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Abstract— Breast cancer is still a major worldwide health
problem that requires prompt and precise diagnosis techniques
in order to effectively treat and control the disease. In this work,
we introduce a new method for computer-assisted breast cancer
diagnosis based on the YOLOVS algorithm, which is well-known
for its effectiveness and precision in object identification tasks.
Leveraging a comprehensive dataset comprising diverse
mammography images, our methodology involves training the
YOLOvVS model to detect and classify suspicious regions
indicative of breast cancer lesions. The trained model
demonstrates exceptional performance, achieving high
detection sensitivity and specificity. Furthermore, we
demonstrate the practical usefulness of our method in
supporting radiologists by offering quick and accurate
evaluations of breast anomalies, which promotes early
intervention and enhances patient outcomes. Our findings
demonstrate the potential of deep learning algorithms, such
YOLOVS, to improve breast cancer detection skills, providing a
useful instrument for improving oncology healthcare practices.

Keywords—Biomedical Image processing, Breast cancer,
YOLOvS, Deep learning and Oncology

L INTRODUCTION

Breast cancer continues to be a major worldwide health
problem, and for successful management and treatment,
prompt and precise diagnostic techniques are required [1]. The
increasing frequency and intricacy of instances related to
breast cancer highlight the want for sophisticated diagnostic
instruments that can boost early identification and increase
patient outcomes. Traditional diagnostic approaches, while
effective, often require substantial time and expertise,
highlighting the potential benefits of integrating automated,
computer-aided methods into clinical practice [2]. In this
work, we introduce a new method for computer-assisted
breast cancer diagnosis based on the YOLOvVS algorithm,
which is well-known for its effectiveness and precision in
object identification tasks. Our technique comprises training
the YOLOvV5 model to detect and categorize suspicious areas
suggestive of breast cancer lesions by utilizing a large dataset
consisting of various mammography pictures [3]. The trained
model demonstrates exceptional performance, achieving high
detection sensitivity and specificity. We illustrate the practical
usefulness of our method in supporting radiologists by
offering quick and accurate evaluations of breast
abnormalities, which helps to promote early action and
enhances patient outcomes. Our findings demonstrate the
potential of deep learning algorithms, such YOLOVS, to
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improve breast cancer detection skills [4]. This study offers a
valuable tool for enhancing healthcare practices in the field of
oncology, underscoring the transformative impact of artificial
intelligence in modern medicine. The various Breast Cancer
Risk Factors are shown in Figure 1.
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Fig. 1. Various Breast Cancer Risk Factors

II.  LITERATURE SURVEY

A fast and correct diagnosis is essential for the efficient
treatment and management of breast cancer, which is still a
major worldwide health problem. Using deep learning
algorithms as a primary emphasis, this literature review
attempts to examine recent developments in Computer-Aided
Diagnosis (CAD) of breast cancer [5]. Automated solutions
are necessary since traditional diagnostic techniques, while
useful, are sometimes laborious and need a high level of
knowledge. The survey covers a range of deep learning
techniques that have been employed for breast cancer
detection and classification, emphasizing the evolution and
performance of various algorithms. Special attention is given
to the YOLOVS algorithm, renowned for its efficiency and
accuracy in object detection tasks [6]. By examining studies
that leverage comprehensive datasets of mammography
images, this survey discusses the methodologies involved in
training models like YOLOVS to detect and classify suspicious
regions indicative of breast cancer lesions. The results from
the body of research show that deep learning models YOLOv5
among them have performed remarkably well, attaining
excellent detection sensitivity and specificity. By helping
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radiologists provide quick and accurate evaluations of breast
abnormalities, these models have a great deal of clinical
usefulness [7]. This helps to improve patient outcomes and
enable early intervention. This survey underscores the
transformative potential of deep learning algorithms in
augmenting the diagnostic capabilities for breast cancer. It
highlights the need for further research to refine these models
and integrate them into clinical practice, offering valuable
insights into how Al-driven tools can enhance healthcare
practices in oncology.

IIl. MATERIALS AND METHODS

A. Dataset Preparation

In order to create a reliable computer-aided diagnostic
(CAD) system for breast cancer, we obtained mammography
pictures via clinical partnerships as well as openly accessible
sources. The integration of multiple data sources ensures a
comprehensive dataset, encompassing a wide variety of breast
tissue types, imaging conditions, and cancer manifestations
[8]. The Digital Database for Screening Mammography
(DDSM), INbreast, and the Mammographic Image Analysis
Society (MIAS) database are among the well-known
mammography datasets that we used as shown in Table 1.
There are many high-quality mammography pictures
available in these databases, including instances with benign
and malignant tumors. Collaborations with medical
institutions allowed us access to additional mammography
images, including recent scans and diverse patient
demographics [9]. This collaboration enriched our dataset
with real-world clinical data, enhancing its representativeness
and variability.

TABLE 1. DDSM DATASET

Volume Cases | Bits | Resolution
normal 01 | 111 16 42 microns
normal 02 | 117 16 42 microns
normal 03 | 38 16 42 microns
normal 04 | 57 16 42 microns
cancer 01 | 69 12 50 microns
cancer 02 | 88 12 50 microns
cancer 03 | 66 16 42 microns
cancer 04 | 31 16 42 microns
cancer 05 | 83 12 50 microns
cancer 06 | 56 12 43.5 microns
cancer 07 | 52 12 43.5 microns
cancer 08 | 55 12 43.5 microns
cancer 09 | 81 12 50 microns
benign 01 | 80 12 50 microns
benign 02 | 69 12 43.5 microns
benign 03 | 64 12 43.5 microns
benign 04 | 81 12 50 microns
benign 05 | 62 12 43.5 microns
benign 06 | 74 12 50 microns
benign 07 | 61 12 43.5 microns
benign 08 | 64 12 43.5 microns
benign 09 | 75 12 43.5 microns
bwe 01 75 12 50 microns
bwe 02 66 12 50 microns

B. Annotation Process

Accurate annotations are crucial for training and
evaluating deep learning models. The annotation process
involved the following steps: Experienced radiologists
manually reviewed each mammography image. They
identified and marked regions indicative of breast cancer
lesions, such as masses, calcifications, asymmetries, and
architectural distortions. Radiologists bounding-boxed

worrisome locations using specialist medical image
annotation tools [10]. These technologies offered metadata,
such as lesion kind, size, and BI-RADS (Breast Imaging-
Reporting and Data System) category, and made it easier to
precisely delineate lesion borders as shown in Figure 2. To
ensure annotation accuracy, a subset of images was reviewed
by multiple radiologists. Discrepancies were resolved through
consensus discussions, and inter-rater agreement metrics were
calculated to quantify annotation reliability.

Fig. 2. Annotation Process output

C. Data Diversity

The diversity of the dataset was a primary consideration to
improve the model’s generalizability. Key aspects of diversity
included:

The dataset included images from patients with different
breast densities (fatty, fibroglandular, and dense tissue), as
classified by BI-RADS. This variety is essential because
dense breast tissue can obscure lesions, posing challenges for
detection. The dataset contained a wide range of cancer
manifestations, from small, early-stage lesions to larger,
advanced tumors. Including different lesion types (e.g.,
microcalcifications, spiculated masses, and irregular shapes)
ensured comprehensive model training. The dataset
represented diverse age groups, ethnicities, and genetic
backgrounds. This diversity helps in developing a model that
is not biased towards a specific demographic, improving its
applicability in real-world clinical settings [11].

D. Data Splitting

To ensure balanced representation, the annotated dataset
was divided into training, validation, and test sets using the
following methodical process as shown in Figure 3:

Data Splitting
B Training Set

H Validation Set

Test Set

Fig. 3. Data Splitting

Training Set: Approximately 80% of the images were used
for training the YOLOvVS model. This set included diverse
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examples of breast cancer lesions to enable the model to learn
a wide range of patterns.

' Focus CBL CBL CSP2
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Fig. 4. Model Architecture

Validation Set: During training, around 10% of the photos
were reserved for validation. This collection assisted in
avoiding overfitting and fine-tuning hyperparameters.

Test Set: The final model evaluation was to be conducted
using the remaining 10% of the photos. The sensitivity,
specificity, and overall accuracy of the model were evaluated
using this independent test set.

E. Preprocessing Steps

Preprocessing is a critical step to enhance image quality
and prepare the data for training: Images were standardized to
a uniform resolution and size to ensure consistency across the
dataset. Techniques such as histogram equalization were
applied to improve image contrast, making lesions more
distinguishable. Filtering methods were used to reduce noise
and artifacts, which can interfere with accurate lesion
detection [12]. Various augmentation techniques (rotation,
flipping, scaling, and cropping) were applied to artificially
increase the dataset size and variability, helping to prevent
overfitting and improve model robustness. By meticulously
preparing the dataset and ensuring high-quality annotations,
we established a solid foundation for training a reliable and
effective YOLOVS model for breast cancer detection [13].

F. Model Architecture

Selection and Configuration

The YOLOVS5 (You Only Look Once version 5) algorithm
was selected for this study due to its renowned efficiency and
accuracy in real-time object detection tasks. YOLOVS is
particularly advantageous because it processes images quickly
and makes accurate predictions, which is crucial for clinical
applications where timely decisions are essential as shown in
Figure 3. The YOLOVS architecture was customized to better
suit mammography image analysis: The anchor boxes were
adjusted to align with the typical sizes and shapes of breast
lesions. This involved analyzing the distribution of lesion
dimensions in the training dataset and setting anchor box
scales and ratios accordingly. The depth of the network was
configured to balance between detection accuracy and
computational efficiency [14]. This adjustment helps capture
intricate features of breast lesions without excessively
increasing the model's complexity.

CBL uUs
csp2 CBL Conv Prediction
CsP2 - US

Hyperparameter Optimization

Controlled the step size during model training. The
optimal learning rate was identified through cross-validation
to ensure stable convergence. Determined the number of
samples processed before updating the model. A balanced
batch size was chosen to maintain computational efficiency
and training stability. The number of complete passes through
the training dataset [16]. Early stopping was implemented
based on validation performance to prevent overfitting.

Training Procedure

The model was initialized using weights from a pre-trained
YOLOVS model. Transfer learning leverages knowledge from
large-scale object detection tasks to improve performance on
the specialized task of breast lesion detection. To provide a
fair assessment, the dataset was split into training (80%),
validation (10%), and test sets (10%): Useful for training
models is the training set. Validation Set: Applied to early
halting to avoid overfitting and hyperparameter tweaking [15].
Test Set: Applied to the last assessment of performance.
Applied to the classification component to manage the binary
nature of the lesion detection task (lesion vs. no lesion). Used
to handle class imbalance, ensuring that smaller lesions, which
are often underrepresented, are detected effectively.

Monitoring Metrics:
Mean Average Precision (mAP): Evaluated the model’s
precision across different recall levels. Sensitivity: Assessed

the model's accuracy in identifying genuine positives, or
lesions.

e  Specificity: Evaluates how well the model detects real
negatives, or non-lesions.

e Evaluation: The trained YOLOvV5 model was
evaluated on the test set, demonstrating high detection
sensitivity and specificity. To comprehensively assess
its diagnostic capabilities, several performance
metrics were used:

e Precision-Recall Curves: Illustrated the trade-off
between precision and recall, showing the model's
performance in detecting lesions. Receiver Operating
Characteristic (ROC) Curves: Plotting true positive
rates against false positive rates allows one to assess
the diagnostic accuracy of the model. Confusion
Matrices: Summarized the model’s performance by
showing the counts of true positives, true negatives,
false positives, and false negatives.
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G. Clinical Utility Assessment

e To demonstrate the clinical utility of the model-
assisted diagnosis system, a pilot study was conducted
with radiologists in a clinical setting:

e Ease of Use: Radiologists provided feedback on the
user interface and overall experience of using the
system. The system was designed to integrate
seamlessly into existing diagnostic workflows.

e Accuracy: Radiologists evaluated the accuracy of the
model’s assessments compared to their own
diagnoses. The model’s ability to identify lesions
correctly and provide reliable second opinions was a
focal point.

e Workflow Improvement: The system’s potential to
streamline diagnostic workflows was assessed.
Radiologists highlighted the system’s efficiency in
providing rapid assessments, which could reduce
diagnostic turnaround times and improve patient
management [17].

The feedback emphasized the system’s ability to enhance
diagnostic accuracy and efficiency, underscoring its potential
to support radiologists in making more informed and timely
decisions in breast cancer detection.

IV. RESULTS AND DISCUSSION

A. Model Performance

After being trained on an extensive dataset of
mammography pictures, the YOLOv5 model showed
exceptional performance in identifying and categorizing
lesions related to breast cancer. The primary performance
indicators highlight its dependability and efficacy in a
therapeutic context.

TABLE 2. KEY PERFORMANCE METRICS

Parameter | CNN | CNN CNN- CNN YOLOV5
VGG | GoogleNet | DenseNet

Accuracy 81 85 91 93 96

Precision 83 84 90 92 96

Recall 82 86 90 91 94

F1 score 81 83 92 92 95

e Detection Sensitivity: The model's sensitivity indicates
its high capability to correctly identify true positive
cases of breast cancer. A sensitivity of 94% means that
out of all actual positive cases (patients with breast
cancer), the model correctly identifies 94% of them.
This high sensitivity is crucial for ensuring that most
cases of breast cancer are detected, reducing the risk of
missed diagnoses.

e Detection Specificity: The degree of specificity
indicates how well the model can detect genuine
negatives, or areas that are not malignant. With a 92%
specificity, the model minimizes false positives by
accurately differentiating between malignant and non-
cancerous areas. Because of its excellent specificity,
patients who do not have cancer are spared worry and
needless follow-up testing.

e Mean Average Precision (mAP): The accuracy of the
model over a range of lesion sizes and kinds is
indicated by the mAP measure. The YOLOVS

algorithm can reliably identify and categorize various
breast cancer symptoms, as evidenced by its mAP of
88%. This is especially crucial for mammography
since lesions can differ greatly in terms of size, shape,
and appearance.

B. Implications for Clinical Practice

The YOLOVS model's remarkable performance metrics
demonstrate its potential to greatly improve breast cancer
diagnosis is shown in Figure 5:

Model Performance
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Fig. 5. Model performance Analysis

e High Sensitivity: makes certain that the majority of
cancer cases are found early on, which is essential for
effective treatment and better patient outcomes. High
Specificity: Reduces the incidence of false positives,
thereby decreasing unnecessary diagnostic procedures
and associated stress for patients. High mAP:
Demonstrates the model's robustness and versatility in
detecting a wide range of breast lesions, making it a
reliable tool for radiologists.

C. Benefits of YOLOvS in Mammography

e Early Detection: The high sensitivity of the YOLOVS
model facilitates early detection of breast cancer,
which is pivotal for effective treatment. Early
intervention can significantly increase survival rates
and reduce the severity of treatment required.

e Reduction in Diagnostic Errors: The high specificity
minimizes false positives, reducing the burden of
additional diagnostic tests and preventing unnecessary
biopsies. This contributes to more efficient and
accurate diagnostic workflows.

e Consistency and Reliability: The consistent
performance across various lesion types and sizes, as
indicated by the mAP, ensures that the model can be
trusted in diverse clinical scenarios. This reliability
supports radiologists in making accurate diagnoses and
provides a valuable second opinion [18].

e Support for Radiologists: The model acts as an
assistive tool for radiologists, enhancing their
diagnostic capabilities. By quickly and accurately
identifying suspicious regions, the YOLOvVS model
allows radiologists to focus on cases that require
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detailed analysis, thereby improving overall diagnostic
efficiency.

The YOLOVS algorithm's outstanding performance in
detecting and classifying breast cancer lesions, as evidenced
by its high sensitivity, specificity, and mAP, indicates its
potential as a valuable tool in breast cancer diagnosis. Its
ability to provide accurate, reliable, and timely assessments
can significantly improve early diagnosis and intervention,
ultimately enhancing patient outcomes in the field of
oncology.

D. Comparative Analysis

Our YOLOvS5-based approach for breast cancer detection
was rigorously compared to existing computer-aided
diagnosis (CAD) systems and traditional diagnostic methods.
This comparative analysis highlights the advantages of using
advanced deep learning techniques in mammography,
emphasizing the improvements in accuracy, efficiency, and
reliability.

E. Traditional Diagnostic Methods

e Traditional diagnostic methods typically involve
radiologists manually examining mammography
images to identify suspicious regions. Detailed
analysis of mammograms is labor-intensive and
requires significant time, especially with increasing
case volumes [19]. Factors such as fatigue, experience
level, and subjective interpretation can lead to
inconsistencies and errors in diagnosis.

e Performance: Sensitivity and Specificity: While
experienced radiologists can achieve high sensitivity
and specificity, the performance can vary widely
among practitioners and is susceptible to variability.

F. Existing CAD Systems

e Conventional CAD Systems: Traditional CAD
systems often rely on hand-crafted features and
conventional machine learning algorithms. These
systems may struggle to generalize across different
datasets due to reliance on specific feature sets.
Conventional CAD systems may not consistently
achieve high sensitivity and specificity, especially for
subtle lesions or in dense breast tissues.

e Deep Learning-Based CAD Systems: Convolutional
neural networks (CNNs), one type of deep learning
algorithm used in more modern CAD systems, are
capable of autonomously extracting characteristics
from data.

e Performance: Deep learning-based systems generally
offer improved performance over conventional CAD
systems but can still face challenges in real-time
analysis and integration into clinical workflows.

G. YOLOvS5-Based Approach

Efficiency:

e Rapid Assessments: The YOLOvVS5 model processes
images in real-time, providing quick and accurate
diagnostic outputs. This rapid assessment capability
significantly reduces the time required for diagnosis
compared to manual analysis.

e Consistency: The model delivers consistent results
regardless of external factors like fatigue or

experience, thereby reducing variability and potential
diagnostic errors.
Performance:
o Sensitivity (94%): The model exhibits high sensitivity,
ensuring most true positive cases of breast cancer are
correctly identified (Shown in Figure 6).

e Specificity (92%): The high specificity minimizes
false positives, reducing unnecessary follow-up
procedures and patient anxiety.

e Mean Average Precision (mAP) (88%): The model's
high mean apparent probability (mAP) indicates that it
can reliably identify and categorize a wide range of
lesion sizes and kinds, which improves its applicability
in various clinical settings.

Performance Analysis of YOLOvV5
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Fig. 6. Performance analysis of YOLOVS5

H. Comparative Metrics:

e Sensitivity and Specificity: Our YOLOv5 model
outperforms many existing CAD systems and
traditional diagnostic methods in terms of sensitivity
and specificity. This improvement ensures more
reliable and accurate detection of breast cancer.

¢ Diagnostic Efficiency: The model's ability to rapidly
analyze images and provide consistent results greatly
enhances diagnostic efficiency. This efficiency
supports radiologists by quickly flagging potential
issues, allowing them to focus on detailed case review
and decision-making.

1. Integration into Clinical Workflows:

o User-Friendly: The YOLOv5 model is designed to
integrate seamlessly into existing clinical workflows,
offering an intuitive interface and easy
implementation.

e Real-World Application: Feedback from radiologists
in our pilot study highlighted the system's potential to
streamline diagnostic processes and improve overall
workflow efficiency. The model's rapid assessments
and reliable performance are valuable assets in a busy
clinical setting.

In summary, the comparative analysis demonstrates that
our  YOLOvS5-based approach  offers  substantial
improvements over traditional diagnostic methods and
existing CAD systems. Its high sensitivity, specificity, and
rapid assessment capabilities enhance diagnostic accuracy and
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efficiency, providing a powerful tool for breast cancer
detection. Through the reduction of manual labor and the
possibility of human mistake, the YOLOvVS model helps
radiologists provide prompt and precise diagnoses, which in
turn enhances patient outcomes.

J. Clinical Utility

A pilot study involving radiologists was conducted to
assess the practical application of our YOLOv5-based CAD
system. The feedback highlighted several key advantages:

e Efficiency: Radiologists noted a reduction in analysis
time, allowing them to focus on complex cases and
patient interactions.

e Accuracy: The excellent sensitivity and specificity of
the technique gave radiologists more assurance in their
diagnosis.

e Usability: The well-received interface of the model
and its seamless integration into the current diagnostic
procedures indicate that there will be minimal
disturbance to present practices.

K. Early Intervention and Patient Outcomes

The ability to rapidly and accurately assess mammography
images has significant implications for patient outcomes.
Early detection of breast cancer is crucial for effective
treatment and can greatly improve survival rates. Our
YOLOvS5-based approach facilitates timely intervention by
providing reliable diagnostic support, thus enhancing the
overall quality of care [20].

L. Limitations and Future Work

While the model's performance is promising, certain
limitations must be acknowledged:

e Dataset Diversity: Although comprehensive, the
dataset may not fully represent all demographic and
pathological variations. Future work should aim to
include more diverse data to improve model
generalizability.

e Real-world Application: Further validation in real-
world clinical settings is necessary to confirm the
model's utility across different populations and
imaging equipment.

e Future research will focus on refining the model's
accuracy, expanding the dataset, and exploring
integration with other diagnostic tools to create a more
robust and comprehensive CAD system.

V. CONCLUSION

In this work, we have used the YOLOVS algorithm, which
is well-known for its remarkable efficiency and accuracy in
object identification, to design and demonstrate a novel
computer-aided diagnostic (CAD) strategy for breast cancer.
By leveraging a comprehensive dataset of mammography
images, we trained the YOLOVS model to effectively detect
and classify regions indicative of breast cancer lesions. Our
results show that the model achieves high detection sensitivity
and specificity, underscoring its reliability in identifying true
positive cases while minimizing false positives. The clinical
utility of our approach was illustrated through a pilot study
with radiologists, where the model-assisted diagnosis system
proved to be a valuable tool in providing rapid and reliable
assessments of breast abnormalities. This capability facilitates

early intervention, which is crucial for effective treatment and
improved patient outcomes.

Our findings highlight the transformative potential of deep
learning algorithms like YOLOvVS in augmenting the
diagnostic capabilities for breast cancer. Using these cutting-
edge Al-powered solutions in clinical settings is a viable way
to improve cancer healthcare procedures, which will
eventually improve patient outcomes and care. In order to
construct a more complete CAD system, future work will
concentrate on broadening the dataset to cover a wider range
of pathological and demographic variances, verifying the
model in a variety of clinical contexts, and investigating the
integration of this technology with other diagnostic tools.
Future advancements in the detection and management of
breast cancer appear to be greatly encouraged by the
continuous development and improvement of these Al
technologies.
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Message from the Principal

I would like to personally welcome everyone to the Fifth International
Conference on Smart Electronics and Communication (ICOSEC 2024). Gaining
Knowledge in Electronics and Sustainable Communication Systems is an exciting
area to work and learn. We will continue to meet and bring inspired people
together in forums like this, to ensure our Kongunadu College of Engineering and

Technology remains at the cutting edge.

I’d like to give you an idea of what you can expect and what we hope to

achieve from this conference.

Before I close, 1’d like to thank each of you for attending our conference and
bringing your expertise to our gathering. You, as organization leaders, have the
vision, the knowledge, the wherewithal and the experience to help us pave our way

into the future.

C__ﬁ

Dr. R. Asokan,

Principal,

Kongunadu College of Engineering and Technology,
Trichy, Tamil Nadu, India.
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Message from the Conference Chair

I am delighted to welcome you all to the Fifth International Conference on
Smart Electronics and Communication (ICOSEC 2024). I am sure that this is an
exciting conference for everyone and we are looking forward to it. Kongunadu
College of Engineering and Technology always believes in translating principles
into practice. So in this conference there will be an exchange of ideas, sharing of

knowledge and networking.

This conference offers an opportunity for all to work together and enhance
the career opportunities. We are honored to host this Fourth International
Conference on Smart Electronics and Communication (ICOSEC 2024) with the

confidence and support from all the participants. I look forward to meeting you in

e

Dr. J. Yogapriya,
Conference Chair — ICOSEC-2024

the conference.

Kongunadu College of Engineering and Technology,
Trichy, Tamil Nadu, India.




IEEE XPLORE COMPLIANT ISBN: 979-8-3315-0440-3
IEEE DVD ISBN: 979-8-3315-0439-7

erganizediby;

College of Engineering & Technology
[Autonomous)

'l Kongunadu

KongunadujCollegelof!Engineering andiTiechnology,
lirichy; Tami!,;Nadu, India

I"g,t;t'i;s://icoseac.com/

/:j <



