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WCMA-Net: Enhancing Mammographic Cancer Diagnosis Using
Wavelet-Driven Channel-Spatial Mamba Attention
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Aloraini, and Inam Ullah

Abstract: Microcalcification Clusters (MCCs) are radiological markers of breast cancer. However, accurate
diagnosis of these minute calcium deposits remains a significant challenge due to their spatial obscurity,
particularly in dense breast tissues. Reducing false positives is crucial for detecting MCCs in mammograms, as
traditional methods often yield erroneous cases. We present WCMA-Net (Wavelet-based Channel-wise Mamba
Attention), an interpretable deep learning framework that integrates Discrete Wavelet Transform (DWT), channel
and spatial attention, and a state-space Mamba attention mechanism to improve MCC detection. It isolates
high-frequency diagnostic cues through wavelet decomposition and enhances feature discriminability via dual
attention mechanisms. The Mamba attention further captures long-range dependencies and temporal-spatial
dynamics, facilitating precise classification. We incorporate Gradient-weighted Class Activation Mapping (Grad-
CAM) visualizations to explain model decisions and highlight diagnostically relevant regions. Experiments on
two benchmark datasets demonstrate state-of-the-art performance, achieving AUCs of 0.99 and 0.96, with high
sensitivity and specificity. Compared to Swin Transformer and Vision-Mamba models, WCMA-Net delivers superior
accuracy with lower computing cost Giga Floating Point Operations Per Second (0.43 GFLOPs), suitable for real-

time applications. The results establish WCMA-Net as a practical, interpretable system for breast cancer screening.
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1 Introduction

Breast cancer is the leading cause of mortality among women
worldwide, with particularly high death rates in Asia and Africa
compared to Europe [1]. Mammogram screening is a well-
established method for the early detection of breast cancer
in both men and women. Among critical indicators, breast
Microcalcification Clusters (MCCs) are small calcium deposits
that are highly indicative of breast cancer [2]. However,
due to their small size and irregular distribution, particularly
in dense breast tissues, detecting MCCs remains challenging.
This complicates the diagnosis, especially for radiologists who
rely on a manual mammogram examination [3]. MCCs are
detectable on mammograms due to the higher density of breast
tissues compared to surrounding structures [4]. These tiny
calcium accumulations, typically less than 1 mm in diameter
and corresponding to approximately 10-20 pixels on digital
mammograms, are often obscured by high-frequency noise,
which complicates their detection and presents a significant
challenge for radiologists [J5].

Identifying MCC lesions in dense breast tissue is a
considerable challenge due to their poor contrast, uneven



morphology, and dispersed distribution. Current Computer-
Assisted Diagnostic (CAD) systems, which aim to assist
radiologists, often generate numerous False Positives (FP) in
their efforts to enhance sensitivity [6][7]. The key factors
contributing to these errors include imaging noise, artifacts,
and variability between patients [8]. Reducing noise while
maintaining the integrity of essential features is a crucial
but yet unsolved problem. The primary objective of CAD
systems is to assist radiologists by identifying and localizing
potentially abnormal regions, such as masses or MCCs, within
the breast [9][10]. Morphology plays a crucial role in the
diagnostic process and encompasses physical attributes such as
the shape, size, brightness, and roughness of the calcifications
[11]. Conventionally, the process of detecting breast cancer
using a digital mammogram involves two distinct processes.
The first stage focuses on identifying MCCs by segmenting the
Regions Of Interest (ROIs) of the mammogram. The second
stage involves classifying these clustered ROIs as malignant or
benign.

The manual extraction of features and their classifications
using conventional methods is a burden and diminishes the
sensitivity of cancer diagnosis. Numerous efforts have been
made, including the shape-based method by Mabrouk et al.
[12]) and the global detection and feature extraction model
by Wang et al. [13], fail to accurately segment and classify
MCC:s due to issues such as inter-cluster variability, noise, and
localization challenges. These deficiencies decrease the True
Positive (TP) rate and increase the FP rate. Consequently, a
resilient automated system that can overcome these hurdles is
desired. Hadjidi et al. [14] proposed a watershed morphology
method for segmenting mammograms, effectively detecting
edges but struggling with noise reduction. Chakravarthy et al.
[15]] utilized a firefly algorithm with extreme learning machines
for MCC detection, although it faced overfitting. Basile et
al. [16] introduced a CAD system that combines the Hough
transform and clustering algorithms, which improved detection
but increased computational complexity. Long et al. [17]
employed a contrast-enhanced mammogram to enhance the
precision of the Breast Imaging Reporting and Data System
(BI-RADS) for calcification lesions. Touil et al. [118]]
applied mathematical morphology to improve MCC detection by
addressing low contrast in digitized mammograms.

Hao et al. [19] used a data-driven deep learning approach
to identify cancerous regions on mammograms, while Sun et
al. [20] utilized a Deep Neural Network (DNN) to analyze
multidimensional mammographic data to predict breast cancer.
Shu et al. [21] proposed a region-based DNN for the
segmentation and classification of mammograms to predict breast
[22] introduced a DNN-based
strategy using a mapping technique to classify malignant and
benign mammograms according to neuron topology. Adiga
et al. [23] developed artificial neural networks that use self-
organizing maps to minimize the distance between neurons,
enhancing the performance of model training. Suresh et al.
[24] designed a diagnostic system that applies deep learning-
based pattern recognition to differentiate between normal and
abnormal mammograms. Fan et al. [25] used a faster-region
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pooling architecture of DNNs to accurately categorize digital
mammograms to predict breast cancer. Yurdusev et al. [206]
emphasizes the detectability of MCCs in mammograms by
enhancing the difference filter with a Yolov4 model. Ghug
et al. [27|] used the multi-scale DenseNet for mammogram
segmentation. Chouhan et al. [28] employed an emotional
learning-based DNN for the detection of breast cancer. Finally,
Qian et al. [29] utilized a profound extreme learning technique
with a DNN to diagnose breast cancer from mammograms.
However, segmenting suspicious regions and classifying them
remain major challenges in mammography analysis, even with
these advanced deep learning techniques.

In this study, we address the research gap discussed above by
introducing a novel automated de-noising method for detecting
MCCs in digital mammograms, aimed at improving breast
cancer prediction. The primary challenge lies in the accurate
detection of MCCS in dense breast tissues, where the inter-
cluster spacing, noise suppression, and contrast enhancement
between individual MCCs, and precise localization significantly
affect classification performance, thereby lowering the TP rate.
In addition, traditional DNNs struggle to effectively classify
these MCCs into malignant or benign categories. The proposed
approach overcomes the limitations of manual mammogram
analysis by radiologists and traditional DNNs. It employs a
Gaussian notch filter to suppress noise and enhance background
contrast, effectively amplifying these MCCs for better visibility.
This preprocessing step localizes the signal characteristics in
the transformed domain, enabling precise feature extraction.
The Discrete Wavelet Transform (DWT) is then utilized to
decompose the mammogram into multiple frequency subbands,
isolating high-frequency components associated with MCCs.
This hierarchical decomposition facilitates robust feature
extraction, emphasizing the fine details critical for accurate
classification. ~ The wavelet features are fed into a state-
space Mamba attention network, which integrates channel
and spatial attention mechanisms to refine and amplify the
diagnostic features [30]. The channel attention module focuses
on enhancing the most relevant channels in the feature map.
Using global average pooling and max pooling, the network
computes channel-wise importance scores, which are refined
through fully connected layers. Spatial attention complements
channel attention by focusing on spatially important regions in
the feature map. It aggregates spatial context using average
and max pooling across the channel dimension and applies a
convolutional layer to produce spatial attention weights. Finally,
the Mamba network combines these attention-enhanced features
and models them within a state-space framework. This structure
captures complex interdependencies between wavelet-derived
features, channel relationships, and spatial context, enhancing the
network’s ability to distinguish benign from malignant MCCs.
The classification layer further processes the refined features,
outputting probabilities for diagnostic categories. The main
contributions are as follows.

* A Wavelet-based Channel-wise Mamba Attention Network
(WCMA-Net) is proposed for MCC detection and the
prediction of breast cancer. First, Gaussian notch filtering
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and DWT are applied to suppress noise and enhance
the high-frequency components of mammograms. A
novel channel-wise attention mechanism is employed to
emphasize relevant ROIs, followed by a spatial attention
mechanism to refine the representation of spatial features.
Subsequently, the enhanced features are processed through
a Mamba network. Finally, enriched features are
classified into benign and malignant categories through
fully connected layers.

Experimental evaluations conducted on the private PINUM
and public CBIS-DDSM breast cancer datasets demonstrate
the superiority of WCMA-Net, achieving state-of-the-art
performance in terms of precision, accuracy, sensitivity,
specificity, and Area Under the Curve (AUC).

2 Materials and Method

2.1 Data Preprocessing and Augmentation

Two datasets are utilized for the study, the private Punjab
Institute of Nuclear Medicine (PINUM) [31], and the public
Curated Breast Imaging Subset of Digital Database for Screening
Mammography (CBIS-DDSM) [32]. The PINUM dataset was
collected with the approval from the Diagnostic Imaging Nuclear
Medicine and Radiology Research and Development Committee,
consisting of 288 mammograms. Patients between 32 and 73
years with an average age of 48.5 years contributed a total of 588
mammograms, including 162 malignant and 426 benign cases,
captured in both Mediolateral Oblique (MLO) and Craniocaudal
(CC) views. The data collection and labeling team members are
experienced radiologists. The CBIS-DDSM dataset is a curated
and enhanced version of the DDSM, sourced from the University
of Florida. It includes 5000 mammograms, consisting of 3000
benign and 2000 malignant instances, establishing a solid basis
for assessing the suggested methodology in various cases.

The PINUM images were originally obtained in Digital
Imaging and Communications in Medicine (DICOM) format and
subsequently converted to Portable Network Graphics (PNG).
The images were resized with linear interpolation in OpenCV
to maintain the aspect ratio, and all pertinent patient information
was recorded in a CSV file. Automated cropping was applied
to remove extraneous black pixels from the image borders,
ensuring a cleaner dataset. In addition, any imperfections from
the digitized scans were addressed by converting the images
to binary form to eliminate smaller artifacts. Contrast-Limited
Adaptive Histogram Equalization (CLAHE) [33]] was applied to
the images of both datasets. It enhances contrast by dividing
each image into smaller tiles and applying localized histogram
equalization, avoiding the pitfalls of global adjustments. CLAHE
also limits contrast amplification to prevent noise amplification,
ensuring improved image quality.

To enhance the generalization of the proposed model and
mitigate overfitting, we quadrupled the PINUM dataset by data
augmentation, resulting in a total of 2,940 pictures. Standard
augmentation methods, including vertical and horizontal flipping
and rotation in combination with cropping, were utilized. The
images were rotated by 15° and 45° with cropping to generate

rotational variants with consistent resolution. In addition,
before these operations, we applied a random perturbation based
interpolation of pixel values to generate images closely aligned
with its original pixel value distribution. The augmentation
strategy significantly improves the accuracy of the neural
network by enhancing its resilience and mitigating domain shift
[34]]. Algorithm 1 outlines the data augmentation process.

Algorithm 1 Image augmentation algorithm.

ENSURE: INPUT = In(x,y)%Input Data
ENSURE: OUTPUT = Out(x,y,4)%Augmented Data
Initialize(P;, P») %Row perturbation values
augTypeVec = [vFlip, hFlip, Rotate15, Rotate45]
T(x,y) = Normalize[In(x,y)]
(Col,Row) = size[T(x,y)] %Number of columns and rows
X =1:Col
for r = 1:Row
X, = X + Randn(P1, P>) %Random perturbation
temp = Interp[T(r,:), Xp] %Row interpolation
T(r,:) = Resize(temp, C'ol) %To the original size
end
for k = 1:4 %lterate by augumentation types
augType = augTypeVec(k)
Out(z,y, k) = Augument[T (z,y), augType]
end
Return Out(x,y, 4) Augmented Data

2.2 The Overall Workflow

The block diagram of the proposed breast cancer classification
framework is shown in Fig.1. It consists of several key stages:
image preprocessing and augmentation, de-noising and contrast
enhancement for improved MCC detection, 2D DWT for feature
extraction, and finally classification with the attention based
Mamba network WCMA-Net to distinguish between malignant
and benign cases. Further details of each step are provided in the
following sections.

2.3 De-Noising with Gaussian Notch Filter

Mammograms often contain artifacts and noise due to
acquisition systems. A Gaussian Notch Filter (GNF) [35]
is employed to suppress background noise and enhance the
visibility of bright MCC spots against normal tissue. In the initial
step, the mean and standard deviation of the lesion (positive) and
background (negative) pixels are calculated using the Gaussian
center difference filter. The GNF rejects frequencies within
a predetermined region around the center of the frequency
rectangle. It translates the center of the frequency rectangle.

Q
H(u,v) = HHk(u,v)H_k(u,v) (1)

where @ denotes the number of notch filter pairs Hy(u,v) and
H_j(u,v) are high pass filters whose centers are at (ug, vx)
and (—ug, —vx). The frequency rectangles of these centers are
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Fig. 1 The overall workflow of the proposed method. It includes preprocessing, augmentation, de-noising, wavelet feature extraction
and classification of MCCs with WCMA-Net. (DN: denoised; CE: contrast enhanced; WMAB: wavelet-based Mamba attention block)
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Here, M and N represent the dimensions (height and width)
of the frequency rectangle, and (ux,vr) denotes the center
coordinates of the k-th notch. The GNF of order n contains three
pairs of notches whose distance from the center is the same for
each pair:

Dy(u,v) =

@
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In this formulation, Dy is the cutoff frequency distance for the

k-th notch pair, and n is the filter order controlling the sharpness
of the notch transition.

3
H(u,v) =[] )
k=1

2.4 Feature Extraction with Wavelet Transform

The two-dimensional DWT is employed to reduce noise
while preserving essential features for contrast enhancement
and feature extraction. The DWT can isolate crucial wavelet
coefficients that represent the presence of MCCs. It ensures that
the high-frequency components, corresponding to the MCCs, are
retained while the low-frequency noise is effectively suppressed.
By transforming the signal into its wavelet coefficients, we

maintain clarity and accuracy in detecting suspicious regions,
particularly in dense breast tissue. The DWT is essentially multi-
scale decomposition:

aj+1,k = Z LP[n — 2k]a]’,n
- “)
dj+17k = Z HP[’I’L - 2k]aj,n

where LP[n] and HP[n| are low-pass and high-pass filters
associated with the scaling and wavelet functions, a;41,x and
dj+1,, are the approximate and detailed coefficients at level j.
Inverse DWT reconstruct the original signal by upsampling and
filtering:

ajn =Y LPln—2klaji1x+ > HPn—2kldj1s (5)

k k

We use 2-level DWT coefficients to detect MCC features

from the mammogram. Using 2-level DWT, a mammogram
can be decomposed into subbands LL (Low-Low), LH
(Low-High), HL (High-Low) and HH (High-High). LL
provides the background intensity of the mammograms while
HL, LH and HH contain horizontal, vertical, and diagonal
features, respectively. We employ multi-scale correlation of
mammograms to select the most significant wavelet coefficients
using adaptive threshold de-noising.

2.5 Channel-Wise Attention and Spatial Attention

The Channel-Wise Attention (CWA) mechanism enhances the
significance of critical features across input channels. For an
input feature map X € RE*H*W where C, H and W are the
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number of image channels, height and width, respectively, CWA
operates as two types of global pooling across the channels:

. AW

Pug(c) = T Z Z X (¢, h,w) (6)
h=1w=1

Prax(c) = max X (e, h,w) (7

The pooled features are passed through two shared fully
connected layers to compute attention scores:

Achi = 0 (Wa - ReLU (W1 - Payg + W2 - Prax)) (8)
where W1 and W5 are learnable weights, and o () is the sigmoid
activation function. The original input is modulated by the
attention scores:

Xeet(c, h,w) = Acni(c) - X (¢, h, w) )
This mechanism selectively amplifies channels critical for
identifying MCCs while suppressing irrelevant features. It
should be noted that in the current study the multiple channels
are from the outputs of DWT subbands, which is very different
from the compositions of conventional color images or fused
multimodal images where CWA has been widely applied [36].
The Spatial Attention (SA) mechanism identifies the salient
spatial regions within each feature map. For the refined feature
map X.ef, a single-channel spatial descriptor is computed using
the average and maximum pooling across the channels:

C
1
Swe(hyw) = 5 Y Xer(c, h,w) (10)
c=1
Smax (h, w) = max Xret(c, h, w) (11)

The pooled descriptors Saye and Smax are concatenated and
passed through a convolutional layer to compute the SA map

Agpr = o (Conv ([Savg, Smax])) (12)
where Conv() denotes a convolutional operation. The feature
map is spatially refined by modulating it with the SA map

Xepi(e, h,w) = Agpi(h, w) - Xeet(c, b, w) (13)
This ensures that spatial regions critical for the detection task are
emphasized.

2.6 Selective State-Space Mamba Block

The Mamba attention mechanism is built upon a selective
State-Space Model (SSM). It operates by selectively updating the
hidden state h; for an input sequence

hi =Ar-A-hi—1+ B- X, 14
where h; is the hidden state at time ¢, A, input-dependent
gating mechanism, A forget gate that attenuates prior states, B
learnable input projection matrix and X; current input. The
gating mechanism is computed as

Ay = SP(Ws - X, + Wa) (15)
where W3 and W, are learnable weight matrices and SP(z) =
In(1 + %) ensures non-negative gating values. The forget gate
modulates the influence of prior states
A = diag (exp(—=X\-t)) (16)
where A is a decay parameter controlling state attenuation and ¢
time step; the function diag(-) constructs a diagonal matrix. The
output of the Mamba layer y; is given by
Yo = Mp - he + My - Xy amn

where M) and M, are learnable projection matrices. The
Mamba attention mechanism combines the temporal dynamics
of SSM (via h;) and SA to ensure only the most relevant features
propagate through the network.

2.7 Combining Attention Mechanism with Mamba

The connection of all the attention mechanisms within the
Mamba framework is shown in Fig.2. The multiple frequency
bands of DWT are used as inputs.

X—}{XLL,XLH,XHL,XHH} (18)

High-frequency components Xrm, Xpr, Xgm improve the
visibility of MCC. These components are processed through the
CWA and SA modules to extract salient features. The refined
features are fed into the Mamba attention network, capturing
long-range dependencies and dynamic feature relationships. The
final representation is passed through fully connected layers for
binary classification using the Softmax layer.

2.8 The Network Training Process

The DWT mammogram subbands are normalized and resized
to 64 x 64 to standardize the input dimensions.  The
dataset is divided into training, testing and validation sets in
a ratio of 70:20:10. The batches are created for gradient-
based optimization using a Datal.oader. The WCMA-Net is
instantiated with the hierarchical architecture. The cross-entropy
loss is used to measure the classification error:

N
Leg = =57 Q_ [yilog(:) + (1 —yi)log(1 —9:)]  (19)

i=1
where y; is the ground truth label and g, the predicted probability.
The Adam optimizer is used to update the model weights. The

weight update rules for parameter w; at time ¢ are:

my = Bime—1 + (1 — 51)VL
vp = Pavi—1 + (1 — B2)(VL)?

P mq — (%3 (20)
TR YA
wt:wtfl—\/ﬁ»%mt

t €

where m; and v, are the first and second moments of gradients,
B1 and (B2 momentum parameters and 7 the learning rate; €
prevents division by zero. Hyperparameters were carefully tuned,
with a batch size of 32, a learning rate of 0.001, and a dropout
rate of 0.5.

After each epoch the model is evaluated to computer the
metrics such as accuracy, specificity, sensitivity, AUC, precision
and F1-score. The early stopping is employed to stop the training
to avoid overfitting if the validation loss does not improve after
the specific number of epochs. This process ensures robust
training of the proposed network.

3 Experimental Results

All algorithms are implemented in Python 3.10 using the
PyTorch library. The experiments were carried out on an NVIDA
GEFORCE RTX 4050 GPU, 64 GB RAM, and Windows 11
operating system. The computation time was 30 min for training
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Fig. 2 Proposed WCMA-Net for MCC classification. The input wavelet features (LL, LH, HL, HH) are first processed through two
separate attention blocks: (a) the CA block and (b) the SA block, each consisting of layer normalization (LN) and multilayer perception
(MLP) units. Their outputs are fused and passed into (c) the Wavelet Mamba Attention Block (WMAB), which integrates CA, SA,
convolutional processing, and an efficient state-space attention mechanism. The resulting encoded vector is classified via a Softmax

head into malignant (M) or benign (B).

and testing. The proposed method was evaluated on the PINUM
and CBIS-DDSM datasets.

3.1 Ablation Study

The performance of WCMA-Net demonstrates its robustness
through an ablation study on the PINUM and CBIS-DDSM
datasets. The WCMA-Net ablation was compared in seven
configurations: (1) Baseline Mamba, (2) GNF denoising only,
(3) DWT only, (4) Multi-scale convolution only, (5) CWA only,
(6) SA only and (7) the full model. Table E] shows that the full
model significantly outperforms the other configurations on the
PINUM dataset in all key metrics, including specificity (0.97), F1
score (0.90), precision (0.94), sensitivity ( 0.93), accuracy (0.95),
and AUC (0.96). These results highlight its ability to minimize
FPs and improve diagnostic precision. The sensitivity of 0.93
indicates excellent detection of TPs. In terms of computational
efficiency, the proposed method achieves this performance with
0.43 GFLOPs and a parameter size of 40.5MB, balancing high
accuracy with computational cost. The Multi-scale convolution
only and DWT only models perform well with a specificity of
0.95 and 0.94, respectively. However, their lower Fl-scores
(0.83 and 0.84) and sensitivity values (0.78 and 0.82) reveal the
critical role of the integrated wavelet-channel-spatial attention
mechanism. The SA only variant has the lowest F1-score (0.77)
and sensitivity (0.72).

For the CBIS-DDSM dataset, the full model continues to
outperform all partial variants with a specificity of 0.95, an F1-

score of 0.96, a precision of 0.94 and an outstanding AUC of
0.99, confirming its generalizability and superiority. The high
sensitivity of 0.97 indicates its exceptional ability to identify
malignant cases, a critical requirement for early cancer detection.
The Multi-scale convolution only and CWA only variants also
demonstrate competitive performance with a specificity of 0.94
and 0.92, respectively. Their AUC values (0.96 and 0.94) remain
high, but their Fl-scores (0.90 and 0.89) fall short of the full
model. The SA only variant performs the worst with a specificity
of 0.74 and an F1-score of 0.82.

Fig. 3 Grad-CAM visualizations for ablation study on a benign
case from the PINUM dataset. For each model configuration (left
to right), the top image displays the full mammogram with Grad-
CAM overlay, and the bottom image shows the zoomed-in ROI
focusing on suspected MCC locations. (Blue = low activation,
Red = high activation)

Figs.3-6 present comparative Grad-CAM visualizations of
ablation results in four representative cases: benign and
malignant images selected from the PINUM and CBIS-DDSM
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Fig. 4 Grad-CAM visualizations for ablation study on a
malignant case from the PINUM dataset. For each model
configuration (left to right), the top image displays the full
mammogram with Grad-CAM overlay, and the bottom image
shows the zoomed-in ROI focusing on suspected MCC locations.
(Blue = low activation, Red = high activation)

datasets.  Each figure shows the full-view and zoomed-in
ROIs to evaluate how various WCMA-Net variants focus on
diagnostically relevant structures. The Base model consistently
shows low activation across the datasets, indicating poor
localization of the lesion. While adding Denoising or DWT
modules slightly enhances contrast, they lack strong attention
focus. The Multi-scale module better captures contextual
boundaries but still diffuses attention. The CWA and SA modules
begin to emphasize suspicious regions more clearly, especially
in malignant cases. However, the Full model, which integrates
all modules, demonstrates the highest intensity and sharpest
localization around MCCs or masses, strongly aligning with
clinical expectations. This supports the generalizability and
robustness of the full WCMA-Net model for mammographic
interpretation under diverse imaging conditions.

Base Model Denoising Wavelet Multi-scale _ Channel Attention Spatial Attention __Full Model

[

Fig. 5 Grad-CAM visualizations for ablation study on a
benign case from the CBIS-DDSM dataset. For each model
configuration (left to right), the top image displays the full
mammogram with Grad-CAM overlay, and the bottom image
shows the zoomed-in ROI focusing on suspected MCC locations.
(Blue = low activation, Red = high activation)

The above ablation studies clearly demonstrate the efficacy of
the proposed method. The results across both datasets highlight
the importance of incorporating DWT, multi-scale analysis,
and selective attention mechanisms for improved diagnostic
accuracy. The proposed method not only outperforms its partial
variants in terms of performance metrics but also balances
computational efficiency, making it a practical solution for
clinical applications.

3.2 Comparison with Existing Methods

The proposed WCMA-Net achieves superior results in
multiple metrics compared to the state-of-the-art methods tested
on the PINUM and CBIS-DDSM datasets as seen in
and On the PINUM dataset, WCMA-Net achieves the
highest specificity of 0.97, significantly higher than those of the
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Fig. 6 Grad-CAM visualizations for ablation study on a
malignant case from the CBIS-DDSM dataset. For each model
configuration (left to right), the top image displays the full
mammogram with Grad-CAM overlay, and the bottom image
shows the zoomed-in ROI focusing on suspected MCC locations.
(Blue = low activation, Red = high activation)

second best Bio-Fusion-Net (0.93) and the third best Vision-
Mamba (0.91). This indicates its exceptional ability to minimize
FPs in identifying non-cancerous regions. WCMA-Net’s F1-
Score of 0.90 surpasses those of the second best Convx-Net
(0.87) and the third best Mamba-Out (0.85), demonstrating its
capability to achieve a balance between precision and sensitivity.
It achieves a precision of 0.94 and a sensitivity of 0.93, showing
its robustness in detecting MCCs accurately without overfitting
to positive cases. It also achieves the highest accuracy 0.95
and AUC 0.96, indicating its reliability in different scenarios.
It requires only 0.43 GFLOPs, and thus is computationally
efficient.

On the CBIS-DDSM dataset, WCMA-Net also shows
exceptional performance, outperforming all other models.
Achieving a specificity of 0.95, it significantly outperforms the
second best Swin-Transformer (0.92). Its F1-Score of 0.96 far
exceeds that of the second best EV-Mamba (0.88). It achieves an
outstanding precision of 0.94 and a sensitivity of 0.97, which are
critical for the accurate detection of malignant regions. It reaches
the highest accuracy (0.96) and AUC (0.99), which are vital for
clinical applications that require high reliability.

In the analysis of the proposed WCMA-Net against existing
state-of-the-art methods on both the PINUM and CBIS-
DDSM datasets, an intriguing observation is that some models
exhibit lower parameter requirements but significantly higher
computational cost in terms of GFLOP. The Swin-Transformer
has 5.59 GFLOP which is 13 times higher than the 0.43 GFLOP
of WCMA-Net, while it has fewer parameters (17.8M vs 40.5M).
Despite its lower parameter count, the Swin-Transformer incurs
significantly higher GFLOP due to its complex multi-head self-
attention mechanism, which scales quadratically with the image
size. This leads to increased computational overhead without
significantly improving performance and as a result has lower
accuracy (0.74) and AUC (0.78) compared with WCMA-Net on
the PINUM dataset. The Local-Mamba has a higher GFLOP
(0.72) and a smaller parameter size (22.8M) than WCMA-Net
on both datasets. Local-Mamba leverages localized processing,
which reduces parameter usage but increases GFLOP due to
repeated localized operations, particularly in multi-scale feature
aggregation. This results in suboptimal performance. Vision-
Mamba’s GFLOP is high due to its use of additional vision
transformers for feature extraction.
translate into significantly better performance.

However, this does not
WCMA-Net
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Table 1 Ablation study of the proposed approach on two datasets

Method Specificity F1-Score Precision Sensitivity Accuracy AUC GFLOP Param(M) Dataset
The full model 0.97 0.90 0.94 0.93 095 096 043 40.5 PINUM
Baseline Mamba 0.94 0.79 0.88 0.72 0.89 093 041 41.5 PINUM
GNF Denoising Only 0.94 0.81 0.84 0.78 090 094 042 39.5 PINUM
DWT Only 0.94 0.84 0.85 0.82 091 093 043 40.5 PINUM
Multi-scale Conv Only  0.95 0.83 0.87 0.78 090 094 040 42.5 PINUM
CWA Only 0.93 0.82 0.83 0.82 090 093 0.39 38.5 PINUM
SA Only 0.94 0.77 0.83 0.72 088 092 045 39.5 PINUM
The full model 0.95 0.96 0.94 0.97 096 099 043 40.5 CBIS-DDSM
Baseline Mamba 0.90 0.86 0.87 0.85 0.88 094 041 41.5 CBIS-DDSM
GNF Denoising Only 0.91 0.87 0.89 0.85 0.88 093 042 39.5 CBIS-DDSM
DWT Only 0.91 0.84 0.88 0.80 0.86 0.92 043 40.5  CBIS-DDSM
Multi-scale Conv Only  0.94 0.90 0.92 0.87 091 096 040 425  CBIS-DDSM
CWA Only 0.92 0.89 0.90 0.88 091 094 0.39 38.5 CBIS-DDSM
SA Only 0.74 0.82 0.73 0.93 082 092 045 39.5 CBIS-DDSM
Table 2 Comparison of WCMA-Net and other deep learning approaches on the PINUM dataset

Algorithm Specificity F1-Score Precision Sensitivity Accuracy AUC GFLOP Param(M)
WCMA-Net (Ours) 0.97 0.90 0.94 0.93 095 096 043 40.5
V-Mamba [37] 0.90 0.71 0.73 0.68 0.83 0.89 6.29 20.3
Plain-Mamba [38] 0.88 0.77 0.73 0.82 0.86 093 55 28.9
Local-Mamba [39] 0.89 0.69 0.72 0.66 0.82 0.88 0.72 22.8
EV-Mamba [40] 0.87 0.73 0.86 0.74 0.76  0.83 34.71 46.8
Swin-Transformer [41]  0.93 0.71 0.83 0.61 0.74 0.78 5.59 17.8
Mamba-ND [42] 0.73 0.75 0.78 0.87 0.88 074 2.78 18.9
Convx-Net [43] 0.88 0.87 0.90 0.81 0.91 0.89 17.69 86.3
Mamba-Out [44] 0.89 0.85 0.79 0.92 090 092 1559 80.6
Vision-Mamba [45] 0.91 0.82 0.81 0.83 0.89 092 0.74 60.4
Bio-FusionNet [46] 0.93 0.72 0.80 0.87 0.85 091 30.71 27.7
Alex-Net-BC [47] 0.83 0.79 0.78 0.81 086 082 227 58.2

demonstrates an optimal balance, achieving the best results
while requiring only 0.43 GFLOP and 40.5M parameters.

poorest runtime-accuracy trade-offs,
While some methods, such as Convx-

consistently excels.

the proposed method

Models with higher GFLOP may face deployment challenges in
real-time systems or resource-constrained environments, where
computational efficiency is critical. The proposed WCMA-Net,
with its lower GFLOP, is more suitable for clinical applications
that require real-time analysis.

Fig.7 shows the analysis of the runtime and training accuracy
and highlights the clear superiority of the proposed method,
which achieves the highest accuracy (99.5%) with the fastest
runtime (7.7 ms for PINUM and 8.0 ms for CBIS-DDSM)
across both datasets. This balance between computational
efficiency and diagnostic precision makes it highly suitable
for real-time applications in clinical settings. Compared to
competing methods such as V-Mamba, Plain-Mamba, and EV-
Mamba, which show moderate accuracy but higher runtimes,
or Bio-FusionNet and Alex-Net-BC, which demonstrate the

Net, achieve competitive accuracy, their significantly higher
runtime (e.g., 17.69 GFLOP) render them less practical for
real-time deployment. The results emphasize that the proposed
method offers an outstanding solution, leveraging both speed
and accuracy to enhance the detection of breast MCCs in
mammograms, thereby making a significant advancement over
existing techniques.

3.3 Results Comparison with Other Approaches

demonstrates that the performance of WCMA-Net
outperforms previous studies, achieving a sensitivity of 0.93 and
0.97 on the PINUM and CBIS-DDSM datasets, respectively.
Wang et al. [3] used deep learning approaches for MCC
detection on a private dataset and reported sensitivities of 0.90.
The machine learning models for MCC identification are used
in [5]] and [9] on the FDDM and DDSM datasets and obtain
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Fig.7 Comparison of the training accuracy and runtime measures. (a) PINUM. (b) CBIS-DDSM.
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Table 3 Comparison results of our approach and other deep learning approaches on the CBIS-DDSM dataset

Algorithm Specificity F1-Score Precision Sensitivity Accuracy AUC GFLOP Param(M)
WCMA-Net (Ours) 0.95 0.96 0.94 0.97 096 099 043 40.5
V-Mamba [37] 0.74 0.69 0.87 0.83 0.81 0.74 6.29 20.3
Plain-Mamba [38] 0.76 0.66 0.68 0.63 0.70 0.76 5.5 28.9
Local-Mamba [39] 0.79 0.85 0.71 0.81 0.76 0.86 0.72 22.8
EV-Mamba [40] 0.83 0.88 0.86 0.81 0.82 0.89 34.71 46.8
Swin-Transformer [41]  0.92 0.81 0.68 0.72 088 0.76 5.59 17.8
Mamba-ND [42] 0.86 0.63 0.76 0.79 0.86 0.78 2.78 18.9
Convx-Net [43] 0.87 0.67 0.77 0.61 076  0.83 17.69 86.3
Mamba-Out [44] 0.88 0.61 0.84 0.86 0.77 0.82 15.59 80.6
Vision-Mamba [45] 0.75 0.73 0.72 0.88 0.71  0.79 0.74 60.4
Bio-FusionNet [46] 0.85 0.77 0.71 0.72 0.79  0.87 30.71 27.7
Alex-Net-BC [47] 0.87 0.73 0.69 0.75 078 0.85 2.27 58.2

sensitivities of 0.85 and 0.90, respectively. We conducted a
comparison on both datasets with the suggested parameter values
by replicating some relevant papers|[11}48/49]. reveals
that the performance of the proposed method is better than these
approaches.

4 Discussion And Conclusion

Breast cancer detection through regular mammography screening
is recognized as the most effective strategy for early
identification. = However, traditional mammogram diagnoses
by radiologists often result in high FP rates, leading to
unnecessary biopsies and patient anxiety.  Although deep
learning methods have shown promise in improving MCC
detection, previous research has not adequately addressed
FP reduction to minimize unwarranted interventions. Our
proposed WCMA-Net aims to enhance the diagnostic process
by accurately distinguishing between benign and malignant
MCCs, supporting radiologists in making informed decisions,
and potentially reducing unnecessary biopsies.

One of the key challenges in mammographic analysis is
the accurate detection and classification of MCCs within dense
breast tissue, where distinguishing between malignant and
benign lesions is particularly complex. Conventional CAD
systems often struggle with low-level features and MCC ROIs
[50].  Our study introduces a new solution employing a
DWT feature extraction module, integrated with the CWA
and SA mechanisms. DTW decomposes mammograms into
frequency subbands to isolate high-frequency components such
as MCCs, improving visibility and clarity. Subsequently, the
CWA selectively enhances critical feature maps, while the SA
emphasizes salient spatial regions within the feature maps.
These mechanisms are further refined using the selective SSM
Mamba attention network, which effectively captures long-
range dependencies and dynamic relationships between features,
enabling a robust classification of dense and heterogeneous
Wigasletibided dendfiengesiibinifbanyRd idhprdhed IRIRREIHIONI6H

performance over conventional techniques. The proposed

Table 4 Comparison of our approach with approaches

Authors[Ref] Methods Dataset Sensitivity
Wang et al.[3] Deep Learning  Private 0.90
Brian et al.[5] Machine Learning FDDM 0.85
Quellec et al.[9] Machine Learning DDSM 0.90
Duetal.[11] Deep Learning  CBIS-DDSM  0.84
Wang et al.[51] Deep Learning  Private 0.91
Wang et al.[48]  Deep Learning  CBIS-DDSM  0.89

CBIS-DDSM  0.81
CBIS-DDSM  0.97
PINUM 0.93

Gallardo et al.[49] Deep Learning
Our approach
Our approach

Deep Learning
Deep Learning

method effectively addresses the class imbalance issue prevalent
in clinical datasets, where benign calcifications are more frequent
than malignant ones. We utilized advanced data augmentation
techniques, including perturbation interpolation, rotations and
flipping, to balance the training dataset and optimize model
performance. These configurations allowed the network to learn
robust features and mitigate overfitting, resulting in superior
performance compared to the latest published models. The
proposed WCMA-Net not only outperforms existing models in
terms of sensitivity, specificity, accuracy, Fl-score, precision,
and recall, but also reduces the computational burden associated
with deep learning networks.

Although the results are promising, the study has some
limitations due to the lack of large-scale mammographic
datasets. Future work will focus on expanding the dataset and
further refining the model to improve diagnostic capabilities
and generalizability. However, current findings highlight the
potential of the proposed WCMA-Net as a reliable and efficient
tool for early breast cancer detection, providing radiologists with
enhanced diagnostic support while reducing FP and unnecessary
procedures. By improving the visibility and localization
of subtle MCCs, especially in dense breast tissue, WCMA-
Net can help radiologists reduce diagnostic oversight and
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improve clinical workflow efficiency.The code is available at:
https://github.com/khalilurl/WCMA-Net-
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