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Abstract

Machine learning-based breast cancer detection from mammograms is inherently affected
by image degradation induced by imaging systems. Conventional algorithms mainly target
enhancement of classification performance in an ideal imaging scenario; little consideration
is generally given to the impact of imaging degradations on robustness and interpretability
of the model. In this paper, a robust approach for systematically investigating the effect of
essential imaging system features, such as spatial resolution, image blur, and additive Gaus-
sian noise concerning patch-based mammogram cancer detection has been introduced. A
convolutional neural network combined with a circular attention mechanism is used to extract
discriminative features from fixed-size mammogram patches and provide an interpretable
visualization. The model is trained on high-quality, non-degraded patches and is evaluated on
degraded patches to investigate the effect of different imaging factors. The proposed system
incorporates patch-based learning, degradation modeling, quantitative performance evalua-
tion, lesion localization analysis, and attention-based interpretability within the developed
framework to formulate an integrated evaluation of the model functionality under realistic
acquisition environment. Experimental results indicated that spatial resolution was the most
crucial factor for detection performance, and even modest resolution degradation brought a
major drop in cancer sensitivity, lesion localization performance, and attention-map quality.
The investigations also showed that the model is relatively robust for mild Gaussian blur
and moderate Gaussian noise. It was noted that blur primarily affects edges and texture of
the processed mammograms whereas noise mostly diminishes classification specificity by
inducing false positive outputs and preserving lesion detectability. Attention visualizations
showed that imaging degradations decrease feature localization and diminish the ability of the
network to focus on areas important for diagnosis. The research emphasizes the importance
of image quality for reliable mammogram analysis using machine learning. Further, it shows
that the traditional accuracy metrics results in lower diagnostic integrity. Thus, the proposed
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framework results in the development of robust, interpretable, and clinically implementable
computer-aided diagnosis systems for breast cancer detection particularly for rural clinics
where access to high-end imaging systems is generally limited.

Keywords: Breast cancer detection, Mammography, Deep learning, Convolutional neural
network, Circular attention, Image quality assessment, Image degradations, Spatial resolu-
tion, Gaussian blur, Gaussian noise.

1. INTRODUCTION

Breast cancer is one of the most common fatal diseases for women worldwide, accounting for a
substantial percentage of cancer-related morbidity and mortality. Early screening, particularly mam-
mography, is a well-established technique to reduce breast cancer mortality. Mammographic imag-
ing, including conventional two-dimensional (2D) digital mammography and three-dimensional
(3D) digital breast tomosynthesis (DBT), delivers detailed images of breast tissue structures where
abnormalities such as masses, calcifications, and structural distortions are required to be precisely
analysed by radiologists at the early stages for proper treatment. As illustrated in FIGURE 1,
mammogram acquisition is the initial stage of the breast cancer screening where several factors
associated with the acquisition and imaging technology affects the mammogram quality. High
quality mammograms are important for reliable diagnosis and visualization of lesions adequately.
However, interpretation of the mammograms still can be laborious, time-consuming, and prone to
inter-observer variability. This may lead to diagnostic errors, especially in dense breasts where
fine changes may be difficult to detect. Computer-aided diagnosis (CAD) systems are assumed to
overcome such challenges. They are expected to enhance the diagnostic accuracy, consistency, and
efficiency. The performance of the CAD systems can further be enhanced using machine learning
for mammogram interpretation and diagnosis. Machine learning has been improving rapidly for the
last several years, which led to an extremely significant transformation of medical image analysis,
allowing for the development of accurate and automated breast cancer detection systems.

Figure 1: Proposed Robustness-Aware Patch-Based Deep Learning Framework for Investigating
the Impact of Imaging System Degradations on Mammogram Cancer Detection
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Convolutional neural networks (CNNs) have shown encouraging results in classification and detec-
tion of features having excellent discriminative abilities [1]. Yann Le Cun has developed a gradient
based CNN architecture, later improved by Kaiming He through deep residual learning using skip
connections to tackle the vanishing gradient problem in deep learning systems, for finding complex
visual patterns [2-4]. Huang et al. (2017) [5], modified conventional CNN by connecting each
layer to every other layer in a feed-forward manner to strengthen feature propagation and reduce
the number of parameters, to enhance feature reuse and gradient flow in deep CNNs. The advance-
ments have been successfully applied to medical imaging, achieving performance comparable to
expert radiologists in breast cancer detection [6, 7] and extended to histopathology analysis for
cancer diagnosis [8, 9]. Recently, patch-based approaches have gained considerable attention for
mammogram analysis and cancer detection. Instead of processing entire high-resolution images,
these methods divide mammograms into smaller regions, allowing models to focus on localized
features that are critical for detecting abnormalities such as microcalcifications and other type of
masses in the mammograms. Dieter Ribli has reported the effectiveness of CNNs in detecting
and classifying breast lesions [10]. Visualization techniques such as Grad-CAM have also been
employed to create visual explanations by highlighting the most significant regions an image to the
model’s decision [11]. Images may suffer from degradations such as resolution loss, blurring, and
noise contamination, which can significantly alter the visual characteristics of breast tissue and may
result in wrong diagnosis [12, 13]. Resolution is a fundamental characteristic of imaging systems
determining the level of detail captured in the output image of the object under consideration.
High-resolution images preserve fine structural details essential for detecting lesions, whereas low-
resolution images may result in loss of critical information necessary for proper diagnosis. Similarly,
image blurring caused by system optics, patient motion, or reconstruction processes reduces edge
sharpness and contrast, thereby reducing important features. These artifacts in the images are
commonly represented by Gaussian blur [14]. Another important factor affecting the image quality
is the noise, which may arise from electronic components and acquisition conditions. Gaussian
noise is widely used to simulate such type of degradations and has been shown to significantly
impact feature extraction and classification performance [15, 16].

The development of deep learning has led to the advent of transformer-based CNNs models for
efficiently capturing both local and global information required for accurate and reliable diagnosis.
These models employ self-attention mechanism for estimating context dependent information [17].
Similarly, vision transformers, introduced by Alexey Dosovitskiy, have shown promising results in
capturing long-range dependencies from the input images, particularly in medical diagnosis [18].
On the other hand, hybrid architectures use convolutional feature extraction with attention-based
global reasoning for enhanced medical diagnosis [19]. The main discrepancies of such models are
that they often require large datasets and high computational resources for the analysis. In real-world
clinical environments, mammograms are acquired using different imaging systems with varying
hardware configurations, detector technologies, and acquisition protocols resulting in distortions
due to spatial resolution, contrast, noise levels, and sharpness. Hence, the usage of conventional
machine learning systems in CAD results in the dependence of diagnostic reliability on the quality
and consistency of the input images. Patch based learning mechanism using multi-scale strategies
and hybrid architecture has been successfully applied and reported to enhance detection performance
[20, 21]. Incorporation of patch based analysis in CAD systems may be expected to resolve some of
the problems. Deep learning models are highly sensitive to parametric distribution shifts caused by
such degradations and lead to significant performance drops when evaluated on images taken under
non-ideal conditions [22, 23]. Although data augmentation technique such as noise injection, blur
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simulation, and resolution scaling may be employed to improve generalization, but do not provide a
clear understanding of the dependence of the each degradation factor on model behaviour. Although,
a controlled degradation framework has been investigated and reported in [24], but its application
in mammogram analysis has not yet been explored particularly in patch based systems.

One of the most important features of the CAD systems is the interpretability for providing ex-
planations of model decisions which may be achieved using attention mechanism by highlighting
most important regions in the input images. Sophisticated attention modules like Grad-CAM,
spatial, and channel-wise attention mechanisms, have been successfully employed to improve both
performance and interpretability in medical imaging [25-27]. Despite significant progress, there
are still several gaps to be explored. Most of the studies focus on improving classification accuracy
under controlled imaging conditions ignoring robustness to real-world variability like resolution,
blur, and noise. Mostly, these approaches operate at the full-image level, overlooking localized
effects that are critical for detecting lesions. The correlation among different types of degradations
and attention-based interpretability remains largely unexplored. Motivated by these challenges, the
present research presents a comprehensive framework to systematically investigate the effect of
degradations present in mammograms due to resolution variation, blurring, and additive Gaussian
noise on attention guided patch-based mammogram cancer detection. The work is expected to
reduce the gap between controlled research conditions and real-world clinical environments by
providing a robust model under different degradation conditions. The outcomes of this research
are expected to provide optimised image quality, particularly in rural and resource-limited clinical
environment where there is limited access to advanced mammographic imaging systems.

2. MATERIAL AND METHOD

The literature survey showed that the performance of machine learning-based classification systems
is significantly affected by the quality of the acquired images. In this research, three imaging degra-
dations spatial resolution, Gaussian blur, and additive Gaussian noise are finalised to be investigated.
For the investigations, the degradations are introduced in a systematic manner to imitate actual
clinical acquisition conditions in mammography systems.

The overall methodology is shown in FIGURE 2. For investigating the sensitivity of the proposed
model to specific imaging artefacts, each degradation factor is varied while keeping all other ex-
perimental conditions unchanged. The proposed system integrates five major stages: (i) dataset
preparation and patch extraction, (ii) image pre-processing and degradation modelling, (iii) CNN-
based feature extraction and classification using circular attention, (iv) controlled training and test-
ing under varying imaging conditions, and (v) quantitative and qualitative performance evaluation.
Informal experiments conducted in our preliminary investigations have shown that the performance
ordering is circular attention j learned attention j no attention and hence, the same mechanism
has been used in the present study. The process begins with mammogram acquisition and patch
extraction, followed by preprocessing and simulation of degradations in the acquired images. The
resultant breast image patches are subsequently analysed using the proposed attention-guided CNN.
The model is trained using the labelled patches as cancerous and non-cancerous. The trained model
is evaluated using standard performance metrics to identify the imaging degradations having the
significant influence on the classification performance.
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Figure 2: Proposed Robustness-Aware Framework for Investigating the Impact of Imaging System
Characteristics on Patch-Based Mammogram Cancer Detection

The investigations were carried out using two publicly available breast images datasets: i) Cu-
rated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS-DDSM)
dataset [28], ii) Invasive Ductal Carcinoma (IDC) dataset [29]. These datasets consists of anno-
tated pathology-confirmed breast images categorized into cancerous and non-cancerous classes.
The CBIS-DDSM dataset, a curated version of the Digital Database for Screening Mammogra-
phy (DDSM), comprises high-resolution digitized mammograms with benign and malignant find-
ings, along with associated metadata. On the other hand, the IDC dataset consists of 277,524
RGB image patches of size 50 50 pixels extracted from 162 hematoxylin and eosin (H&E)-stained
breast histopathology specimens scanned at 40 magnification, each labelled as cancerous or non-
cancerous.

Since breast abnormalities (masses, micro calcifications, and architectural distortions) are mostly
locally confined, hence a patch-based strategy was implemented to facilitate localized feature ex-
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traction while maintaining computational efficiency. Initially, clinically relevant regions of interest
(ROIs) of mammograms were selected from the annotated images and partitioned into fixed-size
patches of 50 50 pixels, and every patch was assigned a binary label corresponding to cancerous or
non-cancerous tissue based on pathological findings. This technique increases the effective number
of training samples enabling the model to learn localized discriminative features with high accuracy
and reduced computational complexity.

Pixel intensities of each patch were normalized to the range [-1,1] for stabilized training and con-
vergence. A custom dataset class was used for image loading, transformation, and batch formation.
Circular attention implemented by spatial weighting for prioritizing the most of the relevant parts
of the patches has been used. Gaussian-like function is employed for estimating the attention mask.
The function provides relatively more weights to central pixels and lower weights to peripheral
region. The central region of the feature map determines the location of the abnormality.

Formally, a mammogram image I can be represented as: | =fP1 P2 P3 P?g where Pi
denotes the ith image patch and » represents the total number of extracted patches. The dataset
is divided into training, validation, and testing subsets as per the ratio 70:20:10. For testing of
degradation robustness without any patch-level data leakage, the 10% samples from IDC dataset
were converted to 50 50 sized patches and none of patch from this set was used during training
or validation. Prior to training, all image patches are pre-processed using gray scale conversion,
resizing (50 50), and intensity normalization using

Ps = ,.Ps min" » max Imin”

where Imin, and Imax represent the original minimum, and maximum intensity values, respectively.
To simulate realistic imaging conditions, three major degradation factors are introduced: resolution,
blur, and noise. Resolution degradation is simulated through a down sampling up sampling process:

Pg = *H ” P8 B”"

where Py is the original patch, Pg is the degraded patch, and s represents the reduced spatial resolu-
tion. Patch resolution is varied from 50 50 pixels (original patch) down to 40 40 pixels, with
detailed results reported for 45 45 and 40 40 pixels. Image blur is modelled using Gaussian
convolution:

Pg = Py . F F” where ¥ F” denotes the Gaussian kernel of standard deviation Fand width.
F. Lavel of blur is governed by the standard deviation (F) rather than by the kernel width (for small
T the effective support of the Gaussian lies entirely within a 3 3 window); accordingly, the kernel
size is fixed at 3 3 and experiments are reported for ¥ = 0.3 (slight blur) and F = 0.5 (moderate
blur). Noise degradation is introduced using additive Gaussian noise:

P =P, #,0 2"

For investigating effect of additive Gaussian noise, SNR values of 30 dB, 20 dB, 10 dB, and 0
dB, representing low, moderate, high, and severe noise conditions, respectively have been used in
the experiments. Following preprocessing and degradation simulation, image patches are analysed
using a convolutional neural network integrated with a circular attention mechanism. The CNN
architecture consists of three convolutional layers containing 32, 64, and 128 filters, respectively.
Each convolutional layer is followed by ReLU activation and max-pooling operations. The ex-
tracted features are flattened and passed through fully connected layers with dropout regularization
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before binary classification is performed using a sigmoid activation function. To improve feature
localization and interpretability, a circular attention mechanism is incorporated into the CNN archi-
tecture. The attention map is computed as

A =Ff, W, ,ReLU,Wq,F"""

where F represents the extracted feature map and W1 and W2 denote trainable parameters. The
circular spatial weighting mask used for the investigations is defined as

ll"G Hu - EXp,, ”"G Gpuz . "H Hanu ”2A2nn

where ,Gp H»" denotes the patch centre and r controls the spread of attention region. The final
attention-weighted feature representation is obtained as

F' =F (-),AiM"

where () denotes element-wise multiplication. The model is trained on original non-degraded
mammogram patches to ensure that the learned feature representations correspond to ideal imaging
conditions. Model parameters optimization is performed using the Binary Cross-Entropy (BCE) loss
function. It quantifies the difference between the predicted class probabilities and the corresponding
ground-truth labels as

#
1
= EZ»HUOQ,,?S",,J Hg” log,1  ?”.
8=1

where 1! denotes the binary cross-entropy loss, # represents the total number of training sam-
ples, Hgis the ground-truth label of the 8 sample, and ?is the probability predicted by the model.
The ground-truth label is defined as

oo = 1 Cancerous
8710 Non cancerous

The BCE loss assigns higher weightage to correct predictions while imposing larger penalties to
incorrect predictions. The loss function is minimised through back propagation which progressively
make the model to learn robust and discriminative features of cancerous and non-cancerous mammo-
gram patches. The model parameters are optimized using the Adam optimizer with batch gradient
descent, providing efficient convergence and stable optimization. During each training epoch,
batches of mammogram patches are sent through the model to generate prediction probabilities and
there after the BCE loss are estimated. The resulting gradients are propagated backward allowing
continuous adjustment of the model weights. The model is trained for 101 epochs using a batch size
of 64 for high computational efficiency, convergence stability, and generalization performance.
After training, the learned model is evaluated under multiple degradation conditions to investigate
its performance against variations in image quality.

Performance evaluation of the proposed system is carried out at both the patch level and the image
level using accuracy, precision, recall, F1 score, specificity, and the area under the receiver operating
characteristic curve (ROC-AUC). Furthermore, confusion matrix analysis is analysed to quantify
True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN), thereby
providing detailed insight into the classification behaviour and error characteristics of the proposed
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model. Image-level analysis is carried out by aggregating the predictions from all constituent
patches, thereby resulting in a diagnosis for the input mammogram or the given tissue. To gain
insight of the attention mechanism, attention maps generated by the circular attention module are
superimposed over the corresponding mammogram patches. These visual details help in identifying
the significant regions of the mammogram patches for efficient decision-making. Finally, a com-
prehensive degradation-specific analysis is carried out by comparing the classification performance
of the trained model across different levels of resolution, blur, and additive Gaussian noise for
identifying different factors that strongly influence breast cancer classification performance.

3. RESULTS AND DISCUSSION

The section presents a comprehensive evaluation of the proposed circular attention guided CNN for
patch-based mammogram for cancer detection under different types of degradations introduced by
the imaging system and the environmental conditions. As explained in the Material and Method
section, effect of three major image degradations, namely resolution, Gaussian blur, and addi-
tive Gaussian noise, on the classification accuracy, robustness, and generalization capability of
the proposed model has been investigated. The model is trained on high-quality, non-degraded
mammogram patches, while during testing patches with different degradations have been used. To
investigate the effectiveness of the optimization strategy and the convergence behaviour during
training, variation of BCE loss, accuracy, precision, and recall over successive epochs (FIGURE 3)
have been analysed.

The training and validation loss curves (FIGURE 3a) show exponential reduction throughout the
training, confirming that the model continuously minimizes the BCE loss by learning discriminative
features. Higher loss values during the initial training phase are because of the random initialization
of model parameters. As training progresses, the loss decreases and gradually approaches a stable
minimum, indicating effective convergence of the network optimization. The close correspondence
between the training and validation loss curves shows that the proposed model learns generalized
features without over fitting or unstable optimization behaviour. Similarly, the classification accu-
racy (FIGURE 3b) is relatively low at the beginning of training, as the model has limited knowledge
of the discriminative features for deciding whether the input patch is cancerous or non-cancerous.
Successive parameters update results in effective patch classification as both accuracy curves in-
crease steadily and eventually stabilize. The proposed model maintains a good balance between
learning of new features and generalizing to previously unseen data, thereby confirming its robust-
ness and reliability. The classification behaviour of the proposed model is also investigated through
precision and recall curves (FIGURE 3c). It may be observed that the precision shows a gradual
increase during training, indicating progressive reduction of false-positive predictions, improving
the reliability of cancerous patch identification. Similarly, gradually increasing recall demonstrates
enhanced capability to correctly detect cancerous mammogram patches while minimizing false-
negative detection rate. The closeness of precision and recall curves indicates the effectiveness of
the circular attention mechanism for achieving a balanced classification performance. The simulta-
neous convergence of the loss, accuracy, precision, and recall curves indicates the effectiveness of
the proposed model. Smooth convergence, closeness between training and validation metrics, and
stable performance of curves at the final training epochs collectively indicate efficient optimization,
strong generalization capability, and reliable feature learning as shown in TABLE 1. ROC analysis
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