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ABSTRACT

Bone fracture segmentation in X-ray images is essential for computer-aided musculoskeletal diagnosis, yet segmentation 
performance is strongly influenced by model configuration and hyperparameter selection. This study develops a 
hyperparameter-optimised U-Net model for binary segmentation of bone fracture regions in musculoskeletal X-ray 
images. The model was trained and evaluated using the FracAtlas dataset, which contains 4,083 annotated X-ray 
images, supplemented with 327 fracture-specific images obtained from Roboflow. Images and masks were harmonised 
through grayscale conversion, resizing to 256 x 256 pixels, normalisation, binary mask preparation, and augmentation 
to improve generalisation. Key hyperparameters, including learning rate, batch size, optimiser, number of epochs, loss 
function, and augmentation strategy, were empirically tuned using validation performance. The final configuration 
used a batch size of 8, Adam optimiser, learning rate of 0.001, binary cross-entropy loss, and 200 training epochs. 
Performance was evaluated using accuracy, validation loss, Intersection over Union (IoU), precision and pixel accuracy. 
The optimised U-Net achieved a validation accuracy of 99.6%, IoU of 0.995, precision of 0.991 and pixel accuracy 
of 0.993, demonstrating competitive performance compared with existing musculoskeletal segmentation models 
reported in the literature, including CMSCNet, 3D U-Net, and modified U-Net variants. The findings show that careful 
hyperparameter tuning, combined with U-Net encoder-decoder reconstruction and skip connections, can improve 
fracture-region segmentation in X-ray images. Further validation using larger multi-centre datasets and systematic 
ablation analysis is recommended before clinical deployment.

Keywords: Deep learning, hyperparameter optimisation, medical image segmentation, musculoskeletal X-ray images, 
U-Net

INTRODUCTION

Musculoskeletal problems include many ailments 
that impact bones, muscles, joints, and connective 
tissues. Conditions such as osteoarthritis, osteoporosis, 
fractures, and ligament injuries rank among the primary 
contributors to global disability, profoundly affecting 
the quality of life and healthcare systems [1]. The Global 
Burden of Disease Study indicates that musculoskeletal 
illnesses represent a significant share of disability-
adjusted life years (DALYs), particularly among ageing 
populations and those with sedentary lifestyles [2]. 
Contemporary medical imaging techniques, including 
X-rays, computed tomography (CT), and magnetic
resonance imaging (MRI), are essential for the
diagnosis and management of many disorders [3].
They offer comprehensive anatomical and pathological

visualisations that allow doctors to evaluate structural 
anomalies, strategies for surgical interventions, 
and track disease advancement. The increasing 
volume of imaging data presents hurdles for manual 
interpretation, requiring the advancement of 
sophisticated computational approaches for precise 
and efficient image processing.

Deep learning, a kind of machine learning, has 
become a revolutionary method in the study of 
medical imaging. Its capacity to autonomously extract 
characteristics from unprocessed data has transformed 
tasks, including classification, object detection, and 
segmentation [4]. Deep learning models have been 
utilised in musculoskeletal imaging to detect fractures, 
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outline cartilage borders, and assess bone density, 
demonstrating their versatility and effectiveness [5]-[6]. 
Segmentation entails identifying and delineating 
distinct objects or regions within an image. Advanced 
models like Mask Region-Based Convolutional Neural 
Network (Mask R-CNN) and versions of U-Net have 
demonstrated considerable potential in tackling 
segmentation issues in medical imaging [7]. These 
models improve diagnostic accuracy and enable 
quantitative assessments, including bone mineral 
density and cartilage thickness, essential for tailored 
treatment strategies [8].

Despite their capabilities, deep learning-based instance 
segmentation algorithms encounter difficulties 
in medical imaging, especially in musculoskeletal 
applications. Anatomical structures display considerable 
variety in shape, size, and direction among patients, 
frequently exacerbated by overlapping areas and 
pathological modifications such as fractures or 
degenerative changes [9]. Imaging artefacts, noise, 
and variations in acquisition techniques intensify these 
challenges, necessitating resilient and flexible models 
[8]. The efficacy of deep learning models is significantly 
influenced by hyperparameter configurations, such 
as learning rate, batch size, layer count, and optimiser 
selection. These hyperparameters affect the model’s 
convergence dynamics, generalisation performance, 
and computational efficiency [10]. Inadequate 
hyperparameter settings may result in overfitting, 
underfitting, or ineffective learning, regardless of the 
dataset’s size or the architecture’s complexity [11]. 
Methods including grid search, random search, and 
Bayesian optimisation have been investigated to 
determine optimal hyperparameter combinations [10]. 
However, their utilisation in medical imaging, specifically 
segmentation tasks, is still constrained [12].

Despite the substantial progress of deep learning in 
medical image analysis, musculoskeletal X-ray fracture 
segmentation still requires a clearer investigation of 
how hyperparameter selection affects segmentation 
performance [13]. Existing studies frequently emphasise 
architectural changes, whereas parameters such as 
learning rate, batch size, optimiser, number of epochs, 
loss function, image size, and augmentation strategy 
can strongly affect convergence, generalisation, 
and segmentation reliability [14]. Therefore, this 
study focuses specifically on U-Net-based binary 
segmentation of bone fracture regions in X-ray images 

and evaluates the effect of an empirically selected 
hyperparameter configuration on segmentation 
performance.

The specific objectives of this study are to: (1) develop 
a U-Net-based deep learning model for binary 
segmentation of bone fracture regions in X-ray images; 
(2) preprocess and integrate FracAtlas and Roboflow 
fracture images using consistent resizing, normalisation, 
and binary mask preparation; (3) empirically optimise 
key hyperparameters, including learning rate, batch 
size, optimiser, number of epochs, loss function, and 
augmentation strategies; (4) evaluate the optimised 
model using accuracy, pixel accuracy, precision, and 
Intersection over Union (IoU); and (5) compare the 
proposed model with existing musculoskeletal image-
segmentation approaches reported in the literature.

RELATED WORKS

Recent advancements in deep learning have significantly 
transformed medical imaging analysis, particularly in 
fracture detection, anatomical segmentation, and 
workflow optimisation. This section synthesises key 
contributions across these domains, highlighting the 
role of DL in enhancing diagnostic accuracy and clinical 
efficiency.

Deep learning is a powerful tool for musculoskeletal 
imaging, especially in bone fracture detection and 
classification. Studies show its effectiveness in 
automating diagnostics and aiding clinical decisions. 
Anttila et al. [15] demonstrated a deep learning tool’s 
high accuracy for detecting enchondromas in hand 
radiographs, with an ROC curve of 0.95 and an F1-
score of 69.5%. Yang et al. [16] developed a system 
for classifying rib fractures in CT scans, surpassing 
radiologists with an 87.63% accuracy in distinguishing 
fracture types and 95.22% in identifying misalignments, 
highlighting its diagnostic efficiency and workload 
reduction potential. Ensemble learning has advanced 
fracture detection accuracy. Tahir et al. [17] proposed a 
model using multiple architectures like MobileNetV2, 
VGG16, InceptionV3, and ResNet50 for X-ray-based 
detection, achieving 92.96% accuracy and a 92.14% F1-
score, highlighting the benefit of combining networks 
for robustness. Similarly, Tanzi et al. [18] introduced a 
hierarchical DL classification system for proximal femur 
fractures using a cascade of CNNs aligned with the 
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AO/OTA classification, increasing diagnostic accuracy 
by 14% with human expertise, strengthening the 
importance of CAD systems in practice.

Segmentation has improved with DL innovations. Shan 
et al. [12] developed a neural network for segmenting 
knee joint tissues from 3D MRI, outperforming 3D 
U-Net and 3D V-Net, with a Dice score of 0.939 and 
lower computational costs. Similarly, Thian et al. [3] 
introduced CMSCNet for musculoskeletal ultrasound 
image segmentation, achieving 98.7% accuracy 
with fewer parameters, enhancing computational 
efficiency. DL-based fracture detection in paediatrics 
has been advanced by Ju and Cai [19] with the YOLOv8 
framework for wrist trauma in X-rays, achieving an 
mAP@50 of 0.638 on GRAZPEDWRI-DX. Thian et al. [3] 
employed an Inception-ResNet Faster R-CNN, showing 
sensitivity of 98.1% and specificity of 72.9% for wrist 
radiographs. For rib fractures, Wu et al.’s [20] multicenter 
CT-based algorithm surpassed radiologists in sensitivity 
(87.9% vs. 79.7%) with an FROC score of 84.3%. Kalmet 
et al. [21] confirmed that DL systems reduced diagnosis 
time by 65.3 seconds when combined with radiologist 
analysis.

DL has also facilitated vertebral compression fracture 
detection, Paik et al. [22] employed Mask R-CNN for 
vertebral compression fracture detection, achieving 
a mean average precision of 0.58 and high specificity 
(85.3%) Alzubaidi et al. [23] introduced a trustworthy 
DL framework for shoulder X-rays, leveraging same-
domain transfer learning and feature fusion to attain 
99.2% accuracy, surpassing the diagnostic performance 
of orthopaedic surgeons (79.1%). The integration of DL 
in radiation therapy and surgical planning has further 
enhanced the automated segmentation of critical 
anatomical structures. Wang et al. [24] evaluated a 
CNN-based workflow for cervical cancer external 
beam radiation therapy (EBRT), achieving Dice scores 
of 0.88–0.93 for organs at risk (OARs) while identifying 
challenges in clinical target volume (CTV) delineation. 
Vania and Lee [25] proposed a multistage optimisation 
mask region-based convolutional neural network 
(MOM-RCNN) for intervertebral disc segmentation, 
attaining a Dice coefficient of 99% and a sensitivity of 
88%. Additionally, Nikan et al. [26] introduced PWD-
3DNet for temporal bone CT segmentation, achieving 
an average Dice score of 86% and demonstrating 
robustness across low-resolution datasets through 

augmented training.

Automatic segmentation has enhanced musculoskeletal 
imaging workflows. Kim et al. [27] utilised DeepLab v3+ 
for CT image segmentation of fractured tibia and fibula, 
achieving 98.92% accuracy and reducing processing 
time. Anttila et al. [28] created a robust DL model for 
distal radius fractures with an AUC of 0.97. FracNet, 
introduced by Wei et al. [29], had a 92.9% sensitivity and 
a Dice coefficient of 71.5% for rib fractures, surpassing 
human experts. Nguyen et al. [30] developed the 
classification–integrated gradients explanation (FEC-
IGE) framework utilising transfer learning for fracture 
classification, achieving up to 98.48% accuracy across 
ten fracture types.

Beyond fracture detection, DL has facilitated the 
segmentation and classification of musculoskeletal 
structures. Kim et al. [31] developed a DL model 
for vertebral segmentation and compression ratio 
measurement, achieving a Dice similarity coefficient 
of 0.929 and a strong correlation with manual 
measurements. Shen et al. [32] explored CNNs and 
ResNet architectures for classifying cortical and 
trabecular bone mechanical states from SR-microCT 
images, achieving over 98% accuracy for cortical bone 
and 99% for trabecular bone.DL has also contributed to 
automated muscle and adipose tissue segmentation. 
Aringhieri et al. [33] applied U-Net variants for 
segmenting thigh muscles and subcutaneous adipose 
tissue in muscular dystrophy patients, achieving 
Dice scores of up to 96.8%. Lin et al. [34] introduced 
modified U-Net architectures (FFU and AFFU) for 
muscle segmentation in post-menopausal women, 
with AFFU achieving the highest Dice scores (0.862 ± 
0.048), demonstrating the effectiveness of novel data 
augmentation techniques.

The application of DL in 3D-printed bone fracture 
modelling has further reinforced its clinical utility. 
Bittner-Frank et al. [35] investigated the accuracy of 
3D-printed bone fracture models, highlighting the 
impact of CT imaging and segmentation algorithms on 
dimensional accuracy. The study confirmed that clinical 
routine scanners and protocols could produce models 
with sub-voxel resolution deviations, making them 
suitable for preoperative planning. These advancements 
underscore the growing role of DL in musculoskeletal 
imaging, improving diagnostic accuracy, segmentation 
efficiency, and clinical workflow automation. Ongoing 
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research continues to refine these models, enhancing 
their generalisability and real-world applicability in 
healthcare settings.

In addition to model architecture, hyperparameter 
optimisation is a decisive factor in medical image 
segmentation [36]. Hyperparameters such as 
learning rate, batch size, optimiser, image size, 
epoch number, loss function, and augmentation 
strategy influence gradient stability, convergence 
speed, overfitting, and boundary localisation [37]. 
Recent optimisation studies have emphasised that 
dataset-constrained segmentation problems require 
careful tuning because small medical datasets 
and class imbalance can cause misleadingly high 
accuracy while reducing fracture-pixel reliability [38]. 
However, most musculoskeletal segmentation studies 
report final model performance without critically 
explaining how hyperparameter settings were selected 
or how they affected segmentation behaviour. This 
study addresses this limitation by explicitly reporting 
the candidate hyperparameter ranges, the final 
selected configuration, and the validation-based 
criteria used to optimise the U-Net model for X-ray 
fracture segmentation.

METHODOLOGY

This study presents a comprehensive framework for 
binary segmentation of bone fracture regions in X-ray 

images using a U-Net-based deep learning model. 
The methodology follows a structured workflow that 
includes data acquisition from FracAtlas and Roboflow, 
annotation harmonisation, preprocessing of X-ray 
images and masks, data augmentation, training-
validation-test splitting, model training, validation-
based hyperparameter tuning, final testing, and 
performance evaluation. The proposed methodology 
follows a structured workflow.

Dataset Description
The FracAtlas dataset is publicly available on Figshare. 
It comprises 4,083 X-ray images collected from three 
major hospitals in Bangladesh, manually annotated 
for bone fracture classification, localisation, and 
segmentation. Annotations were performed by two 
expert radiologists and an orthopedist using the open-
source platform makesense.ai. The dataset includes 
717 images containing 922 fracture instances, each 
annotated with masks and bounding boxes, alongside 
global classification labels [39]. FracAtlas serves as a 
valuable resource for advancing machine learning 
research in bone fracture diagnosis, as illustrated in 
Figure 1.

In addition to FracAtlas, the dataset used in this study 
includes 327 additional X-ray fracture images sourced 
from Roboflow to increase the diversity of fracture 
appearances. To ensure consistency between the 
FracAtlas and Roboflow datasets, all images were 

Figure 1 Fully annotated image with global tags, localised fracture regions marked by boxes, and fractured areas 
highlighted with red borders for segmentation tasks [39]
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augmentation, were applied to both datasets to reduce distributional differences and maintain labelling 

consistency. 

 
Figure 1 Fully annotated image with global tags, localised fracture regions marked by boxes, and fractured 

areas highlighted with red borders for segmentation tasks [39] 

Dataset Preprocessing 

Data preprocessing standardised image size, channel format, intensity range, and binary mask structure. 

All X-ray images were resized to 256 x 256 pixels, converted to grayscale, and normalised using min-

max normalisation. The corresponding masks were rescaled to values between 0 and 1 and checked to 

ensure that the positive class consistently represented fracture pixels. The complete dataset was divided 

into training, validation, and testing subsets using a 70:15:15 split. Specifically, 70% of the images were 

used for model training, 15% were used for validation during hyperparameter tuning, and the remaining 

15% were reserved for final testing on unseen images. 

Experimental Setup 

The study used Google Colab Notebooks as the development environment. Python was used for model 

development, training, and optimisation. Data preprocessing and analysis were conducted using pandas, 
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converted to a unified grayscale format and resized to 
256 × 256 pixels. Annotation labels were harmonised 
into a binary segmentation format, where fracture 
pixels were assigned a value of 1 and background pixels 
were assigned a value of 0. Where necessary, polygon 
or mask annotations were converted into binary masks 
compatible with the U-Net training pipeline. The same 
preprocessing steps, including normalisation, resizing, 
and augmentation, were applied to both datasets to 
reduce distributional differences and maintain labelling 
consistency.

Dataset Preprocessing
Data preprocessing standardised image size, channel 
format, intensity range, and binary mask structure. 
All X-ray images were resized to 256 × 256 pixels, 
converted to grayscale, and normalised using min-
max normalisation. The corresponding masks were 
rescaled to values between 0 and 1 and checked to 
ensure that the positive class consistently represented 
fracture pixels. The complete dataset was divided 
into training, validation, and testing subsets using a 
70:15:15 split. Specifically, 70% of the images were used 
for model training, 15% were used for validation during 
hyperparameter tuning, and the remaining 15% were 
reserved for final testing on unseen images.

Experimental Setup
The study used Google Colab Notebooks as the 
development environment. Python was used for 
model development, training, and optimisation. Data 
preprocessing and analysis were conducted using 
pandas, NumPy, Keras, and OpenCV for image resizing, 
augmentation, normalisation, and mask preparation. 
TensorFlow was used for model development, while 
Matplotlib was used to visualise training curves, 
validation behaviour, and segmentation outputs.

Model Development
The proposed methodology begins with data 
preparation, where raw X-ray images and corresponding 
annotations are organised into a consistent 
segmentation format. The dataset was split into 70% 
training, 15% validation, and 15% testing subsets. 
The training set was used to update model weights; 
the validation set was used to guide hyperparameter 
selection and monitor overfitting, and the test set 
was reserved for final evaluation on unseen images. 
The preprocessing stage included resizing, grayscale 
conversion, normalisation, binary mask preparation, 

and augmentation techniques such as horizontal 
flipping, rotation, brightness/contrast adjustment, 
Gaussian blur, and elastic transformation.

Following this, the model compiling and fitting phase 
configures the deep learning architecture with the 
appropriate loss functions, metrics, and optimisers. 
During training, the model learns from the training 
data. At the same time, hyperparameters such as 
learning rate, batch size, and the number of epochs 
are optimised. If training fails, the pipeline loops back 
to further refine the hyperparameters and model 
architecture. Once the training is successful, the model 
progresses to the testing phase, where its performance 
is evaluated on the test dataset containing unseen 
images.

Finally, the performance evaluation phase assesses 
the model using metrics such as accuracy, IoU, and 
computational efficiency to ensure reliable segmentation 
results. This iterative and structured approach ensures 
the model achieves high segmentation accuracy and 
robustness, making it suitable for clinical applications in 
bone fracture diagnosis. Figure 2 shows the proposed 
methodology.

Proposed U-Net Architecture for Bone Fracture 
Segmentation
In this study, the proposed architecture, illustrated 
in Figure 3, is a U-Net-based model designed for 
binary segmentation of bone fracture regions in X-ray 
images. The encoder path extracts hierarchical features 
from the input image using convolutional blocks 
and downsampling operations, while the bottleneck 
captures the deepest semantic representation. The 
decoder path reconstructs the segmentation mask 
through upsampling and convolutional refinement. 
Skip connections transfer spatial details from encoder 
layers to their corresponding decoder layers, which 
helps preserve fine fracture-boundary information and 
improves localisation of small fracture regions. The final 
sigmoid layer generates a binary mask in which fracture 
pixels are separated from the background.

Model Parameter Selection
This study optimised critical hyperparameters to 
enhance convergence stability, segmentation accuracy, 
and generalisation performance. Candidate ranges 
were selected based on common practices in medical 
image segmentation and then refined empirically using 
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validation-set performance. The final configuration was 
selected based on validation loss, validation accuracy, 
IoU, and visual stability of predicted masks.

The candidate learning rates included 0.0001, 0.0005, 
0.001, and 0.01, while batch sizes of 8, 16, and 32 were 
considered. The Adam optimiser was selected because 
it provided stable convergence during training. The final 
learning rate of 0.001 and batch size of 8 were selected 

because they produced the most stable validation 
performance without clear signs of overfitting. 
Although scheduler-based learning-rate reduction 
strategies were reviewed as possible optimisation 
options, the final implemented model used a fixed 
learning rate of 0.001 rather than a step-size/gamma 
scheduler. Relevant literature was reviewed to identify 
commonly recommended hyperparameter ranges, as 
summarised below:

 

Figure 2 Workflow of dataset preparation, preprocessing, data augmentation, training-validation-test split, 

validation-based hyperparameter tuning, final testing, and performance evaluation 

Proposed U-Net Architecture for Bone Fracture Segmentation 

In this study, the proposed architecture, illustrated in Figure 3, is a U-Net-based model designed for 

binary segmentation of bone fracture regions in X-ray images. The encoder path extracts hierarchical 

features from the input image using convolutional blocks and downsampling operations, while the 

bottleneck captures the deepest semantic representation. The decoder path reconstructs the 

segmentation mask through upsampling and convolutional refinement. Skip connections transfer spatial 

details from encoder layers to their corresponding decoder layers, which helps preserve fine fracture-

boundary information and improves localisation of small fracture regions. The final sigmoid layer 

generates a binary mask in which fracture pixels are separated from the background. 

Figure 2 Workflow of dataset preparation, preprocessing, data augmentation, training-validation-test split,  
validation-based hyperparameter tuning, final testing, and performance evaluation

Figure 3 Proposed U-Net architecture for bone fracture segmentation, showing the encoder path, bottleneck,  
decoder path, skip connections, and final binary segmentation output

 

Figure 3 Proposed U-Net architecture for bone fracture segmentation, showing the encoder path, bottleneck, 

decoder path, skip connections, and final binary segmentation output 

Model Parameter Selection 

This study optimised critical hyperparameters to enhance convergence stability, segmentation accuracy, 

and generalisation performance. Candidate ranges were selected based on common practices in medical 

image segmentation and then refined empirically using validation-set performance. The final 

configuration was selected based on validation loss, validation accuracy, IoU, and visual stability of 

predicted masks. 

The candidate learning rates included 0.0001, 0.0005, 0.001, and 0.01, while batch sizes of 8, 16, and 

32 were considered. The Adam optimiser was selected because it provided stable convergence during 

training. The final learning rate of 0.001 and batch size of 8 were selected because they produced the 

most stable validation performance without clear signs of overfitting. Although scheduler-based 

learning-rate reduction strategies were reviewed as possible optimisation options, the final implemented 

model used a fixed learning rate of 0.001 rather than a step-size/gamma scheduler. 

1. Batch Size: Optimal batch sizes, ranging from 16 to 64, balance gradient estimation noise and 

memory efficiency. Smaller sizes improve generalisation but require more extended training, 

while larger sizes converge faster but may risk overfitting  [40]-[41]. 

2. Learning Rate: A learning rate between 0.0001 and 0.01 is recommended for balancing 

convergence speed and stability. Too high rates can cause divergence, while too low rates lead 

to slow training and potential local minima [42]. 

3. Number of Epochs: Training for 50 to 200 epochs is suggested to ensure adequate learning 

without overfitting. This range provides sufficient exposure to the data while minimising 

overfitting risks  [43]. 
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1.	 Batch Size: Optimal batch sizes, ranging from 16 to 64, 
balance gradient estimation noise and memory 
efficiency. Smaller sizes improve generalisation but 
require more extended training, while larger sizes 
converge faster but may risk overfitting [40]-[41].

2.	 Learning Rate: A learning rate between 0.0001 and 
0.01 is recommended for balancing convergence 
speed and stability. Too high rates can cause 
divergence, while too low rates lead to slow 
training and potential local minima [42].

3.	 Number of Epochs: Training for 50 to 200 epochs 
is suggested to ensure adequate learning without 
overfitting. This range provides sufficient exposure 
to the data while minimising overfitting risks [43].

4.	 Image Size: For high-resolution remote sensing data, 
image sizes between 224×224 and 256×256 pixels 
are effective, balancing detail and computational 
cost [44].

5.	 Optimiser: The Adam optimiser is preferred for its 
adaptive learning rate capabilities, which enhance 
convergence stability in noisy and sparse gradient 
scenarios [45].

6.	 Learning-rate schedule: Scheduler-based step size 
and gamma strategies were considered during 
parameter review; however, the final model used a 
fixed learning rate of 0.001 with the Adam optimiser 
because this setting achieved stable validation loss 
and segmentation performance.

7.	 Loss Function: Binary cross-entropy was used as 
the final loss function for binary fracture-mask 
segmentation. Dice-based loss was considered 
during the design stage because it is useful for 
class-imbalanced segmentation, but the reported 
final model configuration used binary cross-entropy 
to maintain consistency with the implementation 
summarised in Table 1.

8.	 Augmentation: Data augmentation techniques, 
including rotations, flips, and scaling, enhance 
model robustness by simulating real-world 
conditions and improving generalisation [46].

EVALUATION METRICS

This study evaluates model performance using the 
following metrics:

1.	 Accuracy: Measures the proportion of correct 
predictions but may be unreliable with imbalanced 
datasets.

2.	 IoU: Quantifies the overlap between predicted 
segmentation and ground truth, serving as a critical 
metric for segmentation accuracy.

3.	 Precision (Positive Predictive Value): Measures how 
many of the predicted fracture pixels are actually 
fractures.

4.	 Pixel Accuracy: Measures the proportion of correctly 
classified pixels.

	 Accuracy = 
TP TN

TP TN FP FN


  
	 (1)

	 Pixel Accuracy = 
TP TN

TotalPixels


	 (2)

	 Precision = 
TP

TP FP
	 (3)

	 IoU = 
TP

TP FP FN 
	 (4) 

 
where TP, TN, FP, and FN represent true positive, true 
negative, false positive, and false negative pixels, 
respectively.

RESULTS AND DISCUSSION

This section assesses the performance of the proposed 
U-Net model for bone fracture segmentation in X-ray 
images. The dataset was divided into 70% training, 15% 
validation, and 15% testing subsets, and the validation 

Table 1 Model hyperparameter settings

Model Parameters	 Value

Model Architecture	 U-Net

Input Image Size	 256×256

Input Channels	 1 (Grayscale)

Batch Size	 8 (selected empirically from 8, 16, 
	 and 32)

Epochs	 200

Optimiser	 Adam

Loss Function	 Binary Cross-Entropy

Activation Function	 Sigmoid (Output Layer)

Image Normalization	 Yes (Min-Max Normalisation)

Mask Normalization	 Yes (Rescaled to 0-1)

Validation Data	 Used

Learning Rate	 0.001 (selected empirically from 
	 0.0001, 0.0005, 0.001, and 0.01)

Augmentation	 Horizontal flip, random brightness/
	 contrast, rotation, Gaussian blur, 
	 elastic transformation
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subset was used to guide hyperparameter selection. 
The final model was evaluated on unseen test images 
using accuracy, validation loss, IoU, pixel accuracy, and 
precision.

overfitting. Furthermore, the model’s performance 
progressively improved throughout 200 training epochs, 
as evidenced by the increasing validation accuracy and 
the declining validation loss. This trend reinforces the 
model’s capacity to generalise well to unseen data, 
ensuring reliability in practical applications.

The IoU value of 0.995 further emphasises the model’s 
ability to delineate fracture regions within X-ray 
images. The value is reported as a ratio rather than 
a percentage. The pixel accuracy of 0.993 indicates 
that most pixels were correctly classified, while 
the precision value of 0.991 shows that the model 
generated very few false-positive fracture predictions. 
These findings demonstrate the robustness of the 
model in segmenting fracture regions and suggest 
that the U-Net architecture can support computer-
aided fracture assessment. A full ablation study will be 
required in future work to isolate the separate effects 
of learning rate, batch size, optimiser, loss function, 
augmentation strategy, and number of epochs.

Performance Analysis of the Proposed Model
The proposed deep learning-based model for bone 
fracture segmentation in X-ray images was rigorously 
evaluated using multiple performance metrics, 
including accuracy, precision, validation loss, and IoU. 
Table 2 provides a detailed assessment of the model’s 
performance across various epochs, demonstrating its 
capability to tackle complex segmentation tasks.

Table 2 Evaluation and performance of the proposed 
model over the top 10 epochs

Epoch	 Loss	 Val Loss	 Accuracy	 Val Accuracy

10	 0.0214	 0.0194	 0.9945	 0.9951

29	 0.0136	 0.0211	 0.9948	 0.9951

52	 0.0115	 0.0190	 0.9950	 0.9955

76	 0.0102	 0.0185	 0.9952	 0.9956

88	 0.0095	 0.0182	 0.9954	 0.9958

105	 0.0092	 0.0179	 0.9955	 0.9960

123	 0.0088	 0.0175	 0.9956	 0.9962

140	 0.0085	 0.0172	 0.9957	 0.9964

165	 0.0081	 0.0170	 0.9958	 0.9965

190	 0.0079	 0.0168	 0.9960	 0.9967

The analysis in Figure 4 demonstrated that the proposed 
model achieved high performance across critical 
evaluation metrics, including accuracy, validation 
loss, IoU, pixel accuracy, and precision. The model 
exhibited consistently high accuracy across the top 10 
epochs, with values ranging from 0.9951 in the earlier 
epochs to 0.9967 at Epoch 190, highlighting its 
strong generalisation capability. The steady decrease 
in validation loss, which ultimately reached 0.0168, 
suggests that the model effectively minimised errors 
while maintaining a balance between learning and 
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separate effects of learning rate, batch size, optimiser, loss function, augmentation strategy, and number 
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The training process exhibited a steady improvement 
in both accuracy and validation accuracy, as illustrated 
in Figure 6. Throughout 200 epochs, accuracy improved 
from 0.9945 at epoch 10 to 0.9960 at epoch 190, while 
validation accuracy reached 0.9967. Concurrently, the 

loss function in Figure 5 shows a consistent decline, with 
the training loss reducing from 0.0214 to 0.0079 and the 
validation loss decreasing from 0.0194 to 0.0168. This 
trend indicates effective model generalisation while 
minimising overfitting on the validation set.
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minimising overfitting on the validation set. 

IoU values remained consistently high throughout the evaluation, underscoring the model’s ability to 

delineate fracture regions. The highest IoU score achieved was 0.995, reflecting strong overlap between 

predicted and ground-truth masks. Pixel accuracy reached 0.993, while precision reached 0.991, 

indicating that the model produced very few false-positive fracture predictions. Because fracture pixels 

occupy a relatively small proportion of the full X-ray image, accuracy and pixel accuracy were 

interpreted together with IoU and precision rather than as standalone evidence of clinical reliability. 

The overall performance metrics after hyperparameter-optimised training are shown in Figure 7.  

A qualitative evaluation was performed by comparing the model’s segmentation outputs against 

ground-truth annotations. Table 3 and Table 4 illustrate examples of input X-ray images, corresponding 

ground-truth masks, and model-predicted segmentations. The visual comparison shows that the model 

can localise fracture regions and generate segmentation masks that are broadly aligned with expert 

annotations. 
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IoU values remained consistently high throughout the 
evaluation, underscoring the model’s ability to delineate 
fracture regions. The highest IoU score achieved was 
0.995, reflecting strong overlap between predicted 
and ground-truth masks. Pixel accuracy reached 
0.993, while precision reached 0.991, indicating that 
the model produced very few false-positive fracture 
predictions. Because fracture pixels occupy a relatively 
small proportion of the full X-ray image, accuracy and 
pixel accuracy were interpreted together with IoU 
and precision rather than as standalone evidence of 
clinical reliability. The overall performance metrics 
after hyperparameter-optimised training are shown 
in Figure 7. 

A qualitative evaluation was performed by comparing 
the model’s segmentation outputs against ground-truth 
annotations. Table 3 and Table 4 illustrate examples 
of input X-ray images, corresponding ground-truth 
masks, and model-predicted segmentations. The visual 
comparison shows that the model can localise fracture 
regions and generate segmentation masks that are 
broadly aligned with expert annotations.

The high accuracy and segmentation quality of 
the proposed model present significant clinical 
implications. Automated fracture detection and 
segmentation can assist radiologists in expediting 
diagnosis, reducing workload, and improving patient 

outcomes. The model’s integration into computer-
aided diagnosis (CAD) systems can facilitate real-time 
fracture assessment, potentially reducing diagnostic 
errors and enabling personalised treatment planning. 
Additionally, its scalability across different fracture 
types highlights its potential as a robust tool in 
orthopaedic imaging.

Comparative Analysis with Existing Models
To validate the effectiveness of the proposed model, a 
comparative analysis was conducted against existing 
deep learning architectures used in musculoskeletal 
image segmentation. Table 5 presents studies using 
efficient neural networks, CMSCNet, 3D U-Net, 2D 
U-Net, improved Mask R-CNN, and modified U-Net 
variants. Because these studies use different datasets, 
anatomical regions, and imaging modalities, the 
comparison is interpreted as a literature-based 
performance benchmark rather than a direct head-to-
head experimental comparison.

Hyperparameter optimisation contributed to the 
stability of the final model configuration. The study 
empirically evaluated candidate settings for batch 
size, learning rate, optimiser, number of epochs, 
and augmentation strategy. The final configuration, 
including batch size 8, learning rate 0.001, Adam 
optimiser, binary cross-entropy loss, and augmentation, 
was selected because it produced stable validation loss 

Figure 7 Summary of proposed model performance metrics after hyperparameter-optimised training
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and high segmentation overlap. However, since a full 
ablation study was not conducted, the contribution 
of each hyperparameter should be examined more 
systematically in future work.

CONCLUSION

This study developed a hyperparameter-optimised 
U-Net model for binary segmentation of bone fracture 
regions in musculoskeletal X-ray images, trained on 
FracAtlas images supplemented with Roboflow fracture 
images with consistent preprocessing, normalisation, 
augmentation, and binary mask preparation. Using a 
256 × 256 grayscale input size, batch size of 8, Adam 
optimiser, learning rate of 0.001, binary cross-entropy 
loss, and 200 training epochs, the model achieved 
strong performance: validation accuracy of 99.6%, 
precision of 0.991, IoU of 0.995, and pixel accuracy of 
0.993, reflecting the strength of the U-Net’s encoder-
decoder architecture and skip connections in localising 
subtle fracture boundaries with few false positives. 

Compared with existing musculoskeletal segmentation 
models, the proposed model showed competitive 
performance, suggesting potential for computer-
aided fracture assessment. However, boundary-level 
accuracy in complex cases requires further evaluation 
using boundary-aware metrics and edge-refinement 
strategies, and the dataset’s limited diversity across 
institutions, scanners, and imaging protocols warrants 
validation on larger multi-centre datasets, alongside 
ablation analysis, attention-based U-Net variants, class-
balancing strategies, and post-processing to improve 
clinical robustness.
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Table 5 Proposed model comparison with previous study

	 Techniques Used	 Dataset	 Findings	 Reference

Efficient neural network with 
depthwise separable convolution

3D MRI volumes of knee joints Dice score: 0.939; outperformed 3D 
U-Net and 3D V-Net

[12]

CMSCNet (U-Net with dense atrous 
convolution)

Gastrocnemius dataset Accuracy: 98.7%, IoU: 0.7227 [3]

3D V-Net with a compound loss 
function

397 QCT subjects Dice score: 0.9815, Sensitivity: 0.9852, 
Specificity: 0.9992

[47]

3D U-Net for maxillary and 
mandibular segmentation

82 CT scans of head and neck 
cancer patients

Dice similarity coefficient: 0.81–0.91, 
HD95: 1.61–4.22

[48]

3D U-Net for TMJ segmentation 154 manually segmented CBCT 
images

IoU: 0.955 (condyles), 0.935 (glenoid 
fossa); Segmentation time: 3.6 s

[49]

2D U-Net for facial bone 
segmentation

CT data from 50 patients Dice coefficient: 0.897±0.077, ASSD: 
1.168±1.962 mm

[50]

Improved-Mask R-CNN 
(iMaskRCNN) for bone and 
cartilage segmentation

500 knee MRI scans, 97 hip MRI 
scans

Dice scores: 95–98% (femur), 71–80% 
(femoral cartilage)

[51]

U-Net variants for thigh muscle 
segmentation

MRI scans of muscular dystrophy 
patients

Dice scores: up to 96.8% [33]

Modified U-Net (FFU, AFFU) for 
muscle segmentation

MRI scans of postmenopausal 
women

Dice scores: 0.862 ± 0.048 [34]

Hyperparameter-optimised U-Net FracAtlas: 4,083 manually 
annotated musculoskeletal X-ray 
images, supplemented with 327 
fracture-specific Roboflow images, 
harmonised into binary fracture 
masks

Precision = 0.991; 
IoU = 0.995; 
Validation accuracy = 99.6% 
Pixel accuracy = 0.993

Proposed 
Model
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