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Abstract
Bone fractures are among the most common musculoskeletal injuries and require accurate and

timely diagnosis for effective patient management. Recently, deep learning techniques have shown
strong potential in computer-aided diagnosis systems for medical image analysis. However, devel-
oping reliable fracture detection models remains challenging due to the limited availability of well-
annotated and clinically representative datasets.

This study proposes a deep learning-based framework for automated fracture analysis using X-ray
images. A locally collected dataset from a regional hospital was curated and organized to support both
classification and localization tasks. The dataset includes image-level diagnostic labels and detailed
fracture localization annotations, along with relevant clinical information to enhance its practical
medical value.

The proposed approach follows a multi-stage pipeline. For fracture classification, transfer learning
with DenseNet architectures was explored, including intermediate pretraining on the MURA dataset
to improve domain adaptation. For fracture localization and segmentation, a YOLOv11 Nano Seg-
mentation model was employed.

Experimental results show that leveraging domain-related medical pretraining improves classifi-
cation performance and feature representation. In addition, the YOLOv11 Nano model successfully
localizes fracture regions in X-ray images with satisfactory accuracy. Overall, the findings demon-
strate that combining locally collected clinical data, structured annotations, and modern deep learning
techniques can significantly enhance automated fracture analysis and support computer-aided diag-
nosis systems.

Keywords: Fracture Detection, X-ray Imaging, Deep Learning, Transfer Learning, DenseNet,
YOLOv11, Medical Image Analysis, Computer-Aided Diagnosis.



Résumé
Les fractures osseuses font partie des blessures musculo-squelettiques les plus courantes et né-

cessitent un diagnostic précis et rapide afin d’assurer une prise en charge efficace du patient. Ces
dernières années, les techniques d’apprentissage profond ont montré un fort potentiel dans les sys-
tèmes d’aide au diagnostic pour l’analyse d’images médicales. Toutefois, le développement de mod-
èles fiables de détection des fractures reste un défi en raison de la disponibilité limitée de jeux de
données bien annotés et représentatifs du contexte clinique réel.

Cette étude propose un cadre basé sur l’apprentissage profond pour l’analyse automatisée des
fractures à partir d’images radiographiques. Un jeu de données local a été collecté dans un hôpital
régional et structuré afin de soutenir les tâches de classification et de localisation des fractures. Ce
jeu de données comprend des annotations au niveau de l’image pour la classification diagnostique,
ainsi que des annotations détaillées des régions de fracture, accompagnées d’informations cliniques
pertinentes afin d’améliorer la valeur médicale des données.

L’approche proposée repose sur un pipeline multi-étapes. Pour la classification des fractures,
des techniques de transfert d’apprentissage basées sur les architectures DenseNet ont été explorées,
incluant une phase de pré-entraînement intermédiaire sur le jeu de données MURA afin d’améliorer
l’adaptation au domaine médical. Pour la localisation et la segmentation des fractures, un modèle
YOLOv11 Nano Segmentation a été utilisé.

Les résultats expérimentaux montrent que le pré-entraînement sur des données médicales du
même domaine améliore les performances de classification et la représentation des caractéristiques.
De plus, le modèle YOLOv11 Nano a démontré une capacité satisfaisante à localiser les régions de
fracture dans les images radiographiques. Dans l’ensemble, ces résultats confirment que la combinai-
son de données cliniques locales, d’annotations structurées et de techniques modernes d’apprentissage
profond permet d’améliorer l’analyse automatisée des fractures et de soutenir les systèmes d’aide au
diagnostic.

Mots-clés: Détection des fractures, Imagerie radiographique, Apprentissage profond, Apprentis-
sage par transfert, DenseNet, YOLOv11, Analyse d’images médicales, Diagnostic assisté par ordina-
teur.
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GENERAL INTRODUCTION
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Fractures are among the most common musculoskeletal injuries encountered in clinical practice
and represent a major public health concern worldwide. Accurate and timely diagnosis of fractures
is essential for appropriate treatment planning and patient management. Among the various medical
imaging modalities, X-ray imaging remains the most widely used diagnostic tool for fracture assess-
ment due to its accessibility, low cost, and rapid acquisition. However, interpreting radiographic
images can be challenging, particularly in cases involving subtle fractures, complex anatomical struc-
tures, or poor image quality. Such challenges may lead to diagnostic errors or delays, potentially
affecting patient outcomes.

In recent years, the rapid development of artificial intelligence (AI) and deep learning technolo-
gies has significantly transformed the field of medical image analysis. Computer-Aided Diagnosis
(CAD) systems have emerged as valuable tools for assisting healthcare professionals in detecting
abnormalities and improving diagnostic accuracy. Deep learning architectures, particularly Convolu-
tional Neural Networks (CNNs), have demonstrated remarkable performance in a variety of medical
imaging tasks, including image classification, object detection, and segmentation. These advances
have created new opportunities for the development of automated systems capable of supporting frac-
ture diagnosis from X-ray images.

Despite these achievements, the performance of deep learning models remains highly dependent
on the availability of large, diverse, and accurately annotated datasets. In the medical domain, ac-
quiring such datasets is particularly difficult due to privacy regulations, ethical considerations, and
the need for expert supervision during the annotation process. Furthermore, many publicly available
fracture datasets are limited in terms of clinical diversity, anatomical coverage, annotation richness,
or support for advanced tasks such as localization and segmentation. Although recent datasets such
as FracAtlas have contributed significantly to fracture detection research, several limitations remain
regarding the representation of real-world clinical environments and the integration of clinically rele-
vant information.

Motivated by these challenges, this work focuses on the development of a clinically enriched
fracture analysis framework based on locally collected X-ray data obtained from a regional hospital.
A dedicated dataset was constructed and carefully annotated under medical supervision to support
multiple computer vision tasks. In addition to conventional image-level labels and fracture localiza-
tion annotations, clinically relevant information associated with fracture cases was incorporated to
improve the medical value of the dataset and enhance its applicability in real clinical settings.

To evaluate the effectiveness of the proposed framework, a multi-stage deep learning approach
was adopted. Two transfer learning strategies based on DenseNet architectures were investigated
for binary fracture classification, while a YOLOv11 Nano Segmentation model was employed for
fracture localization and segmentation. Through the combination of local clinical data, high-quality
annotations, and advanced deep learning techniques, this study aims to contribute to the development
of reliable computer-aided systems for automated fracture detection and analysis.

The main objectives of this work can be summarized as follows:

• Collect and construct a local fracture X-ray dataset from real clinical cases.

• Perform detailed annotation and integrate clinically relevant information under medical super-



vision.

• Develop and evaluate deep learning models for fracture classification.

• Investigate fracture localization and segmentation using object detection techniques.

• Assess the effectiveness of transfer learning approaches for medical image analysis.

• Contribute to the development of clinically applicable computer-aided diagnosis systems for
fracture detection.

This thesis is organized into three main chapters.
Chapter 1: presents the theoretical background and literature review related to bone fractures, X-

ray imaging, artificial intelligence, deep learning, transfer learning, and object detection techniques.
The chapter also reviews existing fracture datasets and previous studies, highlighting the main limita-
tions and research gaps addressed in this work.

Chapter 2: describes the proposed methodology adopted for fracture analysis using X-ray im-
ages. It presents the dataset collection and preparation procedures, annotation processes, exploratory
data analysis, preprocessing techniques, and the development of DenseNet-based classification mod-
els and the YOLOv11 Nano Segmentation framework.

Chapter 3 presents the experimental results and performance evaluation of the proposed frame-
work. It includes classification and localization results, comparative analysis of the developed models,
and discussion of the obtained findings.

Finally, the thesis concludes with a general conclusion summarizing the main contributions and
results of this work, while also presenting several limitations and future research directions for im-
proving automated fracture analysis systems.
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1.1 Introduction

This chapter provides the fundamental background required to understand the development of an
automated fracture detection system based on deep learning techniques. Fracture detection in X-ray
images is a critical task in medical diagnosis, as it directly impacts patient treatment and recovery.
However, manual interpretation of medical images can be time-consuming and subject to human error,
especially in complex or subtle cases.

With the rapid advancement of artificial intelligence, particularly in machine learning and deep
learning, new approaches have emerged to assist healthcare professionals in analyzing medical images
more efficiently and accurately. These techniques enable the automatic extraction of relevant features
and the detection of abnormalities in radiographic images.

In this context, this chapter first introduces the medical foundations related to bone anatomy and
fracture characteristics, followed by an overview of medical imaging, with a particular focus on X-ray
imaging. It then presents the core concepts of machine learning and deep learning, highlighting their
applications and limitations in medical image analysis.

Furthermore, the chapter explores key computer vision tasks, including classification, object de-
tection, and segmentation, with emphasis on object detection as a central component for fracture
localization. Transfer learning techniques are also discussed as an effective solution for handling
limited medical datasets. Finally, the chapter reviews existing fracture-related datasets and recent
research works, highlighting the current research gap and the open challenges that motivate the pro-
posed methodology presented in this thesis.

1.2 Medical Background

Medical knowledge plays a fundamental role in fracture analysis and interpretation of radiographic
images. Understanding the anatomical structure of bones and the clinical characteristics of fractures
is essential for both healthcare professionals and artificial intelligence systems designed for fracture
detection. Therefore, this section introduces the basic concepts of bone anatomy followed by an
overview of fracture definitions and classifications.

1.2.1 Bone Anatomy

Bone is a type of connective tissue that gives the human body its structure and support. Bones help
keep the body’s shape, allow us to move, protect important organs, and store minerals like calcium
and phosphorus. Bones also have bone marrow inside, which makes blood cells in a process called
hematopoiesis.

Bones are made up of different parts that give them strength and help them work properly. The
outer layer, called compact or cortical bone, is dense and strong. It helps bones resist pressure and
force. The inside of the bone is made of cancellous or spongy bone, which is lighter and absorbs
shocks. The medullary cavity inside holds bone marrow, which is important for making blood cells.
Around the bone is the periosteum, a thin layer that helps bones grow, heal, and get nutrients.
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Bones are grouped by shape into long, short, flat, and irregular types. Long bones like the femur
and tibia are important when studying fractures because they face more stress and injury. Short bones
help with stability but do not move much. Flat bones protect organs, and irregular bones have special
shapes for unique jobs.

Bone tissue is always changing and growing throughout life. New bone forms while old bone
is broken down, which helps bones adjust to stress and the body’s needs. Bone density affects how
strong bones are and how they look in medical images. Bones with high density look brighter on
X-rays. Bones with low density, like in osteoporosis, look dimmer and break more easily.

Knowing bone anatomy is important for reading medical images, both in clinics and with com-
puters. Differences in bone structure and density change how bones look on X-rays [1].

Figure 1.1 presents the general anatomical structure of a long bone, highlighting its principal
components.

Figure 1.1: Anatomy of a Long Bone [1].

1.2.2 Fractures

A fracture is defined as a disruption in the continuity of bone tissue, typically resulting from excessive
mechanical stress or underlying pathological conditions.

This structural failure occurs when the applied forces exceed the mechanical strength of the bone,
leading to partial or complete loss of bone integrity.

Fractures represent one of the most common musculoskeletal injuries and can vary significantly
in terms of severity, location, and pattern [14].

Fractures can be classified according to several clinical criteria [15].

• Based on skin integrity:
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- Closed (Simple) Fracture: the skin remains intact.

- Open (Compound) Fracture: the bone is exposed because of skin disruption.

• Based on completeness:

- Complete Fracture: the bone is entirely separated into two or more parts.

- Incomplete Fracture: the bone is only partially broken.

• Based on displacement:

- Non-displaced Fracture: bone fragments remain aligned.

- Displaced Fracture: bone fragments are shifted from their normal position.

• Based on fracture pattern:

- Transverse Fracture: occurs perpendicular to the long axis of the bone.

- Oblique Fracture: occurs diagonally across the bone.

- Spiral Fracture: caused by twisting forces.

- Comminuted Fracture: the bone is broken into multiple fragments.

• Based on location:

- Epiphyseal Fracture: occurs at the end of the bone.

- Metaphyseal Fracture: occurs in the transitional region.

- Diaphyseal Fracture: occurs in the shaft of the bone.

• Based on cause (etiology):

- Traumatic Fracture: occurs due to accidents or falls.

- Stress Fracture: caused by repetitive mechanical loading.

- Fatigue Fracture: occurs when repeated stress is applied to normal bone.

- Insufficiency Fracture: occurs in weakened bone under normal stress.

- Pathological Fracture: occurs due to diseases that weaken the bone structure.

• Pediatric fractures:

- Greenstick Fracture: the bone bends and partially breaks on one side.

- Buckle (Torus) Fracture: caused by compression, leading to bulging of the bone cortex.

- Plastic Deformation: the bone bends without a visible fracture line.

- Growth Plate (Physeal) Fracture: occurs at the growth plate in children and adolescents
[16].
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Figure 1.2 presents the most common types of bone fractures, classified according to their mor-
phological characteristics.

Figure 1.2: Type of fractures [2].

A clear understanding of bone anatomy and fracture characteristics is important for interpreting
medical images and developing reliable artificial intelligence systems for fracture analysis.

1.3 Clinical Context of Fracture Diagnosis

1.3.1 Clinical Importance

Fracture diagnosis is a critical task in clinical practice, as it directly impacts patient treatment and
recovery. Accurate and timely detection of fractures is essential to prevent complications such as
improper bone healing, long-term disability, or chronic pain [14].

In medical settings, radiographic imaging, particularly X-ray imaging, is the primary tool used for
diagnosing bone fractures. Therefore, the reliability of fracture detection plays a fundamental role in
ensuring appropriate clinical decision-making [17].

1.3.2 Challenges in Diagnosis

Despite its importance, fracture diagnosis presents several challenges that can affect diagnostic accu-
racy. One of the main challenges is the possibility of human error, as the interpretation of medical
images depends on the experience and expertise of the clinician.

Additionally, there is variability among radiologists (inter-observer variability), where different
experts may provide different interpretations of the same image.
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Another significant challenge is the presence of subtle or small fractures, which can be difficult
to detect, especially in complex anatomical regions or low-quality images. Furthermore, variations in
image quality, such as noise, low contrast, or blur, can further complicate the diagnostic process.

These challenges highlight the need for more reliable and consistent diagnostic approaches, mo-
tivating the use of automated systems based on artificial intelligence [18].

1.4 Medical Imaging

Medical imaging plays a fundamental role in modern healthcare by enabling the visualization of
internal body structures for diagnosis and treatment planning. Several imaging modalities are used
in clinical practice, including X-ray, Computed Tomography (CT), and Magnetic Resonance Imaging
(MRI), each with specific characteristics and applications.

Among these techniques, X-ray imaging remains the most widely used modality for the initial
assessment of bone fractures due to its speed, low cost, and widespread availability. In contrast, CT
provides detailed three-dimensional representations of bone structures, while MRI is more suitable
for soft tissue evaluation. However, these techniques are more expensive and less commonly used as
first-line diagnostic tools for fracture detection. Given its effectiveness, availability, and widespread
use in clinical practice, X-ray imaging is considered the primary modality for bone fracture detection.
Therefore, it is adopted as the primary data source in this study [19].

1.4.1 X-Ray Imaging

X-ray imaging is one of the most widely used medical imaging techniques for examining bone struc-
tures and detecting fractures. The image formation process begins with the X-ray tube, where high-
energy electrons strike a metal target to generate X-rays. It works by passing electromagnetic radia-
tion through the body, where dense structures such as bones absorb more radiation than soft tissues,
resulting in clear visualization of bone structures in the captured image.

Figure 1.3 provides a schematic overview of the X-ray image formation process. It illustrates the
sequence of stages through which X-rays are generated, transmitted through the patient, captured by
the detector, and processed to produce the final radiographic image.

Figure 1.3: Schematic representation of the X-ray image formation process, illustrating X-ray gener-
ation, transmission through the patient, detection, signal processing, and image acquisition [3].

X-ray imaging is primarily used to identify:
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- The presence of fractures (fracture detection).

- The type and location of fractures.

- Bone displacement.

- Bone deformities.

- Bone alignment and structural integrity.

- Joint abnormalities such as dislocations.

- Monitoring fracture healing over time.

Despite its advantages, X-ray imaging has several limitations. It provides limited visualization
of soft tissues and may fail to detect subtle or hairline fractures. Additionally, image quality can be
affected by both technical factors (such as acquisition settings) and human factors (such as patient
positioning), which may impact diagnostic accuracy.

Despite these limitations, X-ray imaging remains highly suitable for automated fracture detec-
tion using deep learning techniques, as these models can learn robust features and effectively handle
variations in image quality [20].

1.4.2 X-Ray Image Quality Challenges

X-ray images are often affected by several factors that reduce their clarity and diagnostic accuracy,
including [19]:

• Noise: Random variations in pixel intensity that reduce the visibility of fine details.

• Low Contrast: Poor differentiation between regions, making it difficult to distinguish tissues
or fracture boundaries.

• Artifacts: Image distortions caused by patient movement, equipment limitations, or recon-
struction errors.

• Blur: Loss of image sharpness, which makes it difficult to clearly identify bone edges.

These challenges can significantly affect the performance of artificial intelligence models. There-
fore, appropriate preprocessing techniques and robust model design are essential to mitigate these
issues and ensure accurate fracture detection.

1.5 Artificial Intelligence in Medical Imaging

Artificial Intelligence (AI) has become an essential component in the analysis of medical images,
providing advanced capabilities for improving diagnostic processes. By leveraging computational
models, AI systems can analyze complex visual patterns and support clinical decision-making.
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One of the main advantages of AI in medical imaging is its ability to reduce human error by pro-
viding consistent and objective analysis. In addition, AI techniques enhance diagnostic accuracy by
identifying subtle patterns that may be difficult to detect through manual interpretation. Furthermore,
AI systems are capable of processing large volumes of medical data efficiently, which is particularly
important in modern healthcare environments.

In the field of radiology, AI plays a significant role in the automated detection of abnormalities in
medical images. In particular, it has shown strong potential in identifying bone fractures from X-ray
images, assisting clinicians in both detection and localization tasks.

These capabilities make artificial intelligence a powerful tool for improving the reliability and
efficiency of medical image analysis, and provide the foundation for the adoption of more advanced
techniques such as deep learning, which will be discussed in the following section [21].

1.6 Machine Learning

1.6.1 Dfinition

Machine Learning (ML) is a subfield of artificial intelligence that enables computer systems to learn
from data and improve their performance without being explicitly programmed. Instead of relying on
predefined rules, ML algorithms identify patterns and relationships within data to make predictions
or decisions.

Machine learning techniques are generally categorized into several paradigms, including:

• Supervised Learning: models are trained using labeled data, where the correct output is known
in advance. Common algorithms include:

- Linear Regression.

- Logistic Regression.

- Decision Trees.

- Support Vector Machines (SVM).

• Unsupervised Learning: models analyze unlabeled data to discover hidden patterns or group-
ings without predefined outputs. Common algorithms include:

- K-Means.

- Hierarchical Clustering.

- Principal Component Analysis (PCA).

• Semi-supervised Learning: combines a small amount of labeled data with a large amount of
unlabeled data to improve learning performance.

• Reinforcement Learning: models learn through interactions with an environment by receiving
rewards or penalties based on their actions. Common algorithms include:
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- Q-Learning.

- Deep Q Network (DQN).

Among these paradigms, supervised learning is the most commonly used approach in medical
applications, where models are trained on labeled datasets [22].

1.6.2 How Machine Learning Works

In traditional machine learning, the workflow typically involves several steps:

- Data collection (e.g., X-ray images).

- Preprocessing (noise reduction, normalization).

- Feature extraction.

- Model training.

- Evaluation and prediction.

A key component of ML is feature extraction, where relevant characteristics such as edges,
textures, and intensity patterns are manually designed and extracted from images. These features are
then used as inputs for classification algorithms [22].

1.6.3 Application of Machine Learning in Medical Imaging

Machine learning has been widely applied in various medical imaging tasks, including disease clas-
sification, anomaly detection, and image analysis across different imaging modalities such as X-ray,
CT, and MRI. These techniques aim to support clinical decision-making by analyzing patterns and
extracting relevant information from medical images.

In medical imaging, traditional machine learning approaches typically rely on handcrafted feature
extraction, where specific image characteristics such as texture, shape, and intensity are manually
designed and used as inputs for classification models. These models are then trained to distinguish
between normal and abnormal cases.

Such systems have demonstrated the ability to assist healthcare professionals by improving di-
agnostic consistency, reducing human error, and enabling the analysis of large volumes of medical
data. However, their performance remains limited when dealing with complex patterns and subtle
abnormalities, particularly in high-dimensional medical images [23].

1.6.4 Limitations of Machine Learning

Despite its advantages, traditional machine learning has several limitations, particularly in medical
image analysis:
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• Dependence on handcrafted features: The performance of ML models relies heavily on man-
ually designed features, which may not capture complex patterns.

• Limited generalization: Models may not perform well on new or diverse datasets.

• Sensitivity to image quality: Variations in contrast, noise, and resolution can affect perfor-
mance.

• Difficulty in handling complex data: Medical images often contain subtle and complex struc-
tures that are difficult to model using traditional approaches.

Due to these limitations, traditional machine learning approaches have become less effective for
complex tasks such as fracture detection in X-ray images. This has led to the emergence of deep
learning techniques, which are capable of automatically learning relevant features directly from raw
data and achieving higher performance in medical image analysis [24].

1.7 Deep Learning

1.7.1 Definition

Deep Learning represents an advanced subfield of machine learning that leverages multi-layered ar-
tificial neural networks to model and learn complex patterns from data. Unlike traditional machine
learning techniques, which often depend on manually engineered features, deep learning approaches
are capable of automatically extracting high-level representations directly from raw inputs.

This property makes deep learning particularly suitable for medical image analysis, where the data
is inherently complex and difficult to interpret using handcrafted features. By learning hierarchical
feature representations, deep models can capture subtle patterns that are critical for accurate diagnosis
[25].

1.7.2 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational architectures inspired by the structure and func-
tioning of the human brain. They are composed of interconnected processing units called neurons,
organized into multiple layers:

• Input Layer: the first layer of the network that receives the input data, such as image pixels or
extracted features.

• Hidden Layers: intermediate layers located between the input and output layers. These layers
perform computations and learn complex patterns from the input data.

• Output Layer: the final layer that produces the prediction or classification result of the net-
work.
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Each neuron receives input signals, applies a weighted transformation, and processes the result
through a non-linear activation function before passing it to the next layer.

The training process involves optimizing the network parameters (weights and biases) by mini-
mizing the difference between predicted and actual outputs. This is typically achieved using gradient-
based optimization techniques such as backpropagation [12].

Figure 1.4 presents the architecture of an Artificial Neural Network and the fundamental structure
of an artificial neuron.

Figure 1.4: Artificial Neural Networks [4].

1.7.3 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs) are a specialized class of neural networks designed specifi-
cally for processing grid-like data such as images. They are extensively used in medical imaging due
to their ability to automatically learn spatial hierarchies of features.

A CNN architecture consists of multiple types of layers, each contributing to feature extraction
and representation learning [26].

Figure 1.5 presents the architecture of CNN, showing the convolution, pooling, flattening, and
fully connected layers involved in feature extraction and classification.
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Figure 1.5: Convolutional Neural Networks Architecture [5].

Convolution Layer

The convolution layer is the fundamental component of a CNN. It applies a set of learnable filters
(kernels) across the input image to extract local features such as edges, textures, and patterns.

Each filter performs a convolution operation, generating feature maps that emphasize specific
visual characteristics of the input [5].

Figure 1.6 presents the convolution process in a CNN, demonstrating how a kernel extracts local
features from the input image to produce the corresponding output feature map.

Figure 1.6: Illustration of the Convolution Operation in a CNN [6].
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Activation Functions

After the convolution operation, a non-linear activation function is applied to introduce non-linearity
into the network, allowing the model to learn complex patterns and relationships from data [12].

Several activation functions are commonly used in deep learning architectures, as summarized in
Table 1.1.

Function Formula Description
Sigmoid σ(x) = 1

1+e−x Outputs values between 0 and 1.

Tanh tanh(x) Outputs values between -1 and 1.

ReLU f (x) = max(0,x) Keeps positive values and suppresses negative ones.

Leaky ReLU f (x) =

x x > 0

0.01x x ≤ 0
Reduces the dead neuron problem.

Softmax σ(zi) =
ezi

∑ j ez j Converts outputs into probabilities.

Table 1.1: Common Activation Functions [12].

Among these activation functions, ReLU is the most widely used in Convolutional Neural Net-
works due to its computational efficiency and its ability to mitigate the vanishing gradient problem
[12].

Pooling Layer

The pooling layer reduces the spatial dimensions of the feature maps while preserving the most rele-
vant information. This operation helps decrease computational complexity and mitigates overfitting
[5].

Common pooling strategies include:

• Max Pooling: selects the maximum value within a region

• Average Pooling: computes the average value within a region

Fully Connected Layer

After successive convolution and pooling operations, the extracted feature maps are flattened into a
one-dimensional vector and fed into fully connected layers.

These layers perform high-level reasoning and produce the final classification output based on the
learned features [5].

1.7.4 Advantages of CNN in Medical Imaging

CNN-based approaches provide several advantages in the context of medical image analysis:

- Automatic feature extraction from raw images.
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- High accuracy in image classification tasks.

- Ability to capture complex spatial features and patterns.

- Reduced dependence on manual feature engineering [27].

1.7.5 Limitations of Deep Learning and Need for Advanced Techniques

Despite their strong performance, deep learning models present several challenges, including:

- Requirement for large annotated datasets.

- High computational and hardware demands.

- Long training time.

- Risk of overfitting, especially with limited data.

Due to the dependence of deep learning models on large-scale labeled data, their performance
may decrease in data-scarce scenarios. To address this limitation, advanced strategies such as Transfer
Learning have been introduced.

Transfer Learning enables models to leverage knowledge gained from previously trained net-
works, significantly improving performance while reducing the need for large amounts of training
data [27].

1.8 Transfer Learning

1.8.1 Definition

Transfer Learning is a machine learning technique in which knowledge gained from a previously
trained model is reused to solve a new but related task. Instead of training a deep learning model from
scratch, a pretrained model trained on a large dataset is adapted to a target task using a smaller and
more specific dataset.

This approach enables the model to benefit from previously learned features and representations,
reducing training time, computational cost, and the need for large annotated datasets. Transfer Learn-
ing is widely used in computer vision and medical imaging applications, where collecting and labeling
medical data can be difficult and expensive.

Pretrained models such as ResNet, DenseNet-169, and EfficientNet are commonly employed in
transfer learning frameworks to improve classification and detection performance [28].

Figure 1.7 illustrates the difference between traditional machine learning and transfer learning,
where previously learned knowledge is transferred from a source task to enhance performance on a
target task.
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Figure 1.7: Transfer learning vs traditional ML [7].

1.8.2 Types of Transfer Learning

Transfer Learning can be applied using different strategies depending on the target task, dataset size,
and similarity between the source and target domains. The most common types include Feature
Extraction, Fine-Tuning, and Domain Adaptation.

Feature Extraction

Feature Extraction is a transfer learning approach in which a pretrained model is used as a fixed
feature extractor. In this method, the early and intermediate layers of the pretrained network are kept
frozen because they already contain useful generic features learned from large datasets, such as edges,
textures, and shapes.

Only the final classification layers are replaced and trained on the new target dataset. This ap-
proach reduces computational cost and is particularly effective when the available dataset is small
[29].

Fine-Tuning

Fine-Tuning is a more flexible transfer learning strategy where part or all of the pretrained model is
retrained on the target dataset. Instead of freezing all pretrained layers, some layers are unfrozen and
updated during training to adapt the learned features to the new task.

Fine-Tuning generally provides better performance when the target dataset is sufficiently large or
when the new task differs from the original training task. However, it requires more computational
resources and careful parameter optimization to avoid overfitting [7].
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Domain Adaptation

Domain Adaptation is a transfer learning technique used when the source dataset and target dataset
belong to different domains but share related tasks. The objective is to transfer knowledge learned
from the source domain to improve performance in the target domain despite differences in data
distribution.

This approach is particularly useful in medical imaging applications, where models trained on
general image datasets may need adaptation to medical datasets such as X-ray, MRI, or CT scan
images [29].

1.8.3 Densely Connected Convolutional Networks (DenseNet)

The general architecture of DenseNet is based on a simple idea: each layer is connected to all previous
layers inside the same dense block, instead of being connected only to the immediately preceding
layer. This dense connectivity improves information flow through the network and encourages feature
reuse, which helps the model learn more efficiently [8].

Input Layer

The network receives the original input image. This stage usually includes:

- 7×7 Convolution.

- Batch Normalization (BN).

- ReLU activation function.

- Max Pooling.

These operations extract initial low-level features from the image while reducing spatial dimen-
sions.

Dense Blocks

Dense Blocks are the main component of DenseNet. Inside each block, every layer receives the
feature maps of all preceding layers as input. This dense connection strategy allows the network to
reuse previously learned features instead of learning redundant information.

A typical layer inside a Dense Block contains:

- Batch Normalization.

- ReLU activation.

- 1×1 Convolution (Bottleneck layer).

- 3×3 Convolution.
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The connection mechanism can be represented as:

xl = Hl([x0,x1,x2, . . . ,xl−1]) (1.1)

Where:

- xl represents the output of the current layer.

- Hl represents the operations applied in the layer.

- [ ] denotes concatenation of feature maps from previous layers.

This design improves gradient flow, reduces the vanishing gradient problem, and strengthens fea-
ture propagation across the network.

Transition Layers

Transition Layers are placed between Dense Blocks. Their main role is to reduce the number of
feature maps and decrease the spatial size of the feature representations. This helps control memory
usage and computational cost.

A Transition Layer generally contains:

- Batch Normalization.

- 1×1 Convolution.

- Average Pooling.

Global Average Pooling

Instead of using large fully connected layers, DenseNet applies Global Average Pooling before the fi-
nal classification stage. This operation reduces the number of parameters and improves computational
efficiency while preserving important feature information.

Classification Layer

The final layer performs image classification. It is usually a Fully Connected layer followed by a
Softmax activation function to produce class probabilities.

Figure 1.8 illustrates the general architecture of DenseNet, highlighting its densely connected
blocks and feature propagation mechanism.

Figure 1.8: General Architecture of DenseNet [8].
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1.8.4 Advantages of Transfer Learning

Transfer Learning offers several advantages that make it widely used in deep learning and medical
imaging applications [7].

• Reduced Training Time: Since pretrained models already contain learned feature represen-
tations, the training process becomes significantly faster compared to training a model from
scratch.

• Less Training Data Required: Transfer Learning is highly effective when only a limited
amount of labeled data is available. The pretrained knowledge helps the model achieve good
performance even with smaller datasets.

• Improved Performance: By leveraging knowledge learned from large-scale datasets, transfer
learning often improves model accuracy, generalization capability, and overall performance on
target tasks.

• Reduced Computational Cost: Using pretrained models decreases computational resource
requirements, including processing time, memory usage, and hardware consumption.

1.8.5 Limitations of Transfer Learning

Despite its effectiveness, Transfer Learning also presents several limitations and challenges that may
affect model performance [7].

• Negative Transfer: Negative transfer occurs when the knowledge transferred from the source
model negatively affects the performance on the target task. This usually happens when the
source and target tasks are not sufficiently related.

• Domain Difference: Transfer learning performance may decrease when there is a significant
difference between the source dataset and the target dataset. Variations in image characteristics,
data distribution, or acquisition conditions can reduce the effectiveness of transferred features.

• Inappropriate Model Selection: Choosing an unsuitable pretrained model may lead to poor
feature extraction and reduced classification performance. Therefore, selecting a model com-
patible with the target application is essential.

• Overfitting: Fine-tuning pretrained models on small datasets may sometimes cause overfitting,
where the model learns training data excessively and fails to generalize well to unseen data.

1.8.6 Applications of Transfer Learning in Medical Imaging

Transfer Learning has become widely used in medical imaging applications due to its ability to
achieve high performance with limited annotated medical data. Pretrained deep learning models can
extract meaningful visual features and adapt them to different medical analysis tasks [28].
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• Medical Image Classification: Transfer learning is extensively used for medical image classi-
fication tasks, where images are categorized into different classes, such as normal and abnormal
conditions. Pretrained convolutional neural networks can effectively learn discriminative fea-
tures from medical images and improve classification accuracy.

• Object Detection: In medical imaging, transfer learning is applied to object detection tasks
to identify and localize specific anatomical structures, lesions, tumors, or abnormalities within
images. Deep learning models trained on large datasets can be adapted for accurate detection
in medical applications.

• Fracture Detection: Transfer learning has shown strong performance in automatic fracture
detection using X-ray images. Pretrained models can recognize fracture patterns and assist
healthcare professionals in detecting bone fractures more efficiently and accurately.

• X-ray Image Analysis: Transfer learning is widely employed in X-ray image analysis for
diagnosing various medical conditions. Deep learning models can analyze radiographic images
to support disease diagnosis, abnormality detection, and clinical decision-making.

1.9 Computer Vision

1.9.1 Definition

Computer Vision is a field of artificial intelligence that focuses on enabling machines to interpret
and analyze visual data such as images and videos. It aims to simulate human vision by extracting
meaningful information from visual inputs and transforming it into structured data that can be used
for decision-making.

This field relies heavily on advanced algorithms, particularly deep learning models, to automat-
ically learn patterns from visual data. In recent years, computer vision has achieved significant
progress, especially in tasks involving image recognition, object localization, and detailed image
analysis.

Computer vision includes several fundamental tasks, mainly image classification, object detection,
object localization, image segmentation, and image recognition [30].

Figure 1.9 presents a comparison of major computer vision tasks, highlighting the differences
between image classification, semantic segmentation, object detection, and instance segmentation.
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Figure 1.9: Computer Vision Tasks [9].

1.9.2 Image Classification

Image Classification is one of the fundamental tasks in computer vision. It aims to assign a label to
an entire image according to its overall content.

In medical imaging, image classification is commonly used to determine whether an image is
normal or abnormal. For example, in X-ray analysis, a classification model can predict whether the
image contains a fracture.

Deep learning models, particularly Convolutional Neural Networks (CNNs), have achieved re-
markable performance in image classification tasks due to their ability to automatically learn discrim-
inative features from images.

Despite its effectiveness, image classification only provides a global prediction for the entire im-
age and does not specify the exact location of abnormalities. Therefore, more advanced tasks such as
object detection are often required for accurate localization in medical applications [31].

Working Principle of Image Classification

Image classification relies on analyzing the image content and extracting important features in order
to assign the appropriate class label. In deep learning models, the image is provided as input to the
neural network, where it passes through multiple layers responsible for feature extraction and pattern
learning.

In Convolutional Neural Networks (CNNs), the early layers learn simple features such as edges
and textures, while deeper layers learn more complex and high-level representations. These learned
features are then used to perform classification and produce the final class prediction.

The image classification process generally involves the following steps:

- Inputting the image into the model.

- Extracting relevant features from the image.

- Learning patterns and relationships within the data.
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- Predicting the final image class.

In medical applications, this process is commonly used to determine whether an image represents
a normal or abnormal condition, such as detecting the presence of fractures in X-ray images [27].

Types of Image Classification

Image classification tasks are generally categorized into different types depending on the number of
classes involved [9].

• Binary Classification: involves classifying images into two categories only. In medical imag-
ing, this is commonly used to determine whether an X-ray image is normal or contains a frac-
ture.

• Multi-Class Classification: involves assigning an image to one class among multiple possible
categories. For example, a model may classify fractures into different types such as wrist
fractures, elbow fractures, or shoulder fractures.

The choice of classification type depends on the application requirements and the complexity of
the dataset.

Applications in Medical Imaging

Image classification has been widely used in medical imaging applications to assist in disease diagno-
sis and abnormality detection. Deep learning classification models can analyze medical images and
automatically identify patterns associated with different medical conditions.

In X-ray analysis, image classification is commonly applied to determine whether an image con-
tains a fracture or other abnormalities. Similar approaches are also used in CT and MRI imaging for
the detection of tumors, infections, and organ diseases.

The integration of deep learning techniques has significantly improved classification accuracy,
helping healthcare professionals achieve faster and more reliable diagnostic decisions [24].

Limitations of Image Classification

Despite its effectiveness, image classification has several limitations, particularly in medical imaging
applications [24].

• Image classification provides only a global prediction for the entire image without identifying
the exact location of abnormalities.

• It may fail to detect small or subtle fractures that occupy only a limited region of the image.

• Classification models do not provide spatial information required for detailed clinical interpre-
tation.

• Their performance can be affected by image quality, noise, and variations in medical datasets.
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Due to these limitations, more advanced computer vision tasks such as object detection are often
required for accurate localization and analysis of abnormalities in medical images.

1.9.3 Object Detection

Object Detection is a fundamental computer vision task that aims to identify objects within an image
and determine their precise locations. Unlike image classification, which assigns a single label to the
entire image, object detection provides both classification and localization information.

Localization is typically achieved using bounding boxes that surround the detected objects. Each
detected object is associated with a class label and spatial coordinates indicating its position in the
image [32].

Object detection systems generally perform two main tasks simultaneously:

• Classification: identifying the category of the detected object.

• Localization: determining the exact position of the object within the image using bounding
boxes.

In medical imaging, object detection plays an important role in identifying and localizing abnor-
malities such as fractures in X-ray images. This enables more accurate analysis and supports clinical
diagnosis by highlighting the affected regions [33].

Due to its ability to perform both localization and classification, object detection has become
widely used in automated medical image analysis systems.

Working Principle of Object Detection

Object detection systems analyze an image in order to identify objects and determine their spatial
locations simultaneously. Unlike image classification, which produces only a single prediction for
the entire image, object detection provides detailed information about the position of each detected
object.

The object detection process generally involves several steps:

• Inputting the image into the detection model.

• Extracting important visual features using deep learning networks.

• Identifying potential objects within the image.

• Predicting bounding boxes around detected objects.

• Assigning a class label and confidence score to each detected object.

Modern object detection models, particularly deep learning-based approaches, are capable of
learning complex spatial patterns and detecting multiple objects within a single image [32].

In medical imaging, this process enables automatic localization of abnormalities such as fractures
in X-ray images, supporting more accurate and efficient clinical analysis [33].
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Bounding Boxes

Bounding boxes are rectangular regions used in object detection to indicate the location of detected
objects within an image. Each bounding box surrounds an object and provides spatial information
about its position.

A bounding box is generally defined using four coordinates representing the position and size of
the detected object. These coordinates may correspond to the center position, width, and height of the
box, or alternatively the top-left and bottom-right corners.

In object detection models, bounding boxes are predicted together with class labels and confidence
scores. The confidence score indicates the probability that the detected region contains a specific
object [32] .

In medical imaging applications, bounding boxes are particularly useful for highlighting abnormal
regions such as fractures in X-ray images. They assist clinicians by visually identifying the location
of the detected abnormalities and improving diagnostic interpretation [33].

Segmentation

Segmentation is an advanced computer vision task that operates at the pixel level by dividing an
image into meaningful regions. Unlike object detection, which uses bounding boxes for localization,
segmentation provides more precise boundaries of objects and abnormalities within the image [34].

In medical imaging, segmentation is particularly useful for accurately outlining fractures, tumors,
lesions, and anatomical structures.

Segmentation techniques are generally categorized into two main types:

• Semantic Segmentation

Semantic Segmentation assigns a class label to every pixel in the image. Pixels belonging to
the same category are grouped together without distinguishing between individual objects.

In medical imaging, semantic segmentation is commonly used for organ and tissue segmenta-
tion, where the goal is to identify regions corresponding to specific anatomical structures.

• Instance Segmentation

Instance Segmentation extends semantic segmentation by not only classifying each pixel but
also distinguishing between different objects belonging to the same class.

This approach provides precise object boundaries and individual object identification. In med-
ical imaging, instance segmentation is useful for separating multiple fractures, lesions, or ab-
normalities within the same image.

Compared to bounding box-based object detection, segmentation provides a higher level of detail,
making it more suitable for tasks requiring precise medical analysis.
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Applications in Medical Imaging

Object detection has become an essential technique in medical image analysis due to its ability to
both identify and localize abnormalities within images.

In X-ray imaging, object detection models are widely used for fracture detection by automati-
cally locating fractured regions and highlighting them using bounding boxes. This assists healthcare
professionals in improving diagnostic accuracy and reducing interpretation time.

Object detection is also applied in other medical imaging modalities such as CT and MRI for
detecting tumors, lesions, and other pathological structures.

The integration of deep learning-based object detection techniques has significantly enhanced
automated diagnosis systems, enabling faster and more reliable medical image analysis [33].

Challenges of Object Detection

Despite its effectiveness, object detection faces several challenges [35], particularly in medical imag-
ing applications.

• Small abnormalities such as tiny fractures may be difficult to detect accurately.

• Variations in image quality, contrast, and noise can negatively affect detection performance.

• Medical datasets are often limited and require expert annotation, making model training more
difficult.

• Detecting overlapping or complex structures remains a challenging task for many detection
models.

• High computational requirements may increase training and inference time.

These challenges have encouraged the development of more advanced object detection models
capable of achieving higher accuracy and better localization performance in medical image analysis.

Detection Models Evolution

Over the years, object detection models have evolved significantly, with each new approach address-
ing the limitations of previous methods in terms of speed, accuracy, and computational efficiency.

You Only Look Once (YOLO):
YOLO treats object detection as a regression problem by dividing the image into a grid and pre-

dicting bounding boxes and class probabilities in a single pass.
This approach makes YOLO extremely fast and suitable for real-time applications. However,

earlier versions may face difficulties with small objects and complex scenes [10].
To overcome these limitations, more advanced versions such as YOLOv8 were developed to im-

prove both accuracy and robustness.
Figure 1.10 illustrates the architecture of the YOLO model, which predicts object classes and

bounding boxes directly from the input image through a single unified network.
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Figure 1.10: YOLO Architecture [10].

Tabele 1.2 illustrates the evolution of the YOLO family from its first release to the most recent
versions. It presents the release year, supported tasks, and the main architectural improvements intro-
duced in each version. Furthermore, the table highlights the gradual transition from models dedicated
solely to object detection to more advanced models capable of supporting a wide range of computer
vision tasks, while continuously improving accuracy and computational efficiency.
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Release Year Tasks Contributions Framework

YOLO [5] 2015 Object Detection, Basic
Classification

Single-stage object detector Darknet

YOLOv2 [7] 2016 Object Detection, Im-
proved Classification

Multi-scale training, dimen-
sion clustering

Darknet

YOLOv3 [8] 2018 Object Detection,
Multi-scale Detection

SPP block, Darknet-53 back-
bone

Darknet

YOLOv4 [9] 2020 Object Detection, Basic
Object Tracking

Mish activation,
CSPDarknet-53 backbone

Darknet

YOLOv5 [10] 2020 Object Detection, Ba-
sic Instance Segmenta-
tion (via custom modi-
fications)

Anchor-free detection,
SWISH activation, PANet

PyTorch

YOLOv6 [11] 2022 Object Detection, In-
stance Segmentation

Self-attention, anchor-free
OD

PyTorch

YOLOv7 [12] 2022 Object Detection, Ob-
ject Tracking, Instance
Segmentation

Transformers, E-ELAN repa-
rameterisation

PyTorch

YOLOv8 [13] 2023 Object Detection, In-
stance Segmentation,
Panoptic Segmentation,
Key-point Estimation

GANs, anchor-free detection PyTorch

YOLOv9 [14] 2024 Object Detection, In-
stance Segmentation

PGI and GELAN PyTorch

YOLOv10 [15] 2024 Object Detection Consistent dual assignments
for NMS-free training

PyTorch

Table 1.2: Evolution of YOLO Models[11].

1.10 Models Implemented in This Work

1.10.1 DenseNet 201

DenseNet-201 is a deeper version of DenseNet designed to learn more complex and discriminative
features. Similar to DenseNet-169, it employs dense connections, bottleneck layers, and transition
layers. However, it contains a larger number of layers, allowing the network to capture richer feature
representations [8].

The architecture is organized into four dense blocks:
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- Dense Block 1: 6 layers.

- Dense Block 2: 12 layers.

- Dense Block 3: 48 layers.

- Dense Block 4: 32 layers.

Due to its increased depth, DenseNet-201 can achieve higher accuracy in challenging image clas-
sification tasks. However, it requires more computational resources and training time compared to
DenseNet-169. The model is commonly used in transfer learning applications, particularly in medi-
cal imaging, where detailed feature extraction is crucial for accurate diagnosis.

Table 1.3 summarizes the architecture of DenseNet-201, highlighting the organization of its dense
blocks and transition layers as well as the final classification stage.

Layers Output Size DenseNet-201 (k = 32)

Convolution 112×112 7×7 conv, stride 2

Pooling 56×56 3×3 max pool, stride 2

Dense Block (1) 56×56

 1×1 conv

3×3 conv

×6

Transition Layer (1) 56×56
1×1 conv

2×2 average pool, stride 2

Dense Block (2) 28×28

 1×1 conv

3×3 conv

×12

Transition Layer (2) 28×28
1×1 conv

2×2 average pool, stride 2

Dense Block (3) 14×14

 1×1 conv

3×3 conv

×48

Transition Layer (3) 14×14
1×1 conv

2×2 average pool, stride 2

Dense Block (4) 7×7

 1×1 conv

3×3 conv

×32

Classification Layer 1×1 7×7 global average pool

Output Layer 1×1 1000D fully-connected, softmax

Table 1.3: DenseNet-201 Architecture [8].

30



Chapter1 Background

1.10.2 DenseNet 169

DenseNet-169 is a deeper variant of DenseNet consisting of 169 layers. It follows the DenseNet-BC
configuration, which incorporates bottleneck layers and compression techniques to improve compu-
tational efficiency.

The architecture contains four dense blocks organized as follows:

- Dense Block 1: 6 layers.

- Dense Block 2: 12 layers.

- Dense Block 3: 32 layers.

- Dense Block 4: 32 layers.

The network begins with a (7×7) convolution layer followed by (3×3)max-pooling layer. Be-
tween dense blocks, transition layers are used to reduce feature-map dimensions. Finally, a global
average pooling layer and a fully connected layer perform classification.

DenseNet-169 achieves a good balance between computational complexity and classification per-
formance, making it widely used in medical image analysis and transfer learning applications.

Table 1.4 summarizes the architecture of DenseNet-169, including its dense blocks, transition
layers, and classification stage.
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Layers Output Size DenseNet-169 (k = 32)

Convolution 112×112 7×7 conv, stride 2

Pooling 56×56 3×3 max pool, stride 2

Dense Block (1) 56×56

 1×1 conv

3×3 conv

×6

Transition Layer (1) 56×56
1×1 conv

2×2 average pool, stride 2

Dense Block (2) 28×28

 1×1 conv

3×3 conv

×12

Transition Layer (2) 28×28
1×1 conv

2×2 average pool, stride 2

Dense Block (3) 14×14

 1×1 conv

3×3 conv

×32

Transition Layer (3) 14×14
1×1 conv

2×2 average pool, stride 2

Dense Block (4) 7×7

 1×1 conv

3×3 conv

×32

Classification Layer 1×1 7×7 global average pool

Output Layer 1×1 1000D fully-connected, softmax

Table 1.4: DenseNet-169 Architecture [8].

1.10.3 YOLOv11 Model

YOLOv11 (You Only Look Once version 11) is one of the latest object detection models developed
by Ultralytics in 2024. It is designed to achieve high detection accuracy while maintaining real-
time processing speed. Similar to previous YOLO versions, YOLOv11 follows a single-stage object
detection approach, where object localization and classification are performed simultaneously within
a single forward pass through the network.

The architecture of YOLOv11 is divided into three main components: the Backbone, the Neck, and
the Detection Head. The Backbone is responsible for extracting hierarchical feature representations
from the input image. YOLOv11 introduces improved feature extraction modules such as the C3k2

block and the C2PSA attention mechanism, which enhance the model’s ability to capture spatial
information and detect small objects more effectively. The Neck aggregates multi-scale features using
feature fusion techniques, while the Detection Head predicts bounding boxes, object classes, and
confidence scores at different scales.

Compared with previous YOLO versions, YOLOv11 provides better accuracy with fewer param-
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eters and improved computational efficiency. It supports multiple computer vision tasks, including
object detection, instance segmentation, image classification, pose estimation, and oriented bounding
box detection. These characteristics make YOLOv11 suitable for real-time applications and medical
imaging tasks where both speed and accuracy are essential [11].

Figure 1.11 presents the key architectural modules of YOLO11, including the C3K2, C2PSA, and
SPPF blocks, as well as the main computer vision tasks supported by the model.

Figure 1.11: Key architectural modules in YOLO11 [11].

1.11 Current Advances and Existing Limitations

There has been a significant increase in the demand for computer-aided diagnosis (CAD) systems
in recent years, particularly with the rapid advancement of artificial intelligence and deep learning
techniques in medical image analysis. Various fields of medical science have increasingly adopted
automated diagnostic approaches that rely on large-scale datasets and advanced machine learning al-
gorithms to improve diagnostic accuracy and efficiency. Deep learning models such as Convolutional
Neural Networks (CNNs), You Only Look Once (YOLO), and U-Net have demonstrated expert-level
performance in tasks including image classification, fracture localization, and medical image segmen-
tation from X-ray scans.

Despite these advances, the performance and reliability of such models strongly depend on the
availability of large, diverse, and well-annotated medical datasets. However, collecting high-quality
medical imaging data from hospitals and diagnostic centers remains a challenging and time-consuming
process. Furthermore, the annotation procedure requires the collaboration of radiologists and medical
specialists to ensure annotation consistency and reduce human bias and diagnostic errors. In addi-
tion, the sensitive nature of medical data and patient privacy regulations significantly limit the public
availability of such datasets.

Consequently, existing fracture X-ray datasets often remain limited in terms of annotation rich-
ness, clinical diversity, and support for advanced computer vision tasks such as localization and seg-
mentation. These limitations reduce the generalization capability and practical applicability of deep
learning systems in real clinical environments. Motivated by these challenges, this work proposes
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a locally collected and clinically enriched fracture X-ray dataset designed to support multiple com-
puter vision tasks, including classification, fracture localization, and future segmentation applications,
while providing better representation of real-world clinical conditions.

1.11.1 Overview of Existing Datasets

Several publicly available X-ray datasets have been developed to support medical image analysis and
fracture detection research. These datasets differ in terms of dataset size, annotation quality, supported
computer vision tasks, and anatomical coverage. Table 1.5 presents a comparative overview of some
of the most commonly used X-ray datasets in fracture-related deep learning applications.

Dataset Year Samples Global Labels Local Labels Masks Multi-locale
MURA [36] 2017 40,561 Yes No No Yes
MedPix [37] 2016 1,954 Yes No No Yes
GRAZPEDWRI-DX [38] 2022 20,327 Yes Yes No No
IIEST [39] 2020 217 Yes No No Yes
MOST [40] 2020 4,446 Yes No No Yes
VinDr-CXR [41] 2022 18,000 Yes No No No
PediCXR [42] 2023 9,125 Yes Yes No No
ChestX-ray14 [43] 2017 112,120 Yes No No No
RSNA Pediatric [44] 2017 14,236 Yes No No No
FracAtlas [13] 2023 4,083 Yes Yes Yes Yes

Table 1.5: Overview of existing X-ray datasets for fracture detection [13].

Several publicly available X-ray datasets have been introduced to support medical image analysis
and anomaly detection tasks, including MURA, MedPix, GRAZPEDWRI-DX, IIEST, MOST, VinDr-
CXR, VinDr-SpineXR, ChestX-ray14 and FracAtlas. These datasets differ considerably in terms of
dataset size, annotation quality, imaging modalities, and their suitability for fracture-related computer
vision applications.

Among them, MURA is one of the most widely used musculoskeletal radiograph datasets, con-
taining more than 40,000 images collected from different anatomical regions such as the elbow, finger,
forearm, hand, humerus, shoulder, and wrist. The dataset provides binary labels indicating whether
each image is normal or abnormal, making it appropriate for classification tasks. However, it does
not provide detailed localization annotations or segmentation masks required for advanced fracture
localization systems [36].

MedPix is another publicly accessible medical imaging database that includes both 2D and 3D
scans covering various diseases and imaging modalities, including X-rays, MRI, CT, and ultrasound
images. Although fracture-related images can be extracted using keyword-based filtering, the dataset
suffers from several limitations such as inconsistent annotations, mislabeled samples, and the presence
of irrelevant images, which reduce its reliability for deep learning applications [37].

More recently, the GRAZPEDWRI-DX dataset was introduced with localization annotations for
fracture detection tasks. It contains over 20,000 radiographs collected from thousands of patients,
providing valuable support for object detection research. Nevertheless, the dataset focuses exclusively
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on wrist fractures, limiting its applicability to full-body fracture analysis [38].
The IIEST dataset is a relatively small collection of two-dimensional X-ray images containing

healthy, fractured, and tumor-affected bones. Due to its limited size, the dataset does not provide
a sufficient number of samples for effectively training deep learning models and achieving reliable
performance [39].

The MOST dataset, on the other hand, consists of X-ray and magnetic resonance imaging (MRI)
scans categorized according to the Kellgren–Lawrence grading system for assessing disease severity.
However, its scope is limited to knee-related conditions, and the dataset is no longer publicly available
[40].

VinDr-CXR is a large chest X-ray dataset with manually annotated localization labels for multi-
ple thoracic abnormalities. While it is highly valuable for chest disease analysis, it is not specifically
designed for bone fracture detection [41]. Other datasets released by the VinDr group, such as VinDr-
Mammo, VinDr-SpineXR, and PediCXR, present similar limitations regarding fracture-focused ap-
plications [42].

ChestX-ray14 is another large-scale radiographic dataset containing over 100,000 chest X-ray
images. Despite its size, the dataset is dedicated to thoracic disease analysis and does not provide
suitable samples for musculoskeletal fracture studies [43].

FracAtlas is one of the most recent publicly available datasets specifically developed for fracture
analysis in X-ray images. It contains radiographs collected from multiple hospitals and covers sev-
eral anatomical regions, including the hand, shoulder, leg, and hip. Unlike many existing datasets,
FracAtlas provides detailed annotations that support multiple computer vision tasks, such as fracture
classification, localization, and segmentation [13].

1.11.2 Research Gap

Despite the progress achieved by recent datasets such as FracAtlas in supporting classification, ob-
ject detection, and segmentation tasks, several limitations still remain, particularly regarding clinical
diversity, annotation richness, and the representation of real-world medical environments. Most cur-
rently available datasets mainly focus on detecting the presence or location of fractures, while provid-
ing limited clinically relevant information associated with each case. This restricts the ability of deep
learning models to deliver more comprehensive and clinically applicable analysis in real healthcare
settings.

1.11.3 Research Problem and Open Challenges

Despite the remarkable progress achieved by deep learning techniques in medical image analysis, sev-
eral challenges still limit the development of reliable computer-aided diagnosis systems for fracture
detection and localization from X-ray images. Recent studies have demonstrated promising results
using convolutional neural networks and object detection models; however, their performance remains
highly dependent on the quality, diversity, and size of the available datasets.

One of the main challenges is the limited availability of large-scale and clinically diverse fracture
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X-ray datasets. Most publicly available datasets contain a restricted number of images and often lack
sufficient variability in fracture types, patient demographics, and imaging conditions. In addition,
many datasets provide only basic annotations, such as image-level labels or bounding boxes, while
offering limited clinical information associated with each case.

Another important challenge concerns data annotation. The annotation process requires signifi-
cant effort from radiologists and medical experts to ensure accuracy and consistency. This makes the
creation of high-quality datasets both time-consuming and expensive. Furthermore, patient privacy
regulations and ethical considerations restrict the public sharing of medical data, which further limits
dataset availability.

From a technical perspective, fracture detection remains a difficult task because fractures may
appear with different shapes, sizes, and locations. Some fractures are subtle and difficult to iden-
tify even by experienced clinicians, making automated detection particularly challenging. Moreover,
achieving accurate classification, localization, and segmentation within a unified framework remains
an open research problem.

Therefore, there is a need for more representative and clinically enriched datasets, as well as robust
deep learning frameworks capable of improving fracture analysis while maintaining high accuracy
and generalization performance in real clinical environments.

1.11.4 Proposed Solution and Research Contributions

To address these challenges, the present work proposes a framework based on real X-ray data col-
lected from a local hospital, aiming to provide a dataset that better represents the local clinical envi-
ronment and the diversity of actual fracture cases. The dataset contains approximately 1000 fracture
X-ray images, which were carefully organized and reviewed to ensure data quality and annotation
consistency.

In addition to conventional classification and fracture localization annotations, clinically relevant
information was incorporated during the annotation process under medical supervision. This adds a
clinical dimension that goes beyond traditional classification and detection tasks.

Furthermore, the proposed work adopts a multi-stage framework that includes classification, frac-
ture localization, and segmentation of affected regions, with the objective of developing a more ac-
curate and realistic computer-aided diagnosis system using deep learning and computer vision tech-
niques.

By combining real-world local data, precise annotations, and clinically related information as-
sociated with fracture cases, this work aims to improve the generalization capability and practical
effectiveness of fracture detection systems while enhancing their applicability in real clinical environ-
ments.

1.12 Conclusion

In this chapter, the essential theoretical and medical foundations for fracture detection using artificial
intelligence have been presented. The discussion began with an overview of bone anatomy and frac-
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ture types, emphasizing their importance in understanding radiographic images. This was followed
by an introduction to X-ray imaging and its associated challenges, particularly those related to image
quality.

The chapter then explored machine learning and deep learning techniques, highlighting the limita-
tions of traditional approaches and the advantages of deep learning models, especially convolutional
neural networks, in medical image analysis. Key computer vision tasks were also examined, with
particular focus on object detection as a crucial method for localizing fractures in X-ray images.

In addition, transfer learning was introduced as an effective strategy to overcome the limitations
of limited annotated data in medical applications. Finally, a structured analysis of existing datasets
and previous work was conducted, identifying key limitations, research gaps, and open challenges
related to fracture detection in real-world clinical environments.

Based on these findings, the need for more clinically representative datasets and richer medical
annotations was highlighted. Motivated by these challenges, the present work proposes a locally
collected fracture X-ray dataset combined with a multi-stage deep learning framework for fracture
classification, localization, and segmentation. The next chapter presents the methodology adopted
in this study, including data collection, preprocessing procedures, annotation strategy, and model
development.
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2.1 Introduction

Following the theoretical background and literature review presented in the previous chapter, this
chapter describes the methodology adopted for developing an automated fracture analysis system
based on X-ray images. The proposed methodology covers all stages of the workflow, starting from
medical data collection and preparation, through annotation and exploratory data analysis, and ending
with the development of deep learning models for fracture classification and localization.

Particular attention is given to the construction of a locally collected and clinically enriched frac-
ture dataset. The chapter presents the preprocessing procedures applied to the acquired radiographs,
the annotation strategy adopted for both classification and fracture localization, and the integration of
clinically relevant information associated with fracture cases.

Furthermore, the chapter describes the multi-stage deep learning framework proposed in this
work. Two transfer learning approaches based on DenseNet architectures are investigated for binary
fracture classification, while a YOLOv11 Nano Segmentation model is employed for fracture local-
ization and segmentation. The training procedures, data augmentation techniques, hyperparameter
configurations, and evaluation protocols adopted in this study are also presented.

This methodology provides the practical foundation for the experimental studies presented in the
next chapter and supports the development of an intelligent computer-aided diagnosis system for
automated fracture detection and analysis.

Figure 2.1 provides an overview of the methodology adopted in this study, starting with data
collection, preparation, and annotation, followed by the development of deep learning models, and
concluding with their evaluation and testing for fracture classification and detection tasks.

Figure 2.1: Overall workflow of the proposed automated fracture analysis framework.
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2.2 Data Collection and Preparation

The collection and preparation of the datasets involved multiple stages aimed at ensuring data qual-
ity, consistency, and readiness for analysis. These stages included data acquisition, preprocessing,
annotation refinement, and final dataset organization.

Figure 2.2 presents the overall workflow adopted in this study for dataset preparation and anno-
tation.

Figure 2.2: Dataset diagram.

2.2.1 Data Acquisition

Medical X-ray images were collected on October 24, 2025, in collaboration with the Public Insti-
tution of Local Healthcare “Lamamra Saad” in Debila. A total of 9,280 radiographic images were
obtained in DICOM format, which is the standard format commonly used in medical imaging.

2.2.2 Data Conversion and Preprocessing

The collected DICOM images were converted into JPG format to facilitate storage, processing, and
compatibility with deep learning frameworks. During this stage, metadata was extracted and cleaned,
and all personally identifiable information was removed to ensure patient privacy and compliance with
ethical standards. The image quality and relevant diagnostic information were preserved for further
analysis and model training.

2.2.3 Image Resizing and Optimization

To optimize storage and improve processing efficiency, all images were resized such that the longest
side did not exceed 1024 pixels.
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This step was performed for the following reasons:

- Reduce dataset size for faster uploading and handling

- Improve performance during annotation and training

- Maintain sufficient visual quality for expert interpretation

As a result:

- Original dataset size: 11.2 GB

- After resizing: 2.54 GB

This optimization significantly facilitated the use of the annotation platform while preserving
image clarity required for accurate labeling.

2.2.4 Data Management and Server Configuration

A dedicated server was configured to host the dataset and support collaborative work. The Label
Studio platform was deployed on the server to manage the annotation process.

To ensure data safety and continuity:

- A backup system was implemented

- All data was securely stored and organized

- Controlled access was provided to authorized users

2.2.5 Medical Consultation

Prior to the annotation process, medical consultations were obtained from the general practitioner
Rafik Boukhezna and the orthopedic surgeon Hamza Abdelhak. These consultations provided valu-
able clinical insights regarding fracture characteristics, anatomical localization, fracture morphology,
displacement assessment, and other relevant medical information.

The recommendations received during this stage contributed to defining the annotation require-
ments and selecting the clinical attributes to be collected throughout the study. This preliminary
medical guidance helped ensure that the annotation protocol was aligned with the clinical objectives
of fracture detection and localization.

2.3 Annotation Strategy

Annotation is considered one of the fundamental stages in preparing data for deep learning models,
where additional labels and descriptive information are assigned to images in order to enable the
model to better understand and learn from the data.

In this work, the annotation process was divided into two main stages:
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1. Image Classification.

2. Fracture Localization.

This two-step approach was adopted to improve data quality and focus the localization process
only on relevant images.

2.3.1 Stage 1: Image Classification

The original dataset contained 9,280 X-ray images. During the first annotation stage, all images were
manually reviewed and classified into three main categories: Fracture, Normal, and Other. The
annotation process was conducted by the radiology nurses Yaacoub Cheibani and Houssam Eddine
Ouassaa between February 28, 2026, and April 18, 2026.

The Fracture category included images showing visible bone fractures, while the Normal cate-
gory contained images without fracture findings. The Other category included images unrelated to
the scope of this study, such as skull, spine, chest, and abdominal radiographs, as well as images with
excessive noise or poor visual quality.

Following the classification process, the dataset consisted of 1,015 fracture images, 5,320 nor-
mal images, and 2,898 other images, resulting in a total of 9,233 classified images. A discrepancy of
47 images was observed between the original dataset size and the final number of classified images.

Classification Results

- Fracture: 1,015 images.

- Normal: 5,320 images.

- Other: 2,898 images.

Figure 2.3 presents a representative sample from the Normal class. No visible fracture or signifi-
cant bone abnormality can be observed in this radiographic image.
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Figure 2.3: Sample image from the Normal class.

Figure 2.4 presents a representative sample from the Fracture class. The image contains a visible
bone fracture that was identified during the annotation process.
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Figure 2.4: Sample image from the Fracture class.

Figure 2.5 presents a representative sample from the Other class. This category includes images
that are not relevant to fracture detection and were therefore excluded from subsequent localization
and training stages.
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Figure 2.5: Sample image from the Other class.

2.3.2 Stage 2: Fracture Localization

After completing the first-stage classification process, the dataset was reorganized into separate fold-
ers according to the assigned class labels to facilitate data management and subsequent processing
stages.

In this stage, only images classified as Fracture during the initial annotation phase were selected
for further analysis. The main objective was to precisely localize fracture regions and collect addi-
tional clinical information, including the anatomical segment, bone localization, fracture morphology,
fracture completeness, displacement status, and patient age group.

To perform this task, a dedicated project was created using Label Studio. The annotation inter-
face was customized through an XML configuration designed according to the study requirements.
These settings enabled polygon-based segmentation for accurate fracture delineation and provided
standardized forms for recording supplementary clinical information associated with each case.
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The fracture localization annotation process was conducted between April 29, 2026, and May 28,
2026 by trained medical professionals specialized in radiology, assisted by qualified nursing staff.

During the localization stage, all images previously classified as fracture were carefully reviewed.
Following this detailed examination, 940 images were confirmed to contain visible fractures and
were successfully annotated, while 74 images were found not to contain identifiable fracture
findings and were subsequently reclassified as normal cases. In addition, one image was un-
intentionally omitted from the localization workflow and therefore was not included in the final
localization dataset.

Figure 2.6 illustrates an example of the fracture localization annotation process. The fracture
region was manually identified and marked using a bounding box to indicate the area of interest
before performing the detailed segmentation and clinical annotation procedures.

Figure 2.6: Example of fracture localization annotation showing the manually selected fracture re-
gion.

2.4 Exploratory Data Analysis

In order to better understand the characteristics of the dataset, an exploratory data analysis (EDA)
was conducted on the annotated data. This analysis aims to study the distribution of fracture cases
according to several factors such as body parts, fracture patterns, and age groups. The obtained
statistics and visualizations help provide insights into the dataset composition and identify potential
class imbalance issues.

2.4.1 Distribution of Fractures by Body Part

The following figure presents the distribution of fracture cases across different body parts in the
dataset. This analysis helps provide a clearer understanding of the most affected anatomical regions
and the balance of samples among the different categories.
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Figure 2.7: Overview of the data collection, preparation, and annotation workflow adopted in this
study.

The analysis shows that forearm fractures were the most common cases in the dataset, followed
by foot and hand fractures. In contrast, ankle and arm fractures were less represented. This variation
reflects an imbalance in the distribution of samples across different anatomical regions.

2.4.2 Distribution of Fracture Patterns

The following figure presents the distribution of fracture patterns within the dataset. This analysis
helps identify the most common fracture types and examine the balance of samples among different
fracture categories.
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Figure 2.8: Distribution of Fracture Patterns

The analysis shows that oblique fractures were the most common cases in the dataset, followed
by transverse and comminuted fractures, while spiral fractures were the least represented. This distri-
bution reflects a variation in the number of samples among different fracture types within the dataset.

2.4.3 Age Group Distribution

The following figure presents the distribution of fracture cases according to age groups within the
dataset. This analysis helps identify the most represented age category and examine the balance of
samples among different age groups.
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Figure 2.9: Distribution of fracture cases according to age groups

The analysis shows that adult fracture cases were the most represented in the dataset, followed by
child cases, while elderly cases were the least represented. This distribution reflects a variation in the
number of samples among different age groups within the dataset.

2.5 Work Methodology Overview

In this study, two complementary deep learning tasks were performed using the collected X-ray
dataset: binary classification and object detection/segmentation.

For the binary classification task, the dataset included both normal and fractured bone X-ray
images. The objective of this task was to train the model to automatically classify X-ray images into
healthy or fractured categories.

For the object detection and segmentation task, only fractured X-ray images were utilized. These
images were manually annotated by medical experts using polygon-based annotations to accurately
identify and localize fracture regions within the X-ray images.

This dual-task methodology enables the system not only to detect the presence of bone fractures
but also to precisely determine their exact locations, thereby improving diagnostic accuracy and sup-
porting medical decision-making.
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2.6 Binary Classification

The first objective of this study was to develop an automated binary classification system capable
of distinguishing between normal and fractured bone X-ray images. Binary classification plays an
important role as an initial screening step in computer-aided diagnosis systems, allowing rapid iden-
tification of suspicious fracture cases before performing more detailed localization and segmentation
tasks.

To investigate the most suitable classification approach for the collected dataset, two transfer
learning strategies were explored. The first approach consisted of fine-tuning a pre-trained DenseNet201
model directly on the local X-ray dataset. Although this approach demonstrated the feasibility of frac-
ture classification, its performance remained limited in terms of accuracy and generalization.

To further improve the classification results, a second transfer learning strategy was adopted using
a DenseNet169 model. The model was first adapted on the MURA dataset, a large-scale muscu-
loskeletal radiography dataset, and subsequently fine-tuned on the local dataset. This progressive
learning process enabled the model to acquire more relevant radiographic features and improve its
fracture detection capability.

The following sections describe the different classification strategies, training procedures, and
evaluation methods adopted in this work.

2.6.1 Transfer Learning with DenseNet201 on the Local Dataset

As an initial classification experiment, a transfer learning approach based on the DenseNet201 archi-
tecture was adopted. DenseNet201 is a deep convolutional neural network known for its dense con-
nectivity mechanism, which facilitates feature reuse and improves gradient propagation throughout
the network. In this experiment, the model was initialized with weights pre-trained on the ImageNet
dataset and subsequently fine-tuned using the local X-ray dataset collected in this study.

The objective of this experiment was to evaluate the effectiveness of directly adapting a pre-trained
model to the local fracture classification task and to establish a baseline performance for comparison
with more advanced transfer learning strategies. The complete workflow adopted in this experiment
is described in the following stages.

As illustrated in Figure 2.10, the proposed methodology consists of several sequential stages,
including dataset preparation, class balancing, preprocessing, data augmentation, model fine-tuning,
training, and evaluation.
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Figure 2.10: Workflow of the transfer learning experiment based on DenseNet201.

Stage 1: Dataset Preparation

The first step of the classification pipeline consisted of preparing the local X-ray dataset for model
training. Only images belonging to the Fracture and Normal categories were selected, while images
labeled as Other were excluded since they were not relevant to the binary classification task.

The resulting dataset contained a total of 6,244 X-ray images, including 1,014 fracture images
and 5,230 normal images. This distribution reflects a noticeable class imbalance, which is commonly
encountered in medical imaging datasets.

The selected images were organized into two classes corresponding to the target labels: Fracture
and Normal. This organization facilitated data loading and ensured compatibility with the deep
learning framework used for training.

To enable proper model development and unbiased performance evaluation, the dataset was di-
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vided into three subsets as follows:

- 70% Training Set.

- 15% Validation Set.

- 15% Test Set.

The training set was used to learn model parameters, the validation set was employed to monitor
performance and optimize the training process, while the test set was reserved for the final evaluation
of the model on previously unseen images.

Following the dataset split, a balancing procedure was applied to both the training and validation
sets in order to reduce the impact of class imbalance. The class distribution was adjusted to approx-
imately 60% normal images and 40% fracture images. This strategy was adopted to provide a more
balanced representation of both classes during training, allowing the model to learn fracture-related
patterns more effectively while reducing the bias toward the majority class.

The test set was kept unchanged to ensure an unbiased evaluation of the model under real-world
data distribution conditions.

This data preparation stage established the foundation for the subsequent preprocessing, augmen-
tation, and training procedures.

Stage 2: Image Enhancement and Preprocessing

Before training the classification model, several preprocessing operations were applied to improve
image quality and ensure consistency across the dataset. These operations aimed to enhance rele-
vant anatomical features, reduce variations between images, and prepare the data for efficient feature
extraction by the deep learning model.

The preprocessing pipeline included the following steps:

• Image Resizing: All X-ray images were resized to a fixed resolution of 224 × 224 pixels in
order to ensure a uniform input size compatible with the DenseNet201 architecture.

• Contrast Enhancement: Contrast Limited Adaptive Histogram Equalization (CLAHE) was
applied to improve local image contrast and enhance the visibility of bone structures and frac-
ture patterns. This technique is particularly useful for medical images, where subtle intensity
variations may contain important diagnostic information.

• Normalization: Pixel values were normalized to a standard range to facilitate stable conver-
gence during training and improve the overall learning process of the model.

These preprocessing operations contributed to improving image quality and highlighting relevant
fracture-related features before the training stage.
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Stage 3: Data Augmentation

Due to the imbalance between the number of fracture images and normal images, several data aug-
mentation techniques were applied to the training set in order to increase data diversity and reduce the
risk of overfitting. These techniques also improved the model’s ability to handle potential variations
in image orientation and positioning during inference.

The augmentation pipeline included the following transformations:

• Rotation: Random rotations were applied within a range of ±10◦.

• Zoom: Random zoom operations were applied with a factor of 10%.

• Width Shift: Random horizontal translations were applied up to 5% of the image width.

• Height Shift: Random vertical translations were applied up to 5% of the image height.

These transformations generated more diverse training samples while preserving the diagnostic
information contained in the X-ray images. As a result, the model became more robust and capable
of generalizing better to previously unseen data.

Stage 4: DenseNet201 Model Initialization

After completing the data preparation and augmentation stages, the DenseNet201 architecture was
selected as the backbone model for the binary classification task. DenseNet201 is a deep convolutional
neural network characterized by dense connections between layers, allowing efficient feature reuse
and improved information flow throughout the network.

To take advantage of previously learned visual representations, the model was initialized with
weights pre-trained on the ImageNet dataset. Using pre-trained weights provides a strong starting
point for training and reduces the amount of data required to achieve satisfactory performance.

Since the original DenseNet201 architecture is designed for multi-class classification, its final
classification layer was modified to fit the binary classification problem addressed in this study. The
original classifier was replaced with a custom classification head consisting of:

- Global Average Pooling layer.

- Dropout layer with a rate of 0.5.

- Fully Connected layer with a single output neuron.

- Sigmoid activation function.

To preserve the general visual representations learned from the ImageNet dataset while adapting
the model to the fracture classification task, a partial fine-tuning strategy was adopted. Most layers of
the DenseNet201 network were kept frozen, while only the last 150 layers were unfrozen and allowed
to update during training. This approach enables the model to learn task-specific features from the
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X-ray images while retaining the valuable knowledge acquired during pre-training. In addition, it re-
duces computational complexity and helps mitigate the risk of overfitting, particularly when working
with relatively limited medical datasets.

This modification enables the model to output the probability of an input image belonging to either
the fracture class or the normal class.

Stage 5: Training Strategy and Hyperparameter Configuration

After initializing the DenseNet201 model, a fine-tuning strategy was adopted to adapt the pre-trained
network to the fracture classification task. Instead of training the model from scratch, the pre-trained
weights were used as a starting point, allowing the network to benefit from previously learned visual
features while adapting to the characteristics of medical X-ray images.

To ensure stable and efficient training, several hyperparameters and optimization settings were
carefully selected. The Adam optimizer was employed due to its effectiveness in deep learning appli-
cations and its ability to achieve faster convergence. In addition, a Binary Focal Cross-Entropy loss
function was adopted to mitigate the effect of class imbalance and improve the detection of fracture
cases.

Furthermore, the ReduceLROnPlateau learning rate scheduler was used to automatically reduce
the learning rate whenever the validation performance stopped improving, helping the model achieve
better convergence during training.

The main hyperparameters used in this experiment are summarized in Table 2.1.

Parameter Value
Model DenseNet201

Input Size 224×224

Batch Size 8

Number of Epochs 30

Optimizer Adam

Learning Rate 1×10−5

Loss Function Binary Focal Cross-Entropy

Learning Rate Scheduler ReduceLROnPlateau

Dropout Rate 0.5

Output Activation Sigmoid

Table 2.1: DenseNet201 training hyperparameters

Stage 6: Model Training

After completing the data preparation, preprocessing, augmentation, and model initialization stages,
the DenseNet201 model was trained using the prepared training set. During training, the model
parameters were iteratively updated through backpropagation in order to minimize the Binary Focal
Cross-Entropy loss function and improve classification performance.
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The validation set was used throughout the training process to monitor the model’s performance
and evaluate its generalization capability on unseen data. In addition, the learning rate was automati-
cally adjusted using the ReduceLROnPlateau scheduler whenever the validation performance stopped
improving.

The training process was conducted for 30 epochs, allowing the model to progressively learn
discriminative features associated with fracture and normal X-ray images. Throughout training, the
model weights corresponding to the best validation performance were saved and later used for final
evaluation.

2.6.2 Enhanced Transfer Learning Approach

While the previous approach relied on directly fine-tuning a pre-trained DenseNet201 model on the
local dataset, a more advanced transfer learning strategy was subsequently investigated. This ap-
proach aimed to further improve feature extraction by introducing an intermediate adaptation stage
using the MURA dataset before fine-tuning the model on the local fracture dataset.

The rationale behind this strategy is that the MURA dataset contains a large collection of muscu-
loskeletal X-ray images, enabling the model to learn domain-specific radiographic features that are
more relevant to fracture detection. By progressively adapting the model from ImageNet to MURA
and finally to the local dataset, the network can acquire richer representations and better adapt to the
target classification task.

The following sections describe the different stages of this enhanced transfer learning pipeline.
As illustrated in Figure 2.11, the enhanced transfer learning framework consists of a series of

sequential stages. The model is first initialized with ImageNet pre-trained weights, subsequently
adapted using the MURA musculoskeletal X-ray dataset, and finally fine-tuned on the local fracture
dataset before being evaluated using multiple performance metrics.
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Figure 2.11: Workflow of the proposed DenseNet169 transfer learning strategy using MURA pre-
training and fine-tuning on the local fracture dataset.

2.6.3 Transfer Learning with DenseNet169 Using MURA Pretraining

To further enhance the fracture classification performance, a more advanced transfer learning strategy
was adopted using the DenseNet169 architecture. Unlike the previous approach, which relied solely
on the local dataset, this strategy introduced an intermediate adaptation stage using the MURA dataset
before fine-tuning the model on the local fracture dataset.

The rationale behind this approach is that MURA contains a large collection of musculoskeletal
X-ray images from different anatomical regions, allowing the model to learn domain-specific radio-
graphic features that are highly relevant to fracture detection. By progressively adapting the model
from ImageNet to MURA and subsequently to the local dataset, the network can acquire more ro-
bust feature representations and improve its ability to distinguish between normal and fractured X-ray
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images.
The following sections describe the transfer learning strategy, dataset preparation, training pipeline,

fine-tuning process, and evaluation methodology adopted in this study.

MURA Dataset

MURA (Musculoskeletal Radiographs) is one of the largest publicly available medical imaging datasets
dedicated to musculoskeletal X-ray analysis. The dataset was developed by Stanford University and
contains a large collection of radiographic images acquired from different anatomical regions, includ-
ing the elbow, finger, forearm, hand, humerus, shoulder, and wrist.

The dataset is organized into normal and abnormal studies, where abnormal cases include vari-
ous musculoskeletal conditions such as fractures. Due to its large scale, diversity, and relevance to
fracture-related abnormalities, MURA has become a widely used benchmark dataset for developing
and evaluating deep learning models in musculoskeletal radiography.

In this study, MURA was used as an intermediate source dataset within the proposed transfer
learning framework before adapting the model to the local fracture dataset [36].

Stage 1: MURA Image-Level Preparation

Originally, the MURA dataset is organized at the study level (Study-Level), where each study contains
multiple X-ray images grouped under a single label such as study_positive or study_negative.

In this work, the dataset was converted into an Image-Level structure, where each image was
extracted and assigned an independent label. Two main labels were adopted for the classification task,
where label Normal corresponds to normal images, while label Abnormal corresponds to abnormal
or fractured images.

Stage 2: Preprocessing

Several preprocessing operations were applied before training in order to standardize the input images
and ensure compatibility with the classification model.

• Resize: All images were resized to a fixed resolution of 320×320 pixels.

• Normalization: ImageNet normalization parameters were adopted:

mean = [0.485, 0.456, 0.406]

std = [0.229, 0.224, 0.225]

Stage 3: Data Augmentation

Data augmentation techniques were applied in order to improve model generalization and reduce
overfitting. The baseline augmentation strategy included horizontal flipping (Horizontal Flip) and
image rotation within a range of ±30◦, which helped increase the diversity of the training data and
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improve the model’s ability to handle possible variations in X-ray images. Additional augmentation
techniques may later be integrated to further enhance robustness, including contrast enhancement
using CLAHE, brightness adjustment, and Gaussian noise injection.

:

Stage 4: Model Insialization

• Selected Model:

DenseNet169 was selected for the following reasons:

- Better alignment with the original MURA methodology.

- Improved training stability.

- Lower computational complexity compared to deeper models.

• Classification Layer Modification:

After loading the model, the final classification layer was modified to fit the binary classification
task.

The original classifier was replaced with: Linear(..., 1)

Along with: Sigmoid Activation Function

This modification allows the model to output the probability of the image belonging either to
the fracture class or the normal class.

• Training Strategy:

An End-to-End Training strategy was adopted. This means that all layers of the model were
trained and updated during the learning process instead of freezing the backbone layers. This
approach improved the model’s ability to adapt to the characteristics of medical X-ray images.

To ensure stable and efficient training of the binary classification model, several training pa-
rameters and optimization settings were carefully selected. The following table summarizes the
main hyperparameters used during both the initial training and fine-tuning stages.

Parameter Value
Loss Function BCEWithLogitsLoss

Optimizer Adam

Learning Rate Scheduler ReduceLROnPlateau

Learning Rate (Initial) 1×10−4

Learning Rate (Fine-Tuning) 1×10−5

Betas (0.9, 0.999)

Batch Size 8

Number of Epochs 20

Table 2.2: Training Hyperparameters.
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• Initial Training on MURA

During this stage, the DenseNet169 model was trained using the prepared MURA Image-Level
dataset. After training completion, the best-performing model weights were saved for later use
during the Fine-Tuning stage.

Fine-Tuning on the Local Fracture Dataset

After completing the initial training phase on the MURA dataset, the next step consisted of fine-tuning
the model using the local fracture dataset collected and prepared during the previous stages of this
work.

The local dataset used during this stage consists of:

- 1014 fracture images

- 5230 normal images

The dataset was first divided into three main subsets to ensure proper model evaluation:

- 70% for training.

- 15% for validation.

- 15% for testing.

After the splitting stage, the images underwent the same preprocessing and data augmentation
operations used during the previous MURA training stage, including image resizing, normalization,
and augmentation techniques such as horizontal flipping and rotation. These operations aimed to
improve data quality and enhance the model’s generalization capability.

The same training hyperparameters used in the previous stage were also adopted, including the
loss function, optimizer, learning rate, and number of epochs, in order to ensure stable and efficient
model training.

Finally, the pre-trained weights obtained from the MURA training stage were loaded, and the
model was progressively fine-tuned using the local dataset to adapt it to the characteristics of local
X-ray images and improve its ability to distinguish between normal bones and real fracture cases.

2.6.4 Classification Evaluation Metrics

After completing the training process, the performance of the classification models was evaluated
using several standard metrics commonly adopted in medical image classification tasks. These metrics
provide a comprehensive assessment of the model’s ability to correctly distinguish between normal
and fracture X-ray images.

The evaluation metrics used in this study are described as follows:

• Accuracy:
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Accuracy measures the overall proportion of correctly classified samples among all evaluated
samples. It provides a general indication of the model’s classification performance [45].

Accuracy =
T P+T N

T P+T N +FP+FN
(2.1)

where:

• TP: True Positives (fracture images correctly classified as fractures).

• TN: True Negatives (normal images correctly classified as normal).

• FP: False Positives (normal images incorrectly classified as fractures).

• FN: False Negatives (fracture images incorrectly classified as normal).

• Precision

Precision evaluates the proportion of correctly predicted fracture cases among all samples pre-
dicted as fractures [45].

Precision =
T P

T P+FP
(2.2)

A high precision value indicates a low number of false positive predictions.

• Recall (Sensitivity)

Recall measures the model’s ability to correctly identify actual fracture cases [45].

Recall =
T P

T P+FN
(2.3)

A high recall value indicates that the model successfully detects most fracture cases.

• F1-Score

The F1-Score is the harmonic mean of Precision and Recall and provides a balanced measure
when dealing with imbalanced datasets [45].

F1-Score = 2× Precision×Recall
Precision+Recall

(2.4)

This metric is particularly important when both false positives and false negatives need to be
considered.

• Area Under the Receiver Operating Characteristic Curve (AUROC)

AUROC evaluates the model’s ability to distinguish between fracture and normal classes across
different classification thresholds. The ROC curve is generated by plotting the True Positive
Rate (TPR) against the False Positive Rate (FPR).
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T PR =
T P

T P+FN
(2.5)

FPR =
FP

FP+T N
(2.6)

Higher AUROC values indicate better discriminative capability of the model [46].

• Confusion Matrix

The confusion matrix provides a detailed representation of classification results by displaying
the number of True Positives, True Negatives, False Positives, and False Negatives. It facilitates
a deeper understanding of the types of classification errors made by the model [47].

The same evaluation metrics were used to assess and compare the performance of both classifica-
tion approaches adopted in this study.

These metrics were used to assess the model’s ability to correctly distinguish between normal
and fracture images, reduce false predictions, improve fracture detection sensitivity, and effec-
tively handle class imbalance. In addition, the Validation Set was used during training in order
to monitor model performance and progressively optimize the training process.

2.7 Object Detection and Segmentation Dataset Preparation

After completing the fracture annotation stage, the annotated images along with their corresponding
label files were exported. These labels contain fracture localization information using Polygon An-
notation. The dataset was then uploaded to the Roboflow platform in order to perform preprocessing,
data augmentation, and dataset organization before training the YOLOv11 Segmentation model. The
uploaded dataset contained approximately 903 annotated fracture X-ray images.

Figure 2.12 presents the complete workflow adopted for fracture detection and segmentation using
YOLOv11. The pipeline includes dataset preparation, preprocessing, augmentation, model training,
fracture localization and segmentation, and final performance evaluation.
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Figure 2.12: Workflow of the proposed YOLOv11-based fracture detection and segmentation frame-
work.
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Stage 1: Dataset Splitting

After uploading the dataset to Roboflow, the data was automatically divided into three main subsets
in order to ensure proper model training and evaluation:

- 70% for training.

- 20% for validation.

- 10% for testing.

This splitting strategy allows the model to be trained on a large portion of the dataset, monitored
during the learning process, and finally evaluated on previously unseen images.

Stage 2: Preprocessing

Before starting the training process, several preprocessing operations were applied to the X-ray im-
ages in order to standardize the dataset and improve compatibility with the YOLOv11 Segmentation
model.

• Auto-Orient:

The Auto-Orient operation was applied to automatically correct image orientation and ensure
consistent alignment across all X-ray images. This operation also helps reduce variations
caused by image acquisition procedures and improves training stability.

• Resize:

All images were resized to:
640×640

This step was performed in order to:

- Standardize image dimensions.

- Reduce computational complexity.

- Improve compatibility with YOLOv11 model requirements.

Stage 3: Data Augmentation

The following table presents the data augmentation techniques applied to the X-ray images within the
Roboflow platform, along with the configuration of each technique, in order to improve data diversity
and enhance the model’s generalization capability during training.
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Table 2.3: Applied Data Augmentation Techniques

Augmentation Technique Configuration
Horizontal Flip Enabled

Rotation ±15◦

Brightness Adjustment ±15%

Exposure Adjustment ±10%

Noise Injection Applied

After applying the data augmentation techniques, the number of training images increased from
632 to 1264 images, which contributed to improving data diversity and enhancing the model’s
generalization capability during training.

Stage 4: YOLOv11 Nano Segmentation Model Training

After completing the dataset preparation stages, the next step consisted of training the segmentation
model for fracture localization within X-ray images.

In this work, the YOLOv11 Nano Segmentation model was adopted. It is a modern model based
on the YOLO (You Only Look Once) architecture, specifically designed for real-time object detection
and segmentation tasks. The model is characterized by its lightweight and efficient architecture,
allowing fast inference speed with low computational requirements.

YOLOv11 Segmentation performs simultaneous object localization and segmentation mask pre-
diction in a single forward pass, making it highly suitable for medical imaging applications that
require both speed and accuracy in identifying fracture regions.

The Nano version was specifically selected due to its compact size, fast inference capability, and
ability to perform real-time fracture localization and segmentation within medical X-ray images.

The model was trained using the annotated fracture dataset prepared with Polygon Annotation
masks.

The model was trained for 300 epochs in order to ensure sufficient learning and convergence
during the training process.

2.7.1 Stage 5: Model Evaluation

After completing the training process, the performance of the detection and segmentation model was
evaluated using several standard metrics commonly adopted in Object Detection and Instance Seg-
mentation tasks.

The evaluation process included the following metrics:

- mAP@50

- Precision

- Recall

64



Chapter2 Methodology

- F1-Score

• mAP@50:

The mAP@50 (mean Average Precision at IoU = 0.50) metric is considered one of the most
important evaluation metrics used in object detection and segmentation tasks. It measures the
model’s ability to accurately detect objects and localize them within the image.

This metric is based on the IoU (Intersection over Union) value, which represents the overlap
ratio between the predicted region and the ground truth fracture region. In the case of mAP@50,
a prediction is considered correct when the overlap value is greater than or equal to 50%.

IoU =
Area o f Overlap
Area o f Union

The mAP metric represents the overall average precision across different detections, allowing
comprehensive evaluation of the model’s fracture localization performance [48].

• Role of Evaluation Metrics:

The evaluation metrics used in this study provide a comprehensive analysis of the model per-
formance from multiple perspectives. The Precision metric evaluates the model’s ability to
reduce false predictions by minimizing cases where healthy regions are incorrectly classified as
fractures. On the other hand, Recall measures the model’s ability to detect as many real fracture
cases as possible within X-ray images, which is particularly important in medical applications
to avoid missing injuries [49].

In addition, the F1-Score provides a balance between precision and sensitivity, allowing a more
reliable evaluation of model performance, especially in imbalanced datasets [45].

The mAP@50 metric specifically evaluates the quality of fracture localization and the overlap
between predicted fracture regions and the actual annotated regions [48].

Using these metrics together allows a more accurate and complete evaluation of the model’s
capability to detect fractures, reduce prediction errors, and improve fracture localization quality
within medical X-ray images.

In addition, the Validation Set was used during training to monitor model performance and
progressively optimize the training process [27].

2.8 conclusion

This chapter presented the methodology adopted for developing an automated system for fracture
detection and analysis using X-ray images. The different stages of the proposed workflow were de-
scribed, starting from medical data collection and preparation, through preprocessing and annotation
procedures, and ending with dataset analysis and preparation for deep learning applications.

The chapter also introduced the multi-stage annotation strategy, which enabled image classifica-
tion and accurate fracture localization, while incorporating additional clinically relevant information
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associated with each case. Moreover, the exploratory data analysis provided valuable insights into the
dataset characteristics and highlighted challenges related to sample distribution and class imbalance.

In addition, the deep learning approaches adopted in this study were presented, including two
transfer learning strategies for binary fracture classification based on DenseNet architectures, as well
as a YOLOv11 Nano Segmentation model for fracture localization and segmentation. The corre-
sponding preprocessing, augmentation, training, and evaluation procedures were also described in
detail.

The methodology presented in this chapter establishes a complete framework for automated frac-
ture analysis, starting from data acquisition and annotation and extending to model development and
evaluation. The next chapter presents the experimental results obtained from the proposed classifica-
tion and localization models and provides a detailed analysis of their performance and effectiveness
in fracture detection tasks.
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3.1 Introduction

Following the methodology presented in the previous chapter, this chapter reports and analyzes the
experimental results obtained from the proposed fracture classification, localization, and segmentation
models. The objective is to evaluate the effectiveness of the adopted deep learning approaches and
assess their ability to detect and localize fractures in medical X-ray images.

The chapter begins by presenting the computational environments and software tools used dur-
ing the implementation of the experiments. It then introduces the classification results obtained us-
ing the DenseNet201 baseline model, followed by the enhanced transfer learning strategy based on
DenseNet169 and MURA pretraining. The performance of each model is analyzed using multiple
evaluation metrics and graphical training curves.

Subsequently, the results of fracture localization and segmentation using the YOLOv11 Nano
Segmentation model are presented and evaluated. Finally, a comprehensive discussion of the obtained
results is provided in order to highlight the strengths, limitations, and practical implications of the
proposed framework for computer-aided fracture detection and analysis.

3.2 VPS Environment

A Virtual Private Server (VPS) is a virtualized computing environment that provides dedicated re-
sources such as processing power, memory, and storage within a shared physical server. This type
of server enables users to deploy applications and manage services remotely while benefiting from
flexibility, scalability, and stable performance. VPS solutions are widely used for hosting applications
and platforms that require continuous availability and secure Internet access.

3.2.1 Use of the VPS in This Work

In this work, an OVHcloud VPS was used to host and run the Label Studio platform for X-ray image
annotation. This environment provided reliable remote access to the platform and facilitated the
management of the annotation process, contributing to efficient dataset preparation and the generation
of high-quality annotations required for training and evaluating deep learning models. Table 3.1
presents the technical specifications of the VPS used in this study.
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Specification Value
Provider OVHcloud

Server Type VPS-1

vCPUs 4 vCores

RAM 8 GB

Storage 75 GB SSD

Traffic Unlimited

Public Bandwidth 400 Mbps

Backup Service Daily Backup

Purpose Hosting Label Studio

Table 3.1: Technical Specifications of the OVHcloud VPS Environment

3.3 Classification Environment Specifications

In this work, the classification task was implemented using the Kaggle platform to perform the train-
ing and evaluation stages of the DenseNet169 model. The selection of Kaggle was motivated by
its integrated deep learning environment and its support for GPU acceleration without requiring a
complex local setup.

The environment specifications used for the classification task are summarized in Table 3.2.

Component Description
Execution Platform Kaggle Notebook Environment

Programming Language Python 3.8

GPU NVIDIA Tesla T4 GPU

CPU Multi-core processors provided by Kaggle
servers

RAM 16 GB

Storage Temporary cloud storage provided by Kaggle

Deep Learning Framework PyTorch

Table 3.2: Classification Environment Specifications

3.3.1 Tools and Libraries Used for Classification:

Several tools and libraries were used during the implementation of the classification model in order
to facilitate preprocessing, training, visualization, and evaluation tasks.

• Python 3.8: The primary programming language used for implementing the classification
pipeline due to its simplicity and extensive support for deep learning applications.

• PyTorch: Used as the main deep learning framework for building and training the DenseNet169
classification model.
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• Torchvision: Used for image preprocessing, augmentation, dataset loading, and access to pre-
trained architectures.

• Scikit-learn: Used for computing evaluation metrics such as Accuracy, Precision, Recall, F1-
Score, and Confusion Matrix.

• OpenCV: Used for image preprocessing and manipulation operations.

• NumPy and Pandas: Used for numerical computations, dataset handling, and data organiza-
tion.

• Matplotlib and Seaborn: Used for plotting training curves, loss graphs, and evaluation visu-
alizations.

The adopted environment enabled efficient model training and experimentation while ensuring
stable computational performance throughout the classification task.

3.4 Object Detection and Segmentation Environment Specifica-
tions:

The object detection and segmentation task was implemented using a workflow combining annotation
tools, dataset management platforms, and deep learning frameworks in order to accurately localize
fracture regions within X-ray images.

The annotation process was first performed manually using Label Studio to generate segmenta-
tion masks and object annotations for fractured regions. After annotation, Roboflow was employed
for dataset organization, preprocessing, augmentation, and export preparation before training the
YOLOv11 segmentation model.

The environment specifications used for the detection and segmentation task are summarized in
Table 3.3.

Component Description
Annotation Platform Label Studio

Dataset Management Platform Roboflow

Programming Language Python 3.8

Detection Framework Ultralytics YOLOv11

Task Type Object Detection and Instance Segmentation

Image Processing Library OpenCV

Visualization Tools Matplotlib and Seaborn

Table 3.3: Object Detection and Segmentation Environment Specifications
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3.4.1 Tools and Libraries Used for Object Detection and Segmentation

The following tools and libraries were utilized during the implementation of the detection and seg-
mentation pipeline:

• Label Studio: Used for manual annotation and segmentation mask generation for fracture
localization.

• Roboflow: Used for dataset preprocessing, augmentation, organization, and export preparation.

• YOLOv11: Used as the main deep learning architecture for fracture detection and segmenta-
tion.

• Ultralytics Framework: Used for training and implementing the YOLOv11 segmentation
model.

• Python 3.8: The primary programming language used throughout the implementation.

• OpenCV: Used for visualization and image processing operations.

• NumPy and Pandas: Used for numerical computations and data manipulation.

• Matplotlib and Seaborn: Used for visualizing training curves and prediction results.

The adopted workflow provided an efficient and organized pipeline for annotation, preprocessing,
model training, and evaluation of fracture detection and segmentation performance.

3.5 Classification Results

3.5.1 Fine-Tuning of the DenseNet201 Model on the Local Dataset

As a first experiment, the DenseNet201 model was fine-tuned on the local X-ray dataset to perform
binary classification between fracture and normal images. The model was initialized with ImageNet
pre-trained weights and adapted using the training strategy described in Chapter 2.

The objective of this experiment was to evaluate the effectiveness of directly applying transfer
learning on the local dataset and to establish a baseline performance for comparison with the enhanced
transfer learning approach presented later in this chapter.

To assess the model performance, several evaluation metrics were considered, including Accuracy,
Precision, Recall, F1-Score, AUROC, and the Confusion Matrix. In addition, training and validation
curves were analyzed to examine the convergence behavior and generalization capability of the model.

The following sections present the quantitative and qualitative results obtained using the DenseNet201
architecture.
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Training and Validation Accuracy

Figure 3.1 presents the training and validation accuracy curves obtained using the DenseNet201
model.

As shown in the figure, both training and validation accuracy increased progressively throughout
the training process, indicating that the model successfully learned discriminative features from the
X-ray images. The training accuracy improved from approximately 55% in the first epoch to around
71% by the end of training.

Similarly, the validation accuracy exhibited a steady upward trend, increasing from approxi-
mately 65% to nearly 75%. The validation curve remained consistently higher than the training
curve throughout most epochs, suggesting that the regularization techniques employed, including data
augmentation and dropout, effectively reduced overfitting and improved the model’s generalization
capability.

Although minor fluctuations can be observed in the training curve, both curves remained rela-
tively stable after the initial epochs, indicating satisfactory convergence of the optimization process.
Furthermore, the absence of a significant gap between training and validation performance suggests
that the model did not suffer from severe overfitting and was able to generalize reasonably well to
unseen data.

Figure 3.1: Training and Validation Accuracy curves of the DenseNet201 model on the local fracture
dataset.

Training and Validation Loss

Figure 3.2 presents the training and validation loss curves obtained during the training process of the
DenseNet201 model.
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Several positive observations can be made from these curves. First, the training loss decreases
consistently throughout the training process, dropping from approximately 0.16 at the beginning of
training to nearly 0.08 at the final epoch. This behavior indicates that the model successfully learned
meaningful representations from the training data and progressively improved its classification ca-
pability. In addition, the validation loss remained relatively stable throughout the training process,
fluctuating within a narrow range between approximately 0.084 and 0.088. Such stability suggests
that the model maintained consistent performance on unseen validation samples and did not exhibit
signs of severe overfitting. Furthermore, no sudden increases or unstable oscillations can be observed
in either curve, indicating a stable optimization process. The relatively small gap between the training
and validation loss curves also reflects an acceptable generalization capability.

Nevertheless, some important observations should be highlighted. Starting from approximately
epochs 10–15, the validation loss reaches a plateau and no longer shows significant improvement.
Although the training loss continues to decrease after this point, the validation loss remains nearly
constant. This behavior suggests that the model continues to optimize its performance on the training
data while achieving limited additional gains on unseen validation samples. While this does not
indicate severe overfitting, it suggests that the model has extracted most of the useful information
available from the dataset under the adopted training configuration.

Another notable observation is that the validation loss remains lower than the training loss during
most training epochs. Although this behavior may appear unusual at first glance, it can be reasonably
explained by the use of regularization techniques such as data augmentation, dropout, and Binary
Focal Cross-Entropy loss. These techniques increase the difficulty of the training process and make
the training samples more challenging than the validation samples, resulting in a higher training loss
compared to the validation loss.

Based on the loss curves, it can be concluded that the DenseNet201 model achieved stable con-
vergence and demonstrated a satisfactory ability to generalize to unseen data. However, the early
stabilization of the validation loss suggests that the model reached its learning capacity relatively
early, indicating that further performance improvements may require more advanced transfer learning
strategies or additional domain-specific training data.
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Figure 3.2: Training and Validation Loss curves of the DenseNet201 model on the local fracture
dataset.

Training and Validation Precision

Figure 3.3 presents the training and validation precision curves obtained during the training process
of the DenseNet201 model.

Several positive observations can be drawn from these curves. First, both training and valida-
tion precision exhibit a clear upward trend throughout the training process, indicating that the model
progressively improved its ability to correctly identify fracture cases among the samples predicted
as fractures. The training precision increased from approximately 0.43 at the beginning of training
to about 0.62 at the final epoch. Similarly, the validation precision improved from nearly 0.59 to
approximately 0.73, reflecting a substantial enhancement in predictive reliability.

In addition, the validation precision remained relatively stable after the initial training epochs, with
only minor fluctuations observed throughout the remaining training period. This behavior suggests
that the model maintained consistent predictive performance on unseen validation data. Furthermore,
no abrupt drops or unstable oscillations can be observed in either curve, indicating that the optimiza-
tion process was stable and well controlled.

Nevertheless, some important observations should be highlighted. After approximately epochs
10–15, both curves exhibit a slower rate of improvement, particularly the validation precision, which
begins to fluctuate around a relatively stable level. This behavior suggests that the model gradually
approached its optimal precision performance under the adopted training configuration.

Another notable observation is that the validation precision remains consistently higher than the
training precision throughout the entire training process. Although this behavior may appear unusual,
it can be reasonably explained by the use of regularization techniques such as data augmentation
and dropout during training. These techniques increase the complexity of the training samples and
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make the classification task more challenging, whereas the validation data are evaluated without such
perturbations, resulting in higher precision values on the validation set.

Based on the precision curves, it can be concluded that the DenseNet201 model demonstrated a
stable improvement in predictive precision and maintained satisfactory performance on unseen val-
idation data. However, the stabilization of the validation precision during the later training stages
suggests that the model reached a performance plateau, indicating that additional improvements may
require more advanced transfer learning strategies or more representative training data.

Figure 3.3: Training and Validation Precison curves of the DenseNet201 model on the local fracture
dataset.

Training and Validation Recall

Figure 3.4 presents the training and validation recall curves obtained during the training process of
the DenseNet201 model.

Several positive observations can be made from these curves. First, the training recall exhibits a
rapid improvement during the early epochs, increasing from approximately 0.35 to more than 0.70
before stabilizing around this level for the remainder of the training process. This behavior indicates
that the model became progressively more capable of identifying actual fracture cases as training
progressed. Similarly, the validation recall improved considerably during the initial training stages,
rising from approximately 0.42 to nearly 0.58, reflecting an enhanced ability of the model to detect
fracture cases in unseen data.

Furthermore, neither curve exhibits abrupt fluctuations or sudden performance degradation, in-
dicating a stable training process and an effective optimization strategy. The validation recall also
maintained a relatively consistent level after the initial epochs, suggesting that the model preserved
an acceptable sensitivity toward fracture detection throughout the training process.
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Nevertheless, some important observations should be highlighted. After approximately the fifth
epoch, the validation recall reaches a plateau, fluctuating within a narrow range of approximately 0.55
to 0.59 without achieving substantial improvement during the later training stages. In contrast, the
training recall continues to increase gradually, eventually exceeding 0.70. This growing discrepancy
between the two curves suggests that the model became more effective at identifying fracture cases
within the training data than within the validation data.

In addition, a noticeable gap can be observed between the training and validation recall curves
throughout most of the training process. Although this behavior does not indicate severe overfitting, it
suggests that the model’s ability to identify all fracture cases in unseen data remains limited compared
to its performance on the training set. This limitation may be attributed to the intrinsic difficulty of
the classification task or to the relatively limited number of fracture samples available for training.

Based on the recall curves, it can be concluded that the DenseNet201 model successfully learned
fracture-related patterns and improved its fracture detection capability during training. However, the
early stabilization of the validation recall and the noticeable gap between the training and validation
curves suggest that the model still faces challenges in generalizing its fracture detection capability to
unseen data, thereby motivating the exploration of more advanced transfer learning strategies in the
subsequent stages of this study.

Figure 3.4: Training and Validation Recall curves of the DenseNet201 model on the local fracture
dataset.

Class-wise performance on the test set

Table 3.4 presents the class-wise classification performance of the DenseNet201 model on the test
set.

The obtained results reveal a considerable difference between the Normal and Fracture classes.
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For the Normal class, the model achieved a precision of 0.91, a recall of 0.78, and an F1-score of
0.84. These values indicate that the model was highly effective at recognizing normal X-ray images
and generated relatively few false positive predictions for this class.

In contrast, the performance on the Fracture class was noticeably lower. The model achieved a
precision of only 0.34, indicating that a significant proportion of images predicted as fractures were
incorrectly classified. Although the recall reached 0.59, meaning that the model was able to identify
more than half of the actual fracture cases, the resulting F1-score remained limited at 0.43.

This discrepancy suggests that the model was considerably more reliable when identifying normal
images than when detecting fracture cases. Such behavior is commonly observed in imbalanced
medical datasets, where the majority class tends to dominate the learning process. Consequently,
the model struggled to accurately distinguish fracture-related patterns despite the balancing strategy
applied during training.

Overall, these results indicate that DenseNet201 learned useful discriminative features from the X-
ray images. However, its performance on the fracture class remained limited, particularly in terms of
precision and F1-score. While the model achieved satisfactory results for the Normal class, the lower
performance observed for fracture detection highlights the challenges associated with distinguishing
fracture patterns in the local dataset.

Class Precision Recall F1-Score
Normal 0.91 0.78 0.84

Fracture 0.34 0.59 0.43

Table 3.4: Class-wise performance of DenseNet201 on the test set

Confusion Matrix Analysis

Figure 3.5 presents the confusion matrix obtained by the DenseNet201 model on the test set. The
matrix provides a detailed view of the classification outcomes and allows a deeper understanding of
the model’s strengths and weaknesses.

As shown in the figure, the model correctly classified 623 normal images and 91 fracture images.
These results indicate that the model was generally effective in recognizing normal cases and was
able to identify a portion of the fracture cases present in the dataset.

However, the confusion matrix also reveals a considerable number of misclassifications. A total of
175 normal images were incorrectly classified as fractures, representing false positive predictions. In
addition, 62 fracture images were misclassified as normal, corresponding to false negative predictions.
From a clinical perspective, false negatives are particularly important because they represent fracture
cases that may remain undetected.

The higher number of false positives compared to false negatives suggests that the model tended
to classify suspicious cases as fractures rather than normal images. While this behavior increases the
likelihood of detecting fracture cases, it also reduces the precision of the fracture class by generating
a larger number of incorrect fracture predictions.
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Overall, the confusion matrix confirms the observations obtained from the classification report.
The model demonstrated satisfactory performance in identifying normal images but showed limited
effectiveness in accurately distinguishing fracture cases. These findings highlight the challenges as-
sociated with fracture classification using only the local dataset and further justify the adoption of a
more advanced transfer learning strategy in the subsequent experiment.

Figure 3.5: Confusion matrix of the DenseNet201 model on the test set.

Summary of DenseNet201 Results

The results obtained using DenseNet201 demonstrate that the model was able to learn meaningful
features from the local X-ray dataset and achieved satisfactory overall classification performance.
The training and validation curves indicated stable convergence with no evidence of severe over-
fitting. However, the class-wise analysis and confusion matrix revealed a noticeable performance
gap between the Normal and Fracture classes, particularly in terms of fracture detection precision and
F1-score. These observations suggest that, although DenseNet201 provides a reasonable baseline, ad-
ditional improvements are required to enhance fracture discrimination capability. Therefore, a more
advanced transfer learning strategy based on DenseNet169 and MURA pretraining was investigated
in the next experiment.
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3.5.2 DenseNet169 with MURA Pretraining Results

Training and Validation Accuracy

Figure 3.6 presents the training and validation accuracy curves obtained using the DenseNet169 model
after MURA pretraining and fine-tuning on the local dataset.

Several positive observations can be drawn from these curves. Both training and validation accu-
racy show a clear upward trend during the early training epochs, indicating that the model successfully
learned relevant radiographic features from the data. The training accuracy increased from approx-
imately 0.74 to more than 0.86, while the validation accuracy improved from around 0.73 to nearly
0.84.

Furthermore, the validation accuracy rapidly reached a high level after the first few epochs and
remained relatively stable throughout the remainder of the training process. This behavior suggests
that the model was able to generalize effectively to unseen data and maintain consistent performance.
The absence of abrupt fluctuations or performance degradation also indicates a stable optimization
process.

Nevertheless, some important observations should be highlighted. After approximately epoch
8, both curves begin to stabilize, with only marginal improvements observed during the remaining
training epochs. This behavior suggests that the model reached a near-optimal performance level
relatively early and that additional training epochs contributed limited performance gains.

In addition, a small but consistent gap can be observed between the training and validation ac-
curacy curves, particularly during the later stages of training. Although this gap may indicate the
presence of mild overfitting, its magnitude remains limited and does not appear to significantly affect
the model’s generalization capability. The validation accuracy remains stable throughout the training
process, providing further evidence of satisfactory model robustness.

Based on the accuracy curves, it can be concluded that the DenseNet169 model achieved sta-
ble convergence and demonstrated a stronger classification performance than that observed with
DenseNet201. The higher validation accuracy and improved stability suggest that the intermediate
adaptation stage using the MURA dataset contributed positively to the model’s ability to learn more
discriminative radiographic features and generalize more effectively to unseen musculoskeletal radio-
graphs..
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Figure 3.6: Training and validation accuracy curves of the DenseNet169 model

Training and Validation Loss

Figure 3.7 presents the training and validation loss curves obtained during the training process of the
DenseNet169 model after MURA pretraining and fine-tuning on the local dataset.

Several positive observations can be made from these curves. The training loss decreases steadily
from approximately 0.65 at the beginning of training to nearly 0.40 at the final epoch, indicating that
the model successfully learned meaningful and discriminative features for distinguishing between
normal and abnormal musculoskeletal radiographs. Similarly, the validation loss shows a notice-
able reduction during the early training epochs, decreasing from approximately 0.62 to nearly 0.50,
reflecting a clear improvement in the model’s ability to handle unseen data.

Furthermore, the validation loss remains relatively stable after approximately the seventh epoch,
exhibiting only minor fluctuations around the value of 0.50. This behavior suggests that the model
maintained a consistent level of performance on the validation set and did not experience sudden
degradation or unstable training dynamics. Such observations also demonstrate the effectiveness of
the adopted transfer learning strategy in improving training stability.

Nevertheless, some important observations should be highlighted. During the later stages of train-
ing, the training loss continues to decrease gradually, whereas the validation loss shows little addi-
tional improvement and stabilizes around a nearly constant level. This behavior indicates that the
model continued to optimize its performance on the training data while achieving only limited gains
on unseen validation samples. Although this may suggest the onset of mild overfitting, the stable
behavior of the validation curve and the absence of a continuous increase in validation loss indicate
that this effect remained within acceptable limits.

In addition, a progressively increasing gap can be observed between the training and validation
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loss curves during the final training epochs. Although this gap becomes more noticeable than in the
earlier stages, it is not accompanied by any deterioration in validation performance, suggesting that
the model still retained a satisfactory generalization capability.

Based on the loss curves, it can be concluded that the DenseNet169 model achieved stable conver-
gence and demonstrated effective learning behavior. The continuous reduction in training loss and the
stability of the validation loss confirm the model’s ability to extract meaningful radiographic features
from musculoskeletal X-ray images. However, the stabilization of the validation loss during the later
epochs suggests that most of the achievable performance gains were obtained relatively early in the
training process, and that extending the training duration resulted in only marginal improvements.

Figure 3.7: Training and validation loss curves of the DenseNet169 model.

Training and Validation Precision

Figure 3.8 presents the training and validation precision curves obtained during the training process
of the DenseNet169 model after MURA pretraining and fine-tuning on the local dataset.

Several positive observations can be made from these curves. First, both training and validation
precision exhibit an overall upward trend throughout the training process, indicating that the model
progressively improved its ability to correctly identify abnormal cases among the samples predicted
as abnormal. The training precision increased from approximately 0.67 at the beginning of training to
about 0.84 at the final epoch. Similarly, the validation precision remained at a high level throughout
most training epochs, fluctuating between approximately 0.84 and 0.87.

Furthermore, the validation precision consistently remained higher than the training precision
during most of the training process. This behavior suggests that the model maintained reliable pre-
dictive performance on unseen validation data. The absence of large fluctuations or abrupt decreases
in precision also indicates a stable optimization process and effective learning behavior.
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Nevertheless, some important observations should be highlighted. During the initial training
epochs, the validation precision exhibited noticeable fluctuations, including a temporary decrease
around the second epoch. However, the metric quickly recovered and stabilized at a high level during
the subsequent epochs. This behavior may be attributed to the adaptation process occurring during
the early stages of training.

After approximately the seventh epoch, both curves became relatively stable, with only minor
variations observed thereafter. This stabilization suggests that the model reached a mature learning
stage and achieved most of its precision-related improvements during the early training period.

Another notable observation is the relatively small gap between the training and validation pre-
cision curves during the later epochs. This behavior indicates a good balance between learning and
generalization and suggests that the model did not suffer from severe overfitting with respect to pre-
cision performance.

Based on the precision curves, it can be concluded that the DenseNet169 model achieved a high
and stable level of predictive precision. The consistently high validation precision demonstrates the
model’s ability to reliably distinguish between normal and abnormal musculoskeletal radiographs
while maintaining strong generalization capability on unseen data. These results further support the
effectiveness of the adopted transfer learning strategy based on MURA pretraining.

Figure 3.8: Training and validation precision curves of the DenseNet169 model

Training and Validation Recall

Figure 3.9 presents the training and validation recall curves obtained during the training process of
the DenseNet169 model after MURA pretraining and fine-tuning on the local dataset.

Several positive observations can be made from these curves. Both training and validation recall
exhibit an overall upward trend throughout the training process, indicating that the model progres-
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sively improved its ability to correctly identify abnormal musculoskeletal cases. The training recall
increased from approximately 0.67 at the beginning of training to more than 0.82 at the final epoch.
Similarly, the validation recall improved from approximately 0.65 to nearly 0.79, reflecting a substan-
tial enhancement in the model’s sensitivity.

Furthermore, the training recall increased steadily throughout the training process, while the vali-
dation recall remained at a relatively high level after the initial epochs. This behavior suggests that the
model was able to maintain a consistent capability for detecting abnormal cases in unseen validation
data.

Nevertheless, some important observations should be highlighted. The validation recall exhibited
noticeable fluctuations during several epochs, particularly in the early stages of training. However,
despite these variations, the metric remained relatively stable around values ranging from 0.76 to 0.80
during the later epochs. Such fluctuations may be attributed to the intrinsic variability of abnormal
musculoskeletal cases present in the validation set.

In addition, a moderate gap can be observed between the training and validation recall curves dur-
ing the final training epochs. Although this behavior may indicate the presence of mild overfitting, the
validation recall remains sufficiently high and stable, suggesting that the model retained a satisfactory
ability to generalize.

Based on the recall curves, it can be concluded that the DenseNet169 model achieved a stable im-
provement in sensitivity and demonstrated a strong capability for detecting abnormal musculoskeletal
radiographs. The relatively high validation recall further supports the effectiveness of the adopted
transfer learning strategy based on MURA pretraining.

Figure 3.9: Training and validation Recall curves of the DenseNet169 model
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Training and Validation F1-Score

Figure 3.10 presents the training and validation F1-score curves obtained during the training process
of the DenseNet169 model.

Several positive observations can be drawn from these curves. Both training and validation F1-
score exhibit a clear upward trend during the early training epochs, indicating a balanced improvement
in precision and recall. The training F1-score increased from approximately 0.67 to more than 0.83,
while the validation F1-score improved from approximately 0.74 to around 0.82.

Furthermore, the validation F1-score remained highly stable after approximately the seventh
epoch, fluctuating only within a narrow range. This behavior indicates that the model achieved a good
balance between sensitivity and precision when classifying normal and abnormal musculoskeletal ra-
diographs.

Although a small gap can be observed between the training and validation curves during the later
epochs, this difference remains limited and does not indicate severe overfitting. Instead, it reflects a
normal learning process in which the model continues to improve on the training data while main-
taining strong performance on unseen validation samples.

Based on the F1-score curves, it can be concluded that the DenseNet169 model achieved a bal-
anced classification performance and demonstrated a strong ability to generalize across different mus-
culoskeletal radiographic patterns. The stability of the validation F1-score further confirms the robust-
ness of the adopted transfer learning strategy.

Figure 3.10: Training and validation F1-Score curves of the DenseNet169 model.
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Training and Validation AUROC

Figure 3.11 presents the training and validation AUROC curves obtained during the training process
of the DenseNet169 model.

Several positive observations can be made from these curves. Both training and validation AU-
ROC exhibit a rapid increase during the early training epochs, indicating that the model quickly
learned to distinguish between normal and abnormal musculoskeletal radiographs. The training AU-
ROC increased from approximately 0.79 to more than 0.92, while the validation AUROC improved
from approximately 0.83 to nearly 0.90.

Furthermore, both curves reached high values within the first few epochs and remained rela-
tively stable throughout the remainder of the training process. This behavior demonstrates the strong
discriminative capability of the model and its ability to separate the two classes effectively across
different decision thresholds.

Although a moderate gap appears between the training and validation AUROC curves during
the later epochs, the validation AUROC remains consistently close to 0.90. Such a result indicates
excellent classification capability and confirms that the model maintained strong generalization per-
formance despite the observed gap.

Based on the AUROC curves, it can be concluded that the DenseNet169 model achieved excel-
lent discriminative performance and demonstrated a strong ability to distinguish between normal and
abnormal musculoskeletal radiographs. The high and stable validation AUROC further supports the
effectiveness of the adopted MURA-based transfer learning strategy.

Figure 3.11: Training and validation AUROC curves of the DenseNet169 model.
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Best Model Results on the MURA Dataset

Table 3.5 summarizes the best performance achieved by the DenseNet169 model on the MURA
dataset. The reported metrics correspond to the model checkpoint that obtained the highest validation
performance during training.

Metric Best Value
Accuracy 83.5%

Recall 80.5%

F1-Score 82.1%

AUROC 89.8%

Loss 0.49

Table 3.5: Best Model Results on the MURA Dataset.

The results indicate that the DenseNet169 model achieved strong classification performance on the
MURA dataset. The validation accuracy reached 83.5%, while the AUROC reached 89.8%, demon-
strating a strong ability to distinguish between normal and abnormal musculoskeletal radiographs.
Furthermore, the obtained F1-Score of 82.1% confirms a balanced performance between precision
and recall. These results validate the effectiveness of the adopted training strategy and demonstrate
that the learned feature representations are suitable for the subsequent fine-tuning stage on the local
dataset.

3.5.3 Results on the Local Fracture Dataset

After completing the initial training phase on the MURA dataset, the DenseNet169 model was fine-
tuned using the local fracture dataset collected during this work. This stage aimed to adapt the model
to the characteristics of local medical X-ray images and improve its ability to distinguish between
normal bones and real fracture cases. The model was trained using the same preprocessing, data aug-
mentation, and training configura- tion adopted during the previous stage. During fine-tuning, both
training and validation performances were continuously monitored in order to evaluate the learn-
ing process and ensure training stability. The obtained training and validation curves demonstrated
progressive learning behavior, where the model achieved improved classification performance while
maintaining stable validation results. This indicates the effectiveness of the fine-tuning process in
adapting the model to the local dataset. To evaluate the final classification performance, several eval-
uation metrics were used, including Accuracy, Precision, Recall, F1-Score, and AUROC. In addition,
a confusion matrix was employed to analyze prediction quality and evaluate the model’s capability
to correctly classify normal and fractured X-ray images. The obtained results demonstrate that the
fine-tuned DenseNet169 model achieved reliable and stable classification performance on the local
dataset, confirming its effectiveness for fracture detec- tion in real medical X-ray images
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Training and Validation Accuracy

Figure 3.12 presents the training and validation accuracy curves obtained during the fine-tuning stage
of the DenseNet169 model on the local fracture dataset.

Several positive observations can be drawn from these curves. Both training and validation accu-
racy exhibit a clear upward trend during the initial training epochs, indicating that the model success-
fully adapted the features learned from the MURA dataset to the local fracture classification task. The
training accuracy increased from approximately 0.69 at the beginning of training to more than 0.84 at
the final epochs. Similarly, the validation accuracy improved from approximately 0.75 to values close
to 0.82.

Furthermore, the validation accuracy remained relatively stable after the first few epochs, fluctu-
ating around a narrow range between approximately 0.80 and 0.83. This behavior suggests that the
model maintained a consistent classification performance on unseen validation data and successfully
generalized to the local dataset.

Nevertheless, some important observations should be highlighted. Although both curves im-
proved rapidly during the early stages of training, the validation accuracy reached a plateau after
approximately the eighth epoch. Beyond this point, only minor fluctuations were observed without
substantial performance gains. This behavior suggests that the model extracted most of the useful
fracture-related information relatively early during the fine-tuning process.

In addition, a small but consistent gap can be observed between the training and validation accu-
racy curves during the later epochs. Although this gap may indicate the presence of mild overfitting,
its magnitude remains limited and does not appear to significantly affect the model’s ability to gener-
alize. The stability of the validation accuracy further supports this observation.

Based on the accuracy curves, it can be concluded that the DenseNet169 model achieved sta-
ble convergence and satisfactory classification performance on the local fracture dataset. The rela-
tively high validation accuracy confirms the effectiveness of the adopted transfer learning strategy and
demonstrates the successful adaptation of the pretrained model to the fracture detection task.
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Figure 3.12: Training and validation accuracy curves of the DenseNet169 model during fine-tuning
on the local fracture dataset

Training and Validation Loss

Figure 3.13 presents the training and validation loss curves obtained during the fine-tuning stage of
the DenseNet169 model on the local fracture dataset.

Several positive observations can be made from these curves. The training loss decreases steadily
from approximately 1.04 at the beginning of training to nearly 0.66 at the final epoch, indicating that
the model progressively improved its ability to learn discriminative fracture-related features. Simi-
larly, the validation loss decreased during the initial training epochs, dropping from approximately
0.98 to around 0.89, reflecting an improvement in the model’s performance on unseen validation
samples.

Furthermore, the validation loss remained relatively stable after the early training stage, fluctuat-
ing around a narrow range close to 0.90. This behavior suggests that the model maintained a consis-
tent level of performance throughout the training process and did not experience sudden performance
degradation.

Nevertheless, some important observations should be highlighted. While the training loss con-
tinued to decrease throughout most of the training process, the validation loss showed only limited
improvement after approximately the fifth epoch. This behavior indicates that the majority of the
learning gains were achieved during the early stages of fine-tuning and that additional training epochs
contributed only marginal improvements on unseen data.

In addition, a noticeable gap can be observed between the training and validation loss curves
during the later epochs. Although this behavior may indicate the presence of mild overfitting, the
validation loss remained stable and did not exhibit a continuous upward trend. Therefore, the model
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still retained an acceptable ability to generalize to unseen fracture images.
Based on the loss curves, it can be concluded that the DenseNet169 model achieved stable con-

vergence during fine-tuning on the local fracture dataset. The continuous decrease in training loss
and the relatively stable validation loss indicate effective learning behavior, although the limited im-
provement in validation loss during the later epochs suggests that the model approached its maximum
achievable performance under the adopted training configuration.

Figure 3.13: Training and validation loss curves of the DenseNet169 model during fine-tuning on the
local fracture dataset

Training and Validation Precision

Figure 3.14 presents the training and validation precision curves obtained during the fine-tuning stage
of the DenseNet169 model on the local fracture dataset.

Several positive observations can be drawn from these curves. Both training and validation pre-
cision show an overall increasing trend during the early training epochs, indicating that the model
progressively improved its ability to correctly identify fracture cases among the samples predicted as
fractures. The training precision increased from approximately 0.29 at the beginning of training to
around 0.50 at the final epochs. Similarly, the validation precision improved from approximately 0.35
to values fluctuating around 0.44–0.47.

Furthermore, the validation precision remained relatively stable after the initial training stage
despite some fluctuations. This behavior suggests that the model maintained a consistent level of
reliability when predicting fracture cases on unseen validation data.

Nevertheless, some important observations should be highlighted. The validation precision ex-
hibits noticeable fluctuations throughout the training process, which may be attributed to the relatively
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limited number of fracture samples and the inherent difficulty of the fracture classification task. De-
spite these variations, the overall trend remains stable and does not indicate performance degradation.

In addition, a moderate gap can be observed between the training and validation precision curves
during the later epochs. This behavior suggests that the model achieved better precision on the training
set than on unseen validation samples. Although this may indicate mild overfitting, the relatively
stable validation precision suggests that the model retained a reasonable ability to generalize.

Based on the precision curves, it can be concluded that the DenseNet169 model improved its abil-
ity to generate reliable fracture predictions throughout the fine-tuning process. However, the moderate
validation precision values indicate that false positive predictions remain a challenge, highlighting the
complexity of fracture classification in the local dataset.

Figure 3.14: Training and validation precision curves of the DenseNet169 model during fine-tuning
on the local fracture dataset.

Training and Validation Recall

Figure 3.15 presents the training and validation recall curves obtained during the fine-tuning stage of
the DenseNet169 model on the local fracture dataset.

Several positive observations can be made from these curves. Both training and validation recall
exhibit an overall upward trend during the early training epochs, indicating that the model progres-
sively improved its ability to correctly identify actual fracture cases. The training recall increased
from approximately 0.65 at the beginning of training to more than 0.80 during the final epochs. Sim-
ilarly, the validation recall improved during the initial training phase and subsequently fluctuated
around values ranging from approximately 0.62 to 0.68.

Furthermore, the training recall demonstrates a consistent improvement throughout most of the
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training process, suggesting that the model became increasingly capable of detecting fracture cases
within the training data. The validation recall also remained relatively stable after the early epochs,
indicating a consistent sensitivity toward fracture detection on unseen data.

Nevertheless, some important observations should be highlighted. The validation recall exhibits
noticeable fluctuations throughout the training process, with values oscillating within a relatively
broad range. This behavior may be attributed to the limited number of fracture samples available in
the validation set and the intrinsic variability of fracture patterns present in the local dataset.

In addition, a noticeable gap can be observed between the training and validation recall curves
during the later training epochs. This gap suggests that the model achieved a higher fracture detection
rate on the training data than on unseen validation samples. Although this behavior may indicate mild
overfitting, the validation recall remained relatively stable and did not exhibit a continuous downward
trend.

Based on the recall curves, it can be concluded that the DenseNet169 model achieved a satisfactory
ability to detect fracture cases during the fine-tuning process. However, the moderate validation
recall values indicate that a proportion of fracture cases remained difficult to identify, highlighting the
challenging nature of fracture classification on the local dataset.

Figure 3.15: Training and validation recall curves of the DenseNet169 model during fine-tuning on
the local fracture dataset.

Training and Validation F1-Score

Figure 3.16 presents the training and validation F1-score curves obtained during the fine-tuning stage
of the DenseNet169 model on the local fracture dataset.

Several positive observations can be drawn from these curves. Both training and validation F1-
score exhibit a clear upward trend during the early training epochs, indicating a progressive improve-
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ment in the balance between precision and recall. The training F1-score increased steadily throughout
the training process, while the validation F1-score improved rapidly during the initial epochs before
stabilizing around a relatively consistent level.

Furthermore, the validation F1-score remained relatively stable after the early learning phase,
fluctuating within a limited range. This behavior suggests that the model maintained a balanced
classification performance on unseen validation data and was able to preserve a reasonable trade-off
between fracture detection capability and prediction reliability.

Nevertheless, some important observations should be highlighted. After approximately the eighth
epoch, the validation F1-score reached a plateau and exhibited only minor fluctuations. In contrast,
the training F1-score continued to improve gradually during the remaining epochs. This behavior
indicates that the model extracted most of the useful fracture-related information during the early
stages of fine-tuning and that additional training provided only limited gains on unseen data.

In addition, a moderate gap can be observed between the training and validation F1-score curves
during the later training epochs. Although this gap may indicate mild overfitting, the validation F1-
score remained stable and did not show any significant degradation, suggesting that the model retained
an acceptable level of generalization.

Based on the F1-score curves, it can be concluded that the DenseNet169 model achieved a bal-
anced classification performance during fracture detection. The stable validation F1-score demon-
strates that the model maintained a reasonable compromise between precision and recall, although
the moderate performance values suggest that fracture classification on the local dataset remains a
challenging task.

Figure 3.16: Training and validation F1-score curves of the DenseNet169 model during fine-tuning
on the local fracture dataset
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Training and Validation AUROC

Figure 3.17 presents the training and validation AUROC curves obtained during the fine-tuning stage
of the DenseNet169 model on the local fracture dataset.

Several positive observations can be made from these curves. Both training and validation AU-
ROC exhibit a rapid increase during the early training epochs, indicating that the model quickly
learned to distinguish between normal and fracture X-ray images. The training AUROC increased
from approximately 0.73 at the beginning of training to more than 0.90 during the final epochs. Sim-
ilarly, the validation AUROC improved from approximately 0.77 to around 0.81.

Furthermore, the validation AUROC reached a relatively high value during the first few epochs
and remained stable throughout the remainder of the training process. This behavior demonstrates
that the model maintained a consistent discriminative capability when evaluated on unseen validation
data.

Nevertheless, some important observations should be highlighted. After approximately the sixth
epoch, the validation AUROC reached a plateau and exhibited only minor fluctuations around the
value of 0.81. In contrast, the training AUROC continued to improve gradually throughout the re-
maining epochs. This divergence suggests that the model achieved most of its discriminative learning
during the early stages of fine-tuning.

In addition, a noticeable gap can be observed between the training and validation AUROC curves
during the later training epochs. Although this gap may indicate the presence of mild overfitting, the
validation AUROC remained relatively stable and did not show any significant deterioration. There-
fore, the model retained a satisfactory ability to discriminate between fracture and normal cases.

Based on the AUROC curves, it can be concluded that the DenseNet169 model achieved good
discriminative performance on the local fracture dataset. The stable validation AUROC demonstrates
that the model successfully learned meaningful fracture-related representations and maintained an
acceptable generalization capability throughout the fine-tuning process.
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Figure 3.17: Training and validation AUROC curves of the DenseNet169 model during fine-tuning
on the local fracture dataset

Classification Report on the Local Fracture Dataset

The following table presents the detailed classification results obtained on the local fracture dataset
for both normal and fracture classes using the DenseNet169 model.

Class Precision Recall F1-Score
Normal 0.94 0.71 0.81

Fracture 0.33 0.76 0.46

Table 3.6: Classification Report on the Local Fracture Dataset

The obtained results show that the DenseNet169 model exhibited different behaviors for the nor-
mal and fracture classes, which is expected due to the nature of the dataset and the class imbalance
problem, where the number of normal images was significantly higher than the number of fracture
images.

For the Normal class, the model achieved a high Precision value of 0.94, indicating that most
images predicted as normal were correctly classified. This reflects the model’s ability to effectively
recognize normal anatomical patterns within X-ray images and reduce errors related to healthy cases.

However, the Recall value for the normal class reached only 0.71, meaning that some normal
images were incorrectly classified as fractures. This behavior suggests that the model became more
sensitive toward fracture detection and sometimes classified suspicious normal cases as fractures in
order to avoid missing actual fracture cases.

Regarding the Fracture class, the model achieved a relatively high Recall value of 0.76, which is
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particularly important in medical applications because it indicates that the model successfully detected
most real fracture cases while reducing the number of missed fractures (False Negatives). This is
considered a critical objective in medical diagnosis systems since failing to detect a fracture may lead
to serious diagnostic consequences.

On the other hand, the Precision value for the fracture class was relatively low (0.33), indicating
the presence of a considerable number of false positive predictions, where some normal images were
incorrectly classified as fracture cases.

This behavior can be logically explained by the adopted training strategy, where the BCEWith-
LogitsLoss loss function was used together with the pos_weight parameter. This parameter was cal-
culated using the ratio between the number of normal images and fracture images in order to address
the class imbalance problem.

This configuration forced the model to receive a larger penalty when failing to detect fracture
images compared to errors related to normal images. As a result, the model became more likely to
predict fractures in order to reduce the number of missed fracture cases, even if this increased the
number of false positive predictions on healthy images.

In addition, the F1-Score values indicate that the model achieved more stable performance for
the normal class (0.81) compared to the fracture class (0.46). This difference is mainly related to the
imbalance between the two classes and the visual similarity between some fracture cases and normal
anatomical structures in medical X-ray images.

The confusion matrix also shows that the model correctly classified 563 normal images and 116
fracture images, while misclassifying some other cases. These results confirm that the model pri-
oritized improving fracture detection sensitivity, even at the cost of increasing the number of false
positive predictions, which is considered relatively acceptable in medical applications where detect-
ing more fracture cases is generally preferred over missing real injuries.

Overall, the results demonstrate that the DenseNet169 model achieved promising performance
in distinguishing between normal and fractured X-ray images. Furthermore, the fine-tuning strategy
together with the weighted loss function helped the model better adapt to the characteristics of the
local medical dataset and improve fracture detection sensitivity.

Confusion Matrix Analysis

Figure 3.18 presents the confusion matrix obtained by the DenseNet169 model on the local test set.
The confusion matrix provides a detailed view of the classification behavior of the model. A

total of 563 normal X-ray images were correctly classified as normal (True Negatives), while 116
fracture images were correctly identified as fractures (True Positives). These results demonstrate that
the model was capable of correctly recognizing a large proportion of both normal and fracture cases.

However, the confusion matrix also reveals the presence of classification errors. Specifically, 235
normal images were incorrectly classified as fractures (False Positives), whereas only 36 fracture
images were misclassified as normal (False Negatives).

The relatively low number of false negatives is an important result in the context of fracture de-
tection. From a clinical perspective, missing a true fracture may lead to delayed diagnosis and inap-
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propriate treatment. Therefore, the model’s ability to correctly detect most fracture cases represents a
desirable characteristic for computer-aided diagnosis systems.

On the other hand, the relatively high number of false positives indicates that the model tended to
classify some suspicious normal cases as fractures. This behavior is consistent with the adopted train-
ing strategy based on the weighted BCEWithLogitsLoss function, which penalizes missed fracture
cases more heavily than false alarms. Consequently, the model became more sensitive to fracture-
related patterns and favored fracture predictions when uncertainty existed.

Overall, the confusion matrix confirms that the DenseNet169 model prioritized fracture detection
sensitivity while maintaining acceptable classification performance on normal images. This behavior
is generally considered preferable in medical screening applications, where reducing missed fracture
cases is often more important than minimizing false positive predictions.

Figure 3.18: Confusion matrix of the DenseNet169 model on the local test set.
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3.6 Object Detection and Segmentation Results

Object detection and segmentation experiments were conducted using the YOLOv11 Nano Segmen-
tation model in order to localize fracture regions within medical X-ray images.

The model was trained using the annotated fracture dataset prepared with Polygon-Based Segmen-
tation Masks. During training, both training and validation performances were monitored in order to
evaluate the learning behavior and ensure training stability.

The obtained results demonstrated that the YOLOv11 Nano Segmentation model was able to
localize fracture regions within medical X-ray images while achieving acceptable performance in
detection and segmentation tasks.

The model was evaluated using several standard metrics commonly adopted in object detection
and segmentation tasks, including mAP@50, Precision, Recall, and F1-Score, in order to evaluate the
model’s ability to accurately detect and localize fracture regions within medical X-ray images.

In addition, visual evaluation of the predicted segmentation masks showed that the model success-
fully identified a considerable number of fracture regions, even in some challenging cases containing
complex anatomical structures within X-ray images.

These results confirm the capability of the YOLOv11 Nano Segmentation model to perform frac-
ture localization and segmentation tasks within medical X-ray images, with the possibility of further
improving performance through expanding the dataset, improving annotation quality, and increasing
the number of training samples.

3.6.1 Training Curves of the YOLOv11 Nano Segmentation Model

Figures 3.19 and 3.20 present the training curves obtained during the training process of the YOLOv11
Nano Segmentation model.

Several observations can be drawn from these curves. The mAP@50 curve exhibits a clear upward
trend throughout the training process, increasing from nearly 0% at the beginning of training to values
exceeding 30% during the final epochs. Despite the presence of fluctuations, which are common in
object detection and segmentation tasks, the overall trend indicates continuous improvement in the
model’s ability to detect and localize fracture regions.

Regarding the loss functions, both the Class Loss and Object Loss decrease rapidly during the
early training epochs and then gradually stabilize. This behavior suggests that the model quickly
learned to distinguish fracture regions from the background and improved its object classification
capability during the initial stages of training.

The Box Loss also shows a significant decrease during the first epochs, dropping from approx-
imately 5.5 to around 2.5. After this initial reduction, the curve exhibits a slight increase before
stabilizing near 3.0 during the later training stages. This behavior indicates that the model achieved
most of its localization improvements early in the training process and subsequently maintained a
relatively stable localization performance.

Overall, the training curves demonstrate successful convergence and stable learning behavior.
The continuous increase in mAP@50 together with the stabilization of the loss functions confirms
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that the YOLOv11 Nano Segmentation model successfully learned relevant fracture-related features
and developed the ability to localize fracture regions within medical X-ray images.

Figure 3.19: Evolution of mAP performance during YOLOv11 Nano Segmentation training.

Figure 3.20: Training loss curves (Box Loss, Class Loss, and Object Loss) of the YOLOv11 Nano
Segmentation model.

The following table summarizes the evaluation results obtained by the YOLOv11 Nano Segmen-
tation model on the validation dataset.

Metric Value
mAP@50 37.3%

Precision 41.8%

Recall 42.5%

F1-Score 42.2%

Table 3.7: YOLOv11 Nano Segmentation Evaluation Metrics

The obtained results show that the YOLOv11 Nano Segmentation model achieved acceptable
performance in fracture detection and localization tasks within medical X-ray images despite the
complexity of medical imaging data and the difficulty of visually identifying certain fracture cases.
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The mAP@50 value reached 37.3%, reflecting the model’s ability to localize fracture regions
with a reasonable overlap between predicted regions and ground truth annotations. This metric is
particularly important in segmentation tasks because it evaluates not only fracture detection but also
localization accuracy.

The Precision value of 41.8% indicates that a significant portion of the predicted fracture regions
were correctly identified. However, the presence of some false positive predictions suggests that the
model sometimes struggled to distinguish between normal anatomical structures and fracture regions,
especially in low-contrast or visually complex X-ray images.

On the other hand, the model achieved a Recall value of 42.5%, indicating its ability to detect
a considerable portion of real fracture cases within the dataset. This result is important in medical
applications where reducing missed fracture cases remains a critical objective.

The F1-Score reached 42.2%, reflecting a relatively balanced trade-off between fracture detection
capability and prediction reliability. This suggests that the model maintained a balance between
sensitivity and precision during segmentation.

These results can be explained by several factors, including:

- The limited size of the training dataset

- The complexity of medical X-ray images and anatomical structures

- Variations in fracture shapes and sizes

- Challenges associated with accurate Polygon-Based Segmentation annotation

Although the obtained performance still leaves room for improvement, the results confirm that
the YOLOv11 Nano Segmentation model successfully learned relevant fracture features and demon-
strated the ability to localize fracture regions within medical X-ray images, providing a solid founda-
tion for future improvements and more advanced medical fracture detection systems.

3.6.2 Test Segmentation Examples

To further evaluate the practical performance of the YOLOv11 Nano Segmentation model, several
representative test images were selected and visually analyzed. The presented examples illustrate
different prediction scenarios, including successful fracture detection, moderate-confidence detection,
and missed fracture cases.

Figure 3.21 shows a successful fracture detection case. The model correctly identified the fracture-
related region and generated a segmentation mask with a confidence score of 84%, demonstrating its
ability to localize the fracture area accurately.
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Figure 3.21: Successful fracture detection and segmentation with a confidence score of 84%.

Figure 3.22 presents a more challenging case in which the model detected the fracture region with
a confidence score of 56%. Although the fracture was successfully identified, the lower confidence
score indicates increased uncertainty in the prediction.

Figure 3.22: Fracture detection and segmentation with a confidence score of 56%.
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Figure 3.23 illustrates a failure case where the model was unable to detect the fracture region
and returned no predictions. Such cases may occur due to subtle fracture appearance, image quality
variations, or complex anatomical structures.

Figure 3.23: Failure case where no fracture region was detected by the model.

These examples demonstrate that the YOLOv11 Nano Segmentation model is capable of identi-
fying fracture-related regions in many cases. However, they also highlight the challenges associated
with fracture localization in medical X-ray images and the need for further improvements in model
robustness and generalization.

3.7 Discussion of Results

The experimental results demonstrate the effectiveness of transfer learning for fracture classification
in medical X-ray images. Although the DenseNet201 model achieved satisfactory performance, the
DenseNet169 model pretrained on the MURA dataset provided superior results across most evaluation
metrics. This improvement can be attributed to the similarity between the MURA dataset and the
target fracture dataset, allowing the model to learn domain-specific radiographic features before being
fine-tuned on the local data.

The obtained results also highlight the importance of using medically relevant pretraining datasets
rather than relying solely on generic image datasets. By leveraging knowledge acquired from mus-
culoskeletal radiographs, the DenseNet169 model was able to improve feature extraction and achieve
better fracture discrimination performance.

Regarding fracture localization and segmentation, the YOLOv11 Nano Segmentation model demon-
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strated the ability to accurately identify fracture regions in most cases. However, certain challenges
were observed, particularly in images containing subtle fractures, complex anatomical structures,
overlapping bone regions, or low image contrast. These factors may affect the model’s ability to
precisely localize fracture boundaries and reduce overall segmentation performance.

In addition, the size of the locally collected dataset represents an important factor influencing
model performance. Although the dataset provided valuable clinical diversity and realistic fracture
cases, the relatively limited number of annotated samples may restrict the learning capacity of deep
neural networks. Increasing the dataset size and incorporating additional fracture categories could
further improve model robustness and generalization capabilities.

Although numerous public fracture datasets are available, models trained and evaluated exclu-
sively on external datasets may not generalize effectively to local clinical environments. Differences
in imaging equipment, acquisition protocols, image quality, and patient populations can introduce
domain shifts that negatively affect model performance. Therefore, the use of locally collected and
annotated data represents an important step toward developing AI systems that are more representative
of real-world clinical practice in the target healthcare setting.

Overall, the results confirm that combining clinically representative local data, transfer learning
strategies, and modern object detection architectures provides an effective framework for automated
fracture classification, localization, and segmentation in medical X-ray images.

3.7.1 Discussion of Dataset Quality and Annotation Challenges

In addition to model-related factors, dataset quality and annotation consistency may have influenced
the obtained results. The performance of deep learning models is highly dependent on the quality of
the ground truth annotations used during training and evaluation. During the data verification process,
74 images were identified as incorrectly classified and were subsequently corrected. This observation
suggests that a certain level of label inconsistency was present within the dataset.

Furthermore, the annotation process was primarily conducted under the supervision of a radiology
technician. Although considerable effort was devoted to ensuring annotation quality, the absence
of validation by multiple radiologists may have introduced a degree of annotation uncertainty. In
particular, the lack of independent reviews and expert consensus could have contributed to label noise
in some challenging fracture cases.

Medical image interpretation is inherently complex, especially when dealing with subtle fractures
or images of limited quality. Consequently, annotation variability may have affected the learning
process and, to some extent, influenced the classification and localization performance of the devel-
oped models. These observations highlight the importance of multi-expert annotation protocols and
rigorous validation procedures for future dataset development efforts.

3.8 Study Limitations

Despite the promising results obtained in this study, several limitations should be acknowledged.
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Dataset and annotation limitations. Although the dataset was carefully collected and organized,
the annotation process was mainly performed under the supervision of a radiology technician rather
than a certified radiologist. In addition, no formal multi-annotator strategy was adopted, and no
independent expert validation process was available. The absence of multiple annotators and third-
party review may have introduced annotation uncertainty and label noise in some cases.

During the data verification process, 74 images were found to be incorrectly classified and were
subsequently corrected. While these corrections improved dataset quality, they also indicate that
annotation inconsistencies were present during earlier stages of dataset preparation.

Data management limitations. Minor discrepancies were observed during different stages of
the project. A total of 47 images were not retained between the original dataset organization stage
and the final classification experiments. In addition, one image was excluded during the localization
and segmentation preparation process. Although these discrepancies represent a small fraction of the
overall dataset, they reflect the challenges associated with large-scale medical data management and
verification.

Time-related limitations. The annotation and verification processes required considerable ef-
fort and time. Approximately 50 days were dedicated to the classification annotation phase, while
the localization annotation process required approximately 30 additional days. Due to project time
constraints, it was not possible to conduct multiple rounds of expert review or implement a more
extensive annotation validation procedure.

Despite these limitations, the dataset remains clinically relevant and sufficiently representative for
evaluating the proposed deep learning framework. Future work may address these challenges by in-
creasing dataset size, involving multiple medical experts in the annotation process, and implementing
more rigorous quality-control procedures.

3.9 Future Work

Although the proposed framework achieved promising results for fracture classification, localization,
and segmentation, several directions can be explored in future research to further improve both the
dataset and the developed models.

Dataset Improvements. Future work may focus on expanding the dataset by collecting additional
fracture cases from multiple hospitals and medical centers. Increasing the diversity of patient pop-
ulations, imaging devices, and clinical conditions could improve the robustness and generalization
capability of deep learning models. Furthermore, involving certified radiologists in the annotation
process and adopting multi-expert review protocols would help improve annotation quality and re-
duce potential label inconsistencies.

Model Improvements. Additional studies may investigate more recent deep learning architec-
tures and advanced transfer learning strategies for fracture analysis. Hyperparameter optimization
techniques could also be explored to further enhance model performance. Moreover, future systems
may integrate classification, localization, segmentation, and automated clinical reporting into a uni-
fied multi-task framework capable of providing more comprehensive diagnostic support.
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Clinical Improvements. Beyond fracture detection, future research may focus on identifying
fracture types, estimating fracture severity, and extracting clinically relevant characteristics directly
from radiographic images. Another promising direction is the development of intelligent systems
capable of generating automatic diagnostic reports that assist healthcare professionals in clinical
decision-making.

Overall, these future developments could contribute to the creation of more accurate, interpretable,
and clinically applicable computer-aided diagnosis systems for fracture analysis in real-world health-
care environments.

3.10 Conclusion

This chapter presented the experimental results obtained from the proposed deep learning framework
for fracture classification, localization, and segmentation using medical X-ray images. The com-
putational environments, implementation tools, and evaluation procedures adopted throughout the
experiments were first described to ensure reproducibility and transparency.

The classification experiments demonstrated that the DenseNet201 model was able to learn mean-
ingful fracture-related features from the local dataset and provided a reasonable baseline performance.
However, the obtained results revealed limitations in fracture discrimination capability, particularly
for the minority fracture class.

To address these limitations, a more advanced transfer learning strategy based on DenseNet169
and intermediate pretraining on the MURA dataset was investigated. The results showed clear im-
provements across multiple evaluation metrics, confirming the effectiveness of domain-specific pre-
training in enhancing feature extraction and classification performance. Furthermore, the fine-tuned
DenseNet169 model achieved satisfactory sensitivity toward fracture detection while maintaining sta-
ble generalization performance on the local dataset.

In addition, the YOLOv11 Nano Segmentation model demonstrated the ability to localize and
segment fracture regions within X-ray images, achieving acceptable detection and segmentation per-
formance despite the challenges associated with medical image complexity and limited training data.

Overall, the obtained results confirm the effectiveness of the proposed multi-stage framework and
highlight the importance of transfer learning, high-quality annotations, and clinically representative
datasets in developing reliable computer-aided fracture analysis systems. The next chapter summa-
rizes the main contributions of this work, discusses its limitations, and outlines potential directions
for future research.
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This thesis addressed the problem of automated fracture analysis in medical X-ray images through
the development of a computer-aided diagnosis framework based on deep learning techniques. The
study was motivated by the growing need for reliable and efficient tools capable of assisting healthcare
professionals in fracture detection and analysis, as well as by the limitations of existing publicly
available datasets regarding annotation quality, clinical diversity, and real-world applicability.

To address these challenges, a local fracture X-ray dataset was collected from a regional hospital
and carefully organized for deep learning applications. The dataset was annotated to support fracture
classification and localization tasks, while clinically relevant information associated with fracture
cases was incorporated to enhance its medical value and practical relevance.

A multi-stage framework was then developed and evaluated. For fracture classification, transfer
learning approaches based on DenseNet architectures were investigated, including a strategy involv-
ing intermediate pretraining on the MURA dataset. For fracture localization and segmentation, a
YOLOv11 Nano Segmentation model was employed. The experimental results demonstrated the ef-
fectiveness of transfer learning in improving classification performance and confirmed the ability of
modern object detection architectures to localize fracture regions in X-ray images.

Overall, this work demonstrated the feasibility of combining locally collected clinical data, struc-
tured annotations, and advanced deep learning techniques to support automated fracture analysis.
Beyond the developed models, the study contributes a clinically relevant dataset and highlights the
importance of high-quality annotations and domain-specific training data in the development of reli-
able computer-aided diagnosis systems.

This work also highlights the importance of developing and evaluating artificial intelligence mod-
els using locally sourced medical data. While publicly available datasets remain valuable for bench-
marking and comparative studies, locally collected datasets may better represent the characteristics of
the target clinical environment. Consequently, they can provide a more realistic assessment of model
performance and contribute to the development of AI systems that are better suited for practical de-
ployment in local healthcare settings.

Despite certain limitations related to dataset size, annotation validation, and time constraints,
the obtained results provide a solid foundation for future research. Further improvements may be
achieved through the inclusion of larger and more diverse datasets, the involvement of multiple med-
ical experts in the annotation process, and the development of integrated systems capable of perform-
ing fracture classification, localization, severity assessment, and automated clinical reporting within
a unified framework.

In conclusion, the findings of this study confirm the potential of deep learning and computer vision
techniques to support fracture diagnosis and contribute to the advancement of intelligent healthcare
systems for medical image analysis.
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