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Abstract — This project presents an Al-powered Bone
Fracture Detection system that analyzes X-ray images using
advanced deep learning models and web technologies. The
system integrates multiple object detection models, including
YOLOVS, Faster R-CNN, and SSD, to accurately identify
fracture regions in medical images. A Flask-based web
application is developed to provide an interactive interface
for uploading X-rays, selecting models, and visualizing
detection results. Image preprocessing techniques such as
noise reduction and contrast enhancement are applied to
improve detection performance. The system also incorporates
Al-generated medical reports using Gemini, offering detailed
fracture analysis, severity assessment, and clinical
recommendations. Additionally, features like grid overlay
and confidence threshold adjustment enhance usability and
precision. This solution aims to assist medical professionals
by providing quick, reliable, and automated fracture
detection, thereby improving diagnostic efficiency and
reducing human error in radiographic analysis.
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I. INTRODUCTION

Bone fractures are among the most common medical
conditions worldwide, resulting from accidents, trauma, or
underlying health issues such as osteoporosis. Accurate and
timely diagnosis of fractures is critical for effective treatment
and recovery. Traditionally, fracture detection relies on
radiologists who manually examine X-ray images to identify
abnormalities. While this method is widely practiced, it is
time-consuming, subject to human error, and dependent on
the expertise of medical professionals. In recent years, the
integration of Artificial Intelligence (Al) into healthcare has
revolutionized diagnostic procedures, particularly in medical
imaging [1], [3].

Al-based systems, especially those utilizing deep
learning and computer vision techniques, have demonstrated
significant potential in automating the detection of bone
fractures from X-ray images. These systems are capable of
analyzing complex patterns in radiographic data, thereby
assisting healthcare professionals in making faster and more
accurate decisions. Deep learning models such as
Convolutional Neural Networks (CNNs) have shown
remarkable performance in image classification and object
detection tasks, making them highly suitable for medical
image analysis [16], [27].

The rapid advancement of object detection models
such as YOLO (You Only Look Once), Faster R-CNN, and
Single Shot Detector (SSD) has further enhanced the

capability of Al systems in identifying fractures with high
precision. YOLOVS, in particular, offers real-time detection
with improved accuracy and speed, making it an ideal choice
for medical applications where timely diagnosis is crucial [2],
[16]. Similarly, Faster R-CNN provides high detection
accuracy by using region proposal networks, while SSD
ensures faster processing suitable for real-time systems [6],
[10].

Fig. 1: Sample Bone Fracture X-ray Image
One of the key challenges in medical imaging is the
variability in image quality, which can significantly affect
detection accuracy. Factors such as noise, low contrast, and
varying lighting conditions can obscure important features in
X-ray images. To address this, image preprocessing
techniques such as noise reduction and contrast enhancement
(e.g., CLAHE) are employed to improve image clarity and
highlight relevant features [14], [25]. These preprocessing
steps play a crucial role in enhancing the performance of deep
learning models.

The proposed system focuses on developing an Al-
powered bone fracture detection platform that integrates
multiple deep learning models within a unified framework.
By combining YOLOVS, Faster R-CNN, and SSD, the system
leverages the strengths of each model to achieve robust and
reliable detection results. This multi-model approach ensures
higher accuracy and flexibility compared to single-model
systems [9], [20].

In addition to detection, the system incorporates a
web-based interface developed using Flask, which allows
users to upload X-ray images, select detection models, and
view results interactively. This user-friendly interface
enhances accessibility and usability, making the system
suitable for both medical professionals and researchers. The
integration of web technologies with Al models enables real-
time analysis and visualization of results, thereby improving
workflow efficiency in healthcare settings [7], [13].

Another significant feature of the system is the
inclusion of Al-generated medical reports using advanced
language models. These reports provide detailed insights into
the detected fractures, including their location, severity, and
possible treatment recommendations. Such automated
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reporting systems can assist radiologists by reducing their
workload and providing a second opinion, thereby
minimizing diagnostic errors [11], [30].

Explainable AI (XAI) is also gaining importance in
medical applications, as it enhances trust and transparency in
Al systems. By providing visual outputs such as bounding
boxes and confidence scores, the system allows users to
understand how the model arrived at its predictions. This
interpretability is essential for clinical adoption and ensures
that Al systems complement rather than replace human
expertise [11], [32].

Despite the advancements in Al-based fracture
detection, certain challenges remain. These include the need
for large annotated datasets, model generalization across
diverse patient populations, and regulatory concerns in
medical applications. Additionally, Al systems must be
rigorously tested and validated to ensure reliability and safety
before deployment in real-world healthcare environments
[26], [42].

The dataset used for training the detection models
plays a critical role in determining system performance.
Proper annotation of fracture regions using bounding boxes
enables supervised learning, allowing the models to
accurately identify fracture patterns. Data augmentation
techniques such as rotation, scaling, and flipping are often
used to increase dataset diversity and improve model
robustness [18], [29].

Furthermore, the integration of Al in healthcare
aligns with the global trend toward digital transformation and
smart healthcare systems. Al-driven diagnostic tools have the
potential to bridge the gap between limited medical resources
and increasing patient demands, especially in rural and
underserved areas. By providing automated and efficient
diagnostic support, such systems contribute to improved
healthcare outcomes and reduced costs [17], [30].

In conclusion, the development of an Al-powered
bone fracture detection system represents a significant step
toward enhancing medical diagnostics through automation
and intelligent analysis. By leveraging state-of-the-art deep
learning models, advanced preprocessing techniques, and
user-friendly web interfaces, the system aims to provide
accurate, efficient, and accessible fracture detection
solutions. The integration of Al-generated reports and
explainable outputs further strengthens the system’s utility in
real-world applications. As Al continues to evolve, its role in

healthcare is expected to expand, paving the way for more
advanced and reliable diagnostic systems in the future [1],
(3], [26].

II. LITERATURE SURVEY

The application of Artificial Intelligence (AI) in medical
imaging has gained significant attention in recent years,
particularly in the detection and diagnosis of bone fractures.
Traditional diagnostic methods rely heavily on manual
interpretation of X-ray images by radiologists, which can be
time-consuming and prone to human error. To overcome
these limitations, researchers have explored the use of deep
learning techniques to automate fracture detection and
improve diagnostic accuracy.

Early studies focused on the use of Convolutional
Neural Networks (CNNs) for image classification tasks.
These models demonstrated promising results in identifying
fracture patterns from X-ray images by learning complex
visual features [27], [37]. However, classification-based
approaches were limited in their ability to localize fractures
within images, which led to the adoption of object detection
models.

Advanced object detection algorithms such as Faster
R-CNN, Single Shot Detector (SSD), and YOLO have been
widely used in medical image analysis. Faster R-CNN
provides high accuracy by generating region proposals and
refining them for precise detection, making it suitable for
identifying small fracture regions [6], [28]. On the other hand,
SSD offers faster detection speeds by performing
classification and localization in a single pass, making it ideal
for real-time applications [10], [39]. YOLO-based models,
particularly recent versions like YOLOVS, have achieved a
balance between speed and accuracy, enabling efficient
fracture detection in clinical settings [2], [16].

Several studies have also emphasized the
importance of image preprocessing techniques in improving
model performance. Techniques such as noise reduction,
histogram equalization, and contrast enhancement (e.g.,
CLAHE) have been shown to enhance image quality and
highlight fracture features, thereby improving detection
accuracy [14], [40]. These preprocessing steps are especially
important in medical imaging, where image quality can vary
significantly.
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Fig. 2: Deep Learning Models for Medical Image Analysis

All rights reserved by www.ijsrd.com 199



Real Time Bone Fracture Localization in Radiographs Using Deep Learning Techniques

(IJSRD/Vol. 14/Issue 2/2026/045)

In addition to detection, researchers have explored
hybrid and multi-model approaches to improve system
performance. Combining multiple deep learning models
allows the system to leverage the strengths of each approach,
resulting in higher accuracy and robustness [9], [20]. For
instance, integrating YOLO for fast detection with Faster R-
CNN for precise localization can provide comprehensive
diagnostic results.

Explainable Al (XAI) has also emerged as a critical
area of research in medical imaging. Providing visual
explanations such as bounding boxes and confidence scores
helps in understanding model predictions and increases trust
among healthcare professionals [11], [32]. This transparency
is essential for the adoption of Al systems in clinical practice.

Recent advancements have also introduced Al-
driven reporting systems that generate automated medical
reports based on detection results. These systems assist
radiologists by summarizing findings, suggesting possible
diagnoses, and recommending further analysis [30], [42].
Such innovations reduce workload and improve efficiency in
healthcare environments.

Despite these advancements, challenges such as
limited annotated datasets, variability in imaging conditions,
and model generalization remain significant. Researchers
continue to focus on improving dataset quality, developing
more robust models, and ensuring the reliability of Al
systems in real-world applications [26].

In conclusion, the literature indicates that Al-based
bone fracture detection systems have made substantial
progress, with deep learning and object detection models
playing a central role. The integration of preprocessing
techniques, hybrid models, and explainable Al has further
enhanced system performance. However, ongoing research is
required to address existing challenges and ensure the safe
and effective deployment of these systems in clinical settings.

III. EXISTING SYSTEM

A. Overview of Existing Systems

The diagnosis of bone fractures has traditionally relied on
conventional radiographic imaging techniques, primarily X-
ray imaging, interpreted by trained radiologists. These
existing systems form the backbone of modern orthopedic
diagnostics and are widely used in hospitals and diagnostic
centers. The process typically involves capturing X-ray
images of the affected region, followed by manual
examination by medical professionals to identify
abnormalities such as cracks, displacements, or breaks in
bones. Although this method has been effective for decades,
it is not without limitations, especially in terms of speed,
accuracy, and dependency on human expertise [37], [42].
With the advancement of technology, Computer-Aided
Diagnosis (CAD) systems were introduced to assist
radiologists in interpreting medical images. These systems
utilize basic image processing and machine learning
techniques to highlight suspicious regions in X-rays. While
CAD systems marked an improvement over purely manual
methods, they were limited in their ability to generalize
across diverse datasets and often required handcrafted feature
extraction, which reduced their effectiveness in complex
scenarios [31], [40].

B. Traditional Radiology-Based Systems

In traditional healthcare systems, fracture detection is
performed manually by radiologists who analyze X-ray
images using their expertise and experience. The accuracy of
diagnosis largely depends on the skill level of the radiologist
and the quality of the imaging equipment. In many cases,
subtle fractures such as hairline cracks or early-stage
fractures can be difficult to detect, leading to misdiagnosis or
delayed treatment [26], [42].
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Fig. 3: Traditional Fracture Detection Process

Another major limitation of traditional systems is
the time required for diagnosis. In busy hospitals, radiologists
must analyze a large number of X-rays daily, which can lead
to fatigue and increased chances of human error.
Furthermore, in rural or underdeveloped regions, the lack of
skilled radiologists makes it difficult to provide timely and
accurate diagnoses, resulting in inadequate healthcare
services [17], [30].

C. Machine Learning-Based Systems

To overcome the limitations of manual diagnosis, machine
learning-based systems were developed. These systems use
algorithms such as Support Vector Machines (SVM),
Decision Trees, and Random Forests to classify X-ray images
into fractured and non-fractured categories. These approaches
require manual feature extraction, where important features
such as edges, textures, and shapes are identified and used as
input for the model [27].

Although machine learning methods improved
classification accuracy compared to traditional methods, they
still faced several challenges. The reliance on handcrafted
features limited their ability to capture complex patterns in
medical images. Additionally, these models were not capable
of accurately localizing fracture regions within the image,
which is essential for effective diagnosis and treatment
planning [33].

D. Deep Learning-Based Systems

The introduction of deep learning revolutionized medical
image analysis, including bone fracture detection.
Convolutional Neural Networks (CNNs) became the primary
tool for analyzing X-ray images due to their ability to
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automatically learn hierarchical features from raw data.
CNN-based models have demonstrated high accuracy in
detecting fractures and classifying different types of bone
injuries [16], [27].

However, early CNN models were primarily
designed for image classification and lacked the ability to
precisely locate fractures within images. This limitation led
to the development of object detection models such as Faster
R-CNN, SSD, and YOLO, which can both detect and localize
fractures using bounding boxes [6], [10].

Faster R-CNN is known for its high accuracy and
ability to detect small objects, making it suitable for
identifying subtle fractures. It uses a region proposal network
to generate candidate regions and then classifies them into
different categories. Despite its accuracy, Faster R-CNN is
computationally intensive and may not be suitable for real-
time applications [6], [28].

SSD (Single Shot Detector), on the other hand,
offers faster detection by performing classification and
localization in a single step. It is suitable for applications
where speed is a priority, but it may compromise slightly on
accuracy compared to Faster R-CNN [10], [39].

YOLO (You Only Look Once) models, particularly
YOLOVS, provide a balance between speed and accuracy.
YOLO processes the entire image in a single pass and
predicts  bounding  boxes and  class probabilities
simultaneously, making it ideal for real-time fracture
detection systems [2], [16].

E. Limitations of Existing Systems

Despite significant advancements, existing systems for bone

fracture detection still face several limitations:

— Dependency on Expertise: Traditional systems rely
heavily on radiologists, leading to variability in diagnosis
and potential human errors [37].

— Limited Accuracy in Complex Cases: Machine learning
models struggle with complex fracture patterns due to
limited feature extraction capabilities [33].

— High Computational Cost: Advanced deep learning
models such as Faster R-CNN require high
computational resources, limiting their deployment in
low-resource settings [6].

— Lack of Explainability: Many Al models act as black
boxes, making it difficult for healthcare professionals to
trust their predictions [11].

— Data Limitations: The availability of large, annotated
medical datasets remains a challenge, affecting model
training and generalization [26].

— Variability in Image Quality: Differences in X-ray
quality can impact detection performance, leading to
inconsistent results [40].

F. Need for an Improved System

The limitations of existing systems highlight the need for an
improved fracture detection solution that combines accuracy,
speed, and usability. An ideal system should integrate
advanced deep learning models with efficient preprocessing
techniques to enhance image quality and detection
performance. Additionally, it should provide explainable
outputs, such as bounding boxes and confidence scores, to
improve trust and transparency [11].

Moreover, the integration of web-based platforms
can make such systems more accessible to healthcare
professionals and researchers. Automated report generation
using Al can further enhance the diagnostic process by
providing detailed insights and recommendations, thereby
reducing the workload on radiologists and improving overall
efficiency [30].

G. Summary

In summary, existing systems for bone fracture detection
have evolved from manual radiology-based approaches to
advanced Al-driven models. While traditional and machine
learning methods laid the foundation, deep learning and
object detection models have significantly improved
detection accuracy and efficiency. However, challenges such
as computational complexity, lack of explainability, and data
limitations still persist. Addressing these issues is essential
for developing a more robust and reliable fracture detection
system that can be effectively used in real-world healthcare
environments.

IV. PROPOSED SYSTEM

A. Introduction to Proposed System

The proposed system is an advanced Al-powered Bone
Fracture Detection platform designed to automate the
analysis of X-ray images and assist medical professionals in
diagnosing fractures accurately and efficiently. The system
integrates multiple deep learning models, including
YOLOVS, Faster R-CNN, and SSD, to provide robust and
reliable detection results. Unlike traditional methods that rely
heavily on manual interpretation, this system leverages
artificial intelligence to reduce human error and improve
diagnostic speed and accuracy [2], [6], [10]. The entire
system is implemented as a web-based application using the
Flask framework, allowing users to upload X-ray images,
select detection models, and view results interactively in real
time [7], [13].

The system follows a modular architecture where
the process begins with the input module, in which users
upload X-ray images in various formats such as JPG, PNG,
or BMP. These images are then passed through a
preprocessing module that enhances image quality using
techniques like noise reduction and Contrast Limited
Adaptive Histogram Equalization (CLAHE). This step is
crucial as it improves the visibility of fracture regions and
enhances the performance of the detection models [14]. The
preprocessed images are then fed into the detection module,
where one of the selected deep learning models analyzes the
image to identify potential fracture regions.

The detection models generate bounding boxes
around suspected fracture areas along with confidence scores
and labels. YOLOVS is used for fast and real-time detection,
Faster R-CNN provides high accuracy for detailed analysis,
and SSD offers a balance between speed and performance.
This multi-model approach ensures flexibility and improved
reliability compared to single-model systems [9], [20]. After
detection, the results are processed and visualized through the
web interface, where users can view annotated images that
clearly highlight fracture regions.
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In addition to detection, the system incorporates an
Al-based report generation module that produces detailed
medical analysis. This module analyzes the detection results
and provides information about fracture location, type,
severity, and possible clinical recommendations. Such
automated reporting assists radiologists by reducing
workload and providing a second opinion, thereby improving
diagnostic efficiency and consistency [30]. The system also
supports additional features such as adjustable confidence
thresholds and grid overlays, which enhance the precision of
analysis and allow users to better interpret the results.

From an implementation perspective, the system is
developed using Python, with Flask handling the backend
operations and user interactions. Deep learning models are
implemented using PyTorch and the Ultralytics YOLO
framework, while image processing is performed using
OpenCV and PIL libraries. The frontend is built using
standard web technologies such as HTML, CSS, and
JavaScript, ensuring a responsive and user-friendly interface.
The integration of advanced Al technologies with web-based
deployment makes the system accessible, scalable, and
efficient for real-world applications.

Overall, the proposed system provides a
comprehensive solution for automated bone fracture
detection by combining advanced deep learning techniques,
effective image preprocessing, and user-friendly interface
design. It addresses the limitations of existing systems by
improving accuracy, reducing . dependency on manual
analysis, and enhancing diagnostic efficiency. The inclusion
of explainable outputs and Al-generated reports further
strengthens its applicability in healthcare environments,
making it a valuable tool for modern medical diagnostics

[11].

V. RELATED WORK

Recent research in bone fracture detection has extensively
explored the application of Artificial Intelligence (AI) and
deep learning techniques to improve diagnostic accuracy and
efficiency. Earlier studies demonstrated that traditional
radiographic analysis, while effective, often suffers from
inter-observer variability and missed diagnoses, especially in
complex or subtle fracture cases. This has motivated the
development of automated systems capable of assisting
radiologists in clinical decision-making.

One of the foundational approaches in this domain
involves the use of Convolutional Neural Networks (CNNs)
for image classification. CNN-based models such as VGG16,
ResNet, and DenseNet have shown high accuracy in
identifying fracture patterns from X-ray images. For instance,
recent studies reported accuracy levels of up to 97% using
DenseNet and VGG architectures for fracture detection tasks.
These models are capable of learning complex spatial
features directly from raw images, eliminating the need for
manual feature extraction.

To further enhance detection capabilities,
researchers have shifted toward object detection models that
not only classify but also localize fractures. Models such as
YOLO, Faster R-CNN, and SSD have been widely adopted
due to their ability to detect fracture regions using bounding
boxes. YOLO-based frameworks are particularly popular

because of their real-time performance and efficiency in
clinical environments. Studies have shown that integrating
YOLO with advanced architectures improves both detection
speed and accuracy, making it suitable for real-time medical
applications.

In addition to single-model approaches, hybrid and
multi-stage frameworks have been proposed to improve
performance. A two-stage deep learning pipeline combining
detection and classification has demonstrated over 90%
accuracy in identifying fracture regions and categorizing
fracture types. These systems typically use one model for
localization and another for classification, improving both
precision and robustness. Similarly, advanced frameworks
such as FracNet incorporate attention mechanisms and
feature fusion techniques to enhance detection accuracy and
generalization across datasets, achieving near-perfect
performance in experimental settings.

Another important area of research focuses on
improving model robustness and generalization. Studies have
investigated the impact of noise and varying image quality on
deep learning models, highlighting the importance of
preprocessing techniques such as normalization, denoising,
and contrast enhancement. These techniques significantly
improve model performance, especially in real-world
scenarios where image quality may vary. Additionally,
transfer learning has been widely used to leverage pretrained
models, reducing the need for large annotated datasets while
maintaining high accuracy levels.

Explainability and interpretability have also become
critical aspects of Al-based medical systems. Researchers
have incorporated visualization techniques such as Grad-
CAM and attention maps to highlight regions of interest in X-
ray images. These methods help clinicians understand the
reasoning behind model predictions, thereby increasing trust
and adoption in clinical practice.

Despite these advancements, several challenges
remain in the field. Limited availability of high-quality
annotated datasets, variations in imaging conditions, and the
need for clinical validation continue to hinder widespread
deployment. Moreover, many existing models require high
computational resources, making them less suitable for low-
resource environments. Ongoing research aims to develop
lightweight and efficient models that can be deployed in real-
time healthcare systems without compromising accuracy.

In conclusion, the literature indicates that deep
learning has significantly advanced the field of bone fracture
detection, with CNNs, object detection models, and hybrid
frameworks playing a crucial role. Continuous improvements
in model architecture, preprocessing techniques, and
explainability are expected to further enhance the reliability
and applicability of Al-based diagnostic systems in
healthcare.

VI. SYSTEM ARCHITECTURE

A. User Interface Layer

The User Interface (UI) layer serves as the entry point of the
bone fracture detection system, enabling interaction between
the user and the underlying AI models. In the proposed
system, a web-based interface (such as a Streamlit or Flask
web application) is used to provide a simple, intuitive, and
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user-friendly platform. Users, including radiologists, medical
practitioners, or researchers, can upload X-ray images
directly through this interface. The UI supports multiple
image formats such as JPG, PNG, BMP, and WEBP, ensuring
flexibility and ease of use.
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Fig. 5: System Architecture of Bone Fracture Detection
System

Once an image is uploaded, the interface allows to
select the desired detection model, such as YOLOvS, Faster
R-CNN, or SSD, and adjust parameters like confidence
thresholds. This customization enables users to balance
between speed and accuracy based on their requirements. The
UI also displays the processed results, including annotated
images with bounding boxes and detection labels, making it
easier for users to interpret the findings visually.

In addition to visualization, the UI provides access
to Al-generated medical reports, which summarize the
detection results in a structured and readable format. The
interface is designed to ensure smooth navigation, minimal
latency, and real-time feedback, enhancing the overall user
experience. By simplifying complex Al operations into an
accessible format, the UI plays a crucial role in bridging the
gap between advanced technology and practical healthcare
applications.

B. Backend and Al Core

The Backend and Al Core form the central processing unit of
the system, where all computations and intelligent operations
are performed. This layer is responsible for handling user
requests, processing uploaded images, running detection
models, and managing data flow between different
components. The backend is implemented using Python
frameworks such as Flask, which ensures efficient
communication between the frontend and AI modules.

At the core of this layer are the object detection
models, including YOLOVS, Faster R-CNN, and SSD300.
These models are pre-trained on large datasets and fine-tuned
for fracture detection tasks. YOLOVS is known for its real-
time detection capabilities, making it suitable for fast
analysis, while Faster R-CNN provides high accuracy
through region-based detection. SSD offers a balanced
approach, combining speed and efficiency.

Before passing images to the detection models, the
system performs preprocessing operations such as noise
reduction and contrast enhancement using techniques like
CLAHE. This step improves image quality and ensures better

feature extraction by the models. After preprocessing, the
inference logic is applied, where the selected model analyzes
the image and predicts fracture regions.

The output of this process is a set of bounding box
coordinates, labels, and confidence scores, which are
structured in formats such as JSON or lists. This information
is then forwarded to the visualization and Al analysis
modules. The backend also ensures error handling, data
validation, and secure image processing, making it a critical
component of the system’s reliability and performance.

C. Al Analysis and Report Generation

The AI Analysis layer enhances the functionality of the
system by providing detailed medical insights based on the
detection results. This component integrates advanced
generative Al models, such as the Google Gemini API, to
produce comprehensive medical reports. Unlike traditional
systems that only highlight fracture regions, this layer
interprets the results and presents them in a clinically
meaningful way.

The process begins with the bounding box
information and detection data generated by the Al core. This
data is combined with the original image and passed to a
predefined medical report prompt template. The prompt
guides the generative Al model to analyze the image and
detection results, focusing on aspects such as fracture
presence, location, severity, and type.

The Gemini Al model processes this information
and generates a structured report that includes multiple
sections, such as fracture summary, location analysis,
severity assessment, and clinical recommendations. For
example, it may describe whether the fracture is a hairline
crack or a displaced fracture and suggest further diagnostic
procedures like CT scans or MRIs.

This automated reporting system significantly
reduces the workload of radiologists and provides a second
opinion, improving diagnostic accuracy and consistency.
Additionally, the reports are generated in formats such as
Markdown or plain text, making them easy to read, share, and
integrate into medical records. The inclusion of Al-driven
analysis transforms the system from a simple detection tool
into a comprehensive diagnostic assistant.

D. External Services and Storage

The External Services and Storage layer ensures the efficient
management and persistence of data within the system. This
component handles the storage of model files, generated
reports, and other relevant data required for system operation.
Model files, such as YOLOv8 weights or other trained
parameters, are stored securely and loaded dynamically
during inference.

Persistent storage systems are used to save generated
medical reports and, if required, processed images for future
reference. This is particularly useful in clinical settings where
maintaining patient records is essential. However, the system
can also be configured to delete uploaded images after
processing to ensure data privacy and compliance with
healthcare regulations.

The integration of external APIs, such as the Google
Gemini API, plays a vital role in enhancing system
capabilities. These services provide advanced Al
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functionalities without requiring local computational
resources, making the system more scalable and efficient.
The use of cloud-based services also ensures high availability
and reliability.

Furthermore, this layer supports scalability by
allowing the system to handle multiple requests
simultaneously. As the number of users increases, cloud
infrastructure and storage solutions can be expanded to meet
demand. This ensures that the system remains responsive and
efficient even in large-scale deployments.

Overall, the system architecture demonstrates a
well-structured integration of user interface, Al processing,
intelligent analysis, and data management components. Each
layer plays a specific role in ensuring the smooth functioning
of the system, from user interaction to final report generation.
The combination of deep learning models, preprocessing
techniques, and generative Al creates a powerful and efficient
solution for automated bone fracture detection and analysis.

VII. RESULTS AND DISCUSSION

The experimental results of the proposed Bone Fracture
Detection system demonstrate the effectiveness of integrating
deep learning models with an interactive web-based interface.
The system was tested using multiple X-ray images, and the
results were visualized through the BoneScan Al dashboard,
which provides a comprehensive overview of detection
performance, model selection, and analysis outputs.

Fig. 6: Grid Overlay Analysis Feature

From the interface, it is observed that the system
successfully detects fracture regions and displays them using
bounding boxes over the X-ray images. For instance, in the
forearm X-ray example, the YOLOv8 model identified a
fracture region with a confidence score of approximately
32.6%. The detected region is clearly highlighted using an
orange bounding box, making it easy for users to visually
interpret the fracture location. The system also displays key
metrics such as the number of detections, average confidence,
maximum confidence, and threshold values, which provide
insights into model performance and reliability.
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Fig. 7: YOLOv8 AND SSD Fracture Detection Output

In another test case using the SSD300 model, the
system detected multiple regions with improved confidence
values, including a maximum confidence of around 50.1%.
This demonstrates that different models perform differently
depending on the input image and fracture complexity. While
YOLOvVS8 provides faster detection suitable for real-time
applications, SSD300 and Faster R-CNN offer comparatively
higher confidence in certain scenarios, especially when
multiple features are present in the image. This validates the
advantage of a multi-model approach, allowing users to select
the most appropriate model based on their requirements.

The preprocessing feature, particularly CLAHE
(Contrast Limited Adaptive Histogram Equalization), plays a
significant role in enhancing image clarity. When enabled, it
improves contrast and highlights bone structures, leading to
better detection accuracy. The interface also allows users to
adjust confidence thresholds dynamically, which helps in
filtering weak detections and focusing on more reliable
predictions.

Another important feature observed is the Grid
Overlay Analysis, which divides the image into rows and
columns to assist in precise localization of fractures. This is
particularly useful in clinical scenarios where accurate
positioning is required for diagnosis and treatment planning.
The system provides an option to customize grid dimensions,
enhancing flexibility and usability.

The integration of Al-based medical report
generation using Gemini further enhances the system’s
capabilities. The detected bounding box coordinates and
confidence scores are used to generate structured medical
reports, providing insights into fracture type, location, and
severity. This feature acts as a decision-support tool for
healthcare professionals, reducing manual workload and
improving diagnostic consistency.

However, the results also highlight certain
limitations. Some detections show moderate confidence
levels (around 30-50%), indicating that model performance
depends on image quality and dataset diversity. In some
cases, irrelevant objects (e.g., “person” or “vase”) are
detected due to the use of general object detection models,
suggesting the need for further fine-tuning with domain-
specific datasets.

All rights reserved by www.ijsrd.com 204



Real Time Bone Fracture Localization in Radiographs Using Deep Learning Techniques

(IJSRD/Vol. 14/Issue 2/2026/045)

In conclusion, the system demonstrates strong
performance in detecting bone fractures with clear
visualization and interactive analysis features. The
combination of multiple models, preprocessing techniques,
and Al-generated reports provides a comprehensive
diagnostic solution. Future improvements can focus on
increasing dataset quality, refining model accuracy, and
eliminating irrelevant detections to enhance overall system
reliability.
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