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Abstract

Breast cancer remains one of the leading causes of cancer-related mortality among women
worldwide, highlighting the urgent need for reliable computer-aided diagnosis (CAD) systems
that support early screening and clinical decision-making. This paper presents BRE-CAD, an
end-to-end loT-enabled CAD framework for breast cancer detection that integrates
mammographic data preprocessing, deep learning—based lesion localization, graphical clinical
visualization, and database-driven diagnostic management. The proposed methodology follows
a structured pipeline comprising dataset curation and annotation, model training and
optimization, system integration, and longitudinal data storage. A curated subset of 5,304
mammographic images (1,768 malignant and 3,536 benign) extracted from the VinDr-Mammo
dataset was processed through a dedicated data pipeline involving mass extraction, bounding
box annotation, and partitioning into training (80%), validation (15%), and testing (5%)
subsets. A Faster R-CNN detection model was employed to simultaneously localize suspicious
regions and classify breast lesions. The trained model was embedded into a graphical user
interface and connected to a PostgreSQL backend through an IoT-based architecture, enabling
real-time and offline diagnostic visualization as well as secure storage of clinical records.
Experimental results demonstrate stable training convergence, with validation performance
achieving a recall of 0.71, precision of 0.64, and Fl-score of 0.67. Image-level evaluation
yielded 309 true-positive cancer detections and 735 true-negative healthy classifications. In
addition to quantitative metrics, qualitative analysis conducted on a randomly selected 5% test
subset confirmed reliable lesion localization, effective suppression of false detections in normal
mammograms, and conservative flagging of ambiguous cases. Although the achieved
performance remains moderate compared to fully supervised high-resolution benchmark
systems, BRE-CAD exhibits clinically desirable recall-oriented behavior and interpretable
detection outcomes. By integrating deep learning inference with loT-based data management
and clinician-in-the-loop visualization, the proposed framework provides a practical screening-
oriented decision-support system aimed at assisting radiologists rather than replacing expert
judgment.
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1. Introduction

Breast Cancer (BC) is a health issue that is most commonly diagnosed in women across the
globe and that has been a huge health problem to the population. In 2022, it was estimated that
the world had some 2.3 million new cases and 670,000 deaths [1], [2], [3]. It is a disease that
is found in almost all countries: BC was by far the most prevalent cancer in women in 157 of
185 countries in 2022, which highlights its universal presence in all countries [4]. Although the
incidence has been the highest in more developed areas, mortality is usually disproportionately
greater in less-developed areas. As an illustration, the largest age-standardized incidence
percentages are in Australia/New Zealand (95.5%), Western Europe (90.7%) and Northern
America (89.4%). By comparison, South-Central Asia (26.2%), Middle and Eastern Africa
(33%) and Central America (39.5%) have significantly lower incidence percentage [5], [6].
Various countries with low rates of incidence in the past are rapidly increasing at a rate of 3-5
per annum of new infections worldwide [7]. Such geographic differences demonstrate the
differences in detection, screening programs, awareness, and treatment accessibility. Several
risk factors of BC are known: some are non-modifiable, including advancing age, female sex,
hereditary genetic mutations, and some factors are modifiable and include obesity, alcohol use,
lack of physical exercises, and reproductive history [8], [9]. Other factors which contribute are
the environmental factors and previous exposure to radiation. Since in most cases women get
BC without explicit risk factors, screening and early detection are crucial in minimizing the
burden of the disease. In addition to health, BC presents a large burden to the society due to
the decreased life expectancy, high healthcare expenses and the emotional and economic stress
it causes to the families [10]. It also has some effects on national productivity because women
who are at their most prolific working and care giving age can be placed on long treatment
periods, less work capacity or die prematurely all of which weaken the work force and adds
strain on the health care and social support frameworks [11], [12].

Scientists across the world have in turn responded by putting a lot of effort in coming up with
sophisticated diagnostic tools, and early warning systems. As an example, BRCA1 and BRCA2
genetic testing can identify high-risk individuals prior to the onset of cancer [13], [14], [15],
which will make it possible to prevent these cancers. The study of biomarkers has resulted in
the identification of circulating tumor cells and cell-free DNA in blood [16], [17], [18], and
they can be used as minimally invasive early-detection procedures. The sensitivity of early-
stage detection is enhanced with the help of advances in medical imaging, including digital
breast tomosynthesis (3D mammography), contrast-enhanced Magnetic Resonance Imaging
(MRI), and ultrasound elastography [19], [20], [21], [22], [23]. Arttificial intelligence (AI) and
Deep Learning (DL) models have been used more recently in mammography, ultrasound and
MRI to provide lesion detection, risk stratification, and early warning prediction with high
accuracy [24], [25], [26], [27], [28]. These inventions emphasize the international scientific
interest to lower the mortality of BC by diagnosing the disease at the earliest and most
preventable stage.
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Computer-Aided Diagnosis (CAD) systems are computational frameworks designed to assist
clinicians in the interpretation of medical images by automatically analyzing imaging data and
highlighting suspicious findings. A typical CAD system consists of several stages, including
image preprocessing, feature extraction, lesion detection or segmentation, classification, and
result visualization. Rather than replacing physicians, CAD systems function as decision-
support tools that enhance diagnostic consistency, reduce human error, and improve early
disease detection rates. In the context of breast cancer, CAD systems play a particularly critical
role due to the subtle and heterogeneous appearance of lesions in mammographic images.
Early-stage tumors may present as low-contrast masses or microcalcifications that are difficult
to detect, even for experienced radiologists. Therefore, integrating CAD systems into breast
imaging workflows can improve sensitivity, assist in prioritizing high-risk cases, and support
large-scale screening programs where radiologist workload is substantial. Studies of CAD
systems are several decades old as helping systems to support radiologists in recognizing and
categorizing breast lesions. Initial methods of CAD were hand-based models, in which the
features of images (texture, shape, and statistical values) were manually obtained and
categorized with algorithms such as Support Vector Machines (SVM) or k-Nearest Neighbors
(kNN). Although these methods were able to give an early breakthrough, they were usually
limited in accuracy and generalization as features that were manually created could not
perfectly represent the fluctuating appearance of tumors in mammographies. The dominant
tendency has been the introduction of deep learning, specifically, convolutional neural
networks (CNNs), which allowed automated feature extraction, as well as directly learning a
task through raw images. This development achieved a great level of detection and
classification performance, and CNN-based systems became a trend in the research of BC
CAD.

Over the past two decades, extensive research efforts have been dedicated to developing
computer-aided diagnosis systems for breast cancer detection. These studies can broadly be
categorized into two major paradigms: traditional machine learning approaches relying on
hand-crafted feature extraction, and modern deep learning—based frameworks that learn
discriminative representations directly from medical images. This section provides a structured
overview of both paradigms, highlighting their evolution, strengths, and limitations, before
discussing recent advances in deep learning—based breast cancer detection systems. Early
breast cancer CAD systems were primarily based on conventional machine learning techniques
combined with manually engineered image features. In these approaches, radiological
characteristics such as texture descriptors, shape metrics, intensity statistics, and morphological
features were extracted from mammographic regions of interest. These hand-crafted features
were then classified using traditional algorithms such as Support Vector Machines (SVM), k-
Nearest Neighbors (kNN), Random Forests, and Logistic Regression [29], [30], [31]. Although
these methods demonstrated initial success in differentiating benign from malignant lesions,
their performance was highly dependent on the quality and completeness of manually designed
features. Moreover, handcrafted representations often failed to capture the complex and
heterogeneous visual patterns of breast tumors, leading to limited generalization across datasets
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and imaging conditions. As a result, these systems exhibited constrained robustness,
particularly when dealing with low-contrast lesions, dense breast tissue, or variations in
acquisition protocols.

in recent years, it has improved even further with more sophisticated detection models
including Faster Region-based Convolutional Neural Network (R-CNN) [32], [33], [34], [35],
[36] and You Only Look Once (YOLO) [37], [38], [39], [40]. these architectures integrate both
detection and classification into a single system enabling the localization of suspicious regions
and classification of benign and malignant lesions in real-time. In addition to these, a number
of CNN architectures have been popular among BC CAD studies. The first models to be used
included AlexNet [41], [42], [43], VGG16/VGGI19 [41], [44], [45], [46], and GoogLeNet
(Inception) [47], [48], [49], [50], [51], and their results showed that deep feature extraction has
the potential to outperform traditional hand-crafted features. The more recent literature has
made use of ResNet [52], [53], [54], [55], [56] and its more residual versions, which overcome
the vanishing gradient issues and reach a better performance in classification. Also, DenseNet
[57], [58], [599], [60], [61] has been investigated because of its effective reuse of features and
good performance using a small amount of training data. Simultaneously, Inception-ResNet
hybrids [48], [53], [56], [62], [63], MobileNet [64], [65], [66], [67], and EfficientNet [68], [69],
[70] have been tested in terms of the lightweight but accurate implementation that can be used
in real-time diagnosis. In addition to CNNs, some other deep learning methods have also been
proposed. Sequential analysis of imaging slices with Recurrent Neural Networks (RNNs) and
their gated counterparts, e.g. Long Short-Term Memory (LSTM) [71], [72], [73], [74], [75] and
Gated Recurrent Units (GRU) [76], [77], [78], [79], [80], etc., have also been used, especially
in dynamic contrast-enhanced MRI, where time is a factor. Besides these, research has
investigated Bidirectional RNNs (Bi-RNNs) [81], [82], [83], that process input sequences both
forward and backward, and thus more contextual dependencies between sequences of images.
Two-way LSTMs (Bi-LSTMs) and two-way GRUs (Bi-GRUs) [84] are also reported in the
literature, which enhance results in the temporal lesion characterization and risk prediction.
Hybrid architectures have also used RNNs together with CNNs, with CNNs used to extract the
spatial aspect and RNNs the temporal or sequential aspect, which has also led to superior results
in multi-slice or longitudinal imaging data [85], [86], [87], [88], [89]. Regarding the imaging
modalities, majority of the CAD research has concentrated on mammography which is the
world standard of screening BC. The deep learning models trained on mammograms have
demonstrated great improvement in sensitivity that detects microcalcifications and masses
[90], [91], [92], [93], [94], [95]. Other modalities have also been explored: ultrasound imaging
has been studied as a complementary tool [96], [97], [98], [99], especially effective in dense
breast tissues, while MRI has been used in high-risk screening due to its superior sensitivity
[100], [101], [102], [103], [104], [105]. Most recently, it has been suggested that multimodal
strategies based on mammography, ultrasound, and MRI results can be used to resolve a certain
degree of robustness and false positives [106], [107], [108], [109]. Even with those
achievements, most of the published works still consider algorithmic benchmarks like
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accuracy, sensitivity, specificity, area under the curve (AUC), and F1-scores as the primary
metrics of evaluation [110], [111], [112].

An in-depth analysis of the existing literature as outlined in Table 1 reveals a number of critical
gaps between the research on algorithms and its application in clinical settings in the use of BC
CAD systems. In spite of the fact that the reviewed studies show excellent results in terms of
its usage of a large range of Al models (R-CNN, YOLO, VGG, ResNet, DenseNet, Inception,
EfficientNet, GRU/LSTM, and ViTs), the vast majority of them end at reporting the
performance of the algorithm in terms of its accuracy, sensitivity, specificity, or F1-scores. Very
little literature [30], [34] specifically talks of the development of a CAD system, and most of
the literature is restricted to experiment models. This shows that there is a clear disparity
between high accuracy in a research setting, and the application of these models to clinical
applications. No one mentioned the use of relational databases including PostgreSQL, or
similar to organize the diagnostic outputs. Such lack of data persistence and traceability is a
serious obstacle to real-life application in clinical processes. The development of post-review
software, almost all the studies do not answer the question of how the results may be reviewed
once they are initially diagnosed, audited over time, and utilized in the follow-up consultations.
There was little to no inclusion of such tools as GUIs, post-data visualization dashboards, or
feedback loops. This exclusion makes the clinical usability and interpretability of any Al model
even more accurate less useful.

In order to fill the research gaps, this paper introduces the BREAST-CAD system, which is a
complete CAD system to detect and treat BC. The paper has made the following contributions:
Database-based Diagnostic Record Management: we added the PostgreSQL structured
database to store diagnostic data, annotations, and diagnostic metadata. This provides
traceability, reproducibility, and long-term storage of the diagnostic outcomes and allows the
clinicians to review previous cases, perform audits and provide multi-stage diagnosis. End-to-
end Workflow Dataset Preparation and Annotation: This system has a powerful preprocessing
pipeline consisting of dataset partitioning, bounding box annotation (code-based and manual),
and error correction. This will ensure that the training data is of high-quality and also solve the
problem of error in annotation that would otherwise lower model reliability. Comparative
Assessment and Optimal Model: Faster R-CNN (Regional Convolutional Neural Network) was
trained and assessed on partitioned datasets and several measures of performance (accuracy,
precision, recall, F1-score, and AUC) were examined. The process of optimization was done
through iterative reconfiguration and retraining to guarantee that the model deployed in the end
is the best trade-off between accuracy and efficiency. Combination of Al Detection and Clinical
Usability: we have created a complete CAD system with the Faster R-CNN detection model
and a graphical interface. Such interface enables clinicians to see the areas of lesions, see the
confidence scores, and actively confirm the outcome of detection in order to increase the
interpretability and clinical decisions. Real Time and Offline Data Viewing: In addition to
detection, the system has real-time and offline monitoring options, which makes it versatile
with a clinical deployment and research use. This feature is not only a diagnostic function of
Al but a continuous decision support.

Received: Sep 17 2025 1680



International Journal of Applied Mathematics

Volume 39 No. 1s 2026,

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Table 1. Summary of literature review on Al-based BC detection methods

Re CA Data Post Data-

f Year Model Dataset Type D base  review

][32 2023 Faster R-CNN + U-Net  Ultrasound No No No

][33 2025 Faster R-CNN + U-Net Mammography No No No

34 50pq  Mask  RCNN -y No No  No

] Detectron2

[35 Faster R-CNN + Group

] 2024 Convolution Mammography No No No

36 2021 Faster R-CNN Histopatholo No No No

1 gy

[37

] 2024  YOLO Mammography No No No

[38 2022  YOLO + Transformer =~ Mammograph No No No

1 graphy

[39

] 2021 YOLO Mammography No No No

[40

] 2025  YOLO-based Mammography No No No

[41 Hybrid: GooglLeNet +

] 2023 AlexNet Mammography No No No

[42

] 2022 AlexNet Mammography No No No

[43 DenseNet201 +

] 2024 AlexNet Mammography No No No

[44

] 2024  VGGI16 Thermography No No No

[45

] 2021 VGG16 Mammography No No No

][46 2024 gléeg;lg nv3, VGGl Mammography No No No

47 InceptionV3,

1 2024 GoogLeNet Thermography No No No

[48 .

1 2024  Inception, GoogleNet =~ Mammography No No No
1681
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49

[ 2023  GoogLeNet Ultrasound No No No

] g

[50 Inception V3, V4,

] 2022 Modified Inception Thermography No No No

][5 ! 2024  GoogLeNet Ultrasound No No No

52 2023 ResNet vs VGG Histopatholo No No No

] p gy

[53 2024  Inception-ResNet v2 Ultrasound No No No

] p

[54 .

1 2021 ResNet-based Unspecified No No No

[55

1 2024  ResNet-101 Ultrasound No No No

[56 3D Inception-ResNet

] 2024 V2 + Grad-CAM Mammography No No No

57 2022  DenseNet Histopatholo No No No

1 p gy

[>8 2022  DenseNet-169 Histopatholo No No No

1 p gy

][59 2025  DenseNet + XAl Mammography No No No

(60 DenseNet121 + Hybrid

] 2023 Statistical/Texture Mammography No No No
Features

][6 ! 2022  Multichannel DenseNet Mammography No No No

[62 .

] 2021 Transfer Learning Mammography No No No

[63 Inception-ResNet + .

] 2024 CapsuleNet Medical Images No No No

[64 2024 Hybrid Features Fusion Ultrasound) No No No

] Framework

[65 MobileNet + Optimal

] 2022 Region Growing Mammography No No No

][66 2024  Hybrid Deep Learning  Mammography No No No
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Architecture

[67 Hybrid Pre-trained

] 2024 Models Mammography No No No
[68 EfficientNet-B0O + CNN

] 2025 + BiLSTM Mammography No No No
][69 2024  VGGI11 + EfficientNet Mammography No No No
[70 .

] 2022  EfficientNet Mammography No No No
71 2022 cNN-LSTM UWB Microwave o No  No
] Imaging

][72 2025 LSTM + MGTO Mammography No No No
[73 .

1 2024  ConvlD + LSTM Unspecified No No No
][74 2025  Hybrid CNN+LSTM  Mammography No No No
[75 CNN + LSTM +

] 2022 Random Forest Mammography No No No
][76 2025  EfficientNet + GRU Histopathology No No No
][77 2022  RNN + GRU Mammography No No No
[78 GRU with Attention +

] 2024 CapsNet Mammography No No No
][79 2025  Hybrid ViT + GRU Mammography No No No
[80

] 2025  Improved GRU Mammography No No No
][8 ! 2025 Bi-RNN Histopathology No No No
[82 e

] 2025  Hybrid ViT + GRU Mammography No No No
][83 2024  Deep Neural Tabular/Clinical No No No
(84 DA-CNN, Bi-GRU .

1 2024 EfficientNet Multimodal No No No
][85 2023 Hybrid Deep Learning Mammography No No No
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[86 Deep Hybrid

] 2022 Architectures Mammography No No No
][88 2024  Hybrid CNN & RNN Mammography No No No
][91 2025  CNN + RNN Mammography No No No
][93 2024  Hybrid CNN-RNN Thermography No No No
][94 2021 E?:é?;le Fusion Mammography No No No
][95 2022  TTCNN Mammography No No No
[96 Transfer Learning

1 2021 (Various CNNs) Ultrasound No No No
97 2023 Deep BC Net (Custom Ultrasound No No No
] DL)

98 2021 Deep Learning Model Ultrasound No No No
] (CNN)

2. The Proposed Methodology

The proposed BRE-CAD framework follows an end-to-end operational pipeline that integrates
data preparation, deep learning—based lesion detection, system-level deployment, and clinical
data management, as illustrated in Figure 1. Rather than presenting a purely conceptual
workflow, this section outlines the practical implementation stages adopted in this study. The
methodology is structured into four interconnected components: (i) data pipeline and
preprocessing, (i1) model training and optimization, (iii) system integration and visualization,
and (iv) database-driven diagnostic management.

First, a curated subset of 5,304 mammographic images was extracted from the VinDr-Mammo
dataset and processed through a dedicated data pipeline. This pipeline includes mass extraction,
bounding box annotation, dataset refinement, and partitioning into training (80%), validation
(15%), and testing (5%) subsets. These steps ensure consistent data formatting and clinically
meaningful supervision for model learning. Second, a Faster Regional Convolutional Neural
Network (R-CNN) detection model was employed as the core analytical engine. The model
performs hierarchical feature extraction, region proposal generation, and joint classification—
localization of suspicious breast lesions. Training and validation were conducted iteratively,
with hyperparameter tuning guided by performance metrics to obtain the optimal detection
configuration. Third, the trained model was embedded into a graphical user interface that
enables real-time and offline mammogram analysis. Detected lesions are visualized with
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confidence scores, allowing clinicians to interactively review model outputs and support
diagnostic decision-making.

Finally, an integrated PostgreSQL backend was implemented to store mammographic images,
detection results, and diagnostic metadata. This database layer enables secure data persistence,
longitudinal patient tracking, and retrospective clinical review. The overall framework is
further extended through an IoT-enabled communication layer, allowing remote access and
centralized management of diagnostic records. This structured methodology ensures alignment
between data processing, model development, and clinical deployment, forming a cohesive
pipeline from raw mammographic input to interpretable decision support.

G0 = |
Faster R-CNN B
mon e | -
action Dataset preparation —— : :
d  —» (datasplitting, Data loader, ——» Training ; : ] -
es; and annotation setup) (80%) : :

Realtime / off time
data viewing

PostgreSQL :&@ >

Figure 1. The proposed research methodology

2.1. Data Pipeline and Preprocessing

The data management step is one of the most important steps in BRE-CAD, and it guarantees
that the model is being trained on high-quality information that is clinically relevant. It is done
by taking advantage of a massive publicly available dataset and applying a specific data mining
pipeline that extracts and refines the data. The main source of the data on this research will be
the "VinDr-Mammo" dataset a massive and open-source collection of mammograms of the
breast cancer screening [113]. This dataset is one of its kind because it is rich in clinical
information comprising of: (1) Imaging Data: 20,000 high-resolution Digital Mammography
(DM) images in DICOM format. (2) Expert Annotations: Every picture is linked to clinical
results, such as the site of abnormalities (bounding boxes) and the evaluation of the density of
the breast. (3) Clinical Metadata: The information is classified according to the BI-RADS
(Breast Imaging-Reporting and Data System) scaling, which offers a standardized vocabulary
of describing the findings in terms of the masses, calcifications, and structural deformities.
Figure 2 defines a custom Data Pipeline that was designed to do the customization of the
enormous "VinDr-Mammo" dataset to the needs of the BRE-CAD system. It is a pipeline that
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automates the process of converting raw clinical files to a structured training format. It is
performed in the following steps: (1) Metadata Parsing: The pipeline is acting upon the CSV
files related to the descriptive labels of the whole set of data. (2) Feature Extraction & Filtering:
A filtering algorithm was used to search the CSV records and filter out specific attributes that
were necessary in tumor detection such as; Image IDs: To match labels with their corresponding
mammogram file; Pathology Labels: Filtering cases that are specifically labeled as either
Benign or Malignant (Mass); Geometric Coordinates: Extraction of bounding box parameters
to pinpoint the precise site of the lesions. (3) Dataset Refinement: This automated extraction
refined 5,304 images (1768 malignant, 3536 benign) in a focused set. This made sure that the
model training was concentrated on high quality, annotated images of high-quality masses,
which minimized noise and enhanced the accuracy of the Faster R-CNN detector. (4) Format
Standardization: This is the final part of the pipeline where the metadata extracted is converted
to a format recognizable by deep learning frameworks and this conversion ensures it can be
effortlessly integrated into the training loop of the model. Figure 3, gives the visual description
of the original data set of VinDr-mamo with the multiclass and with cured dataset with mass
class to develop the model. The curated dataset was subdivided into three independent subsets
in order to assess the predictive power and the reliability of the BRE-CAD system. This split
guarantees that the model is trained in an effective manner, and it is strictly tested with
unknown data. Table 1 serves as the partitioning, but its detailed description was as follows:
(1) Training Set (80%): It was based on this subset that the weights of the Faster R-CNN model
were optimized. It comprises a proportional distribution of benign and malignant masses where
the network is able to know the various morphological aspects of the breast tumors. (2)
Validation Set (15%): This set served as an in-house check in the training phase. It was applied
to optimize the hyperparameters (learning rate and number of epochs) and to screen the model
against overfitting so that the learning process would be generalized. (3) Testing Set (5%): This
set will give the ultimate performance results of the BRE-CAD simulating the system would
give in a real-life clinical setting.

csV files

Extract mass Prepare i

e
annotation boxes training and evaluati

Figure 2. dataset preparation and portioning
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Table 1. dataset partitioning

curated
inDr- dataset _ o
VinDr marp(? Malignant/ Benign Dataset portioning
dataset (original) (model
dataset)
1768
images
Malignant Training Set (80%)
20,000 images . 1768
5,304 images
. labels
(findings, and no 1768 labels
findings) 3,536 Validation Set (15%)
Benign images

1 o
0 labels Testing Set (5%)

(A) VinDr mamo multiclass dataset (B) Class 0: mass dataset

Figure 3. (A) multiclass VinDr-mamo dataset visual example, (B) single class (mass) cured
dataset visual example

2.2.  Model development

The suggested BRE-CAD system is developed based on the Faster R-CNN architecture, a novel
and cutting-edge deep learning system of object detection, as it is more robust and accurate in
the medical image analysis. The model is shown in the system architecture Figure 4 and it
comprises two stages of detection pipeline that is aimed at correctly localizing and classifying
breast cancer areas on the mammogram images. This process of detection involves three major
steps. To begin with, at the feature extraction phase, a deep convolutional backbone using the
ResNet-50 architecture combined with a Feature Pyramid Network (FPN) will be used to obtain
hierarchical spatial features of the input mammogram images. The backbone allows the
network to identify both the fine-grained low-level features, e.g. edges and intensity changes,
and the high-level semantic features connected to abnormal breast tissue. The multi-scale
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feature of the FPN also increases the capability of this model to identify the lesions of different
sizes.

Mathematically, the input mammogram image is represented as a grayscale tensor [114]:
[eRI*W (1)

where H and W denote the spatial dimensions of the image. Each convolutional layer inside
the backbone computes features responses according to:

k k
yi(,j) = YXmXn xi+m,j+nW1(n,1)1 + b (2)

where x represents the input feature map, w the convolution kernel, and b the bias term. The
nonlinear activation applied after convolution is the Rectified Linear Unit (ReLU):

f(x) = max (0,x) 3)
In the residual blocks of ResNet-50, the transformation is defined as:
y=F(,W)+x 4

where F(x, W) denotes the residual mapping and x is the identity shortcut connection that
stabilizes gradient propagation. Within the FPN module, multi-scale feature maps are
constructed using a top-down pathway with lateral connections:

P, = Conv(C;) + UpSample(P;41) (5)
where C; represents the backbone feature map at level [ and P, denotes the pyramid feature
map.

Second, the extracted feature maps are then given to the Region Proposal Network (RPN)
which produces a set of candidate regions (anchors) that can harbor tumor tissues. The RPN
analyzes every anchor with an objectness rating and initial bounding box regression to
differentiate between the foreground and the background. This step greatly narrows down on
the search space maintaining high diagnostic relevance regions [115].

The RPN classification (objectness) loss is defined as:
LEEY = —[p"log(p) + (1 — p") log(1 — p)] (6)

where p is the predicted probability and p* is the ground-truth label. Bounding box regression
1s parameterized relative to anchor coordinates as:

=By =22 g
h
ty =log(.=), tp = log(;") (8)

The regression loss is computed using the Smooth L1 function:

2x2, x| <1
SmoothL1(x) = z ©

|x| — %, otherwise
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The total RPN loss is therefore:

Lrpy = L + ALTEY (10)

Lastly, Region of Interest (Rol) pooling is applied to the proposed regions in the Fast R-CNN
head to generate fixed-size feature representations:

ROI = Pool(F,r) (11)

These representations are then used to perform two tasks in parallel. The first is classification
of each region as either Benign or Malignant using the Softmax function:

P(clx) = (12)

e
The detection classification loss is defined as:

L2 = = Xé=171og(P(c|x)) (13)
The total Faster R-CNN loss used during training becomes:
Lrotar = —Lrpy + Lefs + L2EG (14)
During training, gradient-based optimization updates model parameters according to [116]:
Ot+1 = 0 + NVoLlrotar (15)

Where 7 is the learning rate and 8 denotes the model parameters.
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|

Grayscale breast Representative
mammogram image feature maps

RPN Region Proposals

Figure 4. Overview of the BRE-CAD system architecture based on the Faster R-CNN
framework.
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The training phase was done on a rigorous optimization strategy to guarantee high diagnostic
performance and convergence stability. Implementation of the model was based on the PyTorch
framework and trained on a CUDA-enabled GPU which facilitates the efficient execution of
the computation intensive tensors involved in deep convolutional networks. AdamW optimizer
was used because it allows decoupling of the weight decay and gradient update process which
offers a better regularization than the standard Adam optimizer and minimizes the chances of
overfitting to medical imaging textures. The learning rate was chosen as 1 X 10™* as it allows
keeping the gradient descent stable and avoiding oscillating convergence. The model was
trained until 15 epochs, which was also empirically found as the best point where training and
validation loss curves stopped reducing. Multi-task loss was introduced in the training, which
is the classification loss (log loss over the predicted classes) plus the bounding box regression
loss (Smooth L1 loss). At every iteration, gradient-based learning using backpropagation was
used to update the model parameters. In order to understand the internal learning behavior in
the trained network, backbone intermediate feature maps were extracted and visualized.
Through this qualitative analysis, it is apparent that the backbone is useful in paying attention
to the salient areas of the mammogram images, especially those with irregular textures and
intensity changes that are usually the effect of the malignant tissues. These observations are the
confirmation that the Faster R-CNN model gradually converts raw grayscale medical images
to meaningful representations that can be used to detect and localize breast cancer effectively.

2.3. The BRE-CAD System pipeline

The BRE-CAD system design is developed on an integrated system that can guarantee
diagnostic accuracy, fastness of data transmission and storage. The design consists of three
major layers: Processing Layer, IoT and connectivity Layer and the Management Layer. The
general architectural design of the system is shown in Figure 5. The input stage of the workflow
is the stage where raw mammogram images are received. The Faster R-CNN model is
integrated and works on the image to extract essential features which allow localization and
classifying of tumors. In addition to diagnosis, the system serves as a gateway where such
results are relayed via secured protocols to the cloud which enables the integration of Internet
of Things (IoT) to conduct remote monitoring of the patient. The examination interface
provided in Figure 6 is used as the direct interface with the system. This interface is made as a
Data Aggregation Point. After the detection has been performed: (1) The results (classification,
confidence scores, and tumor coordinates) are transformed into a digital format (structured).
(2) This information is then fed into an "loT Module" integrated into the software to update the
patient record in real-time. (3) The interface enables the clinician to initiate the commands of
sending/ saving, which synchronizes the local findings with the central PostgreSQL database
through the internet. In order to maintain continuity of care, the system has a special module
that reviews data that is stored as shown in Figure 7. This element of the design can be used as
a Management Dashboard, where healthcare providers can: (1) Access past medical records in
the database. (2) Compare the present screenings against the past to track down the tumor
development or response to the treatment. (3) Check the integrity of information being sent
over the network and all the detection done during the examination stage must be properly
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archived. The data structure of BRE-CAD is based on the conversion of the graphical output
to the description metadata. Upon detection of a tumor, the system sends a packet that has the
Patient ID, Timestamp and Diagnostic Result. This information is encrypted and transmitted
through internet to the database server. The loT-based workflow enables sharing of data with
specialists in various geographical areas easily which is a fundamental requirement of smart
healthcare applications of the present times.

= BRE-CAD client GUI
—
=
P

¥

[ Samples data ]

DODODIOEOE, e o

classification results

QweN Jusned |:|
1apusn |:| 1
K10is1 Aque, I:I

a |

é : BRE-CAD review GUI
- :

<

_____________ \ —— . ————————
[ MQTT data packet ]
formation (JSON)
Connection
failed [ Initialize PAHO -MQTT
connection
NO

connected ?
JSON ki .
PAHO-MQTT client JSON packets loT ooNpacker [ PAHO-MQTT server @
connection server ot connection PostgresQL

Figure 5. The overall architectural framework of the BRE-CAD system, illustrating the
end-to-end data flow from image acquisition to cloud storage.
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Name 04-01-2026-002
Gender Female
Genetics (BRCA) BRCA1

Family history No

Personal I history 3

Early menarche No

Late menopause No

Pregnancy

Breastfeeding No

Hormone therapy No
Obesity after menopause | No
Physical inactivity No
Alcohol consumption No
Smoking No
Radiation exposure

Breast tissue density Medium

|

Final Result: Malignant | Confidence: 0.9916

Figure 6. The BRE-CAD examination interface showing real-time tumor detection and
the integrated data transmission controls.
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D Name Diagnosis Confidence
20251223-001 Malignant 0.9984 Risk Factors
20251223+
20251223-002 Malignant 0.9970 s i
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Genetics: BRCA2
Family History: Yes
Personal History: No
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Late Menopause: No
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Breastfeeding: Yes

Hormone Therapy: No
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Alcohol: Yes
Smoking: Yes
Radiation: No
Density: Medium

Figure 7. The data review and management module for accessing archived patient records
and historical diagnostic reports.

2.4. The IoT Module

The proposed BRE-CAD system is incorporated into an IoT-based architecture to make it
feasible to implement into the real-world setting and ensure its clinical applicability (Figure 8).
The design is such that it turns the deep learning detection model into a distributed, network-
sensitive diagnostic platform that has the capability to service the modern healthcare setting.
The architecture helps to facilitate smooth communication among imaging equipment,
diagnostic programs, centralized servers, and healthcare workers to make it very scalable,
reachable, and efficient. The proposed framework has X-ray images of the mammography data
collected at the first phase where standard digital mammography equipment is utilized and then
the data is transferred to the BRE-CAD client software. The client application is the local
interface that allows submitting the images and visualizing them, which would enable the
healthcare facilities with limited computational resources to access the sophisticated diagnostic
features. After acquisition, mammographic images are safely sent to the [oT server which acts
as the central processing and communication node of the system through the Internet. When an
image is sent, the IoT server uses the trained deep learning detection model to process the
mammogram and detect any suspicious areas that could be evidence of possible breast cancer.
The model generates the coordinates of a bounding box and confidence scores associated with
the latter, and that is subsequently sent back to the client software in near real time. This two-
way communication enables clinicians to quickly check the findings of the detections without
having to install on-site high-performance computing hardware to support diagnostics and
telemedicine applications, thus. Diagnostic data such as mammographic images, detection
results, patient metadata as well as system logs are all persistently stored in a centralized
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postgreSQL database. Necessary outputs in this database layer include longitudinal monitoring
of patients, facilitating retrospective clinical analysis, and making diagnoses traceable.
Moreover, a centralized repository of data makes it easier to improve the system in the future,
both through retraining of the model, performance audit and large scale statistical assessment,
which are needed to ensure the diagnostic reliability as time progresses. BRE-CAD server
software is a specialized graphical user interface, which enables radiologists and other medical
personnel to view identified tumor areas, check confidences, as well as, conduct clinical
verification. More importantly, the system has an approach of human-in the loop design
philosophy, when artificial intelligence supports but does not substitute medical knowledge.
Clinicians are not restricted to diagnostic choices and can provide feedback or remedial
measures to the system, which further reinforces trust, accountability, and clinical safety. The
proposed BRE-CAD system will help generate the necessary link between the algorithmic and
practical research and clinical implementation of the study by adding an IoT-enabled
infrastructure to the deep learning-based breast cancer detection. The architecture facilitates
the scalable functionality of many healthcare institutions, access to the diagnostic services
remotely and offers a secure centralized platform to manage medical data. Therefore, the
system is a major leap to smart, networked and clinically implementable computer-aided

diagnosis systems in breast cancer screening and early detection.
loT sever Internet BRE-CAD server software

BRE-CAD
Client software

PostgreSQL

: - e;'_’ -
3 )
/ n

Figure 8. IoT-enabled architecture of the proposed BRE-CAD system illustrating the

i
[N

Mammogram

interaction between mammographic imaging devices, client software, cloud-based
detection server, centralized database, and clinical review layer.
3. Experimental results

To quantitatively assess the diagnostic performance of the proposed BRE-CAD system,
multiple evaluation metrics were employed to capture both lesion localization accuracy and
classification effectiveness. Since breast cancer screening involves simultaneous detection of
suspicious regions and pathological categorization, a comprehensive set of metrics was adopted
to provide a multidimensional performance analysis. The accuracy of the bounding box
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localization is measured using the IoU metric. It calculates the overlap between the predicted
bounding box (B,) and the ground truth box (Bg;):

Area(BpNBgt)
- Area(BpUBgyt)

IoU (16)

A threshold (typically 0.5) is set to determine whether a detection is a True Positive (TP) or a
False Positive (FP). Precision Measures the accuracy of the positive predictions (how many
detected masses were actually tumors).

TP
TP+FP

Precision = (17)

Recall Measures the ability of the system to find all relevant cases (how many of the actual
tumors were detected). This is the most critical metric in cancer screening.

(18)

F1-Score is the harmonic mean of Precision and Recall, providing a single score that balances
both metrics, especially useful if there is a class imbalance.

TP
TP+FN

Recall =

Fl=2 PrecisionxRecall (19)

Precision+Recall

The mAP is the gold standard for evaluating CNN models. It calculates the "average accuracy"
for each of the breast cancer categories at different levels of "recall," and then takes the overall
average. This metric provides a comprehensive view of the model's stability and its ability to
distinguish between benign and malignant under different lighting and confidence conditions.

mAP =~ , AP (20)

where P;denotes the average precision of class iii, and N represents the total number of
evaluated classes.

The experimental findings prove the learning and detection skill of the proposed BRE-CAD
system on a Faster R-CNN framework. According to Figure 9, the training loss significantly
decreases very fast and at a steady rate in the initial epochs and then gradually approaches the
limit after around 6 th epoch. This practice reflects a good optimization and proves that the
model manages to extract the discriminative features with help of mammography’s and does
not show any signs of divergence or unreliable training. Figure 10 shows the trend of precision,
recall, and F1-score on the validation set in terms of image-level classification. The model has
a trade-off balance between precision and recall, and the Fl-score levels out at 0.67. It is
important to note that recall values always surpass the precision which is a desirable trait in
clinical screening situations since it is more focused on the reduction of false negative and
minimizes chances of false alarms to detect cancer-suspected cases. Figure 11, the confusion
matrix, gives more details about the diagnostic behavior of the system. The model is right in
its identification that a large percentage of healthy cases (735 true negatives) and it manages to
identify a considerable number of cancer-suspected images (309 true positives). This is also
true although there are some misclassifications that still occur especially the false positives but
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this is what is expected of a medical decision-support system, which involves being
conservative with sensitivity, rather than being precise with specificity. Altogether, the
proposed BRE-CAD model has a number of significant advantages, including the steady
convergence of training, the regularity of performance improvement, the beneficial effect of
the clinics, and the ability to distinguish between normal and cancer-suspect mammograms.
These findings affirm the development of the suggested deep learning model into an IoT-based
BRE-CAD setting as a support system to help radiologists, specifically in preliminary
screening and decision support as opposed to conclusive diagnosis.

Training Loss Curve
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Figure 9. Training loss curve of the Faster R-CNN-based BRE-CAD model across training
epochs.
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Figure 10. Image-level precision, recall, and F1-score trends on the validation dataset
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Figure 11. Confusion matrix illustrating image-level classification results for healthy and
cancer-suspected mammograms.
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Even though the received performance scores are average in contrast to fully monitored state-
of-the-art breast cancer detection systems, one should put these results into perspective of the
limitations of the used data and experimental design. First, there are only a relatively small
number of available annotated samples with accurate bounding boxes which has a direct
influence on the learning performance of region-based object detectors including Faster R-
CNN. Second, mammographic lesions tend to have low contrast, indistinct visual features, and
indistinct borders, thus, being naturally challenging to localize even to the trained radiology
expert, and, by extension, deep learning models. Moreover, the mammographic scans that are
used in the current study are resized instead of high-resolution mammographic scans. Although
the need to resize along with making certain computational feasibility and deep learning
framework compatibility is inevitable, it is bound to cause partial loss of fine-grained texture
and structural details that play a crucial role in correctly localizing lesions. Irrespective of these
complications, the suggested BRE-CAD model exhibits the stable convergence, stable
performance enhancement and clinically desirable recall habits, which prove that the model
effectively learns useful representations, instead of being biased towards learning shallow
patterns. The given system is more focused on robustness and practical deployability in the
environment based on the IoT within a clinical setting when compared to methods that are
trained on fully balanced, high-resolution datasets with dense annotations. Thus, the obtained
outcomes must be considered an effective baseline of a real-life screening helping, instead of
a highest-level diagnostic performance. The next research will aim at adding more finer-
resolution inputs, more annotated samples, and discuss multi-scale and attention-based
architectures to add further to the recognition precision.

A qualitative analysis was done on a randomly selected 5% of the test data to further analyze
the practical behavior of the proposed BRE-CAD system. This analysis is intended to be used
in addition to the quantitative measures to be able to gain graphical understanding of the way
the model makes decisions and see possible weaknesses and limitations of the model in the
real-life situation of screening. The identified samples were segregated as three representative
groups as shown in Figures 12,13,14. The former, as demonstrated in Figure 12, is the first
category which represents cancer-suspected mammograms that the system identifies correctly.
The model was effective in such instances where it found abnormal regions with bounding
boxes and high confidence scores were attributed. The identified areas visually match clinical
suspect tissue patterns, and the model has the capability to learn meaningful lesion-related
information even in low image resolution and low annotation levels.
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fidence: 0.9996  Final Result: Malignant | Confidence: 0.9974 Final Result: Malignant | Confidence: 0.9991

Final Result: Malignant | Confidence: 0.9931  Final Result: Malignant | Confidence: 0.9966 Final Result: Malignant | Confidence: 0.9990 Final Result: Malignant | Confidence: 0.9985

Figure 12. Correctly detected cancer-suspected mammograms from the 5% test subset,
showing accurate localization and high confidence scores.

The second category, as shown in Figure 13, comprises of healthy mammograms that were
correctly diagnosed as normal. In these samples, the proposed system had no bounding-box
detections and always gave almost zero confidence. This pattern shows that the model is
successful at suppressing false alarms and points out that the model is able to differentiate
between normal and pathological patterns of the breast anatomy, including dense tissue and
complicated anatomical anomalies in the images. The third category, which is depicted in
Figure 14, is healthy mammograms which were falsely identified as cancer-suspect (false
positives). Whereas in such cases, the model was able to identify localized areas and score
moderate confidence. Two factors may be used to explain this phenomenon. To begin with, the
dataset documentation makes it clear that not all the images that were marked as healthy have
been annotated exhaustively to find subtle or ambiguous abnormalities, and thus it is reasonable
to assume that some of the regions that are identified might be unmarked or borderline results.
Second, the inherent drawbacks of the detection model, as well as the visual complexity of
mammographic images, the presence of overlapping tissues and dissimilar textures, may result
in conservative predictions that are more sensitive than specific. Notably, these false positive
identifications do not suggest erratic or random model behavior. Rather, related confidence
scores indicate that the system can distinguish high levels of suspicion and uncertain areas.
Clinically speaking, such sensitivity-attracted conduct is more desirable, since it decreases the
opportunity of overlooking any possible abnormalities, and promotes further expert analysis of
this data instead of automated conclusions. In general, qualitative analysis of the 5% test subset
validates that the proposed BRE-CAD system demonstrates clinically interpretable behavior
and screening-based behavior. The model is reliable in identifying obvious cases of cancer,
suppressing cases of normal images, and warning about suspicious cases with ambiguous cases.
These results support the appropriateness of proposed system as a decision-support system. in
an loT-based breast cancer screening system.
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Final Result: Normal | Confidence: 0.0000 Final Result: Normal | Confidence: 0.0000 Final Result: Normal | Confidence: 0.0000
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Figure 13. Healthy mammograms correctly classified as normal, illustrating the absence of
detections and near-zero confidence scores.

Final Result: Malignant | Confidence: 0.7834 Final Result: Malignant | Confidence: 0.6699  Final Result: Malignant | Confidence: 0.6256  Final Result: Malignant | Confidence: 0.7547

Final Result: Malignant | Confidence: 0.8504 Final Result: Malignant | Confidence: 0.9505  Final Result: Malignant | Confidence: 0.8946  Final Result: Malignant | Confidence: 0.6239

Figure 14. Healthy mammograms misclassified as cancer-suspected, demonstrating false
positive detections due to ambiguous tissue patterns and potential dataset annotation
limitations.

In this paper, a computer-aided diagnosis (CAD) system known as BRE-CAD was proposed,
which is IoT enabled and is used to detect breast cancer via a Faster R-CNN-based deep
learning model. It was trained and tested on a selected subset of the VinDr-Mammo dataset of
5,304 mammographic images (1,768 malignant, 3,536 benign) and a realistic data partitioning
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plan of 80 percent training, 15 percent validation and 5 percent testing to mimic conditions in
the real world. The quantitative assessment revealed that learning behavior remained stable and
converged consistently as indicated by training loss curve, which dropped sharply within the
first few epochs but became stable after the sixth one. Evaluation on the validation and test sets
at image-level provided an equal performance, with Fl-score of around 0.67, and a recall
always greater than precision, which is clinically desirable in screening uses. The confusion
matrix also validated that the system is conservative in its diagnostic approach as it was able
to reach the goal of 735 true negatives and 309 true positives with the controlled number of
false positives to reduce the number of missed cases with suspected cancer. In addition to
numerical measures, qualitative analysis on a random 5 per cent test subset gave more insight
into the practice behavior of the system. The BRE-CAD system was seen to have a high
confidence score of localizing suspicious areas of the cancer in a reliable manner, a high
success rate in suppressing any unknowns found in normal mammograms, and a careful
approach to raising any uncertain cases. These observations point to the appropriateness of the
system as a decision support tool, as opposed to a diagnostic authority of its own.

Conclusions and future work

This paper presented BRE-CAD, a unified breast cancer computer-aided diagnosis system that
fills the gap between the research in the field of deep learning and its clinical implementation.
BRE-CAD is built as a full end-to-end diagnostic and data management system, unlike most
of the current literature that uses an algorithmic model alone, as the framework includes a
Faster R-CNN model and a graphical user interface, as well as a PostgreSQL database, which
can be easily extended to a real-world screening setting. As the results of the experiment show,
despite the performance metrics already being moderate, as compared to full-supervision and
high-resolution benchmark systems, the proposed model has a number of clinically relevant
strengths. They are stable training convergence, reliability of learning behavior, and diagnostic
tendency that is recall oriented; this is especially important in breast cancer screening because
it minimizes the cases of the false-negative. The confusion matrix as well as the trends of
precision-recall has shown that the system focuses on sensitivity, which is in line with clinical
safety. A qualitative study performed on 5 percent of the test sample also confirms the
soundness of the proposed method. Identified cancer-suspected cases that were correctly
identified in the localization of lesions showed high confidence and correctly identified healthy
cases also exhibited good suppressing false alarms. The cases that were misclassified as healthy
mainly were linked to the uncertainty of the patterns of tissues and moderate confidence ratings.
Notably, one can also point to model limitations as well as incompleteness of the annotations
that are documented in the dataset, which is also recognized in the original source of VinDr-
Mammo. This observation supports the conclusion that the behavior of the model is
conservative but not chaotic. All in all, BRE-CAD is an effective and interpretable screening-
based CAD system helping radiologists identify the suspicious areas, sort diagnostic data, and
review the cases within the longitudinal context. The system would be better placed as a support
clinical tool that supplements the early detection processes as opposed to substituting
professional judgment. Although the proposed system of BRE-CAD indicates a good
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performance, there are a number of directions to be improved. To start with, the future research
will involve adding more data to be labeled and improved, specifically adding more accurately
labeled bounding boxes and annotations reviewed by experts in order to decrease the number
of ambiguous cases (healthy). Second, the high-resolution mammographic inputs will be
explored to maintain fine-grained texture and structure of the mammography that are essential
in the process of locating fine lesions, particularly micro-masses and low-contrast lesions. This
will have the benefit of increasing the accuracy of localization and the confidence of
classification. Third, more complicated architectural extensions, including multi-scale
attention, feature fusion, and transformer-based detection head will be considered to enhance
sensitivity to small and heterogeneous lesions. Moreover, the use of explainable Al (XAI)
methods would allow further building clinical trust through providing visual explanations of
model predictions. Lastly, subsequent iterations of BRE-CAD will focus on multi-modal data
integration (ultrasound, MRI, structured clinical risk factors) to enhance the strength of
diagnosis. The prospective validation of the system scale and the clinician-in-the-loop
assessment of the system will also be sought to determine the effects of the system in the actual
screening processes and the diagnostic decision-making.
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