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ABSTRACT 

This study explores the efficacy of various deep learning models for accurate classification of 
osteosarcoma from bone histopathology images. Leveraging state-of-the-art architectures 
including ResNet101, VGG16, VGG19, DenseNet201, and Xception, the research investigates 
their performance in detecting and diagnosing osteosarcoma based on the distinct patterns 
present in bone images. Through rigorous experimentation and evaluation, our findings 
demonstrate promising results in leveraging deep learning techniques for automated diagnosis. 
Notably, the Xception model emerges as particularly effective, achieving an impressive 
accuracy of 98.5%, surpassing previous approaches. This highlights the potential of advanced 
neural network architectures in improving diagnostic accuracy and efficiency for osteosarcoma 
detection. Furthermore, the study underscores the importance of continuous exploration and 
adoption of cutting-edge methodologies to enhance medical image analysis and facilitate early 
detection and treatment of debilitating diseases like osteosarcoma. 

Keyword: Convolutional Neural Networks (CNN), Deep learning, Osteosarcoma, 
Histopathology images 

1. INTRODUCTION 

Osteosarcoma, also known as osteogenic sarcoma, represents a prevalent and formidable type 
of bone cancer [1]. It manifests in three distinct grades, each indicating the aggressiveness and 
propensity of the cancer to metastasize [2]. Typically afflicting individuals aged between 10 to 
25 years old, with a secondary peak occurrence in individuals over the age of 60, osteosarcoma 
poses significant challenges in diagnosis and treatment [3]. The disease arises from mutations 
in the deoxyribonucleic acid (DNA) within bone cells, leading to the formation of tumors and 
the subsequent destruction of healthy bone tissue [4]. This destructive process can result in 
bone fractures, wound infections, and delayed healing, contributing to the morbidity associated 
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with osteosarcoma [5].Early detection of osteosarcoma is critical for effective management and 
treatment. However, diagnosis at early stages remains challenging, with approximately 20% of 
cases already exhibiting metastasis upon initial diagnosis [6]. In response to this diagnostic 
dilemma, researchers have increasingly turned to advanced computational techniques, 
particularly deep learning approaches, to improve the accuracy and efficiency of osteosarcoma 
detection [7]. These methodologies leverage the distinct patterns present in bone X-ray images 
to facilitate early diagnosis and intervention [8].The advent of deep learning has revolutionized 
medical image analysis, offering unprecedented capabilities in automated disease detection and 
classification [9].. Deep learning models, such as convolutional neural networks (CNNs), have 
demonstrated remarkable success in various medical imaging tasks, including the detection of 
tumors and pathological conditions [10].By learning hierarchical representations directly from 
raw image data, these models can discern subtle features indicative of disease presence, 
surpassing human-level performance in certain tasks [11].In light of these advancements, this 
paper aims to contribute to the ongoing efforts in leveraging deep learning for early 
osteosarcoma detection. We present a comprehensive study that exploresthe efficacy of various 
deep learning architectures, including ResNet101, VGG16, VGG19, DenseNet201,and 
Xception, in accurately classifying osteosarcoma from bone histopathology images [12]. 
Through rigorous experimentation and evaluation, we assess the performance of these models 
in detecting and diagnosing osteosarcoma, with a focus on their ability to identify the disease 
at its incipient stages.The significance of this research lies in its potential to revolutionize 
osteosarcoma diagnosis and treatment paradigms. By harnessing the power of deep learning, 
we aim to develop a robust and automated approach for early detection, enabling timely 
intervention and improved patient outcomes [13]. Furthermore, our study underscores the 
broader importance of leveraging cutting-edge technologies to address critical challenges in 
healthcare, particularly in the realm of disease detection and prevention [14].In the subsequent 
sections of this paper, we provide a detailed overview of the methodologies employed, 
including the deep learning architectures utilized and the dataset characteristics. We then 
present our experimental results and discuss the implications of our findings for the field of 
medical imaging and osteosarcoma diagnosis. Finally, we conclude with a discussion of future 
research directions and the potential impact of our work on clinical practice and patient care. 

2. METHODOLOGY 

The proposed system entails the development of an automated osteosarcoma detection 
framework leveraging deep learning models, including ResNet101, VGG16, VGG19, 
DenseNet201, and Xception, applied to bone histopathology images. This system aims to 
address the challenges in early diagnosis and accurate identification of osteosarcoma, a 
malignant bone tumor with significant implications for patient prognosis. By utilizing state-of-
the-art neural network architectures, the system will analyze bone images to identify subtle 
patterns indicative of osteosarcoma presence, enhancing diagnostic accuracy and efficiency. 
Through rigorous experimentation and evaluation, the system seeks to achieve high-
performance outcomes, enabling timely intervention and treatment planning for affected 
individuals. Ultimately, the proposed system aims to contribute to improved healthcare 
outcomes by providing clinicians with advanced tools for osteosarcoma detection, thereby 
facilitating prompt intervention and potentially improving patient outcomes and quality of life.  
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Figure 1: Block diagram of the Proposed Method 

 

The system architecture comprises several key components, starting with the input dataset 
consisting of bone histopathology images. These images serve as the input for five different 
deep learning models: VGG16, VGG19, DenseNet201, ResNet101, and Xception. Each model 
is trained to classify osteosarcoma from the images and is evaluated based on performance 
parameters such as accuracy, recall, F1 score, precision, and AUC score. Performance 
evaluation involves rigorous testing and validation of the models using appropriate metrics to 
assess their effectiveness in detecting osteosarcoma. The final model selection process entails 
comparing the performance of each model and identifying the one that achieves the highest 
scores across the specified performance parameters. This systematic approach ensures the 
selection of the most effective deep learning model for accurate and reliable osteosarcoma 
detection from bone’s histopathology  

 
Figure 2: System Architecture of Proposed Method. 
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2.1 IMAGE PROCESSING WITH IMAGE DATA GENERATOR 

Image augmentation is crucial for enhancing the robustness and generalization capabilities of 
deep learning models. The Image Data Generator module in Python facilitates on-the-fly image 
augmentation, enabling the transformation of input images to improve model performance. 

Re-scaling the Image: Rescaling involves normalizing pixel values to a predefined range, 
typically between 0 and 1, ensuring uniformity in data representation and aiding in convergence 
during model training. 

Shear Transformation: Shear transformation introduces controlled distortion by shifting pixels 
along a specified axis, enhancing the model's ability to recognize patterns from different 
perspectives. 

Zooming the Image: Zooming alters the scale of the image, either magnifying or shrinking 
specific regions, diversifying the dataset and enabling the model to learn robust features at 
different scales. 

Horizontal Flip: Horizontal flip horizontally mirrors the image, mimicking variations in object 
orientation, thus augmenting the dataset with flipped counterparts to improve model 
generalization. 

Reshaping the Image: Reshaping modifies the dimensions of the image, facilitating 
compatibility with specific model architectures or input requirements, ensuring seamless 
integration into the deep learning pipeline. 

By employing these image processing techniques, practitioners can enrich the dataset, mitigate 
overfitting, and enhance model performance, ultimately improving the accuracy and reliability 
of deep learning models in various image classification tasks. 

2.2 DATASET COLLECTION 

The Bone Cancer Data dataset comprises a collection of bone histopathology images sourced 
from medical archives, specifically curated for the purpose of diagnosing osteosarcoma, a 
malignant bone tumor. Each image in the dataset depicts various stages and manifestations of 
bone cancer, including different grades and extents of tumor development. Annotations may 
accompany the images, indicating tumor regions or providing additional clinical information. 
The dataset encompasses a diverse range of cases, representing various demographic factors 
and clinical scenarios encountered in real-world diagnostic settings. Researchers utilize this 
dataset to explore deep learning approaches for automated osteosarcoma detection and 
diagnosis. 

2.3 ALGORITHMS 

VGG16: 

VGG16, a convolutional neural network (CNN) architecture, is utilized for image classification 
tasks, including diagnosing osteosarcoma from bone histopathology images [2]. With its deep 
architecture comprising multiple convolutional layers, VGG16 can extract intricate features 
from input images, enabling accurate classification. Its purpose lies in leveraging these learned 
features to distinguish between cancerous and healthy bone tissues, facilitating early detection 
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and treatment of osteosarcoma. 

VGG19: 

VGG19, an extension of the VGG16 architecture, serves as a robust tool for image 
classification tasks, particularly in medical imaging. Its deep convolutional layers enable 
comprehensive feature extraction from input images, making it suitable for detecting complex 
patterns indicative of diseases like osteosarcoma [3] from bone histopathology images. 
VGG19's purpose lies in accurately classifying medical images to aid in early diagnosis and 
treatment planning, thereby improving patient outcomes in healthcare settings. 

DenseNet201: 

DenseNet201, a variant of dense convolutional networks, is utilized for image classification 
tasks, particularly in medical imaging applications such as diagnosing osteosarcoma from bone 
histopathology images. Its densely connected layers allow for efficient feature reuse and 
propagation, enabling robust feature extraction from input images. DenseNet201's purpose lies 
in leveraging these features to accurately classify medical images, aiding in early disease 
detection and facilitating timely intervention for improved patient outcomes in healthcare. 

ResNet101: 

ResNet101, a deep residual neural network architecture, is employed for image classification 
tasks, notably in medical imaging like osteosarcoma detection from bone histopathology 
images. Its unique residual connections facilitate the training of very deep networks, mitigating 
the vanishing gradient problem and enhancing feature learning. ResNet101's purpose is to 
efficiently extract and utilize features from medical images, enabling precise classification and 
aiding in early disease diagnosis for improved patient care in healthcare settings. 

Xception: 

Xception, an extension of convolutional neural networks (CNNs), is utilized for image 
classification tasks, particularly in medical imaging applications such as detecting 
osteosarcoma from bone histopathology images. Its depthwise separable convolutions enhance 
computational efficiency and feature learning, enabling accurate classification with fewer 
parameters. Xception's purpose lies in efficiently extracting intricate features from medical 
images, facilitating precise disease diagnosis and treatment planning to improve patient 
outcomes in healthcare. 

3. RESULTS AND ANALYSIS 

The results obtained from our CNN and supervised deep learning model for osteosarcoma bone 
cancer detection are highly promising. Our study on osteosarcoma bone cancer detection 
utilizing Convolutional Neural Networks and supervised deep learning methods represents a 
significant breakthrough in the field of medical imaging analysis. Leveraging state-of-the-art 
algorithms including ResNet101, DenseNet201, VGG16, VGG19, and Xception, our model 
demonstrates exceptional accuracy in predicting the output class of input images, 
distinguishing among viable tumors, non-viable tumors, and non-tumors. Through meticulous 
training and evaluation against ground truth labels, our model achieves an outstanding accuracy 
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of 98.8% with the Xception algorithm, showcasing its superior performance compared to other 
architectures. 

 
Figure 3: Uploading of Input Image 

 

 
Figure 4: Predicting Results and detection of Non-Tumor. 

 

 
Figure 5: Detection of Non-Viable Tumor. 
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Figure 6: Detection of Viable Tumor. 

 

   
Figure 7: Performance Comparision of Various Deep learning Models used 

 

4. CONCLUSION 

In conclusion, the utilization of diverse deep learning models, such as ResNet101, VGG16, 
VGG19, DenseNet201, and Xception, holds significant promise for improving the automated 
detection of osteosarcoma. These algorithms offer varied architectures and capabilities for 
learning intricate patterns within bone histopathology images. Through rigorous 
experimentation, our proposed system aims to achieve high accuracy in osteosarcoma detection 
[3], with initial testing showing promising results, averaging approximately 90% accuracy. 
This level of accuracy suggests the potential for our system to assist clinicians in early 
diagnosis and accurate identification of osteosarcoma, enabling timely intervention and 
treatment planning for affected individuals. However, further refinement and validation are 
necessary to ensure the system's robustness across diverse datasets and clinical settings. 
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