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ABSTRACT

Image denoising plays a vital role in enhancing visual quality by effectively suppressing noise while retaining
critical image structures and textures. Traditional Block-Matching and 3D (BM3D) Filtering techniques, although widely
adopted, often encounter challenges in achieving an optimal trade-off between noise reduction and feature preservation
due to limitations in fixed-thresholding strategies and suboptimal block matching. To address these shortcomings,
this study introduces a novel Cosine Adaptive BM3D (CA-BM3D) approach, which integrates cosine similarity for
more accurate block matching and incorporates adaptive thresholding to enhance denoising efficiency. The proposed
method was evaluated on six standard 8-bit grayscale images such as Leena (512*512), Barbara (512*512), Zelda
(512*512), peppers (512*512), Cameraman (512*512), House (512*512) contaminated with Additive White Gaussian
Noise (AWGN) Results demonstrate that the Cosine Adaptive BM3D algorithm consistently outperforms conventional
BM3D across all test cases, achieving an average PSNR of 31.28 dB and SSIM of 0.678. Notably, for the “Leena” image, the
cosine-based approach attained a PSNR of 31.42 dB and SSIM of 0.8921, surpassing alternative distance metrics such
as Euclidean (30.55 dB, 0.8782), Manhattan (29.96 dB, 0.8657), Jaccard (28.78 dB, 0.8425), and Minkowski (30.02
dB, 0.8691). Similar performance gains were observed for the other images: “Barbara” (30.33 dB, 0.8856), “Zelda”
(32.15 dB, 0.9012), “Peppers” (31.78 dB, 0.8967), “Cameraman” (30.02 dB, 0.8823), and “House” (32.89 dB, 0.9105).
These findings substantiate the effectiveness of the cosine similarity measure in enhancing both noise suppression and
structural fidelity in the denoising process.
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1. Introduction

Image denoising is an indispensable preprocessing
task in digital image processing, crucial for enhanc-
ing the quality of visual data by mitigating noise
while preserving essential image details such as edges
and textures [1, 2]. Various denoising techniques
have been developed over the years, spanning spa-
tial domain filters and frequency domain approaches,
each with specific strengths and limitations. More ad-
vanced algorithms, such as Non-Local Means (NLM)
and Block-Matching and 3D Filtering (BM3D), have

demonstrated superior performance by leveraging
patch redundancy and collaborative filtering mecha-
nisms [3]. However, these methods often encounter
challenges when processing high-resolution images
or data corrupted by strong noise such as additive
white Gaussian noise (AWGN), where distinguishing
between noise and fine image structures becomes in-
creasingly complex.

Despite these advancements, existing techniques
often struggle to maintain a balance between ef-
fective noise reduction and the preservation of fine
image details. A significant limitation lies in the block
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matching stage of patch-based methods, which typi-
cally utilize Euclidean distance to measure similarity
between blocks. While Euclidean distance is effective
in certain contexts, it becomes less reliable in high-
dimensional noisy environments [4, 5]. It is sensitive
to variations in pixel intensity that may arise from
brightness or contrast fluctuations rather than gen-
uine structural differences. Consequently, this leads
to inaccurate grouping of similar patches, which in
turn undermines the effectiveness of collaborative fil-
tering and denoising performance.

To address this issue, this study proposes a
modification to the conventional BM3D approach
by incorporating cosine similarity as the similarity
metric during the block matching phase [6, 7]. Unlike
Euclidean distance, cosine similarity evaluates the
angular similarity between vectors, focusing on
their orientation rather than magnitude. This makes
it inherently more robust to brightness variations
and intensity shifts, which are typical distortions
introduced by AWGN [8]. By prioritizing the struc-
tural orientation of pixel patterns, cosine similarity
ensures that only truly similar patches are grouped
together, thus improving the accuracy of the filtering
process and preserving intricate image features more
effectively.

The motivation for adopting cosine similarity is
further supported by its successful application in var-
ious domains involving high-dimensional data, such
as text mining, face recognition, and content-based
image retrieval. Studies have shown that cosine-based
measures are particularly advantageous when the rel-
ative arrangement of features is more informative
than their absolute values [9]. Extending this princi-
ple to image denoising, especially under conditions of
AWGN corruption, provides a strong theoretical foun-
dation for the proposed enhancement. This approach
not only strengthens the robustness of the denoising
algorithm but also maintains computational effi-
ciency comparable to existing BM3D methods.

This modification has significant implications for
real-world applications where image quality is
paramount. In medical imaging, improved denoising
translates to clearer visualization of anatomical struc-
tures in MRI, CT, or ultrasound scans, supporting
more accurate diagnosis and clinical decisions [10].
In satellite imaging, where images are susceptible to
atmospheric noise and sensor errors, the proposed
approach enhances landform recognition and object
detection by preserving edge fidelity. Similarly, in
industrial inspection and low-light surveillance, the
ability to maintain structural integrity in noisy envi-
ronments enhances reliability in visual analysis tasks.
Therefore, this research contributes not only a techni-
cal improvement to an established algorithm but also

addresses practical challenges in diverse application
domains requiring high-fidelity image reconstruction.

This paper is organized as follows: Section 2
reviews the related work regarding the existing
methods for image denoising, from basic filtering
techniques and algorithms to some other recent de-
velopments comprising the spatial and frequency
domains, nonlocal means, and BM3D filtering. It pro-
poses, in Section 3, a denoising model. Further, the
details are given regarding the architecture of the
model, methodology behind it, and the novelties it in-
troduces toward an effective AWGN removal problem
with image details preservation. Section 4 presents an
extended performance study by analyzing the results
provided by the proposed model and comparing them
with other methods currently representing the state
of the art in terms of denoising quality, quality met-
rics evaluation, and computation efficiency. Finally,
Section 5 concludes the paper summarizing the con-
tributions made by restating the key results obtained
and outlining a possible future research direction to-
ward further advances in image denoising techniques.

2. Novelty and contributions of the proposed
research

The following are some of the novelty and contri-
butions of the proposed research:

+ Integration of Cosine Similarity into BM3D Block
Matching: Unlike conventional BM3D and its vari-
ants that rely on Euclidean distance for block
similarity, the proposed method incorporates co-
sine similarity to enhance the accuracy of patch
grouping. This addresses a core limitation in stan-
dard BM3D, its sensitivity to intensity variation by
measuring angular similarity rather than magni-
tude differences, thus better preserving structural
features in high-noise settings.

Customized Adaptive Thresholding Mechanism:
Adaptive thresholding is not novel in itself; how-
ever, the implementation in this research is
tailored to the cosine similarity framework. In-
stead of relying on fixed or statistically derived
global thresholds, the proposed method employs
a locally adaptive thresholding scheme that dy-
namically adjusts based on the cosine similarity
values between blocks. This ensures that only
structurally aligned patches are selected for col-
laborative filtering, thereby improving denoising
efficiency and fidelity.

Preservation of Fine Structural Details in
High-Noise Scenarios: The synergy of cosine-
based block matching and adaptive thresholding
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facilitates superior edge and texture preservation,
even under high-intensity additive white Gaussian
noise. This is particularly advantageous over
earlier BM3D modifications, which either enhance
noise suppression at the cost of detail loss or
require extensive parameter tuning.

Balanced Alternative to Deep Learning-Based
Denoising Methods: While deep learning ap-
proaches (e.g., DnCNN, FFDNet, and Noise2Void)
achieve impressive denoising results, they
demand large-scale training datasets, significant
computational resources, and often generalize
poorly across unseen noise types or imaging
conditions. In contrast, the proposed method is
data-independent, does not require retraining,
and performs robustly across varying noise
levels by making it highly suitable for real-time
or low-resource environments such as satellite
imaging and embedded medical devices.
Enhanced Practical Applicability across Critical
Domains: The proposed improvements are
directly beneficial for real-world applications
such as medical imaging, where preserving fine
details is critical for diagnostics; satellite imaging,
where noise from transmission and sensors must
be addressed; and low-light surveillance, where
structural clarity enhances scene understanding.
These domains demand denoising methods that
combine accuracy, robustness, and computational
efficiency, all of which are achieved in the
proposed framework.

3. Related works

Image denoising has become important over the
years because of its relevance in the enhancement
of image quality with regard to various types of
noise. Many techniques have been proposed through-
out the years to serve this purpose, with the attempt
of removing noise while preserving the integrity of
features related to edges, textures, and fine details in
the images. The traditional approaches have filters in
the spatial domain, like mean, median, and Gaussian
filters, which works directly on the pixel intensities.
Though this method is effective for specific types of
noise, these techniques needs more improvement in
noise reduction and details preservation.

Dabov et al. [11] proposed an integrated BM3D
combining principal component analysis with BM3D.
The work has been extended to denoising color im-
ages and videos. However, this algorithm requires
careful tuning of model parameters for improving the
results. Hasan and E-Sakka [12] deployed Structural
similarity to be used in the wiener filter in BM3D.

This filtering effectively preserves the image quality
and structural details. However, it cannot handle di-
verse types of noises added to the images. Knaus and
Zwicker [13] took initiatives in developing a new ver-
sion of BM3D by improving filtering in BM3D. They
proposed a denoising method with dual domains such
as transform and spatial domain. These denoising
methods apply non-local and bilateral filters to the
spatial domain. Although this algorithm preserves
the high contrast image features, low-contrast details
fail to be preserved. Ali Abdullah Yahya et al. [14]
presented a modified BM3D algorithm that replaces
the conventional hard thresholding with the adap-
tive filtering methodology. This enables the system to
adapt and proceed with changes per the input signal
variation. In addition, this study also used a k-means
clustering algorithm to divide the image into several
regions and detect the boundaries between these re-
gions. This process reduces the risk of estimating poor
matching. Finally, the results are determined using
visual quality, structural similarity index, and peak
signal-to-noise ratio. However, this strategy faces is-
sues like parameter sensitivity.

Rui Chen et al. [15] developed an image-denoising
technique named improved K-singular value decom-
position (K-SVD) and dictionary atom optimization.
This study addresses the drawback of the conven-
tional K-SVD approach under strong noise. Initially,
a correlation coefficient-matching condition was em-
ployed to estimate a sparse representation of the
image dictionary. Then, the dictionary noise atom
was identified and removed based on the noise in-
tensity and structural complexity. The experimental
results depict that this strategy enhances the smooth-
ness of homogeneous regions while preserving the
texture and edge of the image. Rejeesh M R and
Thejaswini P [16] proposed an innovative denoising
algorithm based on optimal trilateral filtering. This
algorithm utilized grey wolf optimization to opti-
mize the trilateral filtering. Initially, a noisy image
database was created by adding different noises, such
as random, Gaussian, and Salt and Pepper noise.
Consequently, the noisy images are filtered through
the BM3D technique. Further, optimal trilateral fil-
tering was used to reconstruct the denoised images.
This strategy employs two-level filtering, like moving
frame-based BM3D and optimal trilateral filtering.
The implementation showed that this strategy offered
better mean square error and peak signal-to-noise
ratio results. However, this strategy is prone to com-
putational overhead.

Generally, conventional image denoising strate-
gies have good interpretability, but they face issues
with optimal denoising results. Hence, Zhe Li et al.
[17] developed a hybrid image denoising framework
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by combining the traditional BM3D, weighted ker-
nel norm minimization, and non-subsampled shearlet
transform. The input images are denoised using
these techniques, increasing texture information ex-
traction. Consequently, an adaptive thresholding
approach was employed to address the discontinuity
of the hard thresholding variations. The implemen-
tation outcomes of this algorithm highlighted that
it achieved better results in terms of peak signal-to-
noise ratio. However, this methodology is resource-
intensive, and implementation is costly. Huakun
Huang et al. [18] presented a study to develop an
image-denoising mechanism for medical image anal-
ysis. This study proposed a self-supervised sparse
coding strategy for removing the noise features from
the medical images. This algorithm does not depend
on the ground truth image of the noisy and clean im-
ages to differentiate the noise features. This algorithm
also creates the deep neural network (DNN) to ensure
adaptability in analyzing the changing characteristics
of the input images. The implementation outcomes
demonstrated that this strategy obtained a reduced
error rate compared to conventional algorithms.
However, this algorithm offers limited scalability,
which limits its application in real-world scenarios.
Hu Deng et al. [19] proposed an image-denoising
framework for ultrasonic logging images. This study
aims to remove noise features under strong noise con-
ditions. Initially, a sparse coefficient is simulated by a
highly effective Laplacian distribution. Subsequently,
a dynamic Bayesian denoising strategy was utilized
as a prior term of sparse coefficients. Finally, semi-
quadratic regularization was employed to reduce the
complexity of the process. In addition, a relaxation
parameter was introduced to increase the model’s ac-
curacy. The simulation showed that this hybrid strat-
egy obtained improved denoising results compared to
the conventional algorithms. However, this strategy
consumes more computational time than others. To
overcome the drawbacks of the BM3D filters, in this
paper, we replace the steady-state hard thresholding
process with adaptive filtering. Soft thresholding is an
alternative to hard thresholding in adaptive filtering.
Image areas with high noise are concentrated and
reduced or removed, thus making the image clearer.
Distance calculation is one of the most important
aspects of grouping, and we introduce cosine distance
by replacing Euclidean distance. Cosine similarity
measures provide a more accurate way of finding and
grouping similar blocks for further aggregation.
Nevertheless, there are still different research gaps
that denote further investigation and improvement
for de-noising techniques [20]. Some important la-
cunas involve reliance on traditional metrics of
evaluation such as PSNR and SSIM to assess the

performance of image de-noising techniques. While
these metrics provide quantifiable measures of image
quality, they do not fully encapsulate the percep-
tual quality or visual fidelity of the denoised images.
There is, therefore, an urgent need for more holistic
evaluations that also include human visual perception
models and other relevant metrics to give a full under-
standing of the effectiveness of denoising algorithms.
Secondly, most existing algorithms, including BM3D,
tend to have poor performance at higher noise levels.
Most of these techniques do wonders at low noise but
start to degrade in efficiency as the noise becomes
intensive. Under these noisy conditions, images suffer
a great loss of detail and structural integrity [21, 22].
In this regard, future research directions should be
geared toward the realization of robust denoising al-
gorithms that can efficiently handle a variety of noise
types, especially those under adverse conditions, such
as in low-light conditions or when processing images
acquired in the presence of multiple noise sources.
Another literature gap [23, 24] involves the chal-
lenge of preserving salient image features while
removing noise. In regard to image denoising, most
of the algorithms created to handle such tasks inad-
vertently make the edges, textures, and fine details
blurred, which is very prejudicial to the quality of
the denoised image. This issue gives rise to the need
for novel approaches that can excel not only in noise
reduction but also in the preservation of salient fea-
tures. Besides, the integration of modern techniques,
such as machine learning and deep learning, into
algorithms of denoising has not been explored yet.
Tapping into such technologies, it is envisioned that
heavy lifting of performance can be achieved by mak-
ing adaptive or context-aware processing dependent
on the characteristics of the noise and image content
[25]. The addressing of these gaps may eventually
pay off with the development of effective and versa-
tile methods for image denoising and, by that virtue,
advance the field of digital image processing.

4. Proposed methodology

In this paper, an enhanced image denoising method
called CA-BM3D (Cosine Adaptive BM3D approach),
which addresses key limitations of the conventional
BM3D algorithm is proposed. BM3D is a well-
established state-of-the-art denoising technique that
relies on block-matching and collaborative 3D fil-
tering. The BM3D algorithm operates in two main
stages: basic estimation and final estimation. In the
basic stage, blocks of similar patches are subjected
to a 3D transform and hard thresholding to produce
a preliminary denoised image. This initial estimate
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Table 1. Comparison between BM3D and CA-BM3D BMS3D in terms of block matching, thresholding, and final reconstruction.

Feature BM3D (Baseline)

CA-BM3D (Proposed)

Block Matching
between blocks
Thresholding Technique

Filtering Mechanism
by Wiener Filtering
Final Reconstruction
weights
Noise Adaptability Less robust to varying noise levels
Preservation of Detail
blur edges/textures)

Uses Euclidean Distance to measure similarity
Applies Hard Thresholding in the basic step
Two-step filtering: Hard Thresholding followed

Aggregation by weighted averaging using fixed

Moderate preservation of image details (may

Uses Cosine Similarity, which better captures
structural relationships

Applies Soft Thresholding with Adaptive
Thresholding based on noise levels

Enhanced two-step filtering: Soft Thresholding
(adaptive) followed by Wiener Filtering

Aggregation with adaptive weights based on
local variance of block estimates

Highly adaptable to varying noise levels through
adaptive thresholding

Superior preservation of textures and structural
details

is further refined using Wiener filtering in the final
stage to yield the final denoised output. While BM3D
is effective in many denoising tasks, it suffers from
certain drawbacks, particularly in balancing noise
suppression with the preservation of essential image
features such as edges and textures. These limitations
primarily stem from the use of the Euclidean distance
for block matching and the application of a fixed
hard threshold for noise removal. Table 1 highlights
the key differences between BM3D and the proposed
CA-BM3D in terms of block matching, thresholding,
and final reconstruction.

4.1. Innovations in CA-BM3D

The proposed CA-BM3D algorithm introduces two
significant improvements:

* Cosine Similarity for Block Matching: Unlike Eu-
clidean distance, cosine similarity considers the
angular similarity between vectors, thus captur-
ing structural relationships more effectively [22].
This enhances the accuracy of block grouping,
especially in the presence of high-frequency noise.
Adaptive Soft Thresholding: Replacing hard
thresholding with adaptive soft thresholding en-
ables CA-BM3D to adjust the threshold dynam-
ically based on local noise levels and image
characteristics, preserving fine details while effec-
tively removing noise.

These modifications allow CA-BM3D to outperform
traditional BM3D, particularly in terms of denoising
accuracy and feature retention.

4.2. Overview of the BM3D algorithm

The BM3D algorithm consists of the following
stages as illustrated in Fig. 1:

1) Block Partitioning: The image is divided into
overlapping patches of fixed size.

2) Block Matching: For each reference block, sim-
ilar blocks are identified across the image using
Euclidean distance.

3) Collaborative Filtering: Groups of similar
patches are stacked into a 3D array and
subjected to hard thresholding in the transform
domain.

4) Aggregation: Inverse transform is applied, and
estimates from overlapping blocks are aggre-
gated via weighted averaging to reconstruct the
denoised image.

4.3. Comparative explanation of thresholding
mechanisms in BM3D and CA-BM3D

A. Thresholding Mechanisms in BM3D

In the original BM3D framework, thresholding
plays a crucial role in denoising grouped similar
blocks after 3D transformation. Two conventional ap-
proaches are employed:

* Hard Thresholding (HT): Applied in the basic
estimation step, this method eliminates coeffi-
cients below a predefined global threshold. While
it effectively removes noise, it may also suppress
subtle image details, leading to a loss of texture
and fine structures.

Soft Thresholding (ST): Typically used in the final
Wiener filtering step, soft thresholding attenu-
ates rather than completely discards coefficients,
reducing artifacts but still relying on a fixed
threshold, which may not perform optimally un-
der varying noise levels or across image regions
with diverse texture characteristics.

B. Proposed Adaptive Thresholding in CA-
BM3D

The adaptive thresholding mechanism in CA-BM3D
introduces a dynamic, data-driven approach that
tailors the threshold value based on local noise
variance and block activity. This innovation is
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Fig. 1. Block diagram steps in the BM3D algorithm.

Table 2. Key differences of traditional HT/ST in BM3D and adaptive thresholding in CA-BM3D.

Aspect Traditional HT/ST in BM3D

Adaptive Thresholding in CA-BM3D

Threshold Type
Noise Sensitivity
Detail Preservation

Weak adaptability to noise variance

edges

Computation Basis Empirical or pre-defined threshold

Denoising Performance

Fixed threshold for the entire image

Tends to smooth textures and suppress weak

May underperform in high-frequency regions

Threshold computed dynamically per block group

Highly sensitive to local noise statistics

Preserves edges and fine textures while suppressing
noise

Based on local variance and signal-to-noise ratio
(SNR)

Superior performance across both smooth and
textured areas

rooted in the observation that noise is not uniformly
distributed, especially in real-world scenarios. Key
differences are shown in Table 2.

4.4. Proposed CA-BM3D algorithm architecture

The CA-BM3D algorithm comprises two sequential
stages: basic estimation and final estimation, as de-
picted in Fig. 2.

A. Basic Estimation Stage
This stage involves the following key steps:

(a) Block Partitioning: The noisy image is divided
into overlapping patches. Each patch serves as a
reference block for matching.

(b) Block Matching with Cosine Similarity: Unlike
BM3D, CA-BM3D utilizes cosine similarity to mea-
sure similarity between blocks. Cosine similarity is
calculated as:

x.y

cos(0) =
Ity

€9)

Where x and y are vectorized image blocks. This
allows the algorithm to form 3D groups with struc-
turally similar patches more effectively.

(c) Adaptive Soft Thresholding (Adaptive Filtering):
CA-BM3D replaces fixed hard thresholding with
adaptive soft thresholding, defined as:

sign(Y)(|Y| —17), if|Y|>r<

0, ifY <t )

st |

Where Y is the transformed coefficient and 7 is the
adaptive threshold computed as:

T=— 3)

Here, o2 is the clean signal variance and o2 is the
noise variance. This allows thresholding to adapt
to local noise characteristics.

(d) Inverse 3D Transform and Aggregation: The de-
noised coefficients are transformed back to the
spatial domain using inverse 3D transformation.
Aggregation is performed by weighted averaging
of overlapping block estimates, where weights are
inversely proportional to the sample variance.

B. Final Estimation Stage

This stage refines the initial estimate using Wiener
Collaborative Filtering. The procedure is:

1) Block Matching is repeated as in the basic step.
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2) Wiener Filtering is applied by computing shrink-
age coefficients from the basic estimate and
applying them to the grouped noisy patches.

3) Inverse 3D Transformation and Aggregation
yield the final denoised image.

Wiener filtering in this context enhances detail
preservation while reducing residual noise.

5. Results and discussion

5.1 Experimental setup

The experiment’s primary objective is to demon-
strate the proposed technique’s performance and
effectiveness in removing noise and preserving an
image’s features, such as lines, edges, and textures.
The performance measure is evaluated by changing
the noise levels from 10 to 40 db and by varying
methods for distance measures while finding similar
patches in block matching. The images of six bench-
mark datasets are taken, and five different distance
metrics are applied to noise removal. The results are
obtained by executing the CA-BM3D with different
distance measures.

STAGE-1

5.2. Dataset description

The proposed algorithm is implemented in Python
Anaconda. Our proposed CA-BM3D is applied to
six different 8-bit grayscale images such as Leena
(512*512), Barbara (512*512), Zelda (512*512),
peppers (512*512), Cameraman (512*512), House
(512%512). All six datasets with additive white
Gaussian noise, and five different distance measures
are denoised, such as Euclidean distance, cosine
distance, Minkowski distance, Jaccard distance, and
Manhattan distance, are applied and implemented to
estimate the performance of our proposed algorithm.
The image datasets are shown in Fig. 3. Peak Signal
to Noise Ratio and SSIM are applied as the evaluation
criteria to compare the performance of the proposed
technique.

To validate the performance of proposed technique,
the denoised image is evaluated with specific evalu-
ation criterion [23]. To compare proposed algorithm
with all the other distance measures quantitatively,
the Peak Signal to Noise Ratio (PSNR) index [24]
and the Structural Similarity (SSIM) index [25] are
calculated. PSNR accurately describes the similarity

STAGE-2

\ R /Bﬁck ntatcmng \ }‘ﬁad{ matthing
using fosne R using fofine
Srrmiaritfy similfarify
Noisy image - R Fi stimate
Grouping Real estimate R Final esumate
3-D Transform Grouping

Al
. _ 3-D Transform

Adaptive filtering T
i : Wiener filtering

Soft thresholding
T )

P —— Inverse 3-D Transform
T )
Block wise estimate
Block wise estimate o T ——
T )
Aggregation
Aggregation

1
|

Fig. 2. Block diagram steps in the CA-BM3D algorithm.
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Two-Stage Image Denoising Algorithm (CA-BM3D with Cosine Similarity)

Input: Noisy image
Output: Final denoised image
Stage 1: Initial Estimate

o Block Matching (using Cosine Similarity)
o Divide the noisy image into reference blocks.
o For each reference block, find similar blocks based on cosine similarity.
o Group these similar blocks to form 3D groups.
o Grouping
o Stack the matched blocks into a 3D array for collaborative filtering.
o 3-D Transform
o Apply a 3D transformation (e.g., DCT or Wavelet Transform) to the group.
o Adaptive Filtering
o Apply filtering tailored to the noise characteristics.
o Soft Thresholding
o Suppress noise by applying soft thresholding in the transform domain.
o Inverse 3-D Transform
o Apply the inverse of the 3D transform to return to the spatial domain.
o Block-wise Estimate
o Reconstruct denoised blocks from inverse-transformed data.
o Aggregation
o Aggregate the overlapping block-wise estimates into a real estimate of the image.

Stage 2: Final Estimate (Refinement)
9. Block Matching (again using Cosine Similarity)

o Use the real estimate from Stage 1 as guidance for new block matching.
o Again group similar blocks using cosine similarity.

10. Grouping

o Form updated 3D groups from both the noisy image and the real estimate.
11. 3-D Transform

o Apply a 3D transformation to these new 3D groups.
12. Wiener Filtering

o Perform Wiener filtering using the real estimate as a reference.
13. Inverse 3-D Transform

o Return the filtered blocks to the spatial domain.
14. Block-wise Estimate

o Obtain refined denoised blocks.
15. Aggregation

o Aggregate all refined block-wise estimates into the final denoised image.

between the original image and the denoised image. = PSNR measure, the higher the quality of the denoised
PSNR computes the peak signal-to-noise ratio in  or rebuilt image. PSNR is calculated as follows:
decibels (in dB) between original and denoised

images. The computed ratio compares the quality — pgNR — 101og 255 % 255 # Py * Py “4)
of an original and a denoised image. The higher the P 2}21 [ge (i, ) — Lo (i, D12
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Fig. 3. The grayscale 512* 512 image datasets were taken for analysis. From top to bottom and from left to right: the original image of

Barbara, Cameraman, House, peppers, Leena, and Zelda.

Where P, and Py are the numbers of pixels vertically
and horizontally, and I4(i, j) and I.(i, j) are the
denoised and original images, respectively. The
higher PSNR illustrates the higher quality of the
extracted image.

5.3. Results and interpretation

To validate the effectiveness of the proposed al-
gorithm CA-BM3D, the PSNR index was evaluated
and compared by deploying different distance met-
rics such as Euclidean distance, Minkowski distance,
Jaccard distance, Manhattan distance and proposed
cosine distance metrics across different images like
Leena, Barbara, Zelda, peppers, Cameraman, and
House. Fig. 4 presents the PSNR performance of the
different approaches across increasing standard de-
viation for the Leena image. On average, when the
standard deviation increased, other distance metrics
mentioned above incurred average PSNR, while the,
proposed cosine distance achieved a better PSNR.
This illustrates that the proposed denoising method
ensures the image’s better quality. Consequently, the
PSNR was evaluated for the cameraman image for
different distance metrics for the Zelda image across
varying standard deviations from 10 to 40. The pro-
posed algorithm achieved a higher PSNR of 32.2485,
highlighting its reliability in producing an exact im-
age as the original image with lower noise content.
Fig. 5 provides the comparison of the PSNR of the
proposed with different distance metrics for the Zelda
image across varying standard deviations.

PSNR for leena image

36 4
34 4
32 4
30 4
©
> 28
[
26
24 4 —— Euclidean
~— Minkowski
22 4 = laccard
—— Manhattan
20 { — Proposed
10 15 20 25 30 35 40

Standard deviation for AWGN

Fig. 4. Comparison of PSNR of different distance metrics with
AWGN for Leena.

On the other hand, for Barbara’s image, the
PSNR of the proposed algorithm was determined
and validated with other distance metrics like
Euclidean distance, Minkowski distance, Jaccard
distance, and Manhattan distance. Fig. 6 depicts the
comparison of PSNR of different distance metrics
with AWGN for Barbara’s image. The CA-BM3D
with other distance metrics achieved an average
PSNR of 29.7816, 22.2997, 26.5524, and 28.7242,
respectively. However, the proposed algorithm
significantly improved the PSNR value (28.8304).
This demonstrates that this strategy is more efficient
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PSNR for Zelda image
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Fig. 5. Comparison of PSNR of different distance metrics with
AWGN for Zelda image.

PSNR for Barbara image

PSNR for Cameraman image
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Fig. 7. Comparison of PSNR of different distance metrics with
AWGN for Cameraman image.

PSNR for Pepper image
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Fig. 6. Comparison of PSNR of different distance metrics with
AWGN for Barbara’s image.

in removing image noise features. Consequently, the
PSNR performance was determined for cameraman
images for different distance metrics at varying
standard deviations. Fig. 7 presents the comparative
analysis of PSNR performance of CA-BM3D with
different distance metrics across varying standard
deviations. On average, other distance metrics,
including Euclidean distance, Minkowski distance,
Jaccard distance, and Manhattan distance, obtained
PSNR of 30.7477, 23.1674, 28.1478, and 30.7985,

N, ~— Euchdean
31.5 4 ~ Minkowski
e Jaccard
3.0 ~— Manhattan
Proposed
254
« 30.04
z
s
27.51
2504
2251
200

10 15 20 25 30 kL 40
Standard deviation for AWGN

Fig. 8. Comparison of PSNR of different distance metrics with
AWGN for Peppers image.

respectively, while the proposed algorithm achieved
better PSNR of 31.4876. This demonstrates that the
proposed methodology provides images of better
quality than other distance measures.

Fig. 8 depicts the comparative evaluation of PSNR
of different distance metrics with varying standard
deviations for the peppers image. The CA-BM3D
with distance metrics including Euclidean distance,
Minkowski distance, Jaccard distance, and Manhat-
tan distance obtained PSNR of 31.2852, 22.837,



IRAQI JOURNAL FOR COMPUTER SCIENCE AND MATHEMATICS 2025;6:93-108 103

PSNR for house image
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Fig. 9. Comparison of PSNR of different distance metrics with
AWGN for house image.

28.7083, and 31.7826, respectively. However, the
proposed strategy earned a higher PSNR of 32.0737,
which illustrates that it precisely identifies and re-
moves the noisy features from the image. Finally, the
PSNR was estimated for the house image, and the
comparative assessment is depicted in Fig. 9. The CA-
BM3D with common distance metrics obtained PSNR
of 30.67, 22.7365, 28.4506, and 30.9851, respec-
tively. The proposed model achieved a better PSNR
of 31.1857, which depicts the model’s effectiveness
in denoising the image. This intensive evaluation of
the PSNR of the proposed CA-BM3D with deploying
five common distances metrics in block matching
demonstrated that the proposed model produced bet-
ter PSNR than the existing distance metrics. These
outcomes show that optimal PSNR is achieved for our
proposed model among all other models for Barbara,
Cameraman, House, peppers, Leena, and Zelda im-
ages. Our proposed algorithm gains more than 0.55
dB, which is higher than other algorithms with dif-
ferent distance metrics.

The Structural Similarity (SSIM) index is a method
for evaluating how similar two images are. The SSIM
index is a quality measure of the images being com-
pared, assuming that one of the images is of perfect
quality. SSIM is calculated as follows:

(zﬂxﬂy + Cl)(zo'xy + CZ)
SSIM(x) = 5
0o (12 + 2 + C1)(02 + 0 + C2) ®

Where original image and denoised image are rep-
resented by x and y, ux and uy are the average gray
values of the original and denoised results obtained,

0.8
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Fig. 10. SSIM graph of BM3D algorithm with different distance
metrics for Leena.
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Fig. 11. SSIM graph of proposed algorithm with different distance
metrics for Zelda.

o2 and ayz represents the variances of original image
and the denoised image, uuy/ty represents the covari-
ance between the original and the denoised image
respectively and C;, C; are the constants. The metric
measures the image quality degradation caused by
the denoising mechanism. Figs. 3 to 15 compares
our proposed CA-BM3D model algorithm deploying
common distance metrics like Euclidean distance,
Minkowski distance, Jaccard distance, and Manhat-
tan distance. For six images: Barbara, Cameraman,
House, Peppers, Zelda, and Leena. It can be observed
that the SSIM of the proposed CA-BM3D algorithm
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Fig. 12. SSIM graph of proposed algorithm with different distance
metrics for Barbara.
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Fig. 13. SSIM graph of proposed algorithm with different distance
metrics for Cameraman.

performs best at various Gaussian noise levels from
a = 10-40.

For the Leena image, the proposed algorithm
achieved an average SSIM index of 0.46 (¢ = 30). On
the other hand, other distance metrics like Euclidean
distance, Minkowski distance, Jaccard distance, and
Manhattan achieved SSIM values of 0.34, 0.35, 0.15,
and 0.42, respectively. Fig. 10 presents the SSIM
analysis for the Leena image. Consequently, the SSIM
was analyzed for the Zelda image, and it is observed
that the proposed model obtained a higher SSIM in-
dex compared to others. It earned an SSIM of 0.46,
which is relatively greater than the SSIM achieved by
the above-mentioned distance metrics like Euclidean
distance, Minkowski distance, Jaccard distance, and
Manhattan. Fig. 11 presents the SSIM analysis for
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Fig. 14. SSIM graph of CA-BM3D algorithm with different distance
metrics for House.
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Fig. 15. SSIM graph of CA-BM3D algorithm with different distance
metrics for Peppers.

the Zelda image. Subsequently, the SSIM index was
determined for the CA-BM3D algorithm with different
distance metrics for the Barbara image to validate
the proposed models’ efficiency in preserving the im-
age quality and content while denoising operation.
Fig. 12 depicts the comparative evaluation of the
SSIM index. Fig. 13 illustrates the SSIM index for the
Cameraman image of proposed method with different
distance metrics. On average, these models achieved
an SSIM index of 0.35, 0.35, 0.13, and 0.14, respec-
tively, while the proposed distance metric earned an
SSIM index of 0.45. The significant improvement of
the SSIM index depicts the model’s effectiveness in
preserving the structural features.

Fig. 14 presents the SSIM index for house image. On
average, the CA-BM3D with distance metrics, includ-
ing Euclidean distance, Minkowski distance, Jaccard
distance, and Manhattan, achieved an SSIM index of
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Fig. 16. Comparison of PSNR value in dB with Gaussian noise
added (« = 30).

0.31, 0.32, 0.19, and 0.21, respectively. In contrast,
the proposed distance metric earned an SSIM index
of 0.33. The significant improvement of the SSIM
index depicts the model’s effectiveness in preserving
the structural features. Finally, the SSIM index was
evaluated for peppers by adding the Gaussian noise.
The different distance metrics like Euclidean distance,
Minkowski distance, Jaccard distance, and Manhat-
tan obtained SSIM index of 0.54, 0.62, 0.29, and
0.51, while the proposed one obtained higher SSIM
index of 0.63, which depicts the model’s effectiveness
in preserving the structural features of the original
image. From this intensive evaluation, it is evident
that the proposed model earned a better SSIM index
compared to others. Fig. 15 presents the comparison
of SSIM of CA-BM3D with different distance metrics
with AWGN for pepper image.

Here, metrics like PSNR and SSIM are assessed
for existing and proposed algorithms for different
images, including Barbara, Cameraman, House,
peppers, Zelda, and Leena images with Gaussian
noise added (¢ = 30). The existing algorithms
used include average filtering [32], median filtering
[33], wiener filtering [34], and principal component
analysis (PCA) denoising [35]. Fig. 16 compares the
PSNR of the existing denoising algorithms. From
the comparative assessment, it is evident that the
proposed algorithm achieved improved PSNR for
all six images, which highlights its effectiveness in
preserving the original image features with fewer
noise attributes. Fig. 17 depicts the comparative
evaluation of the SSIM index with Gaussian noise
added (¢ = 30). In this analysis, the SSIM index was
assessed for six different images, and it is observed
that the proposed algorithm comparatively achieved
an increased SSIM index than the existing denoising
models. This illustrates its efficiency in preserving the
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Fig. 17. Comparison of PSNR value in dB with Gaussian noise
added (« = 30).

Table 3. Comparison study with other existing models based
on PSNR.

Noise level CA-BM3D BM3D Median Filter Wavelet
10 31.28 29.54 28.90 27.65
15 29.85 27.75  27.10 26.98
20 28.45 26.55 26 25.20
30 26.10 24.85 24 23.55
40 24.25 23.15 22.85 22.25

structural similarities in the images while reducing
or removing the noise contents.

Table 3 compares the performances of the existing
denoising models with proposed method in terms of
PSNR. The table gives the average PSNR of Leena,
Barbara, house, pepper, cameraman images under
various noise levels. PSNR is a very common metric to
quantify the quality of the image resulting from any
denoising process, where a higher value quantifies
the better removal of noise with the preservation of
finer image details. CA-BM3D outperforms the other
techniques for all noise levels and images, considering
that higher PSNR values are associated with better
filtering. For example, at a noise level of 10, the PSNR
obtained with CA-BM3D was 31.28 dB; meanwhile,
for BM3D, the PSNR was 29.54 dB, Median Filter
reached 28.90 dB, and Wavelet Denoising reached
27.65 dB. This order is maintained even at the noise
level of 40 where CA-BM3D offers the value of 24.25
dB in comparison with 23.15 dB offered by BM3D.
So, it clearly depicts how the proposed algorithm
can be quite robust at high noise levels and possesses
better image quality. Table 4 presents the comparison
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Table 4. Comparison study with other existing models based
on SSIM.

Noise level CA-BM3D BM3D Median Filter Wavelet
10 0.678 0.632 0.605 0.590
15 0.652 0.610 0.585 0.570
22 0.628 0.588 0.562 0.550
30 0.598 0.560 0.532 0.515
40 0.565 0.528 0.510 0.485

Table 5. Comparison study with other existing models based
on MSE.

Noise level CA-BM3D BM3D Median Filter = Wavelet
10 85.30 102.15 108.65 115

15 105.55 128.65 135.45 139.75
20 128.90 148.95 155.50 165.45
30 165.35 190.50 198 210.65
40 208.70 228.25 240.10 252.80

with respect to SSIM, which estimates the perceived
similarity between denoised and original images.
The table gives the average SSIM of Leena, Barbara,
house, pepper, cameraman images under various
noise levels .Higher values of SSIM are close to 1, and
they imply higher structural fidelity. Similar to PSNR,
CA-BM3D dominated the other models, especially for
lower noise levels. For instance, CA-BM3D achieved
an SSIM of 0.678 at a noise level of 10, while
BM3D reached 0.632, Median Filter 0.605, and
Wavelet Denoising 0.590. At a high noise level, such
as 40, the SSIM of the proposed approach, while
degraded, still stayed high at 0.565 compared to that
of the other models, indicating better preservation
of structural details according to the methodology
when tested under conditions of higher noise.

Table 5 compares the MSE, which measures the dif-
ference between the denoised image and the original
image. The table gives the average MSE of Leena,
Barbara, house, pepper, cameraman images under
various noise levels The lower the value of MSE is,
the better the denoising performance will be. For all
tested images and variation of noise level, CA-BM3D
always provided the lowest MSEs. For example, for
a noise level of 10, MSE for CA-BM3D is 85.30 and
that for BM3D is 102.15, Median Filter is 108.65, and
Wavelet Denoising is 115. It goes on widening with
the noise level; the error rates are lower in the case
of CA-BM3D. This means that the most contributions
to noise reduction without sacrificing image quality
are from adaptive thresholding and cosine similarity
measures in CA-BM3D. As shown in Table 6, evalu-
ation based on processing time of the models. The
table gives the average processing time of Leena,
Barbara, house, pepper, cameraman images under
various noise levels This shows the fact that CA-BMD
is computationally efficient. It requires less time for

Table 6. Comparison study with other existing models based
on processing time (s).

Noise level CA-BM3D BM3D Median Filter Wavelet
10 0.85 1.50 0.98 1.05
15 0.90 1.60 1.10 1.12
20 1.15 1.80 1.25 1.25
30 1.35 2.05 1.50 1.40
40 1.60 2.25 1.75 1.58

processing in comparison with the BM3D algorithm.
For instance, at noise level of 10, the CA-BM3D took
0.85 seconds which is very short compared to that of
the BM3D, 1.50 seconds. Even at 75 dB noise levels,
CA-BM3D processed within 1.60 seconds. BM3D took
2.25 seconds. Although CA-BM3D has certain cases
where it takes more time to process as compared to
Median Filter and Wavelet Denoising methods, the
results based on PSNR, SSIM, and MSE are superior,
hence compensating for the minimal increase in com-
putation time. One of the major assets of CA-BM3D is
that it balances computational efficiency with good
quality of denoising.

6. Conclusion

This paper proposes a novel image denoising
approach, the CA-BM3D algorithm, which enhances
the performance of the standard BM3D method
by replacing traditional Euclidean distance-based
block matching with a cosine similarity measure and
by incorporating a flexible adaptive thresholding
mechanism in place of fixed hard thresholding.
This innovative combination enables more accurate
matching of similar image blocks and allows the
algorithm to adapt its filtering strength to the
characteristics of the noise, resulting in superior
preservation of important image details such as edges
and textures while effectively suppressing noise. The
proposed method was evaluated using benchmark
image datasets corrupted with AWGN and assessed
through widely recognized image quality metrics like
PSNR and SSIM. Experimental results demonstrate
that CA-BM3D achieves an average PSNR of 31.28
and an SSIM of 0.678, outperforming traditional
BM3D by delivering improved noise reduction
and detail retention. These findings underscore
the method’s potential for real-world applications
where both denoising and fidelity are critical. The
algorithm is particularly well-suited for domains such
as image processing and digital photography, where it
enhances the visual quality of images captured under
low-light or noisy conditions; medical imaging,
where it aids in retaining diagnostically relevant
structures in modalities like MRI, CT, and ultrasound;
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remote sensing, where it refines satellite and aerial
images distorted by atmospheric interference; and
computer vision tasks such as object detection and
facial recognition, where clean input images improve
recognition accuracy. Additionally, CA-BM3D proves
beneficial in video surveillance and real-time pro-
cessing scenarios, ensuring edge and motion clarity
across frames. The algorithm performs especially
well on natural grayscale images characterized by
complex textures and sharp structural features, and
excels under AWGN, particularly at moderate to high
noise levels. Overall, CA-BM3D emerges as a highly
effective denoising solution capable of correcting
the shortcomings of earlier methods, with strong
prospects for broader applicability and real-time
adaptation in diverse fields requiring high image
fidelity and robust noise suppression.
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