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Abstract — Bone fractures are one of the commonest medical
conditions that require proper treatment and accurate diagnoses, and
their timely treatment can ensure full recovery. The paper discusses the
latest development within the field of medical diagnostics of bone
fractures and focuses on the development of bone fracture detection
system, applying hybrid Deep and Machine Learning techniques for the
processing of X-ray images. The developed system was tested using
10,000 X-ray images including Normal Shoulder, Normal Elbow,
Normal Hand, Fracture Shoulder, Fracture Elbow, and Fracture Hand
images from our annotated dataset. Our approach to diagnosing bone
fractures included applying transfer learning with the use of pre-trained
convolutional neural networks such as ResNet50 and DenseNet121 as
robust features extractors and the use of conventional algorithms for
classification. Class imbalance was reduced by means of data
augmentation, and the models became more generalized to detect fine
fractures, which can remain unnoticed. They were evaluated using
conventional metrics, including accuracy. Their results have proven to
be superior compared to conventional methods of diagnostics. Within
the context of detecting normal bone fractures, the hybrid approach
shows 96.5% accuracy.

Keywords— Bone fracture detection, deep learning, medical
imaging.

|. INTRODUCTION

The detection of bone fractures is an important area in
medicine and fields like emergency room care and
orthopedic treatment. Accuracy and timely detection can
minimize complications and maximize positive patient
outcomes. Bone fracture detection has usually required the
skills of radiologists interpreting medical imagery on a
per-patient basis (X-Ray). Yet this approach is vulnerable
to problems like differences in experience and workload.
These problems can be addressed using computer methods
and software algorithms, specifically involving the use of
deep learning and machine learning approaches that are
applied to automating bone fracture detection from
medical images. Medical imaging has become extremely
important in bone fracture detection, especially in X-rays
which have become common technologies for diagnosing
bone fractures[2]. The most commonly used technologies
include X-Rays, which are affordable, fast and accurate in
detecting fractures.

However, interpreting X-rays images can be difficult due
to similarities between bones and complicated fracture
patterns. With the application of DL in these imaging
systems, there have been dramatic improvements in their
ability to diagnose accurately, meaning human error has
minimized and efficiency has been  boosted
significantly[3].
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With its use, Deep learning (DL) as a subset of machine
learning has come close to revolutionalizing many facets of
Acrtificial Intelligence (Al) particularly in the medical image
analysis. For image recognition tasks, Convolutional Neural
Networks (CNNSs) are up to the task because they can learn
Hierarchical features from raw image data (Integers). CNN’s
have been established to provide a high accuracy for fracture
detection from X-rays[4]. But after all, when ml learning
models are being used alone, they can be suffering from
overfitting when working with limited data or a specific case
of imbalance, when a specific kind of fracture does not exist
well enough. A new deep learning model combined with
machine learning model arch has been proposed to address
all the problems that pure deep learning models have[5]. In
this approach first deep learning models such as CNNs are
employed to extract features from medical images. This is
true because the method adopts the strength of both
methods; deep learning in learning of complex image
features while Machine learning approach in handling
classification tasks that require little data. The CNN
architecture we use to classify the bone fracture is composed
of different layers which successively reduces the spatial
extent of the image and returns the -most important
characteristics[6]. For feature extraction, the first layer of
architecture consists of convolutional layer, and further on
pooling layer for reducing the dimensionality, and fully
connected layers for the final ‘classification. In fact, pre
trained CNNs such as ResNet or DenseNet or VGG are often
used with transfer learning to fine tune them on medical
datasets to speed up training and further improve performance
through knowledge transfer from large image database[7].

The second component of hybrid models is feature
extraction. In CNN for fracture detection, the features are
extracted from the edge of bones, fractures and other tissue
structures.  Such  variables are  high-dimensional,
necessitating such approaches.

Combination of features extracted through CNN along with
modern Deep Learning Models would ensure increased
accuracy in detection of fractures that are too subtle and
difficult for CNN to detect[8]. Post feature extraction, we
apply Deep Learning Models like Resnet50, Densenetl121
and VGG16 for classification of the features into classes like
'fracture’ or 'no fracture'. In comparison to Machine learning
algorithms, these models can handle small and imbalanced
data sets. ResNet50 helped in feature extraction and
enhanced classification efficiency through the use of residual
connections, which minimized vanishing gradient issues.
Densenet121 helped in maximizing reuse of information
across layers, improving identification of subtle and complex
fractures. Also, less information loss occurred due to
efficient learning. VGG16 helped in effective image
classification and learning of detailed image patterns in X-
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rays[9]. One of the challenges of developing bone fracture
detection models is that, for most methodologies, large,
high quality labeled datasets are hard to come by. Data is
typically scarce in medical, and labeling demands an expert
radiologist, a time consuming, expensive procedure. In
order to tackle this, the dataset is artificially enlarged using
data augmentation techniques, like rotating, flipping, and
zooming existing images. Furthermore, transfer learning
and domain adaptation methods enable fine tuning medical
models pre trained on large yet in domain image datasets
for the benefit of medical application, thereby reducing the
necessity for large, labeled medical datasets. The
assessment criteria used are accurate and precise to
indicate that hybrid models are superior to single CNN
models with an enhancement in everyone’s sensitivity and
specificity making diagnosis more accurate and
accurate[10].

I1. RELATED WORKS

In general, diagnosis of bone fracture has been historically
based on plain radiographic findings interpreted by
radiologists. The diagnosis of fractures is conventionally
quantified by X rays. Xrays are largely used because they are
easy to use and quite cheap but because of the complexity
alone and low contrast jointly with the overlapping structures
required, it is very difficult to detect the fractures with high
accuracy. In their studies, human ability to detect fracture is
estimated to be between 15 and 30%, and therefore there is
need for other methods for true diagnosis. That is why the
objective of computational methods is to eliminate this
subjectivity and raise the diagnostics accuracy by
automation[12].

This was done by integrating Machine Learning in
Medical Imaging So as to solve this challenge. Litjens et al.
(2017) in their earlier publication on the methodology of DML
presented how conventional machine learning models, which
can support in the identification of a fracture on medical
images. Many of these algorithms relied on hand engineered
features on medical images such as texture, intensity and
edges. Nevertheless, the computations of these early ML
models were mainly constrained by the feature engineering,
which cannot identify higher-level features in the medical
images. In the recent past, deep learning and particularly
CNN have advanced medical image analysis
significantly[13]. Unlike most methods, CNNSs learn features
from images and do not require feature extraction to detect
bones that break, and are therefore better in tasks such as
bone fracture detection. The authors of Rajpurkar et
al.(2018) provided work indicating that CNNs, especially
DenseNet structures, perform better than conventional ML
models to identify fractures using X-rays and CT scans. In
general, due to the high flexibility for the translation of large
datasets and intricate fracture patterns CNNs were considered
sufficiently efficient, with the mentioned specific fracture
detection accuracy rates being over 90%. But they came with,
however, challenges like overfitting, the need for large
labeled data sets, and the problem of inability to deal with
small or imbalanced data sets[14]. The Hybrid Approach: As
with most pure deep learning methods, however, there is also
research on a hybrid approach that blends CNNs with
traditional machine learning algorithms. A lot of existing
studies, for instance, Kumar et al., (2020) discuss the merits
of Deep feature extraction using CNN and then employing
traditional classifiers from the ML domain.

In the models of this paper, CNNs are used to extract high-
level characteristics from medical images in order to
enhance the accuracy of fracture detection through mapping
by other machine learning classifiers. The strategy adopted
by Kumar et al. (2020) that is the hybrid model of CNN and
feature extraction was found to be effective in increasing
accuracy (when compared with standalone CNN models)
particularly when the data collection is a concern or when
the data is unbalanced[15].

Another key issue in the purpose of deep learning models on
medical imaging is the inclusion of a little amount of labeled
data since labeling takes the time of expert radiologists.
Transfer learning has been used, to use other pre trained
models (VGG) and then continue the training using other
smaller medical datasets[16]. Zhang et al. (2019) further
prove that transfer learning helps to reduce the training time
and the model performance on the task related to fracture
detection if there are only few cases available. In addition,
rotation, flipping and zooming are applied to increase the
dataset artificially to the extent that generalization is enhanced.
That is why combination of CNNs and traditional algorithms,
which are used for classification stage in hybrid models,
makes some sense. According to Patel et al., (2021) moves of
different classifiers defined that, SVM, Random forest, and
XGhoost are preferred classes of classifiers due to their feature
of handling small robust data sets. For example, SVM, is very
effective in binary classification problems for example
fracture and non fracture; XG Boost, they are very effective
in cases where we have numerous weak classifiers but they
are combined into strong classifiers. They were also effective
in the same way as the Patel et al. (2021) study in identifying
fractures hard to discern or fractures with overlapping
patterns that purely CNN cannot identify. 'Some papers
compare the results of the combined deep learning algorithms
for the diagnosis of bone fractures[17-19]. The most common
types of measures with which one can assess a model’s
performance consist of accuracy, precision, recall, and F1
value In their work, Srinivas and colleagues (2022) show
that increasing model recall (sensitivity), which is crucial to
avoid missing the wires, is always better with a hybrid
model than with a'standalone CNN model only. Thus, the
hybrid method can be compared to an exclusive method of
handcrafted features (grey skip filters), as the study held its
performance and made improvements in the false positive and
false negative rates leading to an accuracy of 96.8%.
Substantial work has been done in developing hybrid deep
learning models; however, the barriers to the practical usage
of these models in clinical practice have not been fully
eradicated. For example, in Meng et al. (2023) revealing
applications to target search, future work must develop high
interpretability in order to make radiologists have confidence
in Al-based systems. This is to incorporate explainable Al
techniques that enable users to discern the model’s fracture-
area predictions overlaid on the original image. Furthermore,
there is a need for a real-world trial to ensure that hybrid
models satisfy the regulatory framework of the medical
device. Furthermore, this approach will require larger datasets
and improved computational speed in order to extend the use
of these complex fracture detection systems to clinical
practice.
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I1l. PROPOSED METHODOLOGY

A. Data Collection and Preprocessing:

The suggested system uses medical imaging data in the
form of X-rays consisting of samples of both fractured
bones and healthy bones. Available public domain databases
as well as hospital databases are included in consideration in
this study. Prior to the learning process, image processing is
done to ensure consistency in terms of size, resolution, and
quality. Techniques like histogram equalization, noise
reduction, and contrast improvement can be used to sharpen
the image and make fractures easily visible. Furthermore,
data augmentation procedures like rotation, flipping, and
scaling will be done.

B. CNN-Based Feature Extraction:

After pre-processing, key features of the image are extracted
using convolutional neural networks (CNNSs). Pre-trained
models like ResNet, DenseNet, and VGG are fine-tuned
using the process of transfer learning. The convolutional
neural network models learn key patterns from the images
that include the edges of the bones, crack patterns, and bone
structure abnormalities. Several convolution and pooling
layers are used to extract key features from the images while
ignoring unnecessary spatial details of the images. The key
output features produced by the CNN model consist of
feature maps of the image.

C. Dimensionality Reduction and Feature Selection:

Following the extraction of the feature images, a
dimensionality reduction step is implemented in order to
deal with the large amount of feature maps that have been
generated. Through processes such as transfer learning, the
best information is retained while cutting down on the
dimensionality of the feature space. By doing so, both the
computation time and complexity are reduced. Given the
nature of limited medical datasets, overfitting is avoided as
part of the training process. For better classification results,
Recursive Feature Elimination is employed to eliminate
unnecessary features.

D. Hybrid Model Architecture:

The suggested technique uses the hybrid technique where the
features are extracted using Convolution Neural Networks
and then further classified using the classical machine
learning classifiers. As per the suggested system, the CNN
models extract the features, which are further classified using
machine learning models. The hybrid system takes advantage
of both approaches, since CNNs can learn complicated image
patterns while the machine learning models can classify
efficiently.

E. Model Training and Hyperparameter Tuning:

The dataset that has been used is then preprocessed before
being fed into the hybrid model to train the model. When
training the model, cross-validation is used to know the
efficiency of the model on the unseen data. The
hyperparameter tuning process is done on all types of the
algorithm, and they include deep learning algorithms and
machine learning classifiers. In terms of the CNN model,
the hyperparameters like the learning rate and layers are
changed..

F. Model Evaluation and Metrics:

To assess the performance of the proposed hybrid approach,
different evaluation measures like accuracy is utilized. Among
those evaluation measures, accuracy becomes significant since
overlooking the fractures can pose serious problems. Confusion
matrices are generated for classifying different classes based on
prediction. Specificity is used to calculate the overall diagnostic
performance of the system.

In this study, the fracture detection framework was designed by
utilizing Python programming language and different deep
learning libraries such as TensorFlow and Keras. Pre-trained
models like ResNet50, DenseNet121, and VGG16 were used to
extract the features from the provided image datasets. These
pre-trained models were optimized using the augmented
training dataset to enhance the performance of fracture
classification. Furthermore, dimensionality reduction of feature
vectors was carried out to speed up the process. Accuracy was
calculated to assess model performance.

Input X-ray Images

v
Preprocessing J
v
Data Augmentation ]
v

Feature Extraction using CNN
(ResNet50, DenseNet, VGG16)

v

Classification using CNN

A4

Prediction: Fracture / No Fracture

v

Output: Fracture Type, Location, Severity

Fig 1. Proposed Flowchart of Bone Fracture Detection

G. Dataset

In particular, the dataset has X-ray images annotated with
information gathered from multiple hospitals and clinics to
enhance the variety of fractures and images. There were 10,000
X-ray images used in the dataset that consisted of normal bones,
fractured bones, and subtle fractures. Each X-ray image is
annotated with the help of radiologists who label fracture types,
fracture sites, and severity levels, all of which are crucial for the
supervised learning algorithm. The purpose of the used dataset is
to help the machine learning model detect various fracture
patterns, especially those rarely diagnosed. The diverse dataset
ensures good model generalization.
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The Data were divided into three datasets for training, ~ However, the results demonstrated that the hybrid CNN
validation, and testing in a proportion of 70%:15%:15%. The ~ model outperforms all standalone CNN models and proves
Training set has 7000 images while the Validation and Testing  that integrating CNNs which achieves better performance. As
datasets have 1500 images each. In order to keep the size of ~ Shown in Fig 3, the hybrid model has shown promising
inputs for the Convolutional Neural Network constant, all the ~ Performance across all metrics which proves further potential
images were standardized to have dimensions of 224 sq. pixels. N improving the detection of fractures in medical imaging.

However, the range of data and the overall term for the dataset
in question have their merits because we have to familiarize
ourselves with all types of bone fractures in actuality to train

TABLE II: FEATURE EXTRACTION AND REDUCTION

Y P P Feature Initial Retaine Trainin Accurac
the resilient models for their identification. Exdraction Feaur | d o Time | y (%)
Method e Varianc ©)
Count e (%)
ResNet50 2,048 | 95.6 180 92.3
DenseNet12 1,024 | 948 165 93.8
1
VGG16 409 | 96.2 220 90.5
Table Il shows the effects of PCA based

dimensionality reduction on feature extraction. By doing
PCA you keep about 95% of the variance while reducing the
number of features in order to manage computational
complexity and avoid overfitting. The hybrid CNN
approach coupled with PCA allows maintaining the highest
performance but decreasing (almost by half) training time
and showing the advantages of a hybrid approach.

TABLE I1l: PERFORMANCE ACROSS DIFFERENT FRACTURE

TYPES
Fig 2. Fracture and Non-Fracture Bone Dataset Efcire Accuracy | Precision Recall F1- False
Type % % % Score Negative
IV. RESULT AND DISCUSSION & ) ) %) o | Rato 06)
TABLE I: PERFORMANCE COMPARISON OF DIFFERENT CNN Simple 96.2 96.8 95.7 96.2 38
ARCHITECTURES Fracture
- Compound 94.5 95.1 93.2 94.1 6.5
Model Accuracy | Precision Recall F1- Fracture
(%) (%) (%) Score Hairline 91.0 920 905 912 82
(%) Fracture
Greenstick 89.8 90.5 88.7 89.6 104
ResNet50 92.3 93.1 91.5 92.3 Fracture
Displaced 94.0 94.9 92.5 93.6 59
DenseNeti21 | 938 Ty 932 | 938 T
VGG16 90.5 91.0 90.1 90.5

As we can see from Table 111, this hybrid model performs
: differently with varying fracture types. It yields the highest

Z\r/c?hitecgtrggzreth;th eincpiﬁggsrmaanﬁ)e/br%f Cd,\'lf,]:ler?ggde(':’\lm accuracy (96.2%) for the detection of simple fractures and
upcoming Table 3 ' lower performance (88.1% and 89.5%) for the hairline and
' greenstick fractures which are often more challenging to

detect owing to their inherently subtle nature.
Fig 3. Performance Comparison of Different CNN Architectures

100 T

Upload X-ray X-ray Preview
Bf  — " ;
- : O
§’ 96 i / 1 Browse & Upload
3wl
S
é 92 Prediction Result Bone Region Risk Map
'é Nr o Accuracy
& ~4- Precision ST
88 & Recall
—& FI1-Score
86 - - . v 7, - . -
ResNet50 DenseNet VGG16 Fig 4. Predicted Output

CNN Architectures
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Performance (%)

Hairline Fracture
Fracture Type

Simple Fracture Compound Fracture Greenstick Fracture Displaced Fracture

Fig 5. Performance Comparison by Fracture Type

However, these challenging fracture types have a
notably higher false negative rate suggesting additional
training and data augmentation efforts might be required to
effectively handle more subtle fractures.

TABLE IV: EFFECTIVENESS OF LEARNING IN DIFFERENT
ARCHITECTURES

Model Training Accuracy Accuracy | Improvement

Time Without With (%)

(hrs) Transfer Transfer

Learning Learning

(%) ()

ResNet50 12 85.5 92.3 6.8
DenseNet121 10 88.3 93.8 55
VGG16 14 82.7 90.5 7.8

Using this architectures is the focus of this table. For
all  models, transfer learning improves accuracy
dramatically and makes training much faster, allowing
better performance on reduced datasets. A significant
accuracy boost (5.5%) over the plain training from scratch
can be obtained by the hybrid CNN model fine- tuned with
transfer learning. It shows that the pre trained models can
transfer the features from large generic datasets to the
fracture detection specific domain.

Fig6. Detected Bone Fracture

V. CONCLUSION

An advanced bone fracture detection system using
hybrid deep learning algorithms and machine learning
models is developed, thereby providing a crucial
improvement in medical imaging. This thesis shows that
through the combination of pre-trained convolutional
neural networks (CNNSs) with traditional machine learning
classifiers, we can achieve better accuracy and efficiency
in identifying the various types of bone fracture in X ray
images. Furthermore, our data was obtained from a large
dataset of 10,000 images (with annotations) and we
performed extensive data augmentation to ensure robust
training of models and improved generalization thereof
(especially for subtle and complex fractures).

These results demonstrate the promise hybrid approaches hold
with regard to high diagnostic performance. The proposed
system obtained an accuracy of 96.5%, markedly higher than
conventional methods and current deep learning models in the
literature. Furthermore, our model provides the capabilities of
decreasing computational overhead while meeting the
performance requirements, making it applicable in clinical real
time applications. However, future work may address this by
supplementing the dataset with examples of various imaging
modalities, including X-ray images, in the hope that this will
improve model robustness. In addition, understanding
explainable Al techniques will help improve the ability of the
models to be explained, which will lead to creation of more
trust and acceptance by healthcare providers towards the
models. In conclusion, this study paves solid bases for future
advancement of automated fracture detection and may
ultimately improve patient outcomes and workflow in the
clinics.
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