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Abstract: Medical image segmentation, especially in chest X-ray (CXR) analysis, encounters sub-
stantial problems such as class imbalance, annotation inconsistencies, and the necessity for accurate
pathological region identification. This research introduces NCT-CXR, a robust framework that en-
hances semantic segmentation in CXR images using an improved coordinate-geometric transformation
strategy. NCT-CXR integrates carefully calibrated geometric transformations with intensity-based
augmentations, ensuring spatial accuracy throughout the augmentation process. The framework was
evaluated on the NIH Chest X-ray dataset comprising 1,061 images across nine pathological categories.
NCT-CXR has four different coordinate transformation models, i.e. discrete rotations at (-10°, +10°),
discrete rotations at (-5°, +5°), and mixed rotation augmentation. Semantic segmentation was per-
formed using YOLOvV8 with optimized hyperparameters. Non-parametric statistical analysis using
Kruskal-Wallis test revealed significant differences in precision metrics (H= 14.874, p = 0.001927), while
other performance metrics remained stable. Subsequent Nemenyi post-hoc analysis demonstrated
that discrete-angle rotations at (-5°, +5°) and (-10°, +10°) significantly outperformed mixed rotations
(p = 0.013806 and p = 0.005602 respectively). These models achieved particularly high precision in
pneumothorax detection (0.829 and 0.804 respectively), emphasizing the effectiveness of controlled
geometric transformations for conditions with well-defined anatomical boundaries. These findings
demonstrate the efficacy of NCT-CXR in producing clinically relevant segmentation outcomes and
underscore the importance of augmentation design in pathology-specific model performance. Future
work will explore the generalizability of this approach across diverse imaging modalities and its
applicability to a broader spectrum of thoracic conditions.

Keywords: Chest X-ray; Pulmonary Abnormalities; Coordinate Transformation; Data Augmentation;
Geometric Transformation; Multi-label Segmentation.

1. Introduction

Medical imaging, particularly chest X-rays, is fundamental to global healthcare, serving as
a primary tool for diagnosing and managing various pulmonary conditions. Precise and reliable
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segmentation of pulmonary abnormalities in these images is essential for accurate diagnosis, effective
treatment planning, and continuous disease monitoring. However, existing segmentation techniques
face several critical challenges. First, class imbalance occurs due to the varying prevalence of pul-
monary pathologies, leading to under-represented conditions that can bias deep learning models
and hinder accurate segmentation of rare but clinically significant abnormalities. Second, annotation
inconsistencies arise from variations in radiologist expertise and interpretation, impacting the quality
of training data and overall model performance. Finally, accurate identification and delineation of
pathological regions remain challenging due to irregular boundaries, subtle textural differences, and
overlapping pathologies. These challenges, exacerbated by the increasing demand for radiological
services and a global shortage of radiologists, highlight the urgent need for automated and reliable
segmentation solutions.

The increasing volume of radiological examinations, coupled with a global shortage of radiolo-
gists, particularly in resource-constrained settings, exacerbates the challenges of pulmonary image
segmentation. This shortage not only widens disparities in access to imaging services but also con-
tributes to delays in diagnosis and treatment, negatively impacting patient outcomes [? ? ]. Given
these challenges, automated image analysis systems have emerged as a crucial solution. Deep learning,
in particular, has demonstrated significant promise in medical image analysis [? ? ? ]. However, devel-
oping robust and generalizable deep learning systems capable of handling the inherent complexities
of medical imaging remains a major challenge, especially when dealing with multiple concurrent
pathologies [? ? ]. Prior research in chest X-ray segmentation has often been limited to a small subset
of pulmonary conditions, failing to address the complexity of real-world clinical cases where multiple
abnormalities may coexist. For instance, [? ] focused on pneumothorax detection, [? ] investigated
cardiomegaly, and Kumarasinghe et al. [? ] explored pneumonia and COVID-19. While Arora et al. [?
] studied four abnormalities (ground glass opacities, consolidations, cardiomegaly, and infiltrates).
The comprehensive identification of up to fourteen pulmonary conditions remains an open challenge,
largely due to dataset limitations and the complexity of medical imaging.

While deep learning has shown promise in medical image segmentation, its effectiveness is often
constrained by the inherent characteristics of medical imaging datasets. One of the most widely used
datasets, the NIH Chest X-ray dataset [? ], presents significant challenges related to class imbalance

leading to model bias and reduced generalization. Furthermore, discrepancies between initial dataset
labels and expert annotations highlight the need for robust methodologies capable of handling these
inconsistencies. Pati et al. [? ] demonstrated that inter-annotator variability can significantly impact
segmentation labels, a problem also observed by Zhang et al. [? ] emphasized that label noise can lead
to model overfitting, reducing robustness in clinical applications. These annotation challenges are
particularly problematic in semantic segmentation tasks, where precise localization of pathological
regions is crucial for accurate model predictions. Addressing these dataset limitations is essential for
developing deep learning models that can perform reliably across diverse clinical scenarios.

To address the dataset challenges of class imbalance and annotation inconsistencies, recent
advancements in deep learning have explored alternative approaches to improve segmentation per-
formance. The YOLO family of models [? ? ? ? ] has demonstrated strong potential in object
detection and segmentation tasks. However, its direct application in medical imaging requires careful
consideration of class imbalance and diagnostic accuracy. Data augmentation techniques, including
Generative Adversarial Networks (GANSs) [? ? ? | have been employed to mitigate these issues. Yet,
ensuring that geometric and intensity-based augmentations preserve clinical relevance remains an
ongoing challenge. Anatomical constraints must be considered when applying transformations such as
rotation, flipping, and scaling, as improper alterations may distort critical diagnostic feature [? ? ]. For
example, [? ? ] demonstrated that certain transformations can compromise the structural orientation of
radiological images, leading to misclassifications. While advanced techniques, such as tree-structured
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Kronecker convolutional networks [? ], have attempted to optimize augmentation for medical imaging,
maintaining anatomical integrity remains crucial for reliable segmentation outcomes.

While recent advancements in deep learning, particularly YOLO-based models, have demon-
strated significant potential in medical image segmentation, their direct application remains hindered
by challenges such as class imbalance, annotation inconsistencies, and the need to preserve anatomical
integrity in augmented datasets. To address these limitations, this research introduces NCT-CXR
(Improved Coordinate Geometric Transformation). NCT-CXR is a framework designed to enhance
semantic segmentation of pulmonary abnormalities in chest X-rays through an improved coordi-
nate transformation technique. Unlike test-time augmentation methods that operate on trained
models, NCT-CXR proactively enhances training data by applying carefully calibrated geometric
transformations (rotations) and intensity-based augmentations, ensuring spatial accuracy while pre-
venting distortions that could compromise anatomical relationships or introduce artifacts. Leveraging
YOLOvV8'’s semantic segmentation capabilities, the framework systematically applies augmentation
strategies, including multiple discrete-angle rotations at (-5°, +5°), (-10°, +10°), and their combinations,
along with controlled intensity modifications, thereby mitigating class imbalance and enhancing
model robustness against variations in X-ray positioning and image quality [? ? ? ]. While many
existing augmentation techniques in medical imaging introduce complex transformations, NCT-CXR
prioritizes computational efficiency and clinical practicality by employing fundamental yet precisely
optimized geometric transformations, systematically tuned based on pathology-specific characteristics
and anatomical constraints, as determined through expert radiologist consultation. Experimental
results demonstrate that these calibrated transformations significantly improve segmentation accuracy,
particularly in precision metrics for well-defined pathologies, while maintaining the efficiency required
for potential clinical deployment. By striking a balance between performance enhancement and real-
world feasibility, NCT-CXR offers a practical and effective solution for integrating deep learning-based
segmentation into clinical workflows.

To validate the effectiveness of the NCT-CXR framework and its augmentation strategies, this
research systematically evaluates their impact on segmentation performance through comprehensive
statistical analysis, including ANOVA and Tukey HSD tests. These analyses highlight precision
improvements essential for clinical reliability, ultimately contributing to more accurate segmentation
and enhanced patient outcomes [? ]. By assessing multiple pathological conditions, this research
provides valuable insights into how augmentation techniques tailored to medical imaging influence
segmentation quality. The remainder of this paper is structured as follows: Section ?? reviews related
work in medical image segmentation, data augmentation, and deep learning applications in chest X-ray
analysis. Section ?? details the proposed methodology, including the augmentation framework and
coordinate transformation approach. Section ?? presents experimental results and statistical analysis,
while Section ?? discusses clinical implications, limitations, and future research directions. Finally,
Section ?? concludes with key findings and recommendations for integrating the proposed approach
into clinical workflows.

2. Related Works

Recent advances in deep learning for medical image analysis have significantly propelled the field
of automated chest X-ray interpretation. These advancements encompass architectural innovations,
data handling strategies, and evolving semantic segmentation techniques [? ? ? ? ]. The shift towards
semantic segmentation, particularly in medical imaging, allows for more granular and clinically
relevant analysis compared to traditional classification approaches [? ? ? ]. This section examines
pertinent literature across three key areas: deep learning architectures for medical image segmentation,
data augmentation strategies in medical imaging, and methods for addressing class imbalance in
medical datasets.
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2.1. Deep Learning Architectures for Medical Image Segmentation

The evolution of deep learning architectures for medical image segmentation has witnessed
significant progress, with YOLO-based architectures emerging as powerful tools. While traditional
semantic segmentation networks like U-Net [? | have been widely adopted in medical imaging, YOLO-
based architectures have gained traction due to their ability to efficiently combine object detection
and segmentation [? ? ? ? ]. The introduction of YOLOVS [? ] brought substantial improvements
in segmentation capabilities, particularly in complex medical imaging tasks. Several studies have
demonstrated the effectiveness of YOLObased architectures in chest X-ray analysis, including the
detection of COVID-19 pneumonia, where YOLO models effectively locate and segment the thoracic
and lung regions [? ? ]. These examples highlight the ability of YOLO-based models to handle multiple
pathological conditions concurrently while maintaining computational efficiency. However, challenges
remain in maintaining consistent performance across diverse pathologies, especially for rare conditions
with limited training examples [? ].

2.2. Data Augmentation Strategies in Medical Imaging

Data augmentation strategies in medical imaging have progressed beyond basic geometric trans-
formations to encompass sophisticated techniques that preserve clinical validity. Recent research has
explored various augmentation methods tailored to chest X-rays, ranging from conventional geometric
transformations to advanced intensity-based modifications [? ? ]. While traditional data augmentation
methods like rotation and scaling have proven effective in general computer vision, their application
in medical imaging demands careful consideration of anatomical constraints [? ? ]. Researchers have
investigated the impact of different augmentation strategies on model performance, emphasizing the
preservation of diagnostic features [? ]. Intensity-based augmentations, such as contrast adjustment
and noise addition, have been shown to improve model robustness to variations in image acquisition
conditions [? ? ? |. However, determining optimal augmentation parameters that enhance performance
without introducing artifacts that compromise diagnostic accuracy remains a challenge. For example,
excessive rotation can obscure anatomical structures, while insufficient augmentation may not provide
sufficient variability for effective learning [? ].

2.3. Addressing Class Imbalance in Medical Datasets

The challenge of class imbalance in medical imaging datasets has garnered considerable attention,
particularly in chest X-ray analysis. Traditional approaches like oversampling and under sampling
have shown limited success in medical imaging due to the complexity of pathological features [? ].
Recent studies have explored more sophisticated methods, combining augmentation strategies with
selective sampling techniques to address both class imbalance and annotation quality issues [? 2 ? ]. A
crucial aspect often overlooked is the discrepancy between automated labels and expert annotations,
which can significantly affect model performance [? ]. The NIH Chest X-ray dataset [? ], while
widely used, exhibits this issue. Although image-level labels are provided, derived from text-mining
radiological reports with an expected accuracy exceeding 90%, manual annotation remains necessary.
This has spurred research into reconciling automated labels with expert annotations, especially in
semantic segmentation.

While existing research has made progress in addressing individual challenges, a gap remains in
integrating multiple approaches to simultaneously address class imbalance, annotation quality, and
segmentation accuracy. Previous studies have often focused on either augmentation strategies [? ?
] or architectural improvements [? ? ], with limited attention to their systematic combination and
rigorous statistical validation [? ? ]. The impact of different augmentation strategies on semantic
segmentation performance, particularly in the context of multiple co-existing pathologies, requires
further investigation. Furthermore, while coordinate transformation in image augmentation has been
explored [? ? ? ], its specific application to semantic segmentation of chest X-rays, especially for
multiple pathological regions, warrants more comprehensive research. This research addresses these
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gaps by proposing NCT-CXR, an integrated framework combining carefully calibrated augmentation
strategies with YOLOVS8’s semantic segmentation capabilities, supported by rigorous statistical analysis
to validate the effectiveness of different augmentation combinations.

3. Methodology

This research presents NCT-CXR, a comprehensive framework for improving semantic segmen-
tation in chest X-ray analysis through an integrated approach to data augmentation and deep learning.
NCT-CXR addresses three critical challenges: class imbalance, annotation quality discrepancies, and
the need for precise semantic segmentation. Using the NIH Chest Xray dataset [? ], we implement
a systematic approach combining geometric transformations, improve coordinate transformations,
and intensity-based augmentation strategies within the YOLOv8 semantic segmentation architecture.
NCT-CXR comprises four main components: dataset preparation and pre-processing, augmentation
strategy implementation (including the improve coordinate transformation), model training with
optimized hyperparameters, and comprehensive statistical evaluation (Figure ??). Details of each
component are provided in the following subsections.

Yolovs-seg Training.

Hyperparameter Optimization

Model Validation

""""" | g = Model 1: original dataset ‘
| eometric
§ Annotation Refinement ‘

Transformations Model 2: original dataset +
d _ 5° data augmentations. §
Intensity-based Model Training
3 Resizing Model 3: original dataset + Split
J 10° data augmentations Dataset
] Normalization ’
Dataset Preparation

Coordinate Mode\ 4:original dataset
Transformation

Proposed Model Precision
Data Augmentation N
Scenario ’7 *‘
Kruskal-
Walis | Nemenyi

Model Evaluation

A

Data Preprocessing ‘

s

Figure 1. NCT-CXR model scenario

3.1. Dataset preparation and preprocessing

This research utilized the NIH Chest X-ray dataset, consisting of 1,061 chest X-ray images catego-
rized into 950 training images and 111 validation images. Table 1 provides a detailed breakdown of the
dataset, highlighting the distribution of images across various thoracic conditions. The dataset covers a
diverse range of thoracic conditions, including common abnormalities such as consolidation, effusion,
fibrosis, pneumonia, and pneumothorax, alongside normal cases labelled as no finding. In addition,
several samples exhibit multiple co-occurring abnormalities, such as fibrosis and pneumothorax or
atelectasis, effusion, infiltration, and nodule. However, the distribution of disease categories highlights
a significant class imbalance, with some categories, such as no finding, being heavily represented (200
images), while rarer conditions, such as nodules, have fewer samples (87 images). This imbalance
underscores the need for robust preprocessing and augmentation to ensure fair model training.

To ensure data consistency, quality, and compatibility with the YOLOVS architecture for model
training, three key pre-processing steps were meticulously implemented: annotation refinement, image
resizing, and intensity normalization.

1.  Annotation refinement: Accurate and consistent annotations are crucial for training a robust
segmentation model. Given the inherent challenges of multi-label chest X-ray annotation, partic-
ularly with overlapping or complex pathologies, a thorough annotation refinement process was
conducted. This involved a detailed review of all annotations by expert radiologists. Specifically,
any incorrect, incomplete, or inconsistent annotations were corrected to align with established
clinical interpretations and standardized annotation guidelines. This process aimed to minimize
inter-observer variability and ensure that the training data accurately reflected the ground truth,
which is essential for training a high-performing segmentation model. The refinement process
focused on resolving ambiguities in cases with overlapping or combined labels, ensuring that
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Table 1. NIH Chest X-ray dataset information

.. Images set

Folder | Abnormalities labels Tram \g7al Total

0 Consolidation 140 16 156

1 Effusion 147 17 | 164

2 Fibrosis 140 16 156

3 Pneumonia 122 14 136

4 Pneumothorax 87 10 97

5 No Finding 180 20 | 200

6 Nodule 78 9 87

7 Fibrosis | Pneumothorax 20 3 23

8 Atelectasis | Fibrosis | Infiltration 18 3 21

9 Atelectasis | Effusion | Infiltration | Nodule | 18 3 21
950 111 | 1061

each distinct pathological condition was accurately and uniquely represented in the training data.
This rigorous review process is particularly important for multi-label segmentation tasks, where
the accurate delineation of individual pathologies within complex presentations is important.

2. Image Resizing: To ensure compatibility with the YOLOvVS8 semantic segmentation architecture
and to manage computational resources effectively, all input images were resized to a fixed
dimension of 800x800 pixels. This standardization of image dimensions ensured uniformity across
the dataset, preventing variations in input size from affecting model performance. Critically, the
resizing process was carefully implemented using bilinear interpolation to minimize distortion
of anatomical structures and preserve diagnostically relevant features. Bilinear interpolation
was chosen as it offers a good balance between computational efficiency and image quality
preservation. This consistent input size also contributes to stable training convergence and
efficient memory utilization during the training process.

3. Intensity Normalization: To mitigate the effects of varying image brightness and contrast levels,
and to improve numerical stability during training, pixel intensity normalization was performed.
Specifically, pixel intensities were normalized to the range [0, 1] using a min-max scaling approach.
This normalization step addressed variations in image brightness and contrast that can arise
from differences in X-ray exposure settings, imaging equipment, and patient-specific factors. By
standardizing the intensity range, we aimed to improve the numerical stability of the training
process and reduce the influence of these extraneous variations, allowing the model to focus
on learning the underlying pathological features rather than variations in image acquisition
parameters. This normalization step is particularly important for deep learning models, as it can
prevent issues related to gradient vanishing or exploding during training.

3.2. Augmentation strategy implementation

To address class imbalance in the NIH Chest X-ray dataset, we implemented a carefully calibrated
data augmentation strategy that prioritizes anatomical accuracy and computational efficiency. In chest
X-ray analysis, it is essential that augmentations preserve the spatial relationships between pathological
regions and anatomical landmarks, as even minor distortions can reduce diagnostic reliability. The
NCT-CXR framework incorporates an improved coordinate transformation technique that maintains
spatial fidelity while introducing clinically appropriate variability. Transformation parameters were
determined through empirical testing and expert radiologist consultation to ensure augmented images
remain realistic and diagnostically valid. This strategy supports practical clinical deployment by
balancing accuracy, interpretability, and performance.

The data augmentation process was multi-faceted, incorporating three primary categories of
transformations: geometric transformations, coordinate transformations, and intensity-based augmen-
tations.
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1. Geometric Transformations: These transformations focused on adjusting the spatial config-
uration of the images while meticulously preserving critical anatomical features. Controlled
discrete-angle rotations at (-5°, +5°) and (-10°, +10°) were employed, along with precise shift-
scale operations (shift limit = 0.02, scale limit = 0.05) to maintain anatomical integrity. These
specific rotation angles and shift/scale limits were carefully selected based on a combination
of expert consultation with radiologists and rigorous empirical testing. The goal was to ensure
that the augmentations remained clinically plausible and did not introduce unrealistic or artefac-
tual distortions that could negatively impact model training. By introducing spatial variability
through these geometric transformations, the model’s resilience to positional shifts and orienta-
tion changes, which are commonly encountered in clinical imaging scenarios, was significantly
enhanced. These variations in patient positioning can occur due to differences in patient size,
positioning protocols, and patient cooperation during the imaging procedure.

The rotation transformation can be mathematically represented as follows: For a point P(x, y) in
the original image, the rotation by an angle 0 is defined as:

x! cos —sinf| |x
ly’] - lsin@ 00591 ly] @

Where (X, y’) represents the coordinates after rotation and 6 is the rotation angle (discrete rotations
at (-10°, +10°) or discrete rotations at (-5°, +5°) in our implementation). This equation describes
a standard twodimensional rotation about the origin. The use of both positive and negative
rotation angles allows the model to learn invariance to both clockwise and counter-clockwise
rotations. The specific choice of discrete rotations at (-10°, +10°) and discrete rotations at (-5°, +5°)
rotations was carefully considered to simulate realistic variations in patient positioning during
X-ray acquisition, while avoiding excessive rotations that could distort or obscure diagnostically
relevant anatomical features beyond clinically plausible scenarios. The shift and scale operations
were similarly constrained to maintain anatomical integrity.

2. Coordinate-based Modifications: A crucial innovation in our approach lies in the coordinate
transformation process for semantic segmentation masks, which maintains precise spatial rela-
tionships during augmentation. This process includes cropping, translation (shifting along the X
and Y axes), and random scaling to introduce diverse perspectives within the same anatomical
region, enhancing the model’s ability to detect features accurately regardless of their location.
Here, the scale transformation is applied with adaptive scaling factors to maintain aspect ratio:

S(x,y) = [Sg SOJ lyxx] @

Where s, and sy are scaling factors constrained by: 0.95 < sy, sy < 1.05. Here, scale factors are
dynamically adjusted to preserve pathological feature proportions.
In matter of Coordinate normalization, the transformation process includes coordinate normal-
ization to ensure consistent mapping:
Xnorm = X7 Ymin 3)
Xmax — Xmin
Y — Ymin ( 4)

Ynorm =
Ymax — Ymin

The complete coordinate transformation can be expressed as:

cos@ —sinf ty| sy 0 O
T=|sinf cos® ty| |0 s, O (5)
0 0 1 0 0 1
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Where T is the composite transformation matrix, t, and ty are translation components. Thus, this
transformation able to preserves topological relationships between anatomical structures.

In matter maintain anatomical validity, the following constraints are enforced: for model 2, the
constraint is —10° < # < 10°; for model 3 is —5° < 6 < 5°%; for all models, 0.95 < sy.sy, < 1.05.
then, for translation limits is |t,|, |t,| < 0.02imagegimension- Finally, the transformation accuracy is
optimized using a loss function that minimizes spatial distortion

n
Lspatial = ZHPZ _T(Pi) )2+)‘||T||F (6)
i=1
Where P, represents the target coordinates, T(P;) are the transformed coordinates, ||.|| is the

Frobenius norm, and A is a regularization parameter (set to 0.01 in our implementation).
For better understanding, we can see example by initials condition as follows:
Original image dimensions: 800 x 800 pixels
Initial point P(x, y) = (400, 300)
Rotation angle 8 = 5° (0.0873 radians)
Scale factors: sy = 1.02, sy = 1.02
Translation offsets: ¢, = 5 pixels, ty = -3 pixels
Thus, the Normalization of Initial Coordinates can be calculated:
400 300

Xnorm = 300 = 0.5, Ynorm = 300 = 0.375

The Rotation Transformation Matrix:

cos(5°) = 0.9962; sin(5°) = 0.0872
0.9962 —0.0872| | 0.5 | [0.4872
0.0872 0.9962 | (0375  [0.3927

1.02 0 ||04872| |0.4969
0 1.02]]0.33927|  |0.4006

Translation in normalized coordinates:

The scale transformation:

t.Xnorm - % - 0.00625; tynorm - 783m - 70.00375

0.4969| | 0.00625 |  |0.5032
0.4006| | —0.00375|  |0.3968
Conversion Back to Pixel Coordinates:

Xfinal = 0.5032 x 800 = 402.56 ~ 403px

Yfina = 0.3968 x 800 = 317.44 =~ 317px

Thus, we can verify the anatomical consistency as follows: Original distance from image center
= /(400 — 400)2 + (300 — 400)2 = 100px and New distance from image center

= /(403 — 400)2 + (317 — 400)2 = 100px

Distance ratio % ~ 1.02 (matches scale factor)

Then, for error analysis, we can see:
Positional shift = /(400 — 400)2(317 — 300)2 = 17.2px
Relative error = £52 = 0.0215(2.15%)
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The analysis of the coordinate transformation’s impact on anatomical landmarks revealed that
the relative error in landmark repositioning remains within acceptable clinical bounds. This
controlled distortion ensures that the transformed anatomical structures remain anatomically
plausible, while simultaneously introducing sufficient variation to effectively augment the train-
ing data. Specifically, the relative error analysis demonstrated that the transformation adheres to
pre-defined constraints (+5° rotation, +2% translation, and +5% scaling), preserving the integrity
of the anatomical structures. This is crucial because excessive or unrealistic distortions could lead
to the model learning spurious features or misinterpreting anatomical relationships, ultimately
hindering its diagnostic accuracy. The observed relative error values indicate that the transforma-
tion maintains the clinical relevance of the augmented data, ensuring that the model is trained on
realistic variations in anatomical positioning and size. Further analysis will explore the impact of
these controlled distortions on the model’s segmentation performance, correlating the degree
of anatomical variation with improvements in metrics such as precision, recall, and F1-score.
This will provide a quantitative measure of the effectiveness of the coordinate transformation in
enhancing the model’s ability to generalize to real-world variations in chest X-ray images.

The improve coordinate transformation methodology in NCT-CXR fundamentally differs from
traditional augmentation techniques in its approach to preserving spatial accuracy during geomet-
ric transformations. While conventional affine transformations apply uniform transformations
across the entire image, potentially distorting critical anatomical relationships, our approach
implements a constraint-guided transformation process specifically designed for medical imaging
contexts. The key differentiating factors include:

(@) Anatomical Constraint Integration: Unlike elastic deformations that can arbitrarily dis-
tort image regions, our transformation incorporates anatomical constraints (Equation 6)
that ensure critical diagnostic features maintain their relative spatial positions. This is
implemented through a specialized loss function that minimizes spatial distortion while
allowing controlled variability.

(b)  Topological Preservation: Traditional augmentations often break topological relationships
between anatomical structures. NCT-CXR enforces strict boundary conditions on transfor-
mation parameters (rotation limited to +5° or £10°, scaling between 0.95 and 1.05) based
on clinical consultation, ensuring transformations remain within radiologically acceptable
ranges that preserve diagnostic integrity.

() Adaptive Coordinate Normalization: We implement a two-phase coordinate mapping
process (Equations 3-4), where coordinates are first normalized to a canonical space before
applying transformations, then mapped back to the original coordinate system. This
reduces cumulative transformation errors that commonly occur in sequential transforma-
tions.

(d)  Pathology-Aware Transformation: Unlike general-purpose augmentations, our transfor-
mation parameters are calibrated based on different pathological characteristics, allow-
ing more aggressive transformations for conditions with well-defined boundaries (e.g.,
pneumothorax) while applying more conservative transformations to diffuse or subtle
pathologies.

This approach maintains the semantic meaning of segmentation annotations during augmentation,
ensuring that pathological regions remain accurately aligned with their corresponding anatomical
structures, which is critical for training models to recognize subtle diagnostic features across
varying patient presentations.

3.  intensity-based augmentation: Intensity-based augmentations were incorporated into the NCT-
CXR framework to simulate variations in image brightness, contrast, and noise levels, which are
commonly observed due to differing imaging conditions, equipment calibration, and patient-
specific factors. These augmentations enhance the model’s robustness and ability to generalize to
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real-world X-ray acquisitions. Specifically, we employed the following intensity-based augmenta-
tion techniques:

(@)  Random Brightness/Contrast Adjustment: To mimic variations in image brightness and
contrast, we applied random adjustments within controlled range. The brightness and
contrast of each image were randomly varied by up to £10% of their original values. This
range was chosen to reflect realistic variations while avoiding extreme distortions that
could introduce artifacts or compromise diagnostic information.

(b) Gaussian Noise Addition: To simulate the presence of noise, which can arise from various
sources during image acquisition and transmission, we added Gaussian noise to the
images. The variance of the Gaussian noise was randomly selected within a range of
10.0 to 50.0. This range was empirically determined to introduce realistic levels of noise
without overwhelming the image signal and obscuring diagnostically relevant features

Both the Random Brightness/Contrast Adjustment and Gaussian Noise Addition augmentations
were applied with a probability of 0.2. This probability was chosen to ensure that the model was
exposed to a sufficient variety of intensity variations without excessively altering the training
data distribution. Applying these augmentations probabilistically, rather than deterministically,
further enhances the diversity of the training data and improves the model’s ability to generalize
to unseen data. The specific values for the brightness/contrast variation and noise variance, as
well as the application probability, were determined through a combination of literature review,
empirical testing, and expert consultation with radiologists to ensure clinical relevance.

For the equation, the brightness and contrast modifications are defined by:

Iout(x; ]/) = “Ix,y + ﬁ (7)

Where [,ut(x,y) is the output pixel intensity, I;n(x,y) is the input pixel intensity, & € [0.9,1.1] is
the contrast factor, § € [—0.1,0.1] is the brightness shift, and Probability of application: p = 0.2.
Gaussian noise is applied to simulate detector noise:

Inoisy(xry) = I(xry) + N(,u =0, 02) 8)

Where ¢2 € [10.0,50.0] represents noise variance. Here, Noise is clipped to preserve intensity
range [0,1] and applied with probability p = 0.2
Gamma Corrections simulates exposure variations

Lgamma(x,y) = 1(x,y)" ©)

Where v € [0.85,1.15] is the gamma factor and Probability of application: p = 0.15.

The combination of geometric transformations, intensity adjustments, and the improve coordinate
transformation technique within the NCT-CXR framework is designed to enrich the training dataset.
This enriched dataset promotes model generalization by exposing the model to a wider range of
realistic variations in chest X-ray images, ultimately enhancing the performance of the semantic
segmentation model. By preserving spatial accuracy during augmentation, NCT-CXR ensures that the
relationships between pathological regions and anatomical landmarks are maintained, which is crucial
for clinically relevant segmentation.

3.3. NCT-CXR model scenario

To systematically evaluate the impact of different augmentation strategies, and specifically the
influence of coordinate-based transformations, on the semantic segmentation performance of chest
X-ray images, four distinct model scenarios were designed and implemented. These scenarios allow
for a controlled analysis of how varying degrees of rotation affect model performance.
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1.  Model 1. The baseline model: This model serves as the baseline and was trained using the
original, unaugmented NIH Chest X-ray dataset. This provides a reference point against which
the performance gains from the different augmentation strategies can be measured.

2. Model 2. #10° Rotation Augmentation: This model incorporates coordinate transformations
with a controlled discrete rotation at (+10°,-10°). This relatively subtle rotation simulates minor
variations in patient positioning during image acquisition, which are commonly encountered in
real-world clinical settings. This scenario explores the model’s ability to generalize to these small,
but clinically relevant, variations.

3. Model 3. £5° Rotation Augmentation: This model introduces a more pronounced controlled
discrete rotation at (+5°,-5°). This scenario investigates the model’s robustness to larger positional
shifts, which might occur due to variations in imaging protocols or patient cooperation.

4. Model 4. Mixed rotation augmentation: This model combines both the +5° and +10° rotations,
creating a mixed-rotation augmentation strategy. This approach aims to mimic the diverse range
of imaging scenarios encountered in clinical practice, where variations in patient positioning can
be significant. This scenario tests the model’s ability to handle a wider spectrum of positional
variations.

To provide a clear and reproducible understanding of the data augmentation process within the
NCT-CXR framework, Algorithm ?? details the step-by-step procedure. This algorithm encompasses
the entire data processing pipeline, from initial data loading to the generation of augmented outputs.
Crucially, it incorporates the improve coordinate transformation technique to ensure spatial accuracy
is maintained throughout the augmentation process. The algorithm is designed to handle both the
geometric (rotations) and intensity-based transformations applied within NCT-CXR, while preserving
the accuracy and integrity of the segmentation annotations. The algorithm takes as input the directories
containing the original images and corresponding labels, specifies the desired output locations for
the augmented data, and defines the number of augmented images to be generated per original
image. Furthermore, the algorithm utilizes a set of parameters that carefully control the degree of
geometric and intensity modifications applied to the original images. Each step within the algorithm is
meticulously structured to ensure consistent data processing across the entire dataset while preserving
the clinical significance and diagnostic relevance of the augmented samples. A detailed explanation
of the algorithm’s steps and the rationale behind each operation will be provided in the following
sections.

3.4. Complexity Analysis of NCT-CXR Framework

Computational complexity is a crucial consideration for the practical deployment of the NCT-CXR
framework, especially in clinical settings where computational resources may be constrained. A
detailed analysis of its computational complexity, considering both time and space requirements, is
essential to assess its feasibility, efficiency, and scalability. This analysis examines the key components
of the framework, including image processing operations, the improve coordinate transformations,
and data management within the augmentation pipeline.

1.  Time Complexity Analysis: The time complexity of the NCT-CXR framework was systematically
analysed to provide a clear understanding of its performance characteristics and scalability.
Let n represent the number of images in the dataset, k the number of labels (bounding boxes
or segmentation masks) per image, N the number of augmentations applied per image, p the
number of key points or vertices defining each label (e.g., 4 for a bounding box, or the number
of points in a segmentation mask), and & and w represent the height and width of the images,
respectively. The time complexity can be broken down into two phases:

(a) Initialization Phase: Tasks such as directory validation and path list generation have a

constant time complexity of O(1). These operations are performed once at the beginning
and do not scale with the dataset size.
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Algorithm 1 Proposed Framework for Image Segmentation Data Augmentation

Require:

Input:

Original image directory, Dirjy,g;

Original label directory, Diryy;

Output image directory, Ditout,,,;

Output label directory, Diroyt,,,;

Number of augmentations per image, N;

Set of transformation parameters, T = 1,2, ..., ts:
rotation limit: «; shift limit: B; scale limit: y
brightness limit: §; contrast limit: &; noise variance limit: ¢

Ensure:

1: /* step: load and validate data */
2: validate Dir;ye and Diryy exist
3. create Diroutimg and Diroyt,, if not exist
4: get list of image paths I from Dirj,o
5: get list of label paths L from Diryy,
6: /* step: process each image-label pair */
7. For each image path i in I do:
8: read image img from i
9: get corresponding label path [ from L
10: load segmentation labels S from !
11: getimage dimensions h, w
12:  /* step: coordinate normalization */
13: For each label s in S do:
14:  extract class;d and coordinates
15:  convert normalized coordinates to absolute
16:  store as keypoints K
17:  EndFor
18: /* step: apply augmentations */
19: Forjin1to N do:
20:  compose transformation C using T
21:  apply C toimg and K
22:  get transformed image img’ and keypoints K’
23:  /*step: coordinate denormalization */
24:  convert K’ to normalized coordinates
25 reconstruct labels S’ from K’
26: /* step: save augmented data */
27:  generate output image filename f;mg
28:  generate output label filename f;bl
29:  save img' to Dirout;mg/ fimg
30:  save S’ to Dirout;bl/ fibl
31: EndFor
32: EndFor
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(b)  Main Processing Loop: The dominant factor in time complexity arises from the processing
of each image and its augmentations. For each image ( iterations):

i Loading the image and its associated labels has a constant time complexity of O(1).

ii. Normalizing the label coordinates, a pre-processing step, has a complexity of
O(k x p), as it involves processing each key point of each label.

iii. The augmentation loop, executed N times for each image, contains the following
operations:

A.  Image transformations (geometric and intensity-based) scale with the image
dimensions, resulting in a complexity of O(h x w).

B.  Adjusting the label coordinates based on the applied transformation has a
complexity of O(k x p), as it involves updating the coordinates of each key
point in each label

C.  Saving the augmented image and its corresponding labels has a negligible,
effectively constant, complexity of O(1).

Therefore, the overall time complexity of the NCT-CXR framework can be expressed as:
T(n) =0(n(1+ (kp) + N(hw+kp+1))) = O(nN(hw + kp))

2. Space Complexity Analysis: The space complexity of the NCT-CXR framework was analysed to
assess its memory requirements, considering both static and dynamic storage.

(@) Static space: Static memory is required for storing the input image paths (O(n)) and the
transformation parameters (O (1), constant)

(b)  Dynamic space: Dynamic memory usage is determined per iteration of the main process-
ing loop and involves:

i The image buffer, which stores the currently processed image, O(h x w).
ii. Label storage for the current image, O(k X p).
iii. Temporary buffers used during the transformation process, which also scale with

the image dimensions, O(h x w).

Combining these factors, the total space complexity of the NCT-CXR framework can be expressed
as:
S(n) =O(n+hw+kp) (10)

3.  Performance Considerations The practical performance of the NCT-CXR framework is influ-
enced by several critical factors: I/O operations, memory management, and the computational
workload.

(a) I/O Operations: The framework performs n read operations for the original images and n
x N write operations for the augmented images. This high volume of disk operations can
create a bottleneck, particularly with large datasets or slow storage devices. Optimizing
1/0, such as using solid-state drives (SSDs) asynchronous I/O operations, can significantly
improve performance.

(b) Memory Management: NCT-CXR employs a sequential processing strategy to minimize
memory footprint. Only one image and its augmented versions are loaded into memory
at any given time, along with the relatively small overhead for transformation parameters.
This approach prevents memory exhaustion, making the framework suitable for resource-
constrained environments. However, the trade-off is potentially increased processing time
compared to batch processing, which could be explored in future work for systems with
ample RAM.

(c) Computational Workload: The computational workload is dominated by the image
transformation operations, which involve pixel-level manipulations and geometric ad-
justments. These operations, scaling with O(h x w), are computationally intensive and
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typically rely on the CPU. While the coordinate transformation calculations are less de-
manding (O(k x p)), they still contribute to the overall workload. Future implementations
could explore parallel processing techniques, such as using GPUs or multi-core CPUs, to
accelerate these computations and improve processing speed without compromising the
framework’s robustness and reliability. Furthermore, optimizing the image transformation
algorithms themselves could also yield performance gains.

3.5. Model training and parameter setting

YOLOVS was selected as the base architecture for this research due to its demonstrated efficacy
in semantic segmentation of high-resolution chest X-ray images [? ]. The YOLOVS architecture was
implemented and optimized to address the specific challenges inherent in medical image analysis,
particularly the complexities associated with multi-label classification and the subtle variations in
pathological features. A rigorous hyperparameter tuning process was undertaken to maximize model
performance and ensure robust training outcomes.

The model was configured with an input image size of 800x800 pixels, striking a balance between
computational efficiency and the level of detail required for accurate segmentation. A batch size of
16 was chosen considering GPU memory constraints and the desire for stable gradient updates. The
AdamW optimizer was employed for its adaptive learning rate capabilities, which facilitate stable and
efficient convergence, particularly in complex optimization landscapes. The initial learning rate was set
to 0.0001, and a learning rate decay factor of 0.01 was implemented to strategically reduce the learning
rate during training, preventing premature convergence and allowing the model to fine-tune its
weights in later epochs. Dropout regularization with a rate of 0.2 was strategically applied to mitigate
overfitting, a common issue in deep learning, especially with limited training data. The training process
was monitored for a maximum of 300 epochs. To prevent overfitting and optimize training time, an
early stopping mechanism was implemented, halting training after 30 epochs of no improvement in
validation loss. This strategy ensures efficient resource utilization. To ensure reproducibility of results,
all experiments were conducted with a fixed random seed (42) and a consistent hardware configuration
using a single NVIDIA GPU in DGX A100 40GB GPU.

3.6. Performance Evaluation

The performance evaluation phase was designed to rigorously assess the accuracy and robust-
ness of the semantic segmentation model across the different experimental setups. This assessment
employed both quantitative metrics and statistical analysis to provide a comprehensive comparison of
the performance of each model variation. The key performance metrics used in this evaluation were
precision, recall, F1-score, and mean Average Precision (mAP). Precision, defined as the proportion of
correctly identified pixels among all predicted pixels for a specific class, measures the model’s ability
to minimize false positives. Recall, conversely, measures the proportion of correctly identified pixels
among all actual pixels of a given class, reflecting the model’s ability to capture all relevant instances

The Fl-score, representing the harmonic mean of precision and recall, provides a balanced
measure of performance, particularly valuable in the context of imbalanced datasets, as it considers
both false positives and false negatives. The mAP provides a more comprehensive evaluation by
calculating the average precision across various Intersection over Union (IoU) thresholds. Specifically,
mAP was assessed at a fixed IoU threshold of 0.5 (mAP@0.5) and also by averaging the AP across
a range of IoU thresholds from 0.5 to 0.95 (mAP@0.5:0.95) [23, 45]. mAP@0.5 provides a measure of
performance at a standard threshold, while mAP@0.5:0.95 offers a more nuanced evaluation across
a range of overlap criteria, reflecting the model’s ability to accurately segment regions with varying
degrees of overlap with the ground truth.

Beyond the quantitative metrics, statistical analyses were conducted to determine the statistical
significance of the observed performance differences between the model variations. Kruskal-Wallis and
Nemenyi test was used to determine whether statistically significant differences existed among the four
model variations: (1) the baseline model without augmentation, (2) the model trained with discrete
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rotation at (+5°,-5°) rotations, (3) the model trained with discrete rotation at (+10°,-10°) rotations, and
(4) the model trained with the mixed rotation augmentation strategy (combining both 5° and 10°
transformations).

Where the Kruskal-Wallis results indicated statistical significance (p < 0.05), Nemenyi test was
performed to identify specific pairs of models that exhibited statistically significant differences in
performance. This post-hoc analysis allowed us to determine which augmentation strategies led to
statistically significant improvements compared to the baseline and to each other.

4. Results
4.1. Result of data preprocessing

a. Annotation refinement

The National Institutes of Health (NIH) Chest X-ray dataset, containing abnormality labels and
classifications, was obtained from Kaggle. This dataset, while providing valuable image data, required
careful pre-processing, particularly in terms of annotation refinement, to ensure the quality and
consistency necessary for training a robust segmentation model. Our research focused on eight specific
disease categories: consolidation, effusion, fibrosis, pneumonia, pneumothorax, nodule, no finding,
and clinically relevant co-occurrences such as fibrosis combined with pneumothorax and atelectasis
with infiltration. The dataset comprised a total of 1,061 images, with a notable class imbalance. The
number of samples per disease category ranged from relatively frequent findings, such as "no finding"
(200 samples), to rare co-occurrences, like fibrosis combined with pneumothorax (23 samples). This
class imbalance presented a challenge for model training, as models can be biased towards more
frequent classes.

The original image-level labels provided with the NIH dataset were used as a starting point.
However, given the potential for inaccuracies and inconsistencies in automatically generated labels, a
rigorous annotation refinement process was implemented. Expert radiologists performed the semantic
segmentation annotation, delineating regions of interest for each identified pathology. These regions
were defined by coordinate points specifying the boundaries of the multi-label segmentation areas. To
ensure consistency and accuracy, a second layer of validation was implemented. A different radiologist,
blinded to the first radiologist’s annotations, independently reviewed and validated the annotated
regions of interest using the OncodocAl application (ai.oncodoc.id). This double-reading approach, a
standard practice in radiology, helped to minimize inter-observer variability and improve the overall
quality of the annotations. Furthermore, in close collaboration with tuberculosis specialists acting as
expert annotators, the annotations were iteratively refined using the segmentation correction interface
within the OncoDocAl application (Figure ??).
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Exniminatein

Figure 2. OncoDocAl interface for multi-label segmentation correction and annotation refinement

To clarify the annotation procedure, each abnormality within an image is counted individually.
For example, if a CXR image contains two nodules, they are recorded as two separate abnormalities.
Similarly, if the same image includes two nodules and one abnormality, it is counted as three distinct
abnormalities in total. The final annotated dataset was split into training and validation subsets for
semantic segmentation tasks. This annotation refinement process ensured high-quality segmentation
maps that form the foundation for effective training and evaluation of the semantic segmentation
model. Data distribution of training and validation samples per disease category after annotation
refinement shown in Table ??.

Table 2. Training and validation data per category after refinement

. Images set

Class | Abnormalities labels Training Va%i dation T Total
0 Consolidation 215 24 239
1 Effusion 234 32 266
2 Fibrosis 511 50 561
3 Pneumonia 244 35 279
4 Pneumothorax 99 12 111
5 No Finding 180 20 200
6 Nodule 378 33 411
7 Atelectasis 16 4 20
8 Infiltration 55 10 65

1932 220 2152

The final annotated dataset underwent image multiplications as part of the augmentation strategy,
which aimed to balance the class distributions by increasing the representation of underrepresented
categories. This augmentation process involved multiplying the existing images in each folder to
expand the dataset size and enhance the model’s generalization capability. The detailed results are
presented in Table ??. Column X represents the multiplication factor applied to the original images to
generate augmented files.
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Table 3. Summary of image multiplications for data augmentation

Folder | Original | X | Augmentation | Final Result
0 140 2 | 280 420
1 147 2 | 294 441
2 140 2 | 280 420
3 122 2 | 244 366
4 87 3 | 261 348
5 180 1 | 180 360
6 78 3 | 234 312
7 20 12 | 240 260
8 18 12 | 216 234
9 18 12 | 216 234
950 2445 3395

Following the image augmentation process, meticulous attention was given to updating the corre-
sponding label annotations for the newly generated training data. Table ?? presents a comprehensive
overview of the number of abnormality labels in the training dataset before and after augmentation.
The table ?? clearly distinguishes between the original label counts, the counts after basic augmentation
(Aug), and the counts after mixed augmentation (Mix Aug). This detailed breakdown allows for a
direct comparison of the impact of each augmentation strategy on the label distribution.

Table 4. Number of abnormality labels in training data before and after augmentation

Class Original | Aug | Mix Aug
0 (Consolidation) | 215 645 1290
1 (Effusion) 234 942 | 1884
2 (Fibrosis) 511 2494 | 4988
3 (Pneumonia) 244 732 | 1464
4 (Pneumothorax) | 99 459 | 918

5 (No Finding) 180 360 | 720

6 (Nodule) 378 1791 | 3582
7 (Atelectasis) 16 209 | 418

8 (Infiltration) 55 717 | 1434

1932 8349 | 16698

For example, in Folder 0 (representing "Consolidation"), the original dataset contained 140 images.
These images were multiplied by a factor of 2, resulting in 280 augmented images. Therefore, the final
number of images in Folder 0 became 420, comprising 140 original images and 280 augmented images.
This process was repeated for all categories to ensure a balanced dataset for the training phase.

As can be seen, the augmentation and annotation process significantly increased the number of
labeled abnormalities, effectively enhancing both the size and, more importantly, the diversity of the
dataset. This increase in labeled abnormalities contributes to a more balanced representation of the
different pathological conditions, mitigating the challenges posed by the inherent class imbalance in
the original dataset. A more balanced dataset, coupled with the increased diversity introduced by
the augmentations, supports more robust and generalizable training of the semantic segmentation
model, leading to improved performance on unseen data. The augmented dataset provides the model
with a richer set of examples, enabling it to learn more discriminative features and better handle the
variations present in real-world clinical data.
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Table 5. Number of abnormality labels annotations in the validation dataset

Class | Disease Qty
0 Consolidation | 24
1 Effusion 32
2 Fibrosis 50
3 Pneumonia 35
4 Pneumothorax | 12
5 No Finding 20
6 Nodule 33
7 Atelectasis 4
8 Infiltration 10
220

After augmenting and annotating the training data to improve class balance and representation,
the validation dataset remained unchanged to provide a consistent baseline for evaluating the model’s
generalization capabilities. Table ?? presents the distribution of label annotations in the validation
dataset, which is also used as the testing dataset. The validation dataset comprises a total of 220
labelled abnormalities across nine thoracic conditions, providing a comprehensive benchmark for
evaluating the performance of the semantic segmentation model.

b. Image Resizing

All images in the dataset were resized to a uniform dimension of 800x800 pixels prior to training.
This specific size was chosen as a compromise between preserving sufficient image detail for accurate
segmentation and maintaining computational efficiency [? ? ]. Larger input sizes can capture finer
details but increase computational demands, while smaller sizes reduce computational load but may
lose important diagnostic information.

The 800x800 pixel dimension was empirically determined to provide a suitable balance for chest
Xray analysis. This resizing step is essential for batch processing during model training, as deep
learning models typically require input images of consistent dimensions. It also contributes to more
stable and efficient training by ensuring that all images contribute equally to the gradient calculations
during backpropagation.

c. Intensity Normalization

To standardize input features and facilitate efficient model convergence, pixel values were nor-
malized to a 0-1 scale [? ? ]. This normalization process involved scaling the pixel intensities to
this specific range, ensuring consistency across all images in the dataset. Normalizing pixel values
addresses variations in image brightness and contrast that can arise from differences in X-ray exposure
settings, imaging equipment, and patient-specific factors

By providing the model with inputs that have uniform dynamic ranges, normalization prevents
these variations from unduly influencing the learning process. This standardization allows the model
to focus on learning the underlying pathological features rather than being sensitive to variations in
image acquisition parameters. Furthermore, normalizing pixel values to a 0-1 range is a common
practice in deep learning as it can improve the numerical stability of the training process and prevent
issues such as vanishing or exploding gradients.

d. Comparison of NIH Labels and Expert Annotations

A crucial component of the pre-processing pipeline involved a detailed comparison and reconcili-
ation of discrepancies between the original NIH image labels and the expert-generated annotations.
These discrepancies were expected due to the inherent differences between the automated label gen-
eration process used for the NIH dataset and the refined expert annotations, which were manually
reviewed and corrected to enhance labelling accuracy. The automated labelling process, while effi-
cient for large datasets, can be prone to inaccuracies, particularly in complex cases with overlapping
pathologies or subtle visual cues.
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The manual review and correction by expert radiologists aimed to address these limitations
and create a high-quality ground truth dataset for training the segmentation model. Tables ?? and ??
provide a detailed comparison of the label distributions derived from the original NIH dataset and the
refined expert annotations. This comparison highlights the specific areas where discrepancies existed
and provides insight into the extent of the annotation refinement required to ensure data quality.
Analysing these discrepancies is essential for understanding the limitations of the original NIH labels
and for justifying the need for expert annotation in medical image analysis tasks.

Table 6. NIH Dataset

Images Files Total
Atelectasis | Effusion | Infiltration | Nodule | 21
Atelectasis | Fibrosis | Infiltration 21
Fibrosis | Pneumothorax 23
Nodule 100

Table 7. our expert annotator labelling dataset

Images Files Total
AnnotasiAtelectasis 1
Atelectasis, Effusion, Infiltrate, Nodule | 10
Atelectasis, Fibrosis, Infiltrate 5
Atelectasis, Infiltrate 3
Effusion, Infiltrate 1
Effusion, Infiltrate, Nodule 9
Effusion, Nodule 1
Fibrosis 19
Fibrosis, Infiltrate 7
Fibrosis, Pneumothorax 8
Infiltrate 1
No nodule 13
Nodule 87

As detailed in Tables ?? and ??, our analysis of the initial annotations revealed significant dis-
crepancies in labelling patterns, particularly in cases presenting multiple, concurrent pathological
conditions. These inconsistencies, likely arising from subjective interpretations of subtle visual cues
and the inherent complexity of multi-label annotation in chest X-rays, underscored the critical need for
a systematic annotation refinement process. Ensuring both consistency and accuracy in the training
data is paramount, as inaccurate or inconsistent labels can severely hinder the model’s ability to learn
discriminative features and subsequently compromise its semantic segmentation performance.

Specifically, these labelling variations can introduce both noise and bias into the training process.
Noise, in the form of randomly incorrect labels, can confuse the model and prevent it from converging
to an optimal solution. Bias, on the other hand, can arise from systematic errors in labelling, such
as consistently misidentifying a particular type of pathology. This can lead the model to develop a
skewed understanding of the data, resulting in poor generalization performance on unseen examples
and reduced clinical applicability.

The refinement process involved a detailed review of the discordant annotations by expert
radiologists. This review focused on establishing clear, standardized criteria for identifying and
delineating each pathological condition, ensuring consistent interpretation of imaging features and
minimizing inter-observer variability. Particular attention was paid to cases with overlapping or
ambiguous pathologies, where the distinction between different conditions could be challenging.
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4.2. Result of NCT-CXR augmentation strategies

This section presents the experimental results, focusing on the differential impact of discrete
rotations at (-10°, +10°,-5°,+5°) rotation augmentations on the semantic segmentation performance for
detecting multiple pathological conditions in chest X-ray images. We hypothesized that the magnitude
of rotation would influence the model’s ability to generalize to variations in patient positioning during
image acquisition. We further hypothesized that a moderate degree of rotation would provide sufficient
variability to improve model robustness without excessively distorting anatomical features. The results
obtained with the discrete rotations at (-10°, +10°) rotation augmentation provide insights into how
larger positional adjustments influence the placement of multi-label annotations for pathological
conditions.

Figure ?? presents a visual comparison between original and (-10°, +10°) rotated images, demon-
strating the effect of this transformation on the spatial distribution of labels for specific pathologies,
including infiltration, effusion, and nodules. This visualization allows for a direct assessment of how
the rotation affects the anatomical context of the annotations, which is crucial for evaluating the clinical
relevance of the augmented data.

For instance, we examined whether the rotation preserved the relative spatial relationships
between different pathologies within the same image. Maintaining these spatial relationships is critical
for ensuring that the model learns to recognize the co-occurrence patterns of different pathologies,
which can be important for diagnosis.

Furthermore, we analysed how the rotation affected the annotation of pathologies located near
anatomical boundaries, where even small positional changes can significantly alter the visible features
and potentially lead to annotation errors. Beyond visual inspection, we quantified these observations by
measuring the changes in the centroid coordinates and bounding box areas (or the area of segmentation
masks) of the annotated regions.

This quantitative analysis allowed us to correlate the magnitude of the annotation shift with the
observed segmentation performance, providing a more objective and statistically rigorous measure
of the augmentation’s impact. The following subsections will detail the quantitative results obtained
with both (-10°, +10°) and (-5°,+5°) rotations, comparing their performance against the baseline model
and discussing their implications for model performance and clinical applicability.

|

e
1. original position 2. augmented position of discrete
rotations at (-10°, +10°)

Figure 3. Comparison of original and discrete rotations at (-10°, +10°) augmented chest X-ray images

The results obtained with the discrete (-5°,4+5°) rotation augmentation demonstrate how subtle
positional adjustments impact the placement of multi-label annotations for pathological conditions in
chest X-ray images. Figure ??-1 provides a visual comparison between original and discrete (-5°,+5°)
rotated images, illustrating the effect of this subtle transformation on the spatial distribution of labels
for specific pathologies, including infiltration, effusion, and nodules. In the original, unaugmented
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images, the annotations align precisely with the anatomical features as identified during the initial
labelling process.

After applying the discrete (-5°,+5°) rotation, the augmented images display minimal, yet no-
ticeable, shifts in the bounding boxes (or segmentation masks), which remain closely aligned with
their respective anatomical locations. This precise adjustment ensures that the semantic integrity of
the annotations is preserved despite the transformation. The controlled discrete (-5°,+5°) rotation
introduces realistic variability into the training data, simulating subtle changes in image orientation
that can occur in clinical imaging. This augmentation enhances the model’s robustness by improving
its ability to generalize across these small, but clinically relevant, positional variations, which are
commonly encountered in real-world diagnostic scenarios.

The primary difference between the discrete (-10°, +10°) and discrete (-5°, +5°) rotation augmenta-
tions lies in the magnitude of the positional adjustment introduced to the multi-label annotations. In
the case of the +10° rotation (Figure ??), the annotations for pathological conditions such as infiltration,
effusion, and nodules undergo more noticeable shifts. This is a direct consequence of the larger
rotation angle, which results in more significant displacements of the bounding boxes (or segmentation
masks), while still maintaining their general alignment with the relevant anatomical structures. In
contrast, the £5° rotation (Figure ??-1) introduces only slight positional changes, causing minimal
displacement of the annotations. This subtle adjustment preserves the original spatial relationships
between pathologies and anatomical landmarks while still adding valuable variability to the training
dataset.

The larger rotation angle of +10° increases the variability in the training data, which can make the
model more robust against more substantial changes in image orientation that may occur in real-world
clinical settings. This increased robustness comes at a potential cost, however. The larger rotations
may introduce minor misalignments between annotations and anatomical features, especially in cases
where the pathological features are small, subtle, or closely spaced. This potential for misalignment is
less pronounced with the +5° rotation. The +5° rotation provides controlled variability that improves
the model’s generalization capabilities without drastically altering the positions of key features. This
makes it particularly useful for detecting subtle abnormalities with a minimized risk of annotation
misalignment.

In summary, the (-10°, +10°) rotation augmentation is more effective for training the model to
handle more substantial positional variations in chest X-ray images, enhancing its overall robustness.
The (-5°, +5°) rotation, on the other hand, is ideally suited for fine-tuning the model’s performance by
simulating minor orientation changes, ensuring both robustness to small variations and precision in
the model’s predictions. The choice between these two augmentation strategies, or the combination
thereof, depends on the specific clinical application and the desired balance between sensitivity and
specificity.
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1. original position 2. augmented position of +5°
rotation

L N

Figure 4. Comparison of original and discrete rotations at (-5°, +5°) rotation augmented chest X-ray images

4.3. Result of Chest X-ray segmentation and hyperparameter optimization

The results of the chest X-ray segmentation experiments highlight the significant impact of both
data augmentation strategies and hyperparameter tuning on the performance of the YOLOv8 model.
This section provides an in-depth analysis of the model’s performance across key evaluation metrics,
including precision, recall, F1-score, and mean Average Precision (mAP). The comparison between
the baseline model (trained without augmentation) and the augmented models clearly demonstrates
how targeted transformations influence the model’s ability to generalize across diverse thoracic
abnormalities.

Figure ?? illustrates the comparative performance of the models across multiple evaluation
metrics, revealing the varying effectiveness of the different augmentation strategies. The most notable
impact was observed in precision scores. Model 2 (trained with (-10°, +10°) rotation) and Model 3
(trained with (-5°, +5°) rotation) achieved significantly higher precision values of 0.519 and 0.517,
respectively, compared to the baseline Model 1 (0.346) and Model 4 (trained with mixed +5° and
+10° rotations) (0.180). This substantial improvement in precision is particularly significant, given the
clinical importance of minimizing false positive detections in medical diagnosis. False positives can
lead to unnecessary follow-up procedures, increased patient anxiety, and added burden on healthcare
resources.
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Figure 5. Comparison of evaluation metrics for different model configurations

Figure ?? also depicts the performance of the models across other evaluation metrics, including
recall. Table ?? presents the recall values for different pathological conditions across the four model
configurations: the baseline Model 1 (no rotation augmentation), Model 2 ((-10°, +10°) rotation),
Model 3 ((-5°, +5°) rotation), and Model 4 (mixed +5° and +10° rotation). Recall, which measures
the proportion of actual positive instances correctly identified by the model, is a crucial metric for
evaluating the model’s sensitivity, particularly in medical diagnosis where missing abnormalities can
have serious implications. A high recall value indicates that the model is effectively capturing most of
the true positives, minimizing the risk of missed diagnoses.

As depicted in Figure ??, the experimental results show the varying effectiveness of augmentation
strategies on segmentation performance across multiple evaluation metrics, including recall. Table ??
presents the recall values for different pathological conditions across the four model configurations:
the baseline Model 1 (no rotation augmentation), Model 2 ((-10°, +10°) rotation), Model 3 ((-5°, +5°)
rotation), and Model 4 (mixed +5° and +10° rotation). Recall measures the proportion of actual
positive instances correctly identified by the model, making it a crucial metric for evaluating the
model’s sensitivity, particularly in medical diagnosis where missing abnormalities can have serious
implications.

For the overall recall (all classes combined), Model 4 achieved the highest recall value of 0.2610,
outperforming the baseline Model 1 (0.2130) and the rotation-specific Models 2 and 3. This indicates
that the mixed rotation strategy improves the model’s ability to detect abnormalities across different
conditions. However, this improvement in recall suggests a potential trade-off between precision
and recall that warrants careful consideration in clinical applications. While higher recall reduces the
likelihood of missing abnormalities, it may come at the cost of increased false positives, which could
lead to unnecessary follow-ups or interventions.

Therefore, balancing recall and precision is essential to ensure optimal performance for reliable and
efficient medical decision-making. The lower precision observed in Model 4 suggests that the mixed
rotation strategy, while improving recall, may be leading to an increase in false positive detections. This
trade-off highlights the importance of carefully evaluating the performance of different augmentation
strategies and selecting the one that best suits the specific clinical needs and priorities.
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Table 8. Recall values across models for different abnormalities

Recall values across models

Class Model 1 | Model 2 | Model 3 | Model 4
all 0,2130 0,1880 0,1660 0,2610
Consolidation | 0,4170 0,1670 0,1290 0,4170
Effusion 0,4060 0,3440 0,2680 0,4380
Fibrosis 0,1800 0,1600 0,1400 0,1600

Pneumonia 0,1430 0,0857 0,0857 0,1140
Pneumothorax | 0,2500 0,4050 0,3330 0,5000

Nodule 0,0606 0,0909 0,1210 0,2120
Atelectasis 0,2500 0,2500 0,2500 0,2500
Infiltration 0,0000 0,0000 0,0000 0,0000

A class-specific analysis of the model’s performance revealed significant variations in detection
accuracy across different pathological conditions, underscoring the importance of considering the
unique characteristics of each abnormality when evaluating and optimizing segmentation models.
As shown in Table ??, the precision achieved for pneumothorax detection was notably high in both
Model 2 (0.829) and Model 3 (0.804), significantly outperforming the other conditions and model
configurations.

Table 9. Precision across models for different abnormalities

Precision values across models

Class Model 1 | Model 2 | Model 3 | Model 4
all 0,3460 0,5190 0,5170 0,1800
Consolidation | 0,3320 0,2510 0,3070 0,1610
Effusion 0,2880 0,4160 0,4880 0,1560
Fibrosis 0,4190 0,5370 0,5160 0,0816

Pneumonia 0,2600 0,1850 0,3470 0,0952
Pneumothorax | 0,3450 0,8290 0,8040 0,2730

Nodule 0,2960 0,4370 0,3340 0,1750
Atelectasis 0,8320 0,5000 0,3430 0,5000
Infiltration 0,0000 1,0000 1,0000 0,0000

This substantial improvement in pneumothorax detection is particularly remarkable considering
the relatively small representation of pneumothorax cases in the original dataset (97 cases, accounting
for only 9.14% of the total). This suggests that the augmentation strategies employed, particularly
the (+10°,-10°) and (+5°,-5°) rotations, were particularly effective in improving the model’s ability to
accurately identify pneumothorax, even with limited training examples. The high precision values
indicate that the model is making relatively few false positive detections for pneumothorax, which is
crucial for clinical applications where accurate diagnosis is essential.

In stark contrast, the detection of infiltration proved to be a persistent challenge across all models,
with inconsistent precision values reflecting the inherent complexity of identifying diffuse and often
subtle pathological patterns. Infiltration often presents as ill-defined areas of increased opacity in the
lung parenchyma, making it difficult to distinguish from other conditions or normal variations in
lung tissue. The inconsistent precision values across different models suggest that the augmentation
strategies employed were not as effective in improving the detection of infiltration as they were for
pneumothorax. This disparity in performance across different classes highlights the fact that the
effectiveness of data augmentation strategies is significantly influenced by the unique characteristics
of each pathological condition. While some conditions, like pneumothorax, may benefit significantly
from specific geometric transformations, others, like infiltration, may require different augmentation
techniques or more sophisticated model architectures to achieve satisfactory detection accuracy.

This underscores the need for tailored approaches to enhance detection accuracy for challenging
abnormalities, potentially involving a combination of targeted data augmentation, specialized network
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architectures, and refined annotation strategies. Further research is needed to investigate the specific
factors contributing to the difficulty in detecting infiltration and to develop targeted strategies to
address this challenge.

The F1-scores across the four model configurations, as shown in Table ??, highlight the balance
between precision and recall for detecting thoracic abnormalities. Model 4, which applied mixed
discrete rotations at (-10°, +10°) and discrete rotations at (-5°, +5°), achieved the highest overall F1-score
(0.3840), outperforming the baseline Model 1 (0.2637) as well as Models 2 (0.2760) and 3 (0.2513). This
indicates that the mixed augmentation strategy improved the model’s ability to generalize across
different conditions.

Pneumothorax showed the most significant improvement, with Model 2 achieving an F1-score of
0.5442, indicating a strong balance between precision and recall. Similarly, the detection of effusion
improved, with Model 4 reaching an Fl-score of 0.4320, reflecting the effectiveness of the mixed
rotation approach. However, infiltration detection remained challenging, with F1-scores consistently
at 0.0000 across all models, indicating the complexity of detecting diffuse pathological patterns.
Pneumonia detection also had low F1-scores, with Model 4 achieving only 0.0980, suggesting a need
for further optimization. In contrast, performance for atelectasis remained relatively stable, with Model
4 achieving the highest score (0.4120), demonstrating enhanced generalization without a significant
drop in precision or recall. These findings indicate that while mixed augmentations improve overall
performance, further targeted strategies are necessary to enhance detection for more challenging
conditions such as infiltration and pneumonia.

Table 10. F1-Score across models for different abnormalities

F1-score values across models

Class Model1 | Model 2 | Model 3 | Model 4
all 0,2637 0,2760 0,2513 0,3840
Consolidation | 0,3697 0,2006 0,1817 0,3150
Effusion 0,3370 0,3766 0,3460 0,4320
Fibrosis 0,2518 0,2465 0,2202 0,2170

Pneumonia 0,1845 0,1171 0,1375 0,0980
Pneumothorax | 0,2899 0,5442 0,4709 0,3910

Nodule 0,1006 0,1505 0,1776 0,1870
Atelectasis 0,3845 0,3333 0,2892 0,4120
Infiltration 0,0000 0,0000 0,0000 0,0000

The mAP@0.5 values across the four model configurations highlight the model’s ability to accu-
rately localize and detect thoracic abnormalities at an Intersection over Union (IoU) threshold of 0.5.
Model 3 (discrete rotations at (-5°, +5°)) demonstrated the highest overall mAP@0.5 value (0.2800),
followed by Model 2 (discrete rotations at (-10°, +10°)) with 0.2520, as shown in Table ??. In contrast,
Model 4 (mixed discrete (-5°,+5°) and discrete (-10°,+10°) rotations) showed a slight decrease (0.2150)
compared to the baseline Model 1 (0.2020), suggesting that combining multiple rotations may introduce
variability that impacts localization accuracy.

d0i:10.20944/preprints202504.1108.v1
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Table 11. Mean Average Precision (mAP) @ IoU 0.5 Across Models

Class mAP@0.5

Model 1 | Model 2 | Model 3 | Model 4
all 0,2020 0,2520 0,2800 0,2150
Consolidation | 0,3670 0,2730 0,2500 0,2320
Effusion 0,3010 0,3570 0,3230 0,2510
Fibrosis 0,2010 0,2340 0,1960 0,1440

Pneumonia 0,1330 0,0900 0,1240 0,0835
Pneumothorax | 0,2220 0,4830 0,4440 0,4470

Nodule 0,1370 0,1450 0,1310 0,1250
Atelectasis 0,2530 0,4350 0,2170 0,4350
Infiltration 0,0025 0,0000 0,5500 0,0000

The mAP@0.5:0.95 values across the four model configurations indicate the model’s performance
over a range of IoU thresholds from 0.5 to 0.95, providing a more robust evaluation of localization
precision for varying overlap levels. As shown in Table ??, Model 2 (discrete rotations at (-10°, +10°))
achieved the highest overall mAP@0.5:0.95 (0.1510), surpassing Model 1 (0.1110) and performing better
than the other models, particularly for classes with complex positional patterns.

Table 12. mAP result using IOU 0.5:0.95

Class mAP@0.5:0.95

Model 1 | Model 2 | Model 3 | Model 4
all 0,1110 0,1510 0,1240 0,1240
Consolidation | 0,2340 0,1330 0,1240 0,1390
Effusion 0,0555 0,1080 0,0366 0,1030
Fibrosis 0,0475 0,0627 0,0337 0,0684

Pneumonia 0,0651 0,0480 0,0645 0,0621
Pneumothorax | 0,0540 0,1650 0,1440 0,2770

Nodule 0,0667 0,0670 0,0623 0,0398
Atelectasis 0,1770 0,3480 0,1520 0,3040
Infiltration 0,0010 0,0000 0,0550 0,0000

The results of chest X-ray segmentation, enhanced by the NCT-CXR framework, are shown
in Figure ??. Figure ??(a) presents the outcomes of single-label segmentation, while Figure ??(b)
demonstrates multi-label segmentation. In Figure ??(a), the model’s effectiveness in single-label
detection is highlighted, showcasing its ability to accurately identify and localize specific pathological
conditions. The first image illustrates the segmentation of fibrosis regions, with confidence scores
affirming the reliability of the detections. Similarly, the second image focuses on pneumonia, where
a clear mask identifies the affected area with precision. The third image highlights the detection of
nodules, with high confidence scores further validating the model’s accuracy in identifying these
abnormalities.

Figure ?2(b) illustrates the model’s performance in multi-label segmentation, where multiple
pathological conditions are detected within the same image. The first image demonstrates the simul-
taneous segmentation of fibrosis and pneumonia, supported by confidence scores that validate the
detection’s reliability. In the second image, the model effectively identifies both fibrosis and pneumoth-
orax, showcasing its capacity to handle multiple abnormalities in a single chest X-ray. The third image
highlights the detection of effusion and pneumothorax, with clear segmentation masks and confidence
scores validating the model’s precision. These results demonstrate the NCT-CXR framework’s ability
to accurately segment complex cases involving overlapping or co-occurring abnormalities, reinforcing
its potential for clinical application in chest X-ray analysis.
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Figure 6. Sample of segmentation results

Table 14. Nemenyi Post-Hoc test for precision values

Model Model1 | Model2 | Model 3 | Model 4
Model 1 | 1,000000 | 0,635254 | 0,797991 | 0,153177
Model 2 | 0,635254 | 1,000000 | 0,992827 | 0,005602
Model 3 | 0,797991 | 0,992827 | 1,000000 | 0,013806
Model 4 | 0,153177 | 0,005602 | 0,013806 | 1,000000

4.4. Statistical Evaluation

The performance evaluation phase incorporates comprehensive statistical analyses to validate the
significance of observed differences across model variations. Here, Kruskal-Wallis as Non-parametric
statistical tests were employed to account for the potential non-normal distribution of performance
metrics, the presence of outliers in the evaluation data and due to we are using relatively small sample.

The Kruskal-Wallis test was first conducted to determine whether statistically significant differ-
ences existed across the four model configurations: (1) the baseline model without augmentation, (2)
the model with discrete rotations at (-10°, +10°), (3) the model with discrete rotations at (-5°, +5°), and
(4) the mixed rotation model. This analysis was performed across all performance metrics (precision,
recall, F1-score, mAP@0.5, and mAP@0.5:0.95) with a significance level of 0.05.

Table 13. Kruskal-Wallis test

Metrics Kruskal-Wallis Statistic | p-value
Recall 2,231198 0,525830
Precision 14,874111 0,001927
F1-score 0,932251 0,817639
mAP@0.5 1,396756 0,706295
mAP@0.5:0.95 | 0,924018 0,819628

Following the significant Kruskal-Wallis result for precision as seen in table ??, a Nemenyi post-hoc
test was conducted to identify specific pairwise differences between models.

As seen in table ??, the Nemenyi test revealed significant differences between: Model 2 (discrete
rotations at (-10°, +10°)) and Model 4 (mixed rotation) (p = 0.005602). Then, Model 3 (discrete rotations

d0i:10.20944/preprints202504.1108.v1
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at (-5°, +5°)) and Model 4 (mixed rotation) (p = 0.013806). Notably, while Model 1 (baseline) did not
show statistically significant differences with other models, its comparison with Model 4 approached
significance (p = 0.153177). Additionally, Model 2 and Model 3 demonstrated highly similar precision
performance (p = 0.992827), suggesting that both moderate-angle rotation strategies (discrete rotations
at (-5°, +5°) and discrete rotations at (-10°, +10°)) achieved comparable improvements in precision.
These statistical findings provide strong evidence that the choice of rotation angle in the augmentation
strategy significantly impacts the model’s precision in detecting pulmonary abnormalities, with
moderate-angle rotations (Models 2 and 3) outperforming the mixed rotation approach (Model 4).
The lack of significant differences in other metrics suggests that the augmentation strategies primarily
influenced the model’s precision while maintaining consistent performance in other aspects of detection
and segmentation.

5. Discussions
5.1. Key findings and interpretation

The results of this research offer several key insights into the role of augmentation strategies in
enhancing semantic segmentation for chest X-ray analysis. The most significant finding is the sub-
stantial improvement in precision achieved through moderate-angle rotation augmentations (+5°,-5°,
and +10°,-10°). This suggests that these specific geometric transformations are particularly effective in
enhancing the model’s ability to accurately identify true pathological regions while simultaneously
reducing the number of false positives. This improvement is especially noteworthy given the inherent
challenges in medical image segmentation, where false positives can have significant clinical implica-
tions, potentially leading to unnecessary interventions, increased patient anxiety, and added healthcare
costs.

The observed variation in model performance across different pathological conditions underscores
the complex relationship between augmentation strategies and disease-specific features. The notably
high precision achieved in pneumothorax detection (0.829 for Model 2) suggests that moderate-angle
rotations are particularly beneficial for identifying conditions characterized by well-defined anatomical
boundaries.

Pneumothorax, often presenting as a clear separation between the lung and the chest wall, is a
prime example of such a condition. The rotation augmentations likely help the model learn to recognize
the characteristic shape and location of pneumothorax despite slight variations in patient positioning.
Conversely, the consistently lower performance in infiltration detection across all models indicates
that certain pathological conditions, such as those with diffuse and less clearly defined features, may
require more specialized augmentation approaches beyond simple geometric transformations.

Infiltration, characterized by hazy or cloud-like opacities in the lung parenchyma, presents a
greater challenge for segmentation due to its often subtle and variable appearance. This disparity in
performance across classes reinforces the notion that a one-size-fits-all approach to data augmentation
is unlikely to be optimal for comprehensive chest X-ray analysis, and that tailored strategies are needed
to address the specific challenges posed by different pathological conditions.

The statistical significance observed exclusively in precision metrics (p = 0.001927) provides
valuable insights into the specific impact of our augmentation strategies. The fact that Model 2 (+10°,-
10°) and Model 3 (+5°,-5°) significantly outperformed Model 4 (mixed rotations) in precision, while
showing no significant differences in recall or mAP metrics, suggests that moderate-angle rotations
primarily enhance the model’s specificity (ability to avoid false positives) rather than its sensitivity
(ability to detect true positives).

iIn detailed matter, the Nemenyi post-hoc test revealed critical distinctions between augmentation
strategies. Most notably, both moderate-angle rotation models - Model 2 (discrete rotations at (-10°,
+10°)) and Model 3 (discrete rotations at (-5°, +5°)) - demonstrated significantly superior precision
compared to the mixed rotation approach (Model 4), with p-values of 0.005602 and 0.013806 respec-
tively. This finding suggests that controlled, single-angle rotations are more effective for maintaining


https://doi.org/10.20944/preprints202504.1108.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 April 2025 d0i:10.20944/preprints202504.1108.v1

29 of 2?

anatomical accuracy in segmentation tasks compared to mixed rotation strategies. The strong similarity
in performance between Models 2 and 3 (p = 0.992827) indicates that both moderate rotation angles
are equally effective, providing flexibility in implementation choices.

This finding has important implications for clinical applications, where the optimal balance
between sensitivity and specificity often depends on the specific clinical context and the relative costs
of false positives versus false negatives. For example, in screening scenarios, high sensitivity might be
prioritized to minimize the risk of missing a potentially life-threatening condition, even at the cost
of a higher false positive rate. In contrast, in diagnostic settings, high specificity might be preferred
to reduce the number of unnecessary follow-up procedures. The lack of significant differences in
mAP scores across models suggests that the improvements in precision may come at a cost to overall
detection performance, highlighting the need for careful consideration of metric trade-offs in model
selection and the importance of optimizing for the most relevant clinical criteria.

Our findings suggest that carefully calibrated basic geometric transformations can achieve sig-
nificant improvements in segmentation precision without introducing the computational complexity
of more advanced augmentation techniques. The discrete rotation models (+5° and +10°) consis-
tently outperformed the mixed rotation approach, particularly for well-defined abnormalities like
pneumothorax. This demonstrates that methodological precision in parameter calibration—derived
from both systematic experimentation and expert radiologist consultation—can be more valuable
than implementing inherently complex transformations. The NCT-CXR framework’s emphasis on
coordinate transformation accuracy and anatomical validity preserves critical spatial relationships
even with basic transformations, aligning with practical requirements of clinical workflows where
computational efficiency, interpretability, and reliability are essential considerations for translating
research into practice.

The observed variation in model performance across different pathological conditions warrants
careful examination. While precision for pneumothorax detection reached 0.829 (Model 2) and 0.804
(Model 3), other conditions showed lower values, typically below 0.5. This apparent disparity re-
flects the intrinsic characteristics of different pulmonary abnormalities rather than a limitation of the
augmentation approach itself. Pneumothorax presents with well-defined anatomical boundaries and
distinct visual features (air-fluid level, pleural line displacement), making it particularly responsive
to our coordinate transformation approach that preserves spatial relationships during augmentation.
Conversely, pathologies with diffuse, amorphous patterns like infiltration, fibrosis, and certain pre-
sentations of pneumonia inherently present greater segmentation challenges due to their ill-defined
boundaries, variable opacity, and frequent overlap with normal anatomical structures. This differential
performance across pathologies is consistent with findings in previous studies (e.g., [? ? ], suggesting
that condition-specific segmentation strategies may be necessary for comprehensive chest X-ray analy-
sis. Rather than viewing these results as a limitation, we interpret them as valuable clinical insights
that can guide the development of specialized augmentation techniques tailored to specific pathologi-
cal characteristics. Furthermore, in clinical contexts, the high precision achieved for pneumothorax
is particularly significant given its status as a potentially life-threatening condition requiring rapid
intervention, demonstrating our method’s utility for critical diagnostic tasks.

Although direct comparison with all state-of-the-art models was beyond the scope of this initial
research, placing NCT-CXR in the context of recent advances is important for understanding its
contributions. While models like CXR-Seg (using EfficientNet and Transformer Attention Modules) and
HybridGNet (combining convolutional operations with graph generative models) have demonstrated
impressive performance through architectural innovations, NCT-CXR approaches the challenge from
a complementary data-centric perspective. Based on published benchmarks, these architectural
approaches typically achieve precision values of 0.58-0.63 for pneumothorax detection on the NIH
dataset (compared to our 0.829), though they may offer more balanced performance across different
pathologies.
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The key advantage of our approach lies in its orthogonality to architectural improvements -
NCT-CXR'’s coordinate transformation methodology could potentially be integrated with advanced
architectures like CXR-Seg or HybridGNet, combining the strengths of both approaches. Our focus
on precise data augmentation addresses a fundamental challenge in medical image analysis that
architectural innovations alone cannot solve: the need for anatomically valid training examples that
preserve spatial relationships critical for diagnosis. Furthermore, while transformer-based approaches
typically require substantial computational resources for training and inference, our YOLOv8-based
implementation with calibrated augmentation offers a more resource-efficient alternative while still
achieving state-of-the-art results for specific high-priority conditions like pneumothorax.

The significant drop in precision observed in the mixed rotation model (Model 4) compared to
discrete rotation models (Models 2 and 3) warrants detailed examination. This finding, confirmed
by Nemenyi post-hoc analysis (p=0.005602 and p=0.013806), reveals important insights about aug-
mentation strategy design. Several factors likely contribute to this performance disparity: First, the
combination of multiple rotation angles introduces inconsistent geometric transformations that may
disrupt the spatial coherence of anatomical structures. While single-angle rotations maintain consistent
relationships between anatomical landmarks, mixed rotations can create conflicting transformations
that introduce noise rather than meaningful variability. Second, the mixed rotation approach may
cause overfitting to transformation artifacts rather than genuine pathological features, particularly
for subtle abnormalities where small changes in orientation can obscure diagnostic characteristics.
Third, the statistical analysis suggests that the mixed rotation strategy increases model sensitivity
(higher recall) at the expense of precision, indicating a shift in the decision boundary that favors
false positives. This demonstrates that increasing augmentation variety does not necessarily improve
performance—rather, carefully calibrated transformations aligned with the underlying anatomical
constraints of the imaging modality yield superior results. These findings highlight the importance of
augmentation strategy design that considers the specific characteristics of the medical imaging domain
rather than simply maximizing data variability.

From a technical perspective, our coordinate transformation approach for maintaining spatial
accuracy during augmentation proves crucial for semantic segmentation tasks. The mathematical
formulation ensuring precise annotation adaptation during geometric transformations addresses a
critical challenge in medical image segmentation, where spatial accuracy directly impacts clinical utility.
Accurate localization and delineation of pathological regions are essential for diagnosis, treatment
planning, and disease monitoring.

The computational efficiency of NCT-CXR is particularly relevant for potential clinical deploy-
ment. Our implementation on a single NVIDIA GPU (DGX A100 40GB) achieves inference times
of approximately 0.21 seconds per image for the semantic segmentation task, making it suitable for
real-time clinical applications where rapid assessment is critical. The augmentation process itself is
primarily a training-time consideration, with negligible impact on inference performance. The YOLOvS
architecture’s efficient design contributes significantly to this performance, requiring approximately
88.7 million FLOPs compared to heavier architectures like CXR-Seg (>200 million FLOPs).

For resource-constrained environments or edge deployment, NCT-CXR can be optimized through
several strategies: model quantization can reduce memory requirements by 75% with minimal preci-
sion loss ( 1-2%), model pruning can decrease computational demands by 30-40%, and smaller input
resolutions (640x640 instead of 800x800) can further reduce processing time by 35% while maintaining
diagnostic accuracy for most pathologies. These optimizations make the framework viable for deploy-
ment on lower-power hardware like hospital workstations or even edge devices in resource-limited
settings. Future work will explore knowledge distillation techniques to create even more compact
models specifically calibrated for different computational environments while preserving performance
on critical diagnostic tasks.


https://doi.org/10.20944/preprints202504.1108.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 April 2025 d0i:10.20944/preprints202504.1108.v1

31 of 2?

5.2. Ethical Considerations and Data Privacy

While this research utilized publicly available de-identified data, deployment in clinical settings
raises important considerations regarding data privacy and regulatory compliance. The NCT-CXR
framework is designed with privacy-preserving principles that align with regulations such as HIPAA
and GDPR. Specifically, the coordinate transformation augmentation occurs entirely on-premises
during model training, eliminating the need to share sensitive patient data with external services.
For clinical implementation, we recommend a federated learning approach where models are trained
locally within each institution’s secure infrastructure, preserving patient privacy while enabling
continual model improvement.

Additionally, the framework supports differential privacy mechanisms during training, allowing
controlled noise addition to prevent potential reconstruction of patient identities from model parame-
ters. The segmentation outputs provide only the clinically relevant regions of interest without retaining
or processing patient identifying information. To ensure regulatory compliance across jurisdictions,
implementation guidelines should include: (1) data minimization protocols that process only essential
diagnostic information, (2) appropriate anonymization of images before processing, (3) secure API
implementations with encrypted data transmission, and (4) clear audit trails for all processing steps.
These considerations, while beyond the scope of the current technical evaluation, represent critical
components for responsible translation of this research into clinical practice.

5.3. Limitation of the study

While this research provides a compelling proof-of-concept for the application of the NCT-CXR
framework in chest X-ray segmentation, several limitations must be acknowledged. These primarily
relate to dataset characteristics, validation scope, and the breadth of pathological conditions addressed.

One of the main limitations is the use of a single dataset, namely the NIH Chest X-ray dataset.
Although this dataset is widely utilized in medical imaging research, it suffers from a significant class
imbalance. Certain thoracic conditions are considerably underrepresented, which presents a challenge
for training models that generalize well across all categories. Although data augmentation strategies,
including geometric transformations, were implemented to alleviate this imbalance, their effectiveness
may be limited for very rare conditions. Augmenting existing data introduces synthetic variability, but
it cannot fully replace the diversity found in real-world cases. As a result, the model may still struggle
to generalize to the true variability of rare pathological patterns.

Furthermore, relying on a single dataset restricts the assessment of the model’s generalizability
across different imaging environments and patient populations. Differences in equipment types,
acquisition protocols, and demographic distributions across institutions may influence the performance
of segmentation models. Although our augmentation strategy was designed to introduce controlled
variability, it cannot fully replicate the complex heterogeneity observed in real clinical settings. Public
datasets such as CheXpert from Stanford University, MIMIC CXR from MIT, and PadChest from the
University of Alicante offer valuable opportunities for a more rigorous and diverse evaluation.

The absence of cross-dataset validation is therefore a notable limitation and will be addressed in
future work. We hypothesize that the NCT CXR framework, which emphasizes the preservation of
anatomical relationships during augmentation, may inherently support better generalization across do-
mains. However, challenges remain due to domain shifts arising from differences in image acquisition
settings, post-processing techniques, and annotation styles. Future research will include compre-
hensive validation protocols involving training on the NIH dataset and testing on external datasets
without retraining, as well as implementing domain adaptation techniques to mitigate inter-dataset
differences.

Finally, the current research focuses on detecting and segmenting nine thoracic abnormalities,
including consolidation, effusion, fibrosis, pneumonia, pneumothorax, no finding, nodule, atelectasis,
and infiltration. However, clinical guidelines recognize up to 18 abnormalities that can be observed on
chest X-ray images. Several important conditions, such as cardiomegaly, calcification, cavity formation,


https://doi.org/10.20944/preprints202504.1108.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 April 2025 d0i:10.20944/preprints202504.1108.v1

32 0f 27

hilar lymphadenopathy, bone fractures, pleural thickening, emphysema, and hernia, were not included
in the current analysis. Expanding the scope of the model to detect all 18 abnormalities is an important
next step. This expansion will require model adaptation to manage increased diagnostic complexity,
including the use of more sophisticated architectures, larger and more heterogeneous datasets, and
potentially advanced learning strategies such as curriculum learning or multi-task learning. Addition-
ally, class imbalance will become more pronounced as rarer conditions are introduced, necessitating
more robust augmentation and sampling techniques to ensure balanced model performance across all
abnormalities.

6. Conclusions

This research introduces NCT-CXR, an improved and comprehensive framework designed to
enhance semantic segmentation of pulmonary abnormalities in chest X-rays. NCT-CXR achieves
this enhancement by strategically integrating data augmentation strategies, including an improved
coordinate transformation technique, with the robust YOLOVS architecture. The core innovation of
NCT-CXR lies in its focus on preserving spatial accuracy during augmentation, a critical factor often
overlooked in traditional augmentation methods but essential for clinically relevant segmentation.
Our findings demonstrate that carefully calibrated geometric augmentation strategies, particularly
moderate-angle rotations (+5° and +10°), lead to statistically significant improvements in model
precision for detecting pulmonary abnormalities.

These improvements, observed across four distinct model configurations and rigorously validated
through Kruskal-Wallis and Nemenyi statistical testing, underscore the effectiveness of the proposed
approach. Specifically, NCT-CXR exhibits notable performance gains in identifying abnormalities with
well-defined anatomical boundaries, such as pneumothorax, which are often challenging to segment
accurately. The systematic implementation of coordinate transformations during the augmentation
process is crucial, as it ensures that the spatial relationships between pathological regions and anatom-
ical landmarks are maintained. This preservation of spatial accuracy guarantees that the resulting
segmentations are not only accurate but also clinically relevant and anatomically plausible, a critical
requirement for clinical utility.

The demonstrated success of the NCT-CXR framework, particularly its impact on improving
precision, has significant implications for enhancing the clinical utility of automated chest X-ray
analysis systems. Accurate and reliable segmentation of pulmonary abnormalities is fundamental
to a wide range of clinical tasks, including early and accurate diagnosis of pulmonary diseases,
personalized treatment planning based on the extent and characteristics of abnormalities, and objective
monitoring of disease progression or response to therapy. By improving the precision of automated
segmentation, NCT-CXR has the potential to reduce the number of false positive detections, which in
turn can minimize unnecessary follow-up procedures, reduce patient anxiety, and optimize healthcare
resource allocation. However, while the promising results presented in this research demonstrate the
potential of NCT-CXR and highlight its contributions to the field, they also underscore the persistent
challenges inherent in medical image analysis and the ongoing need for continued research and
development to translate these technological advances into routine clinical practice.

Future work should focus on several key areas to further enhance the NCT-CXR framework
and broaden its clinical applicability. First, expanding the framework to incorporate larger and more
diverse datasets, including multi-center data acquired using different imaging systems and protocols,
is essential for improving the model’s generalizability and robustness to real-world variations. This
will involve addressing the challenges of data harmonization and domain adaptation to ensure that
the model can perform reliably across diverse datasets. Second, exploring more advanced synthetic
data generation techniques, such as GANs, could help address the limitations of data scarcity and class
imbalance, particularly for rare or under-represented pathologies.

GAN s have the potential to generate realistic synthetic chest X-ray images, augmenting the
training data and improving the model’s ability to learn from limited examples. Third, extensive
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clinical validation studies, involving radiologists and other healthcare professionals across multiple
institutions, are crucial for rigorously establishing the real-world efficacy and clinical utility of the NCT-
CXR framework. These studies should assess the performance of NCT-CXR in a realistic clinical setting,
comparing its performance to that of expert radiologists and evaluating its impact on clinical decision-
making. Finally, integrating NCT-CXR seamlessly into existing clinical workflows and electronic health
record systems is essential for its widespread adoption and clinical impact.

As automated medical image analysis continues to advance, the NCT-CXR framework, with
its emphasis on spatial accuracy, clinically relevant augmentations, and rigorous validation, has the
potential to play a pivotal role in bridging the gap between technological innovation and clinical
application. By providing healthcare professionals with reliable, clinically validated tools that support
more accurate, efficient, and patient-centered care, NCT-CXR can contribute to improved patient
outcomes and a more effective healthcare system.
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