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Introduction: Chest radiography is a vital tool for disease diagnosis; however, it is suscep-
tible to human error due to the subtlety of findings and their overlap with complex anatomical
structures. The objective of this research is to present a new framework, YOLO-CA-NET, to

improve the detection accuracy and localization of subtle and small abnormalities in radio-
graphic images using advanced attention mechanisms.

Methods: In this study, the YOLOv11 model was upgraded by strategically integrating the
Coordinate Attention module into its backbone blocks to extract position-sensitive informa-
tion and preserve the spatial details of small lesions. For training and evaluation, the stan-
dard VinDr-CXR dataset, comprising 15,000 radiographic images with annotations for 14
common types of abnormalities, was utilized. Pre-processing included normalization and the
CLAHE technique to enhance the contrast of low-visibility findings.

Results: The research findings indicated that the proposed YOLO-CA-NET model achieved
a mean Average Precision (mAP) of 0.329 and a mean Recall of 0.514. These results demon-
strate a 9.3% increase in precision and a 19% increase in recall compared to the baseline
YOLOv11 model. This improvement validates the high potential of the proposed framework
in detecting and localizing low-contrast and subtle lesions that might be overlooked by the
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Introduction:

hest radiography (CXR) is a founda-

tional tool in diagnostic medical im-

aging, playing a vital role in identify-
ing a wide spectrum of cardiopulmonary diseases.
Despite its critical importance, interpreting these
images is highly challenging due to the 2D repre-
sentation of 3D structures, complex organ overlaps,
and inherently low soft-tissue contrast. This visual
complexity, combined with high workloads and ra-
diologist fatigue, significantly increases the proba-
bility of human error in detecting subtle findings.
While deep learning has revolutionized medical im-
age analysis, classical architectures primarily focus
on image-level classification rather than precise lo-
calization. Single-stage object detection models like
YOLO offer real-time processing capabilities suit-
able for clinical environments. However, baseline
YOLO models continue to struggle with detecting
miniature objects and low-contrast abnormalities.
The structural overlap in CXR images causes pre-
cise spatial features to weaken in the deep layers of
the network. Standard attention mechanisms, such
as SE and CAM, attempt to address this but lose pre-
cise spatial information during global pooling oper-
ations. This deficiency is particularly problematic in
medical imaging where the exact location of a subtle
lesion is critical. To bridge this gap, this study pres-
ents YOLO-CA-NET, a novel framework based on
the YOLOvVI1 architecture integrated with a Coor-
dinate Attention mechanism. The primary objective
is to enrich the semantic representation of early net-
work layers to improve the detection accuracy and
precise localization of 14 common, subtle pulmo-
nary abnormalities in CXR images..

Methods:

This applied analytical study utilized the standard
VinDr-CXR dataset, comprising 15,000 high-quality
radiographic images annotated for 14 clinical abnor-
malities by expert radiologists. The dataset was split
into 80% for training/validation (13,000 images) and
20% for independent testing (3,000 images) using
stratified random sampling to maintain class preva-
lence homogeneity. Preprocessing involved resizing
images to 640*640 pixels, intensity normalization,
and applying the Contrast Limited Adaptive Histo-
gram Equalization (CLAHE) technique to enhance

the visibility of obscure tissues. The proposed YO-
LO-CA-NET model builds upon the YOLOv11 ar-
chitecture, consisting of a Backbone, Neck (PANet),
and Head. The core methodological innovation is
the strategic integration of the Coordinate Attention
(CA) module into the backbone’s bottleneck blocks.
Unlike standard models, the CA module factors
channel attention into two parallel 1D feature encod-
ing processes along horizontal and vertical axes to
embed direction-aware and position-sensitive infor-
mation. For an input feature tensor X € RCXHXW
,the mechanism aggregates spatial information using
1D global pooling:

1
20 =o D xe(h )

0<j=W

1
W) =7 ) xe(lw)
0<i<H

The output is generated by applying the attention
weights to the input:

Ye(h,)) = xc( X J) X g2 (1) X g¢ (j)

This placement allows the CA module to act as an
active filter, preventing the leakage of information
regarding tiny lesions into dense surrounding tissues
like ribs and vessels before dimensionality reduc-
tion occurs. Implementation was conducted using
PyTorch and the Ultralytics library on an NVIDIA
GeForce RTX 4090, training for 200 epochs with the
AdamW optimizer.

Results:

The evaluation of the YOLO-CA-NET framework
demonstrated superior performance across primary
diagnostic metrics compared to both the baseline
model and classical architectures. The proposed
model achieved an overall mean Average Precision
(mAP@0.5) of 0.329 and a mean recall of 0.514
on the independent test set. As detailed in the com-

parative analysis, this represents a 9.3% increase in
precision and a 19% increase in recall compared to
the baseline YOLOvI11. An ablation study (Table

4) analyzing attention mechanisms confirmed that
integrating the CA module (mAP 0.329, Precision
0.341) significantly outperformed configurations us-
ing standard SE blocks (mAP 0.319) or CBAM
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(mAP 0.314), proving its unique efficiency in pre-
serving the spatial coordinates of low-contrast le-
sions. Furthermore, computational cost analysis
(Table 5) revealed that the architectural complexity
remains highly optimized. YOLO-CA-NET requires
only 9.6M parameters and 22.1 GFLOPs, represent-
ing a negligible overhead of 0.2M parameters com-
pared to the baseline, while reducing parameters by
over 76% and GFLOPs by 83% compared to Faster
R-CNN (mAP 0.241). A paired bootstrap test con-
firmed the statistical significance of this improve-
ment (P<0.05). Qualitatively, visual evaluation (Fig-
ure 4) demonstrated the model’s high effectiveness
in real-world scenarios. The generated bounding
boxes precisely localized both large structural abnor-
malities, such as cardiomegaly, and subtle, low-con-
trast diffuse nodules simultaneously within a highly
complex anatomical background, without requiring
heavy auxiliary preprocessing.

Conclusion:

This study successfully developed and evaluated
a highly efficient artificial intelligence model for the
automated detection of 14 common thoracic abnor-
malities. The YOLO-CA-NET framework achieved
an optimal balance between diagnostic accuracy and
computational cost, making it an ideal candidate for
real-world clinical deployment, such as integration
into hospital PACS systems as a primary screening
tool. The significant improvement in the recall rate
confirms that embedding precise positional infor-
mation during feature learning is critical for iden-
tifying subtle pulmonary pathologies and reducing
human error caused by radiologist fatigue. Despite
its achievements, the model encountered challeng-
es with extremely subtle and heavily imbalanced
classes, such as atelectasis (0.71%) and pneumotho-
rax (0.64%), where miniature spatial features decay
during successive convolutional downsampling op-
erations. Furthermore, relying on a single dataset
highlights the need for broader demographic valida-
tion. Future research should prioritize external vali-
dation using multi-center datasets like MIMIC-CXR
to ensure cross-border generalizability. Addressing
class imbalance through specialized loss functions,
such as balanced Focal Loss, and implementing ex-
plainable Al methods like Grad-CAM for generating
heatmap decision visualizations are key next steps.
Ultimately, merging the localized feature extraction
capabilities of YOLO with the long-range depen-

Summer 2025. Vol 11. Issue 2

dency modeling of Vision Transformers presents a
highly promising avenue for further enriching spatial
features and capturing miniature pathologies.
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