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Abstract:- Low bone mass and structural degradation are
the hallmarks of osteoporosis, a disorder that increases
the risk of fractures, especially in the elderly. For prompt
intervention and fracture prevention, early identification
is essential. However, osteoporosis is frequently not
detected until advanced stages by existing diagnostic
techniques. In order to overcome this difficulty, scientists
suggest using machine learning to automatically identify
osteoporosis early in X-ray pictures. Utilizing two cutting-
edge convolutional neural network architectures,
ResNet50 and VGG16, their system was pretrained on
extensive datasets and refined on a carefully selected
dataset of X-ray pictures. When identifying images as
suggestive of osteoporosis or normal bone density, the
ResNet50 model showed an accuracy of 98%, whereas the
VGG16 model achieved 78% accuracy. By combining
these models and using sophisticated image segmentation
methods, the system detects early osteoporosis indications
with an overall accuracy of 96%. This automated method
has the potential to decrease the incidence of fractures
linked to osteoporosis, enable early treatment initiation,
and increase the rate of early diagnosis.

Keywords:- Osteoporosis, Machine learning, prediction,
ResNet50, VGG16.

I INTRODUCTION

An enormous worldwide health burden is associated
with osteoporosis, a common skeletal condition marked by
decreased bone mineral density and microarchitectural
decline of bone tissue. The "silent disease," as this ailment is
sometimes called, develops slowly over years and increases
the risk of fractures, morbidity, and death. Osteoporosis is a
condition that affects the majority of people, but it is still
underdiagnosed and undertreated. This highlights the critical
need for early intervention techniques and suitable screening
methods. Detection and treatment of osteoporosis have
improved recently thanks to developments in artificial
intelligence (Al) and medical imaging. This work
investigates the use of deep learning algorithms, particularly
VGG16 and ResNet50, in the automated processing of X-ray
images for the diagnosis of osteoporosis. The main goal of
this research is to find out how well deep learning models
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categorize X-ray pictures and predict the existence of
osteoporosis. Using a dataset that includes a wide variety of
X-ray pictures that have been carefully annotated for
osteoporaotic diseases, this study aims to compare how well
the VGG16 and ResNet50 architectures recognize small bone
anomalies that are symptomatic of osteoporosis. This study
attempts to provide light on the benefits, drawbacks, and
possible difficulties of using deep learning models for
osteoporosis detection through meticulous testing and
analysis. Additionally, this study aims to support existing
initiatives to improve osteoporosis early diagnosis and pre
techniques. This work aims to shed light on the possibilities
and constraints of deep learning algorithms in this field in
order to facilitate the creation of osteoporosis diagnostic tools
that are more precise, effective, and easily obtainable. In the
end, the research's conclusions may influence clinical
practice, enhance patient outcomes, and lessen the financial
burden related to osteoporotic fractures and their
consequences.

1. LITERATURE REVIEW

In one author's paper, the aim is to investigate the
utilization of convolutional neural networks (CNNSs) in
detecting osteoporosis from X-ray images, aiming to develop
an automated diagnostic system that ensures accuracy [1].
Conversely, another author explores deep learning techniques
specifically tailored for detecting osteoporosis from hand
radiographs, with the primary objective of enhancing early
diagnosis strategies and intervention methods [2]. On the
other hand, in a different study, the primary aim is to develop
a deep learning-based system capable of accurately detecting
osteoporosis from X-ray images, thereby contributing
significantly to early diagnosis and preventive healthcare
measures [3]. Meanwhile, another author delves into
investigating deep learning techniques for the early detection
of osteoporosis from bone X-ray images, emphasizing the
improvement of diagnostic accuracy and the facilitation of
timely interventions [4]. Lastly, a separate study aims to
evaluate the feasibility and effectiveness of employing deep
learning techniques for osteoporosis detection from X-ray
images, ultimately aiming to develop a reliable and efficient
diagnostic tool suitable for clinical use [5].
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II. METHODOLOGY
The process entails numerous steps, from model

selection to result analysis, each contributing to achieving the
desired accuracy for the system.

* MODEL SELECTION

» DATASET SELECTION

* DATA PRE-PROCESSING

* MODEL TRAINING

* MODEL TESTING

* FIND BEST ACCURACY

Fig.1: Steps of Implementation

The design flowchart illustrates a person's methodical
process for creating and assessing machine learning models
for binary classification tasks—specifically, osteoporosis
diagnosis—using both VGG16 and ResNet50 models. To
start with, the person selects the VGG16 and ResNet50
architectures based on how well they perform picture
classification tasks. The next step in the dataset selection
process is to find an appropriate dataset that has X-ray
pictures divided into two groups: normal and osteoporosis.
The dataset is then pre-processed, with the photos resized to a
uniform input size of 224x224 pixels and pixel values
normalized to improve model performance. The pre-
processed dataset is then used to train both models, giving
them the ability to identify features and correctly classify X-
ray pictures. In order to evaluate the models' generalization
ability and accuracy in categorizing unseen data, they are
tested using different sets of X-ray pictures that were not
encountered during training after training. Finally, the person
assesses the efficacy of both models in detecting osteoporosis
by computing metrics including accuracy, confusion matrix,
and classification report. By using these methodical
procedures, the person hopes to create strong machine
learning models that can recognize osteoporosis from X-ray
pictures.

» Data Set:

The dataset used in this research is a carefully selected
set of 744 X-ray pictures from the well-known machine
learning platform Kaggle. To guarantee the integrity and
correctness of the labeling procedure, medical professionals
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have meticulously annotated these photos to identify the
presence or absence of osteoporosis. For an appropriate
osteoporosis diagnosis, each X-ray image offers important
visual information on bone density, structure, and any
pathological characteristics. It is imperative to recognize the
inherent challenges and constraints that arise even in the face
of concerted efforts to obtain a comprehensive dataset. The
dataset may become more complicated and heterogeneous
due to variations in imaging methods, patient demographics,
and disease severity, which could have an effect on model
performance.

Furthermore, factors like resolution, artifact presence,
and image quality could affect how interpretable and
generalizable  the  dataset is.  Furthermore, the
representativeness of the dataset across various patient
demographics and therapeutic contexts is critical to
guaranteeing the wvalidity and relevance of the created
models. Strict data pretreatment and quality control
procedures are used to improve dataset uniformity, suitability
for model training and assessment, and consistency in order
to overcome these issues. Additionally, through careful
dataset stratification and augmentation techniques, attempts
are made to reduce potential biases and confounding factors,
such as demographic imbalance or unpredictability in picture
collecting.

Fig. 2: Sample Images of Osteoporosis [6]

This study intends to provide a strong foundation for
assessing the efficacy and generalizability of deep learning
models in osteoporosis detection by utilizing an extensive
and painstakingly curated dataset. This will ultimately help to
advance early diagnosis and intervention strategies for this
crippling condition.

> Model:

Convolutional neural network (CNN) architecture
VGG16, which was first introduced, is well known for its
ease of use, efficiency, and suitability for image classification
applications [7]. This model consists of a sequence of max-
pooling layers after convolutional layers, which lead to fully
linked layers for classification. The name VGG16 comes
from its uniform construction, which consists of 16 weight
layers. To enable nonlinear feature extraction, each
convolutional layer has a tiny receptive field (3x3) and an
activation function called rectified linear unit (ReLU).
Furthermore, the network is dotted with max-pooling layers
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that down sample the spatial dimensions of feature maps,
which improves translation invariance and lowers
computational complexity. VGG16 has proven to perform
admirably in a number of picture classification benchmarks,
including the well-known ImageNet dataset, despite its
straightforward architecture [8]. However, it might not be
able to capture complex spatial correlations and subtle
patterns in medical pictures like X-rays because to its
inflexible architecture and absence of residual connections.
VGG16 may not function as well as it should in the setting of
osteoporosis detection, when it is necessary to precisely
identify small anomalies and fluctuations in bone density.
Moreover, VGG16's enormous parameter count may result in
higher processing demands during training and inference,
which renders it less useful in situations with limited
resources.

The Residual Network (ResNet) architecture has
evolved into ResNet50, which marks a significant
breakthrough in deep learning models for image
classification problems. With the help of ResNet50's novel
residual connections, the vanishing gradient issue may be
mitigated and far deeper networks can be trained [9]. By
allowing data to travel through some layers and maintaining
the gradient flow, these residual connections enable more
efficient feature extraction and representation. ResNet50 is
made up of residual blocks, which, in contrast to
conventional architectures like VGG16, have many
convolutional layers as well as shortcut connections. By
allowing information to propagate directly from one layer to
another, these shortcut connections help to mitigate the
degradation issue that is frequently present in very deep
networks. Consequently, ResNet50 is well-suited for tasks
like osteoporosis detection because it can catch complex
spatial dependencies and subtle patterns in medical pictures
[10]. Additionally, the modular architecture and skip
connections of ResNet50 enhance the interpretability of the
model, enabling researchers to examine the learnt
representations and  comprehend  the  underlying
characteristics influencing categorization choices. ResNet50
is a viable option for real-world applications due to its
computational efficiency and scalability, even with its deeper
architecture.

ResNet50's capacity to extract complicated representations
and catch subtle information from X-ray pictures is very
useful in the context of osteoporosis detection. Because of its
exceptional performance and efficiency, it is a strong option
for automated osteoporosis diagnosis, which could result in
more precise and prompt patient interventions [11].

V. RESULT AND ANALUSIS

In the first phase of the results, the VGG16 model is
described. Trained on the same dataset, the plot visually
represents the training and validation accuracy of the VGG16
model across epochs, providing insights into its evolving
performance dynamics and potential for generalization. The
accuracy achieved from the VGG16 model stands at 78%,
indicating its proficiency in distinguishing between normal
and osteoporosis-affected bone images. This performance
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underscores the model's effectiveness in classification tasks,
offering promising results for diagnosing osteoporosis from
X-ray images.

Training and validation accuracy

—— Training accuracy
— Validation accuracy

0.80 1

0.75 1

0.70 1

0.65 1

0.60

0.55 A

0.0 0.5 10 15 2.0 25 3.0 35 4.0

<Figure size 640x480 with @ Axes>

Fig. 3: Plotting Data of VGG16
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Fig.4: Final Testing Accuracy of VGG16

In the case of ResNet50, the model achieved an
impressive accuracy of 98%, indicating its robust
performance in distinguishing between normal and
osteoporosis-affected bone images. This high accuracy
underscores the effectiveness of ResNet50 in this
classification task, highlighting its potential for clinical
applications.
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(lassification Report:
precision  recall fl-score  support
normal .97 2.99 9.98 n
osteoporosis 8.99 8.98 8.98 474
accuracy 8.98 846
macra avg 0.98 8.98 8.98 o46
weighted avg 0.93 8.93 8.98 846

Fig.5: Final Accuracy of ResNet50
V. CONCLUSION

In conclusion up, this study shows how deep learning
models, in particular ResNet50, can be used to improve
automated osteoporosis detection from X-ray pictures. The
comparative analysis of VGG16 and ResNet50 models'
performances emphasizes how crucial model architecture and
complexity are to obtaining optimal diagnostic accuracy.
Although VGG16 performs reasonably well, ResNet50
outperforms VGG16 greatly, achieving an astounding
accuracy of 98% thanks to its deeper design and creative
residual connections. Healthcare professionals can benefit
greatly from ResNet50's model interpretability, clinical
relevance, and real-world application potential, as it is a
useful tool for managing and diagnosing osteoporosis.

Subsequent research endeavors ought to concentrate on
tackling constraints such the dependence on single-modality
imaging, improving the interpretability of the model, and
verifying the model's performance on a variety of clinical
datasets.  Working  together,  researchers,  medical
professionals, and institutions can make significant progress
in the field of osteoporosis detection and enhance patient
outcomes. We can improve osteoporosis early detection,
intervention, and management strategies by utilizing deep
learning models' capabilities and incorporating them into
clinical practice. This will ultimately lessen the impact of this
crippling ailment on people and healthcare systems globally.
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