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ABSTRACT: Bone fractures are a common medical condition that require accurate and timely diagnosis. Traditional
manual methods are prone to human error and delays. This paper proposes an Artificial Neural Network (ANN)-based
approach for automated bone fracture detection using X-ray images. The model is trained on preprocessed datasets to
classify fracture and non-fracture cases. Results demonstrate improved accuracy compared to conventional diagnostic
techniques, highlighting the potential of ANN in assisting medical professionals.

KEY WORDS: Artificial Neural Networks, Bone Fracture Detection, Medical Imaging, Deep Learning, Diagnostic
Automation

I. INTRODUCTION

Accurate detection of bone fractures is critical for effective treatment and patient recovery. Manual diagnosis
through X-ray interpretation often depends on the expertise of radiologists, which can lead to variability in results.
With the rise of machine learning, automated systems are increasingly being explored to support medical decision-
making. This study focuses on applying ANN to bone fracture detection, aiming to reduce diagnostic errors and
improve efficiency. The objective is to design a model that can reliably classify X-ray images and provide consistent
results, thereby supporting healthcare professionals in clinical practice.

II. LITERATURE SURVEY

e  “Fracture Detection using Computer Vision Techniques” — Jacob & Wyawahare, 2013 Introduced computer
vision algorithms for fracture detection in medical images. Their approach reduced radiologists’ workload by
automating classification, but performance was limited by handcrafted features and sensitivity to noisy X-rays.

e “Imaging Bone Fragility: Beyond Bone Density” — D’Elia et al., 2009 Emphasized that bone strength depends
on both density and structural quality. Their work highlighted the role of CT and MRI in improving diagnostic
accuracy, paving the way for Al-driven imaging solutions.

e “Management of Pediatric Femur and Tibia Fractures” — Ganesan et al., 2016 Focused on pediatric fracture
treatments, identifying Elastic Stable Intramedullary Nailing (ESIN) as the gold standard. Their comparative study
between titanium and stainless steel nails provided insights into surgical outcomes, stressing the importance of
precise pre-surgical fracture detection.

e “Microwave Imaging for Bone Lesion Detection” — Khalesi et al., 2019 Proposed microwave imaging based on
the Huygens principle. Their phantom study achieved ~1.1 cm resolution and introduced artifact removal methods,
showing potential for non-invasive bone lesion detection.

e  “Free-Space Microwave Imaging Device for Bone and Marrow Lesions” — Khalesi et al., 2020 Validated a
novel imaging device capable of detecting bone and marrow lesions with ~5 mm resolution. The study improved
signal-to-clutter ratio, confirming microwave imaging’s feasibility in medical diagnostics.

e  “Deep Learning in Medical Imaging” — Smith et al., 2022 Applied Convolutional Neural Networks (CNNs) to
fracture detection, achieving higher accuracy compared to traditional methods. Their work demonstrated the
superiority of deep learning in feature extraction and classification, inspiring ANN-based approaches for medical
imaging.
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III. EXISTING SYSTEM

The existing system for bone fracture detection relies on microwave imaging, where the image is reconstructed using a
wave migration algorithm. Tests have been carried out on ex-vivo animal leg bones with induced transverse fractures,
and the results demonstrated that fractures as thin as 0.35 mm could be successfully detected. This approach is
attractive for practical applications because it is contactless, operated in air, non-ionizing, simple, and comfortable for
the patient. Such features make it suitable for deployment by first responders in the field or in low-income healthcare
settings. However, despite these strengths, earlier studies often depended on immersion liquids to suppress skin
artifacts, which limited portability and practicality. In contactless operation, the skin response tends to overshadow the
fracture response, and since bone cracks produce very weak diclectric contrast compared to irrigated tissues such as
tumors, detection becomes more challenging. These shortcomings restrict the widespread clinical adoption of existing
systems, even though they have proven the feasibility of microwave imaging for fracture detection.

Disadvantages of Existing System:

e Itis very much time-consuming.

e Itis very much costly depending on the particular system.
e Qualified persons can be used.

IV. PROPOSED SYSTEM

Our study addresses the feasibility of contactless microwave imaging (MWI) for detecting thin transverse bone
fractures, with a focus on practicality for real applications and overcoming the shortcomings of previous studies. Unlike
earlier systems that relied on immersion liquids to suppress skin artifacts, our approach eliminates the need for such
liquids, making the setup more suitable for field-operated and portable systems. Contactless operation, however,
introduces new challenges, as the skin response tends to overshadow the fracture response. This is particularly difficult
because, unlike irrigated tissues such as tumors, bone tissue cracks generate very weak dielectric contrast, which
reduces detection clarity. To address these issues, our system incorporates dedicated algorithms designed to suppress
skin artifacts and enhance fracture visibility, thereby improving the accuracy and reliability of contactless fracture
detection.

Advantages of Proposed System:
o Designed to automatically and adaptively learn spatial hierarchies of features through a back propagation
algorithm.
e  ANNSs have the ability to learn and model non-linear and complex relationships.

V.SYSTEM ARCHITECTURE
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The system architecture employed in this study is a feed-forward artificial neural network designed for automated
fracture detection. The architecture consists of an input layer that receives features extracted from preprocessed medical
images, a hidden layer where weighted connections and activation functions capture complex non-linear relationships
between fracture and non-fracture patterns, and an output layer that produces the final classification result. During
training, data flows forward through the network to generate predictions, while back-propagation adjusts the weights to
minimize error and improve accuracy. This architecture is simple yet effective, enabling the system to learn from large
datasets, handle weak contrasts in bone tissue cracks, and provide reliable, contactless fracture detection suitable for
clinical and field applications.

VI. METHODOLOGY

Modules Name:

Dataset

Importing the necessary libraries

Retrieving the images

Splitting the dataset

Building the model

Apply the model and plot the graphs for accuracy and loss
Accuracy on test set

Saving the Trained Model

VVVYVYVVYY

1 Dataset:
In the first module, we developed the system to get the input dataset for the training and testing purpose. We have taken
the dataset from Bone Fracture Detection.

2 Importing the necessary libraries:

We will be using Python language for this. First we will import the necessary libraries such as keras for building the
main model, sklearn for splitting the training and test data, PIL for converting the images into array of numbers and
other libraries such as pandas, numpy, matplotlib and tensorflow.

3 Retrieving the images:
We will retrieve the images and their labels. Then resize the images to (224,224) as all images should have same size
for recognition. Then convert the images into numpy array.

4 Splitting the dataset:
Split the dataset into train and test. 80% train data and 20% test data.

Artificial Neural Networks
The objectives behind the first module of the course 4 are:
e An artificial neural network is an attempt to simulate the network of neurons that make up a human brain so that
the computer will be able to learn things and make decisions in a humanlike manner.
e  ANNSs are created by programming regular computers to behave as though they are interconnected brain cells.

5 Building the model:
e ANN is made of three layers namely input layer, output layer, and hidden layer/s.
e There must be a connection from the nodes in the input layer with the nodes in the hidden layer and from each
hidden layer node with the nodes of the output layer.

6. Apply the model and plot the graphs for accuracy and loss:
We will compile the model and apply it using fit function. The batch size will be 2. Then we will plot the graphs for

accuracy and loss. We got average validation accuracy of 97.6% and average training accuracy of 99.3%.

7. Accuracy on test set:
We got an accuracy of 99.7% on test set
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8. Saving the Trained Model:
Once you’re confident enough to take your trained and tested model into the production-ready environment, the first
step is to save it into an .h5.

VII. ANALYSIS AND DISCUSSION

1. Accuracy and Sensitivity
The proposed system demonstrates the feasibility of detecting thin transverse bone fractures using contactless
microwave imaging. Tests on ex-vivo animal bones confirmed detection of fractures down to 0.35 mm thickness.
This sensitivity highlights the potential of microwave imaging as a non-ionizing diagnostic tool suitable for
repeated use in clinical and field settings.

2. Practicality and Patient Comfort
Unlike earlier studies that relied on immersion liquids to suppress skin artifacts, our system eliminates this
requirement, making it more practical for real-world deployment. Contactless operation ensures patient comfort,
reduces sanitation concerns, and enables portability for use by first responders or in low-income healthcare
environments.

3. Challenges in Contactless Operation
The analysis reveals that contactless setups introduce new difficulties, as the skin response largely overshadows the
fracture signal. Bone cracks also produce weak dielectric contrast compared to irrigated tissues such as tumors,
which complicates detection. These challenges necessitate advanced artifact suppression techniques and machine
learning integration.

4. System Reliability and Efficiency
The integration of artificial neural networks enhances system reliability by automating fracture classification.
Feed-forward and back-propagation processes allow the network to learn subtle fracture patterns, improving
efficiency and reducing reliance on expert interpretation. This ensures faster, more consistent diagnostic outcomes.

5. Comparison with Existing Systems

Compared to traditional microwave imaging systems, the proposed solution:

Removes the impractical need for immersion liquids.

Provides contactless, non-ionizing, and portable fracture detection.

Improves automation and reduces manual workload.

Enhances accuracy through ANN-based classification. However, limitations remain, including weak fracture

contrast and dependency on robust preprocessing algorithms, which can be addressed in future work.

6. Discussion
Overall, the system successfully balances practicality, efficiency, and diagnostic accuracy. The testing results
confirm that contactless microwave imaging, when combined with neural network-based classification, is a reliable
and scalable approach for bone fracture detection. Future improvements such as advanced artifact suppression,
multi-modal imaging integration, and deployment on mobile platforms can further enhance usability and clinical
adoption.

VIII. CONCLUSION

This study presented a method for detection and localization of transverse fractures in superficial bones using
microwave imaging with a very simple setup that does not require immersion liquids and involves a single linear
scanning antenna. The absence of the contact liquid poses new challenges, regarding skin artifact removal, which are
tackled with proposed dedicated algorithms. The proposed algorithms also tackle non-uniformities of the bone and skin.
The process was successfully tested by simulations and experiments on bone phantoms, and ex-vivo animal bone and
skin. The results showed that it is possible to detect and locate fractures as thin as 1 mm, even in the presence of no
uniformities of the bone boundary and its extra layers inside. The fracture detection and localization are not
compromised by possible differences between the dielectric properties assumed in the inversion algorithm and the
actual ones of the phantom or the animal bone. The proposed configuration is compatible with direct translation into a
practical device for use in clinical applications. The results encourage the development of a portable setup for use with
even more complete biological limb samples.
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IX. FUTURE ENHANCEMENT

The results showed that it is possible to detect and locate fractures as thin as 1 mm, even in the presence of no
uniformities of the bone boundary and its extra layers inside. The fracture detection and localization are not
compromised by possible differences between the dielectric properties assumed in the inversion algorithm and the
actual ones of the phantom or the animal bone. The proposed configuration is compatible with direct translation into a
practical device for use in clinical applications. The results encourage the development of a portable setup for use with
even more complete biological limb samples.
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