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Abstract

Introduction: Early detection of breast cancer in digital mammography remains
technically challenging, particularly for small or low-contrast lesions embedded within
dense fibroglandular tissue. Structural noise and subtle lesion margins often reduce
localization accuracy and increase false-negative interpretations in screening settings. To
address these limitations, this study proposes a lightweight object-detection framework
based on YOLOV11n, enhanced with targeted preprocessing and heatmap-guided spatial
attention to improve lesion detectability and localization precision.

Methods: Digital mammography images from the VinDr-Mammo dataset were used for
model development and evaluation under standardized training conditions. The proposed
framework incorporated contrast-limited adaptive histogram equalization (CLAHE),
bilateral filtering, and spatial attention guidance during training. Performance was
quantitatively assessed using Precision, Recall, mean Average Precision (mAP@0.5 and
mAP@0.5:0.95), and inference time, and compared against YOLOv5, YOLOVS,
EfficientDet-D0, and Faster R-CNN.

Results: The YOLOv11n-based framework achieved precision of 70.24%, recall of
68.01%, mAP@0.5 of 68.28%, and mAP@0.5:0.95 of 40.82%. Compared with reference
models, the proposed approach improved mAP@0.5 by 6-9% and Recall by 5-7%, while
maintaining real-time inference speed (<40 ms per image). The increase in Recall reflects
a measurable reduction in false-negative detections, which is clinically relevant for early-
stage lesion identification. Concurrently, the maintained Precision indicates controlled
false-positive rates, supporting the practical applicability of screening.

Conclusion: The proposed YOLOv1 1n-based framework demonstrates robust detection
performance and real-time feasibility, suggesting its potential as a pre-clinical decision-
support module for mammography CAD systems. However, external multi-center
validation, radiologist-in-the-loop studies, and workflow integration assessment are
required before clinical deployment.
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Introduction

Breast cancer screening using digital
mammography aims to detect early-stage
lesions before clinical symptoms emerge;
however, diagnostic sensitivity decreases in
cases involving small (<5 mm), low-contrast, or
dense-tissue-embedded masses. These
diagnostic ambiguities directly affect lesion-
level detection accuracy rather than merely
image-level classification, underscoring the
need for precise localization algorithms.
Computer-aided diagnosis (CAD) systems have
been developed to support radiologists by
improving diagnostic consistency and reducing
workload. Early CAD systems relied on
handcrafted features and classical machine
learning classifiers, such as Support Vector
Machines (SVMs), k-Nearest Neighbors
(KNNs), and Ensemble Tree Classifiers
(ETCs). In mammography, these approaches
are limited by their dependence on manually
engineered texture descriptors and their
inability to robustly model multi-scale spatial
relationships between lesion morphology and
surrounding parenchymal patterns, leading to
reduced localization robustness in dense
breasts.

More recently, deep learning, particularly
CNN-based methods, has achieved notable
success in medical image analysis. However,
many CNN-based mammography studies have
primarily focused on image-level classification
(benign vs. malignant), rather than lesion-level
detection and bounding-box localization. This
classification-centric  paradigm does not
directly address the clinical requirement for
spatially explicit lesion delineation necessary
for Dbiopsy planning, interval change
monitoring, and structured reporting.

Object detection architectures, such as Faster
R-CNN, EfficientDet, and YOLO (You Only
Look Once), offer a promising alternative by
simultaneously performing classification and
localization. Among these, YOLO-based
models are particularly attractive due to their
single-stage design and real-time inference
capabilities. Nevertheless, a clear gap remains
in optimizing lightweight object detectors for
mammographic constraints, including dense
breast texture interference, subtle lesion
boundaries, and the need for real-time
performance without compromising
localization precision.

To address these challenges, this study
proposes an optimized YOLOv]In-based

framework tailored for digital mammography.
By integrating targeted preprocessing and
spatial attention guidance, the proposed
approach aims to enhance lesion detectability
while preserving real-time performance
suitable for clinical CAD applications.

Materials and Methods

This study developed and evaluated a real-time
deep learning—based detection framework for
automated breast lesion localization using the
publicly available VinDr-Mammo dataset,
which contains high-resolution full-field digital
mammograms  with  radiologist-annotated
bounding boxes for breast masses. The dataset
includes diverse breast density categories and
lesion sizes, enabling evaluation under
clinically heterogeneous imaging conditions.
The experimental workflow was structured in
three progressive stages: (1) Baseline images
without preprocessing (Stage A), (2) Contrast-
enhanced and denoised images (Stage B), and
(3) Contrast-enhanced images with integrated
heatmap-guided spatial attention during
training (Stage C). These stage labels replace
the earlier 1D/2D/3D terminology to avoid
dimensional ambiguity and clarify that all
inputs remain two-dimensional mammographic
images. Targeted preprocessing included
Contrast Limited Adaptive  Histogram
Equalization (CLAHE) to enhance local
contrast and bilateral filtering to suppress high-
frequency noise while preserving edge
information, particularly in dense breast tissues.
In the final stage, heatmap-guided spatial
attention was integrated during training to
implicitly direct the model toward clinically
relevant regions and improve sensitivity to
subtle lesions. The YOLOvlln architecture
was selected as the primary detection backbone
due to its lightweight design and suitability for
real-time  inference. = For  comparative
evaluation, YOLOvV5, YOLOvVS, EfficientDet-
D0, and Faster R-CNN were implemented
under identical training conditions. Models
were trained using transfer learning with
standardized hyperparameters, including fixed
input resolution, batch size, optimizer
configuration, and early stopping criteria.
Performance evaluation was conducted using
Precision, Recall, mAP@0.5, mAP@0.5:0.95,
Box Loss convergence analysis, and inference
time per image. Statistical significance across
dataset configurations was assessed using
paired t-tests on per-image detection metrics,

19(1):31-48


http://dx.doi.org/10.66224/ijbd.19.1.31
https://irjbd.com/article-1-1230-en.html

with p < 0.05 considered statistically
significant. The unit of comparison was per-
image performance across matched test
samples, ensuring reproducibility and
methodological transparency. This structured
methodology enabled a systematic analysis of
both architectural impact and preprocessing
contribution to detection accuracy and clinical
feasibility.

Results

The experimental results demonstrated that the
YOLOvll1n-based  framework achieved
precision of 70.24%, recall of 68.01%,
mAP@0.5 of 68.28%, and mAP@0.5:0.95 of
40.82%.

Compared with Faster R-CNN (Precision
61.3%, Recall 59.8%) and EfficientDet-D0
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(Precision 64.7%, Recall 61.5%), the proposed
model demonstrated balanced improvements
across sensitivity- and specificity-related
metrics. The 6-9% gain in mAP@0.5 indicates
more accurate bounding-box alignment,
particularly in small lesion scenarios.

The incorporation of heatmap-guided spatial
attention reduced the average false-positive
detections per image by approximately 0.08 and
false-negative detections by approximately
0.06 in Stage C compared with Stage A (p <
0.05), providing quantitative support for the
claim of performance improvement rather than
relying solely on descriptive assertions.
Inference time remained below 40 ms per
image, compared to approximately 76 ms for
Faster R-CNN.

Table 1: Performance Comparison between YOLO Architectures on VinDr-Mammo Dataset
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Model mAPo.s (%) mAPo.s:0.95 (%) Precision Recall F1-Score
Faster R-CNN 59.4 34.1 61.3 59.8 -
EfficientDet-D 61.8 36.9 64.7 61.5 -
YOLOVvVSn 60.7 37.2 63.9 62.4 0.64
YOLOv8n 65.3 38.6 66.1 64.9 0.67
YOLOvlln 68.28 40.82 70.24 68.01 0.71
Discussion adaptation to small-object detection in complex
The results indicate that the superior anatomical backgrounds. The real-time

performance of the proposed YOLOvlln
framework arises from the combined effect of
targeted preprocessing, heatmap-guided spatial
attention, and an optimized lightweight
detection architecture. CLAHE enhanced local
contrast around lesion boundaries, while
bilateral filtering reduced background noise
without degrading structural detail. These
preprocessing  steps  improved  feature
separability in dense breast tissue. In addition,
heatmap-guided spatial attention directed the
network toward clinically relevant regions
during training, thereby improving sensitivity
for small and low-contrast lesions and reducing
false-positive activations in fibroglandular
areas.

From an architectural perspective, YOLOv11n
achieved a favorable balance between detection
accuracy and computational efficiency.
Compared with two-stage detectors such as
Faster R-CNN, the single-stage design reduced
inference  latency ~ while = maintaining
competitive localization performance.
Compared with EfficientDet-D0, the model
demonstrated greater robustness to dense
mammographic patterns, suggesting improved

inference capability (<40 ms per image)
supports feasibility for integration into high-
throughput screening workflows.

However, several limitations must be
considered. The evaluation was conducted on a
single public dataset, limiting generalizability
across imaging devices, acquisition protocols,
and  patient  populations. Pixel-level
segmentation accuracy was not assessed, and
no prospective radiologist-in-the-loop
validation was performed. Therefore, the
framework should be regarded as a pre-clinical
decision-support prototype rather than a fully
validated clinical tool.

For clinical translation, external multi-center
validation, structured reader studies, workflow
integration  assessment, and regulatory
evaluation are required. The most practical
near-term application would be as a second-
reader or triage module within CAD systems,
where threshold calibration and false-positive
management must be carefully optimized.
Overall, while technically promising, the
clinical impact of the proposed model depends
on rigorous validation and integration within
real-world diagnostic settings.
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Conclusion

This study presents a technically robust and
computationally  efficient breast lesion
detection framework that demonstrates
measurable improvements in localization
accuracy and inference speed under controlled
experimental evaluation. However, due to
single-dataset training and the absence of
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Table 1: Model performance metrics across three different dataset configurations, reported with mean and standard

deviation
performance metrics D1 (mean = SD) | D2 (mean £ SD) D3 (Final £+ SD)
Precision, % 61.43+1.8 6571+ 14 7024+ 1.2
Recall, % 58.96+ 1.6 63.82+1.3 68.01 + 1.1
mAPo.s (%) 59.71+1.9 63.14+1.5 68.28 £1.2
mAPo.5:0.95 (%) 3425+1.5 37.94+1.2 40.82+1.0
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Tablel: Comparison of YOLOv11 with other reference models

Model Recall (%) Pr‘(’ﬁ/‘:)“’“ I“(flflrs‘/’i“;lz;';‘e mA(POZ;”'” mAPo.s (%)
Faster R-CNN 59.8 613 76 34.1 59.4
EfficientDet-D 61.5 64.7 65 369 61.8
YOLOVS 62.4 63.9 52 372 62.7
YOLOWS 64.9 66.1 2 38.6 653
Proposed

veopased 68.01 70.24 39 40.82 68.28
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Fig 3: Example of qualitative analysis of YOLOv11 model outputs: (A)Raw mammography image, (B)Heatmap for
spatial attention guidance, (C)Final model output with predicted lesion bounding box. The heatmap highlights
diagnostically relevant regions and improves lesion localization accuracy.
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