 20.98
30 26.36 26.12 2635 26.29 26.35 26.59 26.52 26.75 26.77
Average 50 23.84 23.62 23.75 23.85 23.83 24.08 24.02 24.27 2430
75 22.19 21.80 21.87 22.14 22.01 22.29 2222 22.38 22.42
not meet the expected standards. In contrast, our method texture clarity and background details. For texture-rich
can perfectly address the limitations of the NSS in such images like Barbara and Brodatz, the multi-scale strat-
scenarios. Figures 2-5 illustrate the denoising details in a egy of MSGSR-Log amplifies subtle texture structures,
noise state of ¢ = 100. It can be intuitively perceived that making it easier to identify similar patches even under

our algorithm has more powerful advantages in terms of high noise.
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Table 4 SSIM comparison of different methods for image denoising

Image o BM3D EPLL NCSR PGPD RRC SAIST GSRC-NLP GSRC-Log MSGRS-Log
30 0.7929 0.749 6 0.789 2 0.777 1 0.773 7 0.784 4 0.791 0 0.812 4 0.8121
Kodim 50 0.6754 0.653 3 0.674 2 0.668 0 0.657 3 0.669 6 0.673 6 0.693 2 0.6929
75 0.5839 0.556 5 0.5758 0.576 9 0.576 0 0.596 9 0.600 9 0.603 0 0.597 6
30 0.8599 0.826 5 0.8553 0.856 8 0.863 1 0.869 5 0.870 5 0.877 8 0.879 0
Barbara 50 0.768 8 0.6953 0.750 1 0.761 9 0.763 0 0.7810 0.774 1 0.7972 0.8003
75 0.6800 0.5897 0.647 5 0.6712 0.662 8 0.696 0 0.6819 0.690 8 0.6892
30 0.8721 0.856 7 0.8714 0.866 7 0.8728 0.8739 0.874 3 0.8747 0.8779
Parrots 50 0.8303 0.804 3 0.8327 0.8222 0.8338 0.8323 0.8362 0.8331 0.838 6
75 0.781 6 0.739 7 0.7959 0.772 3 0.7970 0.7919 0.804 4 0.794 4 0.7977
30 0.819 4 0.8210 0.8156 0.8213 0.8113 0.827 2 0.826 2 0.834 2 0.832'1
Flower 50 0.728 3 0.727 3 0.7217 0.732 4 0.721 6 0.7389 0.741 6 0.7522 0.7479
75 0.648 2 0.629 6 0.640 9 0.646 8 0.6300 0.659 9 0.661 4 0.660 7 0.660 8
30 0.804 1 0.8156 0.800 8 0.809 4 0.789 4 0.808 9 0.800 7 0.8140 0.8142
Girl 50 0.701 0 0.718 5 0.6912 0.7126 0.6932 0.716 1 0.710 1 0.7197 0.721 0
75 0.620 7 0.6156 0.601 4 0.626 3 0.600 4 0.634 1 0.627 0 0.633 0 0.629 8
30 0.8549 0.8247 0.861 3 0.818 4 0.848 2 0.864 3 0.8612 0.8779 0.876 9
Brodatz 50 0.7321 0.688 8 0.730 5 0.694 5 0.721 0 0.738 4 0.739 8 0.7715 0.7677
75 0.603 0 0.5518 0.5716 0.576 0 0.5815 0.610 6 0.605 4 0.607 7 0.6155
30 0.656 4 0.687 5 0.662 7 0.659 9 0.627 5 0.671 6 0.644 9 0.705 7 0.706 4
Bahoon 50 0.5103 0.5255 0.5130 0.5181 0.472 3 0.506 5 0.4850 0.554 8 0.557 4
75 0.433 4 0.428 9 0.409 2 0.4337 0.3851 0.428 3 0.403 7 0.439 4 0.442 8
30 0.7523 0.765 8 0.7521 0.7517 0.7313 0.749 1 0.742 1 0.760 3 0.762 1
Mural 50 0.6615 0.668 4 0.638 5 0.665 7 0.646 3 0.6579 0.656 1 0.6712 0.677 4
75 0.590 7 0.588 4 0.5580 0.593 6 0.567 4 0.5791 0.5813 0.583 3 0.5957
30 0.8176 0.8290 0.824 2 0.820 8 0.807 6 0.8249 0.818 6 0.829 6 0.8302
Nanna 50 0.7277 0.7329 0.726 9 0.737 4 0.7223 0.743 4 0.738 7 0.745 8 0.746 9
75 0.649 4 0.647 0 0.656 9 0.656 5 0.6325 0.670 3 0.660 3 0.6701 0.666 3
30 0.8258 0.823 1 0.8383 0.8159 0.828 8 0.849 7 0.846 6 0.857 8 0.8572
Straw 50 0.6824 0.644 7 0.685 4 0.669 0 0.674 8 0.7257 0.698 4 0.745 7 0.7457
75 0.5389 0.4540 0.508 8 0.5220 0.467 2 0.599 4 0.5327 0.6059 0.608 4
30 0.8103 0.8203 0.802 3 0.786 5 0.775 5 0.807 9 0.792 3 0.8272 0.826 9
Windows 50 0.6422 0.668 0 0.622 8 0.629 7 0.609 6 0.654 3 0.630 8 0.6817 0.688 6
75 0.499 6 0.496 2 0.458 9 0.491 6 0.467 0 0.524 1 0.494 2 0.5200 0.5239
30 0.805 5 0.8258 0.802 1 0.8126 0.7953 0.8124 0.803 5 0.823 3 0.8251
Zebra 50 0.699 1 0.729 4 0.698 0 0.711 8 0.698 1 0.711 6 0.710 3 0.725 6 0.730 4
75 0.614 4 0.6305 0.597 3 0.619 6 0.601 7 0.623 8 0.616 0 0.623 1 0.6303
30 0.8059 0.803 8 0.806 2 0.799 8 0.793 7 0.8120 0.806 0 0.824 6 0.8250
Average 50 0.696 6 0.688 0 0.690 4 0.693 6 0.684 4 0.706 3 0.699 6 0.724 3 0.726 2
75 0.603 7 0.577 3 0.5852 0.598 9 0.580 7 0.6179 0.605 8 0.6193 0.6215

By integrating the experimental results from these
two key dimensions, PSNR and SSIM, the denoising
method we proposed exhibits significant advantages.
Not only does it demonstrate excellent noise removal
performance, but it also surpasses many existing tradi-

tional and advanced denoising methods to maintain and
enhance image quality. This provides a more promising
solution for the development of image denoising technol-
ogy. For smooth images such as Windows, the original
NSS already captures sufficient similar patches in the
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Table 5 PSNR (dB) and SSIM comparison between GSRC-Log and MSGSR-Log for image denosing with high intensity noise
(o =100)

KODIM Barbara Parrots Flower Girl Brodatz
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
GSRC-Log 22.3437 0.5341 23.3463 0.6268 24.7882 0.764 6 22.609 0.5948 20911 0.5643 19.2178 0.5305
MSGSR-Log 22.4519 0.5549 23.6179 0.6421 24.9655 0.7711 22.7654 0.6053 20.965 0.571 19.4184 0.5629
D-value 0.1082 0.0208 0.2716 0.0153 0.1773 0.0065 0.1564 0.0105 0.054 0.0067 0.2006 0.0324
Zoomscale 1.6 1.6 1.4 1.4 1.2 1.2 1.4 1.4 0.55 0.9 1.6 1.6

Item

Bahoon Mural Nanna Straw Windows Zebra
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
GSRC-Log 214706 0.3699 21.2944 0.5342 21.2819 0.6093 19.9675 0.4937 17.4248 0.4219 19.6343 0.5531
MSGSR-Log 21.6219 0.379 21.539 0.5503 21.364 0.609 6 20.0416 0.5037 19.4851 0.4295 19.8101 0.569 3
D-value 0.1513 0.0091 0.2446 0.0161 0.0821 0.0003 0.0741 0.01 2.0603 0.0076 0.1758 0.0162
Zoom scale 1.6 1.6 1.4 1.4 0.75 0.75 1.6 1.6 0.9 0.9 1.6 1.6

Item

" a) Noise image ‘ (b)GSRCNLP  (C)GSRC-log () MSGSR-log (a) Noise image  (b) GSRC NLP () GSRC log (d) MSGSR-log
Fig. 4 Denoising results at 6 = 100 (Zebra)

(a) Noise image; (b) PSNR=19.51 dB and SSIM=0.537 6; (c) PSNR=

(a) Noise image; (b) PSNR=23.05 dB and SSIM=0.612 4; (c) PSNR= 19.63 dB and SSIM=0.553 1; (d) PSNR=19.81 dB and SSIM=0.569 3.

23.35 dB and SSIM=0.626 8; (d) PSNR=23.62 dB and SSIM=0.642 1.

Fig.2 Denoising results at ¢ = 100 (Barbara)

(a) N01se image (b) GSRC-NLP  (C) GSRC-log  (d) MSGSR-log

(a) Noise image  (b) GSRC-NLP  (C) GSRC-log  (d) MSGSR-log ‘ Fig. 5 Denoising results at 6 = 100 (Flower)
(a) Noise image; (b) PSNR=22.36 dB and SSIM=0.584 4; (c) PSNR=

Fig. 3 Denoising results at 6 = 100 (Brodatz)
22.60 dB and SSIM=0.594 8; (d) PSNR=22.77 dB and SSIM=0.605 3.

(a) Noise image; (b) PSNR=19.07 dB and SSIM=0.518 8; (c) PSNR=
19.22 dB and SSIM=0.530 5; (d) PSNR=19.42 dB and SSIM=0.562 9. Table 6 therefore reports the actual CPU time measured
single scale. Multi-scale sampling adds limited effective on the same workstation (CPU: i9-13980HX and GPU:
information. 4060 laptop). For the four noise levels (¢ = 30, 50, 75,

Although the multi-scale strategy improves perfor- 100) the proposed MSGSR-Log needs on average
mance, it inevitably increases the computing burden. 220.58 s, which is 2.85 times that of the single-scale
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GSRC-Log (77.42 s). In practice the extra cost is accept-
able on a standard PC when a parfor (parallel for loop, a
parallel computing construct) version (Utilize 12 cores)

is used (approximately 1.44 times). Consequently, it is
recommended for applications where quality is the pri-
mary concern.

Table 6 Average PSNR, SSIM and CPU time comparison between GSRC-Log and MSGSR-Log

Method Index i Average
30 50 75 100
PSNR/dB 26.75 24.27 22.28 21.19 23.62
GSRC-Log SSIM 0.824 6 0.724 3 0.619 3 0.549 8 0.679 5
CPU time/s 52.13 69.93 83.22 104.38 77.42
PSNR/dB 26.77 243 22.42 21.5 23.75
MSGSR-Log SSIM 0.8250 0.726 2 0.6215 0.562 4 0.683 8
CPU time/s 104.22 215.24 222.57 340.3 220.58
PSNR/dB 26.77 243 2242 21.5 23.75
MSGSR-Log(parfor) SSIM 0.8250 0.726 2 0.621 5 0.562 4 0.683 8
CPU time/s 67.77 97.2 115.68 168.05 112.18

3 Sensitivity Analysis——Zoom
Scale

To further evaluate the sensitivity of the proposed
MSGSR-Log model to different scaling factors, we con-
ducted experiments to analyze how varying scaling fac-
tors (denoted by k) affect image denoising performance
in Table 7. Specifically, we selected ten scaling factors (k
=0.55, 0.65, 0.75, 0.90, 1.05, 1.20, 1.40, and 1.60) and

applied the MSGSR-Log model to a subset of images un-
der a noise level of ¢ = 75. The resulting PSNR and
SSIM values were recorded for comparison. The optimal
values for each item have been highlighted in bold.

The experimental results indicate that the MSGSR-
Log model maintains relatively stable performance
across different scaling factors, but optimal performance
is image-dependent. For texture-rich images such as Bro-
datz , larger upsampling factors (e.g., 1.4 or 1.6) tend to

Table 7 Performance comparison of the MSGSRC-Log algorithm and the GSRC-Log algorithm under different scale factors

with ¢ =75
Parrots Flower Brodatz
Method Scale factor
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
GSRC-Log 26.178 7 0.794 4 23.894 8 0.660 7 203140 0.607 7
0.45 25.776 1 0.7802 235110 0.647 6 19.9279 0.603 2
0.55 26.2752 0.797 5 239467 0.657 4 203130 0.6120
0.65 262737 0.797 7 239719 0.658 7 20.3262 0.6147
0.75 262722 0.797 3 239539 0.656 7 20.309 6 0.6123
0.90 26.294 0 0.797 7 239721 0.659 6 20.321 8 0.613 1
MSGSR-Log
1.05 26.3022 0.797 4 239229 0.656 5 20.334 5 0.6135
1.20 26.295 6 0.797 0 239556 0.658 7 203311 0.613 8
1.40 26.2653 0.794 8 23.990 8 0.660 8 20.334 6 0.6155
1.60 26.279 4 0.7957 239570 0.658 7 203312 0.613 8
1.70 26.027 7 0.788 0 23.2695 0.6413 20.027 5 0.5955
D-value 0.123 5 0.003 3 0.096 0 0.000 1 0.020 6 0.007 8
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preserve more structural details, leading to higher PSNR
and SSIM values. In contrast, for images with simpler
structures, moderate scaling factors (e. g., 0.9 or 1.2)
yield more consistent and reliable results.

Moreover, we observe that extreme scaling factors
—either too large (>1.6) or too small (<0.55)—can lead
to performance degradation. This is likely due to struc-
tural distortion or inaccurate patch matching, which un-
dermines the effectiveness of sparse representation and
residual constraint modeling.

In summary, while the MSGSR-Log model demon-
strates robustness to scale variation, selecting an appro-
priate scaling factor based on image content characteris-
tics can further enhance denoising performance. Table 7
presents the PSNR and SSIM values of selected images
under different scaling factors, offering a clear visualiza-
tion of this sensitivity trend. The source code of our
MSGSR-Log for image denoising is available at https://
github.com/zt9877.

4 Conclusion

This paper presents the MSGSR-Log model, a
novel approach for image denoising that integrates multi-
scale patch analysis with a weighted log-sum penalty.
The model effectively leverages the NSS prior to en-
hance denoising performance, particularly under high
noise conditions. By dynamically adjusting penalties
based on patch similarity, MSGSR-Log preserves tex-
ture details and suppresses noise, outperforming state-of-
the-art methods. The experimental results validate the
model's superiority in terms of PSNR and SSIM, demon-
strating its robustness and effectiveness in various noisy
scenarios. Moreover, the multi-scale patch analysis and
adaptive penalty mechanism address the limitations of
traditional NSS-based methods, which often fail to iden-
tify sufficient similar patches and maintain high similar-

ity under high noise levels.
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