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Abstract

The proposed research study introduces a novel approach for denoising digital mammograms by improving the existing wavelet block
shrinkage filtering method with K-Means clustering and a convolutional neural network. This approach involves decomposing both the
original and noisy mammograms into frequency subbands using 2D discrete wavelet transformation. The resulting subbands are then
grouped into multiple clusters based on similar features of the wavelet coefficients, employing K-Means clustering. This represents an
improvement over the traditional block shrinkage method, which uses fixed-size blocks. These clusters from the original and noisy mam-
mograms are paired to train a convolutional neural network, which serves as an optimal shrinkage function. This neural network-based
thresholding mechanism replaces traditional hard and soft thresholding methods that rely on a universal threshold. Test results demonstrate
that the proposed enhanced wavelet block shrinkage mechanism achieves a 20% improvement in peak signal-to-noise ratio and a 5%
increase in structural similarity index score compared to traditional wavelet block shrinkage.

Keywords: Enhanced Wavelet Block Shrink, Wavelet Shrinkage, K-Means Clustering, Convolutional Neural Network, Digital Mammogram Denoising,
Breast Cancer

1. Introduction

Breast cancer remains one of the most significant causes of mortality among women globally. According to research published by Bray et
al. (2024 [1] in the International Agency for Research on Cancer (IARC) journal, 11.6% of all diagnosed cancer cases worldwide in 2022
were related to female breast cancer, making it the most frequently diagnosed cancer among women. National and global statistics from
authoritative sources such as the American Cancer Society, Cancer Research UK, and the SEER program in the USA consistently highlight
the critical importance of early detection in the successful treatment of breast cancer. Early-stage diagnosis (stage 0 or I) is associated with
survival rates of 99% or higher, as noted in studies by Kuroishi et al., 1992 [2] and Chen et al., 2014 [3]. Recent research by Aristokli et
al., 2022 [4], Jung et al., 2019 [5], and current breast cancer diagnostic trends underscore that digital mammography is among the most
effective imaging techniques for early breast cancer detection. It generally offers a sensitivity of about 78%, aiding significantly in identi-
fying cancer at stages when treatment outcomes are most favorable. This collective evidence reinforces the pivotal role of digital mam-
mography in improving breast cancer prognosis through timely and accurate diagnosis.

1.1 Impact of noisy mammograms on radiologists

Mammograms are often contaminated with noise due to various reasons, including technical, procedural, and patient-related factors. Noise
refers to anything that interferes with the accurate interpretation of mammograms, which can lead to false positives, false negatives, or
indecision. Attributes such as fine microcalcifications and low-contrast lesions in mammograms are critical for the early identification of
breast cancer, as per Warren et al., 2012 [6]. However, the presence of noise in mammograms obscures these attributes. Electronic noise
introduces grainy patterns that mimic pathological structures, leading to false positives, as highlighted by Huda et al. (2006 [7] in their
research. Dead pixels in the detector of the imaging device create artificial structures that can mislead radiologists into interpreting them
as lesions, as per Iflaq et al., 2025 [8]. Therefore, reducing noise in digital mammograms is essential for improving diagnostic accuracy.
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1.2 Noise reduction in mammograms

Noise reduction methods can be broadly categorized into procedural (acquisition-based) and scientific (post-processing and algorithmic)
approaches. Usage of a high X-ray dose is one of the procedural methods to reduce quantum noise, which is a common type of noise found
in mammograms, as highlighted by Saunders et al., 2007 [9]; however, high doses can negatively impact the human body, as warned by
Pereira et al., 2021 [10] in their research. Other procedural improvements to noise reduction include automatic exposure control to ensure
consistent exposure across different breast densities, improved detector technology with higher detective quantum efficiency, and anti-
scatter grids to reduce scatter-induced noise. Although procedural methods aim to minimize noise during image acquisition by optimizing
hardware and imaging protocols, they face several inherent limitations. These include a trade-off between noise reduction and radiation
dose, constraints in detector technology (i.e., upgrading detectors is costly and may not eliminate quantum noise), and limited adaptability
to varied breast densities, among other challenges, as highlighted by Cahn et al., 1999 [11] and da Costa et al., 2019 [12]. Hence, post-
processing techniques are often necessary to compensate for these limitations. The traditional post-processing denoising methods rely on
mathematical and statistical approaches to suppress noise while preserving critical structures (e.g., microcalcifications, masses). The most
effective traditional filtering techniques used in mammography are spatial domain filters, which operate directly on pixel values in the
image, and frequency domain filters, which transform the image into frequency components (e.g., Fourier, Wavelet) to separate noise.
These methods are less computationally intensive and easy to explain, but they do not achieve the desired improvement in image quality
as measured by PSNR (Peak Signal-to-Noise Ratio) and SSIM (Structural Similarity Index Measure) metrics. Hence, there is a growing
trend among researchers and the healthcare industry to apply deep learning methods to improve diagnostic image quality. Application of
architecture like deep convolution network, encoder-decoder, transformers, and generative adversarial networks has been explored to im-
prove existing denoising techniques of medical images according to recent surveys (Nazir et al., 2024 [13]).

1.3 Our contribution

Frequency-domain wavelet shrinkage is the most common post-processing denoising technique in medical imaging. Wavelet Block Shrink-
age (WBS), originally proposed by Cai and Silverman in the early 2000s (Cai & Silverman, 2001 [14]), improves upon classical wavelet
shrinkage by grouping neighboring wavelet coefficients (blocks) and thresholding them collectively. Although WBS has shown promising
results in noise filtering compared to traditional wavelet shrinkage methods, it still suffers from limitations such as excessive smoothing,
inability to adapt to local texture, block size sensitivity, fixed thresholds, and ineffectiveness in filtering non-Gaussian noise (Dewangan et
al., 2012 [15]). These shortcomings motivate our research to further improve WBS, ultimately enhancing radiologists’ efficiency in detect-
ing breast cancer. In this research, we propose a hybrid approach that integrates the WBS method with Al-driven techniques such as K-
Means clustering and convolutional neural networks (CNN) to further enhance block shrinkage. Since WBS applies thresholding to blocks
or groups of coefficients rather than to individual coefficients, its efficiency heavily depends on selecting an optimal block size. Therefore,
in this experiment, the block mechanism is enhanced by using K-Means clustering to group similar coefficients or patches based on feature
similarities such as texture, magnitude, and local variance, before applying shrinkage to these clusters. This study further establishes that
the threshold value used for shrinkage in WBS is critical; depending on this value, a block is either preserved (indicating it primarily
contains signal) or discarded (indicating it primarily contains noise). Accordingly, we replace traditional thresholding methods in WBS
with an adaptive, content-aware CNN-based shrinkage function capable of generalizing noise pattern detection across different noise types
and varying noise levels (o) in mammograms collected from machines of different manufacturers. The CNN architecture, acting as the
shrinkage function, is carefully designed to maintain optimal computational resource requirements. Experimental results demonstrate that
the proposed Enhanced Wavelet Block Shrinkage (EWBS) method achieves superior PSNR and SSIM metrics compared to traditional
wavelet shrinkage techniques.

2. Methods

2.1 Type of noise in mammograms

Mammograms can be contaminated with quantum noise (also known as photon noise), electronic noise, and fixed pattern noise resulting
from anomalies in the imaging device, such as suboptimal detector function or statistical variations in X-ray photon absorption. Procedural
inaccuracies—including poor calibration, grid misalignment, inadequate compression, improper positioning, and low radiation dose—also
contribute to noise in mammograms. Patient-related factors such as body movement, high breast density, and implants further cause noise.
These noise components in mammograms can be modeled using the Poisson noise model, the Gaussian noise model, the Salt-and-Pepper
noise model, or the Speckle noise model, as per multiple studies by Zhang et al., 2010 [16], Rahman et al., 2022 [17], and Perez et al., 2024
[18].

2.1.1 Poisson noise
Quantum spot noise can be represented by the Poisson noise model and is proportional to the mean signal intensity. It arises from the
inherent randomness of X-ray interactions with breast tissue, causing random fluctuations in pixel intensity and follows a Poisson distri-

bution, as highlighted by Kumar et al., 2022 [19]. Poisson noise obscures subtle features like microcalcifications. The probability P(x) of
detecting x photons at a specific image location is given by the Poisson distribution as specified in equation (1).

P(x) = (A* xe™1)/x!
Where A (lambda) represents the average number of X-ray photons expected to be detected at that location.
2.1.2 Gaussian noise

Noise arising from electronic circuit noise in the scanner, sensor noise, and analog-to-digital conversion errors can be formulated using the
Gaussian noise model, as stated by Ghazdali et al. (2024 [20] in their research. This noise corrupts the mammogram by causing random
variations in pixel intensity across the image, which can blur the mammogram and minimize the contrast, making it difficult to differentiate
between subtle features and real tissue structures. High levels of Gaussian noise can significantly degrade image quality and potentially
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obscure suspicious lesions. A general image degradation model g (x, y)can be used to represent a perfect noise-free corupted by f(x, y)be-
ing corruptedby noise n(x, y)during acquisition as expressed in equation (2).

g, y) = f(xy) +n(xy)

2.1.3 Salt-and-Pepper noise

Unexpected variations in image signal intensity, dust particles in the image acquisition system, faulty electronic components, transmission
errors, and similar factors induce noise that can be modeled by the Salt-and-Pepper noise model. This noise type does not represent a
statistical distribution of photons according to the study done by Pashaei et al., 2023 [21]. Instead, random bright (white) and dark (black)
pixels are scattered across the mammogram when this noise occurs, resembling salt and pepper granules. These granules can either mimic
microcalcifications—a potential sign of cancer—or obscure them if present. The probability of a pixel being corrupted by salt-and-pepper
can be denoted by P; for salt (white) and B, for pepper (black). A probabilistic model is used to mathematically describe the likelihood of
a pixel being corrupted. Let an original noise-free image have pixel intensity I (x, y). The salt-and-pepper noise is represented by a random
variable N (x, y) that can take on three values:

(a) N(x,y) = 1 withprobability P; represents
awhite pixel caused by salt noise;

(b) N(x,y) = 0 withprobability P, represents
a black pixel caused by pepper noise;

(c)N(x,y) = I(x,y) withprobability 1 — (i + B,)
representsthe original pixel intensity
remaining unchanged;

The corrupted image intensity g(x,y) can be represented as given in equation (3)

g(x,y) =1(x,y) » (1= N(x,y)) + N(x,y)

2.1.4 Speckle noise

Speckle noise arises from the coherent nature of the imaging wave used in mammography and is granular in pattern. This noise originates
from the constructive and destructive interference of scattered waves reflecting from tissue structures with varying phases. Unlike Gaussian
noise, speckle noise is multiplicative in nature, meaning that it varies in proportion to the image intensity, which complicates its removal
during image processing. In mammograms, speckle noise creates a mottled texture that reduces image contrast and obscures fine structural
details, thus hindering accurate lesion detection and analysis.

2.2 Conventional mammogram denoising methods

Radiologists’ detection accuracy and subsequent diagnosis are significantly affected by the types of noise present in mammograms.
Cederstrom et al., 2014 [22] explored how quantum noise and anatomical noise can hinder the detection of small microcalcifications and
masses and advised reconsidering beam-quality optimization to achieve better mammogram quality. Chowdappa & Sheshadri, 2018 [23],
in their research, highlighted the importance of noise reduction in medical image analysis, demonstrating that it directly impacts clinical
decision-making and patient outcomes. Their findings further underscore the vital importance of probabilistic, data-driven noise character-
ization in medical imaging. Therefore, optimal noise filtering techniques are essential in mammograms to ensure that microcalcifications,
masses, or other lesions are not distorted.

Diagnostic image denoising methods can be broadly categorized as linear filtering and nonlinear filtering. Linear filtering applies a fixed
filtering function uniformly across the mammogram. One such method, the linear adaptive filtering technique, is available in both the
spatial and frequency domains and includes algorithms such as least mean squares (LMS), recursive least squares (RLS), and the adaptive
noise-canceling method. The LMS algorithm regulates the filter constants to optimize the mean square error between the anticipated signal
and the actual output, offering simplicity and ease of implementation. However, its convergence speed can be slow and is sensitive to the
step size parameter. The RLS algorithm, although it has fast convergence and robustness due to its mechanism for continuously updating
the filter coefficients to minimize the sum of squared differences between actual and expected signals, is not commonly used in practice
because of its computationally intensive nature. While linear adaptive methods are good at preserving edges, their tendency to oversmooth
can hide critical small features, such as microcalcifications, highlighted by Arias-Castro et al., 2006 [24].

In contrast to linear adaptive filtering, nonlinear filtering techniques use nonlinear functions—meaning their outputs are not linear combi-
nations of input values—to filter noisy mammograms and are more effective at preserving edges and granular details. Nonlinear techniques
include Median Filtering, Anisotropic Diffusion, and Wavelet Thresholding (Bhateja et al. [25]). Wavelet threshold denoising is a powerful
image denoising technique: it first transforms the image to the wavelet domain using the Discrete Wavelet Transform (DWT), shrinks
small coefficients (which are likely noise), and then reconstructs the image using the inverse DWT (IDWT). Each of these nonlinear
filtering techniques has its own set of limitations and trade-offs, but they share common adaptive challenges due to inconsistent perfor-
mance across different breast tissue types as per the exploration done by Warren et al., 2012 [6], and Carnahan et al., 2023 [26].
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2.3 Wavelet-based denoising of mammograms

Wavelet shrinkage is a powerful technique for denoising mammograms, particularly effective against Poisson and Gaussian noise.
2.3.1 Wavelet function

In the first step, the mammogram image f(x, y) is transformed into the wavelet domain. This decomposition breaks down the mammogram
into different subbands that represent spatial and frequency information. Various wavelet functions y(x) can be used to perform the de-
composition at multiple levels. The Wavelet function can be mathematically represented as shown in the following equation (4).

Wi,j = [Zf(xy) * w(x = iqy — jp)dxdy

Where W; ; represents the wavelet coefficient at scale i and orientation j, a denotes the scaling parameter, b represents the shifting attrib-
ute, and y(x) denotes the chosen wavelet function.

2.3.2 Wavelet shrinkage

In the second step, the wavelet coefficients of each subband are compared against their respective threshold value A. Coefficients below
the threshold are considered dominated by noise and are shrunk toward zero, while coefficients above the threshold are assumed to contain
significant image information and are kept relatively unchanged. This step is known as thresholding, and different functions can be applied
for this purpose. A common choice is the "soft thresholding" function:

shrink(W;,; ) = sign(W;,; ) * max(|W;,; | — 4,0)

Where si gn(Wl—_ j) preserves the sign of the coefficient, and A denotes the threshold value. Hard thresholding is a simpler alternative to soft
thresholding. If the absolute value of the wavelet coefficient is below the threshold (|W; ;| < A), the coefficient is considered dominated

by noise and is set to zero. This effectively removes the noisy coefficient from the reconstruction process and can be represented mathe-
matically as in equation (5).

h(W,;) = {

W if (Wi = 2
0if W] < 2

}

Where h(W; ;) represents the thresholded coefficient.
2.3.3 Inverse Wavelet Transform

In the third and final step, the modified coefficients are used to reconstruct a denoised mammogram using the inverse wavelet transform.
The noise-free image, f'(x,y), can be obtained by the equation (6).

flooy)=XEWi; « ' (x = iy = Jjb)
Where y ' (x) denotes the corresponding scaling function for the chosen wavelet.
2.3.4 Universal threshold

Though the thresholding idea is effective, it is often complex to discover a suitable threshold value. The universal thresholding approach
automates the threshold selection process in wavelet shrinkage. It derives a threshold based on the statistical properties of the noise level
(o) and the properties of the wavelet. Here is the equation (7) for the universal threshold in 1D denoising:

1 =0 *V{2 * log(N)}

Where the noise standard deviation is represented by o, and N denotes the total number of wavelet coefficients. While convenient, the
universal threshold treats all subbands of the decomposed mammogram equally, highlighted by Amiriebrahimabadi et al, 2024 [27]. This
approach is problematic because noise characteristics may vary across different subbands (e.g., finer scales might exhibit higher noise
levels). A single threshold cannot effectively address this variation, potentially resulting in over-thresholding or under-thresholding in
different subbands. For more refined denoising, techniques such as subband-dependent thresholding or data-driven threshold selection
methods are explored.

2.4 Block Shrink

Block Shrink, a fully data-driven approach, aims to address noise variations across subbands. Block thresholding processes wavelet coef-
ficients in local groups (blocks) instead of individually. This method ensures that the threshold value closely corresponds to the noise level
within each block (Mencattini et al., 2006 [28]). One approach calculates the average coefficient magnitude within a block |W; ;| and
compares it to a threshold 1. Coefficients below a certain proportion 1 of the average are shrunk towards zero. Here is a simplified
equation (8):
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h(Wiy) ={

Wi if IWijl 2 = Wyl

sign(Wi'j) * max(|Wi'j| — g, 0) if nx* |Wi'j|block > |W”| > Az
;)if|Wi,j| < Ap

Where h(W; ;) denotes the threshold coefficient, W; ; represents the original wavelet coefficient, |W; j|piock is the average magnitude
within the block, 1 is a shrinkage parameter (0 <m < 1), and A5 denotes the base threshold for the block.

The block thresholding approach improves estimation accuracy by leveraging the dependencies among neighboring wavelet coefficients.
It exploits the strengths of both SureShrink and NeighShrink while discarding their respective weaknesses. WBS adapts the threshold
settings of each wavelet subband using Stein’s Unbiased Risk Estimate (SURE) minimization. Although block thresholding offers ad-
vantages over universal thresholding, the careful selection of parameters—specifically the shrinkage parameter, 77, and the base threshold,
Ag—as well as optimization of block size, is crucial for effective noise removal. The choice of block size is especially important: large
blocks may fail to capture local noise variations, whereas very small blocks can be computationally expensive and prone to noise sensitivity,
as per, Cai & Silverman, 2001 [14]. While a suboptimal block size can cause visual artifacts at block boundaries and inconsistent texture
in otherwise smooth tissue regions, Vikhe et al., 2019 [29] highlighted the importance of adaptive thresholding for effective denoising and
contrast enhancement in Wavelet Block Shrinkage (WBS). Dewangan et al., 2012 [15] demonstrated that adaptive wavelet thresholding
functions in block shrinkage provide improved image denoising performance under different noise conditions. These studies conclude that,
alongside optimal block size, an efficient thresholding function adaptive to different noise types and levels is pivotal for WBS. This forms
motivation for the current research.

2.5 Deep learning for denoising mammograms

To address the shortcomings of conventional spatial and frequency domain filtering, many researchers are currently exploring the use of
Artificial Intelligence (Al), especially deep learning methods, for denoising mammograms. Recent advancements in computing, particu-
larly GPU-based processing and storage technologies, have enabled researchers to store and train complex machine learning algorithms
using massive amounts of diagnostic image data. Nazir et al. (2024 [13] identified in their survey that 40% of current research on denoising
explores applying deep convolutional networks (DCNN) for filtering noise from medical images. Variants like DnCNN (Denoising Con-
volutional Neural Network) use residual learning for efficient and generalizable denoising. These CNN-based denoising methods are ef-
fective at preserving edges and fine details while reducing noise. However, they have limitations when dealing with unseen noise types.
Eckert et al., 2019 [30] proposed a physics-driven data augmentation technique to train a CNN based on a deep residual network architec-
ture. This method operates on noise maps of images, aiming to directly learn and remove the noise component. Combining physics-based
augmentation with the CNN architecture enables effective denoising of images corrupted by both real and simulated noise. However, the
method relies on careful preprocessing (noise transformation and augmentation) for optimal performance, which may require domain
expertise and additional processing steps.

Singh et al., 2019 [31] explored a CNN architecture based on U-Net/Encoder-Decoder networks capable of capturing both global context
(through downsampling/encoding) and reconstructing the image using upsampling/decoding. While effective at extracting fine textures
and preserving anatomical details compared to classical methods, these models require large, well-annotated datasets of clean/noisy image
pairs for training. Their performance drops with insufficient or unrepresentative data.

Ghosh et al., 2020 [32] used a Deep Convolutional Denoising Autoencoder (DDAE) as the primary method for image denoising. The model
is structured as an autoencoder with multiple convolutional layers in both the encoder and decoder parts. While effective in noise reduction
and preserving critical anatomical details necessary for clinical interpretation, it has the limitation of potentially oversmoothing fine details
if not carefully regularized or designed, which can hide subtle pathologies.

Although these modern approaches have shown promising results in filtering noise and preserving details due to their adaptive and data-
driven nature, they still face challenges such as loss of diagnostic features, poor generalization, and interpretability issues. Furthermore,
the high computing power required for Al-driven denoising entails substantial costs.

2.6 Enhance Wavelet Block Shrink

The proposed EWBS method addresses the challenge of selecting an optimum block size in traditional Wavelet Block Shrinkage (WBS)
by leveraging K-Means clustering. Instead of partitioning a wavelet subband into multiple fixed-size blocks of b1 * b2, the subband is
divided into a predefined number (k) of clusters. These clusters group similar wavelet coefficients within a subband based on features such
as energy (sum of squared coefficients), mean, variance, texture, directionality, and softness in the wavelet domain. This enhanced grouping
mechanism produces more coherent clusters or patches, to which shrinkage is applied individually. The proposed architecture for K-Means
clustering-based block creation is illustrated in Fig. 1. As shown in this diagram, a one-level two-dimensional discrete wavelet transform
is applied to mammograms, decomposing them into the frequency subbands LL, LH, HL, and HH. Each subband is represented by a matrix
of wavelet coefficients as depicted in Figure 2, and each color group represents a potential K-Means cluster. Fig. 3. shows sample wavelet
coefficients of different subband matrices. Further, the conventional hard and soft thresholding functions— which use rule-based thresholds
such as the universal threshold (Donoho & Johnstone), SureShrink, VisuShrink, or BayesShrink—are replaced with a data-driven CNN-
based shrinkage function. The training architecture of the CNN-based shrinkage function is illustrated in Fig. 7. The CNN-based shrinkage
function aims to build a generalized denoiser capable of filtering mammograms acquired from different vendors and contaminated with
various types of noise. It is trained using the desired characteristics of each subband cluster pair from the original (Fig. 4) and noisy (Fig. 5)
mammograms after 2-D wavelet decomposition. All training mammograms are mixed with three different types of noise—Speckle, Gauss-
ian, and Salt-and-Pepper—at four noise levels (6= 10, 20, 30, 40) collected from scanners of two different vendors, DBA and HOWTEK.
Thus, a total of 50 (original) * 3 (types of noise) * 4 (¢ = 10, 20, 30, 40) = 600 mammograms were used to train the CNN. Poisson noise
was not considered because of its low probability of occurrence. This EWBS mechanism, based on K-Means clustering and neural network,
removes noise in mammograms, as depicted in Fig. 8.
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2.6.1 Wavelet Scheme

In this experiment, a two-dimensional one-level wavelet decomposition method used to break down mammograms, generating detail sub-
band coefficients in three orientations: horizontal (H), vertical (V), and diagonal (D). This transformation yields a total of four subbands;
of these, three subbands (HH, HL, LH), which contain noise elements, are considered for shrinkage, while the LL subband, primarily
containing signal, is not. Increasing the number of decomposition levels leads to greater computational complexity. Therefore, the decom-
position level is limited to one in this research, enabling the subbands to effectively capture the mammogram’s frequency characteristics
while maintaining computational feasibility. Each training mammogram image is decomposed twice using two families of wavelet bases,
Symlets and Coiflets, chosen as per the recommendation of Benhassine et al., 2021 [33], resulting in 600(noisy mammograms) *
2(basis family) = 1200 wavelet-decomposed images to train the CNN.

Enhance Adaptive Wavelet Block formation
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Fig. 1: K-Means clustering-based block creation
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Fig.3: Sample wavelet coefficients matrix of LH, HL, and HH subbands
2.6.2 K-Means Clustering

One of the challenges with block shrinking of mammogram wavelet coefficients is the presence of block artifacts, where the boundaries of
blocks become visible in the processed mammogram. Do et al., 2002 [34], Pizurica et al., 2006 [35], and Starck et al., 2008 [36] highlighted
in their research, this problem arises from suboptimal fixed-size blocks and threshold parameters, which are based on the assumption that
the signal within a block is locally correlated and the noise is stationary—that is, its statistical properties (e.g., mean, variance) do not
change across the mammogram. These assumptions simplify the thresholding process by allowing a uniform approach to be applied across
different blocks. This oversimplification can lead to loss of fine details, poor edge preservation, over-smoothing, or block artifacts during
denoising, as the assumption works on the principle, either a block is dominated by noise or by image features. Mammograms often contain
non-uniform noise due to varying tissue densities. In our proposed improved block shrinkage method, we address the shortcomings of the
local correlation assumption by grouping wavelet coefficients across the mammogram based on homogeneous characteristics of each sub-
band—that is, based on the similarity of mean, variance, and smoothness. K-means clustering in the proposed approach creates groups
with varying numbers of wavelet coefficients, as shown in Fig. 2, in each subband, based on homogeneity rather than fixed-size b1 * b2
blocks. Consequently, the cluster (or block) threshold is more adaptive for each cluster. While Fig. 2 is for representational and illustration
purposes, the actual visualization of K-Means clustering of a clean mammogram is shown in Fig. 4, and of a noisy mammogram is shown
in Fig. 5. The Silhouette Coefficient method was utilized to determine the optimal number of clusters (k) for K-Means clustering in the
enhanced Block Shrink (EWBS) approach. Instead of computing standard K-Means for all possible values of k, this experimen.t employed
MiniBatchKMeans, hich updates cluster centers in small batches, making it scalable to millions of points. Since silhouette score calcula-
tion is computationally intensive (O(N?)), it was computed on a random sample of 10,000 wavelet coefficients to approximate cluster
quality. The search for k was performed in two stages: a coarse search, which evaluated a subset of k values to quickly identify a promising
range, followed by a refined search around the best coarse result. This method evaluates how well wavelet coefficients are assigned to their
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respective clusters and was used to determine an optimal k value—2000—which yielded a high average silhouette score, as shown in
Fig. 6. A very large k was avoided, as it could result in clusters containing only a few pixels, thereby reducing interpretability. This K-
Means clustering model was implemented using the Scikit-learn library.
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Fig. 6: K value optimization using the Silhouette Method
2.6.3 Convolutional Neural Network (CNN)

In this work, a CNN is employed as a learned shrinkage function in the wavelet domain for the denoising of mammograms. Unlike tradi-
tional thresholding techniques, which use manually or statistically determined thresholds that often fail to adapt to the heterogeneous nature
of mammographic tissue and noise, the proposed method trains a CNN to directly learn the mapping between noisy and clean wavelet
coefficients. The CNN operates on localized subbands—specifically the high-frequency LH, HL, and HH components—capturing subtle
textural variations and directional information critical for preserving diagnostic features such as microcalcifications and lesion boundaries.
To group semantically or statistically similar regions of wavelet coefficients, K-Means clustering is applied separately to each subband,
forming irregularly sized clusters that represent coherent noise structures or texture patterns. Also, location features (x, y) are included
alongside coefficients when clustering, to keep the positional information intact. Since CNNs require fixed-size inputs, each irregular
cluster is preprocessed into a regular grid by one of the following strategies as appropriate for the 2000 clusters: (i) resizing the coefficient
patch using bicubic interpolation, (ii) zero-padding smaller clusters to a fixed size (i.e., 16¥16), or (iii) extracting the largest square sub-
block from each cluster. This preprocessing ensures that input tensors to the CNN maintain consistent dimensionality while preserving the
local statistical characteristics of the original wavelet data. Furthermore, each cluster is normalized (e.g., via min-max or z-score normali-
zation) to mitigate scale variability across clusters and subbands, thereby facilitating stable training. The CNN architecture (Fig. 9) com-
prises four convolutional layers, a design choice that balances representational capacity with architectural simplicity to avoid overfitting,
especially when working with limited or localized wavelet data. The first and second convolutional layers use 3x3 kernels to effectively
capture local correlations and edge energy (wavelet coefficient) patterns within each preprocessed block (cluster), while the final layer uses
a 1x1 kernel to refine and project the learned features back to the coefficient space with minimal spatial blending. The number of filters
(32 —» 64 — 32 — 1) is selected to allow sufficient feature expansion and compression, enabling the network to extract a rich intermediate
representation while keeping the output dimension aligned with the original single-channel wavelet subband. ReLU (Rectified Linear Unit)
is used as the activation function after each intermediate layer instead of sigmoid, as ReLU promotes sparsity in activations, speeds up
convergence, and avoids vanishing gradient issues—properties that are particularly beneficial when modeling the sparse and directional
nature of wavelet coefficients. In contrast, sigmoid saturates quickly and limits gradient flow, which would hinder the model’s ability to
preserve high-frequency diagnostic content. To preserve the local characteristics of the input clusters throughout the network, padding is
set to 1 in all 3x3 convolutions, ensuring that the denoised coefficients align spatially with their original positions. This architectural
consistency is essential in the context of wavelet-based reconstruction, where spatial misalignment can distort the final image. Overall, this
design facilitates adaptive, data-driven shrinkage that surpasses traditional rule-based thresholding methods by learning context-aware
noise suppression while maintaining critical anatomical structures in mammographic imagery.
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2.6.4 Neural network input data

In this research, the DDSM (Digital Database for Screening Mammography) dataset (Heath et al., 2000 [37]) is used for experimentation.
A total of 50 original mammograms, each having a resolution of 1800 * 2300, considered for training. These mammograms are further
combined with three types of noise, four noise levels, and two wavelet basis functions, resulting in 50(original mammograms) *
3(types of noise) * 4(noise levels) * 2(wavelet basis function) = 1200 decomposed noisy mammograms used to train the CNN.
Noisy (feature, Fig. 5) and clean wavelet (target, Fig. 4) coefficient pairs were utilized to train the CNN shrinkage function. Since we apply
two-dimensional, one-level, wavelet decomposition, each mammogram transformation produces three subbands, which are further parti-

tioned into 2000 clusters (via K-Means). This process generates 1200 * 3 * 2000 = 7,200,000 pairs of data points for training.
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2.6.5 Training neural network

This research study employed a CNN comprising four convolutional layers and three activation layers (Fig. 9), which facilitated fast train-
ing and helped prevent overfitting. The network includes neither pooling nor fully connected layers to preserve the spatial resolution of
small wavelet blocks. Input wavelet coefficient clusters were reshaped to (16 * 16) using preprocessing mechanisms such as interpolation
and zero-padding. The proposed CNN shrinkage model was trained in a supervised learning framework using 7,200,000 data points gen-
erated from paired wavelet coefficient datasets derived from clean and synthetically noised mammographic images as shown in the Fig. 7.
The CNN was optimized to model the relationship between noisy wavelet coefficient clusters and their corresponding clean clusters by
minimizing the Mean Squared Error (MSE) loss, thereby enabling precise, coefficient-wise denoising in the wavelet domain. The model
was implemented with PyTorch and optimized using the Adam optimizer with default parameters ; = 0.9, 8, = 0.999. An initial learning
rate of (1 * 10~3) was adopted, with cosine annealing applied to gradually reduce the learning rate throughout training. A batch size of 64
was selected to balance memory constraints and statistical efficiency. To avoid overfitting and improve generalization, training utilized
early stopping based on validation loss and incorporated coefficient-level augmentations such as random flipping and rotation. Each train-
ing epoch included coefficient block pairs sampled from across multiple mammograms, allowing the network to encounter a diverse range
of anatomical and noise patterns. The network was trained for up to 326 epochs on an NVIDIA GPU, with convergence achieved around
the 97th epoch. This training regime enabled the CNN to learn a nonlinear, subband-specific shrinkage function that outperformed tradi-
tional threshold-based methods in both quantitative denoising metrics and visual preservation of diagnostic features such as edges and
microcalcifications. Fig. 10 presents the MSE (Mean Squared Error) of the trained CNN across 326 epochs; MSE is initially high due to
the random initialization of weights and biases, but gradually reaches a minimum at the 97th epoch and remains stable thereafter.

Table 1: Average PSNR of traditional wavelet thresholding denoising techniques and proposed EWBS for 120 test mammograms (benign, malignant, and
negative) added with different levels of Gaussian, Speckle, and Salt-and-Pepper noise.

Level of Gaussian and Level of Salt and Pep- PSNR of WBS with univer- PSNR of WBS with VisuShrink PSNR of Proposed
Speckle noise mixed (o) per prob mixed sal hard thresholding soft thresholding EWBS

10 0.01 24.52 33.72 43.52

20 0.02 22.32 29.75 39.67

30 0.03 21.29 27.67 36.81

40 0.04 20.64 26.35 34.59

Table 2: Average SSIM of traditional wavelet thresholding denoising techniques and proposed EWBS for 120 test mammograms (benign, malignant, and
negative) added with different levels of Gaussian, Speckle, and Salt-and-Pepper noise.

Level of Gaussian and Level of Salt and Pep- SSIM of WBS with universal ~ SSIM of WBS with VisuShrink SSIM of Proposed
Speckle noise mixed (o) per prob mixed hard thresholding soft thresholding EWBS

10 0.01 0.889 091 0.93

20 0.02 0.880 091 091

30 0.03 0.871 0.90 0.90

40 0.04 0.863 0.90 0.88

2.6.6 Testing the neural network

The trained CNN is tested on mammograms representing different breast cancer types, namely negative, benign, and malignant, with both
calcification and mass lesion types (a total of 5 combinations) to evaluate the efficiency of the proposed denoiser. Two mammograms from
each of these five categories are used as test data and corrupted with different types of noise—Gaussian, Speckle, and Salt-and-Pepper—
at four different noise levels (o). This results in a total of 120 noisy mammograms (2 from each category * 5 categories * 3 types of noise
* 4 noise levels =120). These 120 noisy mammograms are denoised using the EWBS mechanism; Fig. 8 illustrates the workflow. The
visual test result of the EWBS denoising mechanism is shown for a sample noisy mammogram in Fig. 11. This shows the EWBS's ability
to denoise while preserving key features, that is, masses (blue circles) and microcalcifications (red arrows). The proposed EWBS test
results on the 120 test images are compared with those of other methods—block shrink with universal hard thresholding and block shrink
with VisuShrink soft thresholding. The average PSNR and SSIM results over the various noise types and noise levels for these test mam-
mograms are presented in Tables 1 and 2 and are discussed in detail in the following section.

Comparison of PSNR values

=@~ Block Shrink with universal hard thresholding (y1)
504 i Block Shrink with VisuShrink soft thresholding (y2)
=A: Proposed (y3)
.
0 T -
: ¥ ~d—— 4
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201
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Fig. 11: EWBS denoising test result enhancing masses (circle) and o-noise level
microcalcifications (arrow) in a mammogram Fig.12: PSNR evaluation of the proposed method with other conven-

tional wavelet shrinkage for several levels of noise
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3. Results

The proposed method for denoising mammograms, which integrates a wavelet shrinkage mechanism with K-Means clustering and a CNN,
was built and evaluated on DDSM images using Anaconda Distribution 2025.06, on a GPU server, in Christ University HPC lab. The
effectiveness of our approach was assessed using peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) metrics.

The evaluation parameter PSNR measures the quality of a reconstructed signal compared to the original. A higher PSNR value indicates
better reconstruction quality. PSNR is calculated in decibels (dB) using equation (9)

PSNR = 20 * log10(MAXneensity/MSE®®)

The value of the maximum possible intensity of the image (255 for 8-bit images) is represented by MAXytensity- The Mean Squared Error
(MSE) quantifies the average squared difference between corresponding pixels in the original and reconstructed images.

The Structural Similarity Index (SSIM) evaluates the perceived similarity between a reconstructed image and the original by considering
luminance, contrast, and structural information. SSIM values range from -1 (completely dissimilar) to 1 (identical), as simplified in equation
(10).

SSIM = (2puxity + C1)(20xy + C2) /(% + 15 + C1) (0% + 0f + C3))

Where p, and p,, are the average pixel intensities of the original and reconstructed images, o, and o;, represents their standard deviations,

0,y measures the covariance between corresponding pixels, C; and C, represents the slight coefficients to evade division by zero.

SSIM provides a more human-centric quality assessment compared to PSNR, which solely focuses on pixel intensity differences. The

performance of the proposed EWBS method was compared with traditional wavelet shrinkage denoising models. Table 1 and Table 2

present the average PSNR and SSIM values, respectively, obtained after denoising 120 test images mixed with various noise types at

different levels using EWBS and traditional WBS, and then comparing these with their respective original (clean) mammograms. The first

column in both tables represents Gaussian and speckle noise mixed at different levels (¢ = 10, 20, 30, 40) with the original mammograms.

The second column shows the salt-and-pepper noise applied at different probability levels (0.01, 0.02, 0.03, and 0.04). In this experiment,

the same 120 noisy test mammograms were also denoised using WBS with universal hard thresholding and WBS with VisuShrink soft

thresholding, both implemented using the PyWavelets library in the Anaconda Distribution 2025.06 platform. The average PSNR and

SSIM values for these two traditional WBS denoising methods are shown in columns three and four, respectively. These are compared

with the PSNR and SSIM values of the proposed WBS method, which are presented in the fifth column of both tables.

PSNR / SSIM averages in each row (both tables) calculated as follows:

» PSNR / SSIM of WBS universal hard threshold = (Sum of PSNR / SSIM of 30 noisy images (10 mammograms * 3 types of noise)) /
30

» PSNR / SSIM of WBS visuShrink soft threshold = (Sum of PSNR / SSIM of 30 noisy images (10 mammograms * 3 types of noise)) /
30

» PSNR / SSIM of proposed EWBS = (Sum of PSNR / SSIM of 30 noisy images (10 mammograms * 3 types of noise)) / 30

These average values are also plotted in the graph shown in Fig. 12, which illustrates the superiority of the proposed approach compared

to existing WBS methods. It is evident from the above discussion and the experimental results presented in Tables 1 and 2 that the proposed

EWBS method, which integrates K-means clustering with a CNN, outperforms traditional wavelet block shrinkage by approximately 30%

in PSNR and 5% in SSIM, as calculated by comparing their respective average values.

We also compared the PSNR and SSIM scores of the proposed EWBS method with several recently researched Al-based denoising ap-

proaches, explored by Dabov et al., 2007 [38], Singh et al., 2019 [31], Zhang et al., 2010 [16], and Eckert et al., 2019 [30]. When the

EWBS results were evaluated against the outcomes reported by Eckert et al. (2019 [30], we got the corresponding comparative scores as

presented in Table 3. The analysis demonstrates that EWBS offers improved performance over both traditional and existing Al-based

denoising methods, offering superior performance in preserving mammogram quality and structural integrity.

Fig. 13: Original mammogram with mass lesion

Table3: Performance comparison of proposed EWBS against other Al-based denoising methods

Methods PSNR SSIM
WBS 25.78 0.89
BM3D [38] 35.49 0.80
Singh [31] 33.50 0.78
DNCNN [16] 36.08 0.84
ResNet [30] 36.18 0.84

EWBS 38.64 0.91
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4. Discussions

1A: Gaussian Noise 1B: Speckle Noise 1C: Salt-and-Pepper 3A: Gaussian Noise 3B: Speckle Noise 3C: Salt-and-Pepper
(o=40) (o=40) (o=40) (WBS Soft Threshold) | (WBS Soft Threshold) | (WBS Soft Threshold)

2A: Gaussian Noise 2B: Speckle Noise 2C: Salt-and-Pepper 4A: Gaussian Noise 4B: Speckle Noise 4C: Salt-and-Pepper
(WBS Hard Threshold) | (WBS Hard Threshold) | (WBS Hard Threshold) (Prop d EWBS) (Proposed EWBS) (Proposed EWBS)

Fig. 14: Denoised Mammograms using WBS and proposed EWBS

Fig. 13 shows an original mammogram from the DDSM mammography library containing a tiny mass lesion highlighted in the orange
box. We have carefully chosen this texture to visually illustrate the superiority of EWBS compared to the traditional WBS. The mammo-
gram in Fig. 13 was further mixed with Gaussian noise, Speckle noise, and Salt-and-Pepper noise, each with a standard deviation (o) of
40, to illustrate how noise impacts the appearance of a subtle but important mass lesion, as shown in segments 1A, 1B, and 1C of Fig. 14.
This feature is critical for radiologists to categorize the mammogram as benign, malignant, or negative. Segments 2A, 2B, and 2C of Fig. 14
depict filtered mammograms denoised with the traditional WBS hard thresholding method, and segments 3A, 3B, and 3C depict filtered
mammograms denoised with the traditional WBS soft thresholding method. This indicates that although both WBS methods are good at
denoising Gaussian noise, they have relatively poor performance for Speckle noise, and especially for Salt-and-Pepper noise, as the white
dot in the orange box is not clear in these cases. Segments 4A, 4B, and 4C of Fig. 14 depict filtered mammograms denoised with the
proposed EWBS; it is evident that the subtle mass (white dot in the orange box) is prominent in all three segments. Hence, we can conclude
that K-Means clustering and the CNN-based shrinkage empower the EWBS to denoise the mammogram by generalizing the shrinkage
function across different noise types and noise levels, while keeping important features such as microcalcifications and tissue structures
across different regions (e.g., fatty tissue, blood vessels) intact, which is crucial for accurate diagnosis.

5. Conclusion

Our research investigates various types of noise that degrade the visual quality of mammograms, reviews conventional denoising mecha-
nisms, and examines recent advances in subband adaptive denoising methods. We also explore how contemporary research leverages
artificial intelligence—particularly CNN—to enhance mammogram denoising. In this study, we propose a novel denoising approach,
EWBS, which integrates wavelet transforms, K-Means clustering, and CNNs to efficiently reduce noise while preserving critical diagnostic
features. The proposed method outperforms traditional and state-of-the-art techniques, demonstrating significant potential to improve breast
cancer screening and diagnosis, thereby contributing to better patient outcomes.

In this experiment, we used mammograms of constant resolution 1800 * 2300 to keep the computational complexity at an optimum level.
The proposed EWBS can be extended to high and varying resolutions. Determining the optimal number of clusters (k) Such scenarios
require further exploration, as they directly influence denoising performance and may require extensive parameter tuning, robust cluster
validation techniques, and higher computational power. Also, in this experiment, mammograms are decomposed at one level using Symlets
or Coiflets families of wavelet bases; further study can be conducted to evaluate the effectiveness of EWBS for multi-level wavelet de-
composition with different families of wavelet bases. We observed that the Symlets wavelet function is good at preserving the edges of
mammograms, while Coiflets provide good smoothness and asymmetry, potentially beneficial for handling smooth and textured regions
in mammograms.

The performance of the CNN-based shrinkage function could be further improved and generalized by training with mammograms from
multiple vendors. In our current research, the training data is limited to two vendors (DBA and HOWTEK). Additionally, there is potential
to extend the applicability of EWBS to other medical imaging modalities, such as CT and MRI.
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