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Abstract:

Bone cancer detection and classification is a critical aspect of medical diagnostics. This project focuses on developing
a convolutional neural network (CNN)-based system to classify bone cancer as benign or malignant using both X-ray
and CT scan images. The solution incorporates advanced preprocessing techniques, including normalization,
resizing, and data augmentation, to enhance model robustness across different imaging modalities.By combining
machine learning classification with computer vision-based mass analysis, the system aims to improve diagnostic
accuracy and reliability. The model is optimized for fast training and high precision, ensuring practical usability in
clinical settings. A user-friendly interface built with Streamlit allows for efficient image upload, classification, and
result logging, making the system accessible to healthcare professionals.This work aims to provide a reliable and
accessible tool for the early detection of bone cancer through multimodal imaging, supporting medical professionals
in making timely and informed decisions.

1.INTRODUCTION

Bone cancer, although somewhat uncommon, poses serious diagnostic issues because of its symptomatic
similarity to benign bone tumors. Timely and correct detection is paramount in order to enhance patient results
and individualize effective treatment modalities. Current diagnostic techniques largely depend on manual
interpretation of imaging information, which can be tedious, subjective, and susceptible to variability. For
bridging these challenges, this work envisions a computer-aided diagnostic (CAD) system supported by deep
learning that classifies bone cancer into benign and malignant based on X-ray as well as CT scan images. A
convolutional neural network (CNN) backbone that is pre-trained on a multimodal database with rich
preprocessing stages such as normalization, resizing, contrast, and data augmentation boosts the system. These
measures enhance the generalization capability of the model and minimize the risk of overfitting over various
image formats.

Aside from classification, the system also incorporates computer vision methods to examine mass concentration
and structural patterns of the images and provide additional diagnostic information. One of the strengths of the
solution is its intuitive and interactive interface that has been created with Streamlit. This interface
accommodates smooth image upload, live classification, customizable sensitivity settings to allow users to set
their own detection thresholds, and automatic result logging for clinical audit and reporting. Additionally, the
system offers visual aids like heatmaps or attention maps to aid in interpreting the model's areas of focus,
bringing transparency to the decision-making process. Intended to be accessible, scalable, and clinically useful,
this CAD tool is designed to improve diagnostic accuracy, ease the workload for radiologists, and enable timely
intervention, ultimately assisting healthcare professionals in providing more accurate and timely care for
patients with suspected bone tumors.

2.RELATED WORKS

The paper titled "Application of the convolutional neural networks and supervised deep-learning methods for
osteosarcoma bone cancer detection"[1] is authored by Sushopti Gawade et al.The study employs various
supervised deep-learning methods, focusing particularly on convolutional neural networks (CNNs), to automate
the detection of osteosarcoma, a type of bone cancer. The authors experimented with several models, including
VGG16, VGG19, DenseNet201, and ResNet101, and found ResNet101 to be the most effective, achieving an
accuracy of 90.36% and a precision of 89.51%. The methodology involved using bone X-ray images and
biopsies for model training and validation, with performance metrics such as accuracy, F1-score, precision,
recall, and AUC being utilized to evaluate the models. Future work suggested by the authors includes enhancing
the model's robustness and accuracy by incorporating larger datasets and exploring other deep learning
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architectures and preprocessing techniques to further improve early-stage cancer detection and reduce diagnostic
time.

The paper titled "A decision support system for selecting the most suitable machine learning in healthcare using
user parameters and requirements”[2] is authored by Yashodhan Ketkar and Sushopti Gawade. The study
proposes an automated machine learning system designed to assist non-technical users in selecting the most
suitable machine learning models for healthcare applications. The system uses user-defined parameters and
performance evaluation metrics to determine the optimal model. Specifically, the study employs Support Vector
Machine (SVM) and Random Forest (RF) algorithms on a Parkinson’s disease dataset, achieving accuracies of
80% and 75% respectively. The decision support system takes user preferences into account to assign
weightages to different performance parameters, thereby customizing the model selection process. Future work
includes expanding the system to incorporate a broader range of machine learning algorithms and datasets, as
well as enhancing its usability and robustness for various healthcare applications.

The research paper titled "Bone cancer detection using machine learning techniques"[3] was authored by
Deepshikha Shrivastava et al. The study focused on utilizing machine learning techniques for the detection and
classification of bone cancer, specifically using methods such as Decision Tree Algorithm, Support Vector
Machine, Random Forest, Evolutionary Algorithms, and Swarm Intelligence. The paper highlighted the
challenges faced in bone cancer detection using machine learning and discussed future prospects, emphasizing
the need for improved accuracy, noise reduction, and advancements in neural networks for calculating the size,
location, and stage of bone cancer. Further research directions were suggested to enhance the predictive power
and accuracy of machine learning methodologies in medical image analysis for bone cancer detection.

In the research article titled "Differentiation of Bone Metastasis in Elderly Patients With Lung Adenocarcinoma
Using Multiple Machine Learning Algorithms"[4] by Cheng-Mao Zhou et al., the authors investigated the
performance of various machine learning algorithms in classifying bone metastasis in elderly patients with lung
adenocarcinoma. The study utilized nine machine learning algorithms, including Logistic regression, Random
forest, Gradient Boosting Decision Tree, XGBoost, LightGBM, RF + LR, LGBM + LR, GBDT + LR, and XGB
+ LR. The authors divided 27,627 patients into training and testing groups, evaluating the models' accuracy,
precision, recall rate, and AUC values. The study concluded that machine learning algorithms can effectively
distinguish bone metastasis in lung cancer patients, suggesting a new research direction for non-invasive
identification of bone metastasis. The authors highlighted the need for further prospective multicenter cohort
studies to improve the performance of these algorithms in clinical practice.

The research article titled "Bone Cancer Detection Using Feature Extraction Based Machine Learning
Model"[5] is authored by Ashish Sharma, Dhirendra P. Yadav, Hitendra Garg, Mukesh Kumar, Bhisham
Sharma, and Deepika Koundal. The study presents a machine learning model for the detection of bone cancer
using feature extraction techniques. The authors utilized a combination of texture and shape features, including
GLCM-based features and HOG features, to distinguish between healthy and cancerous bone images. The SVM
model was trained and evaluated using different sets of features, showing promising results in terms of
accuracy, precision, recall, and F1-score. The future work outlined in the paper includes the exploration of
feature optimization techniques such as monarch butterfly optimization, earthworm optimization algorithm, and
others to further enhance the model's performance.

Wenle Li et al. developed a machine learning-based predictive model for lymph node metastasis in Ewing's
sarcoma[10].Utilizing six machine learning algorithms, including random forest, naive Bayes classifier, decision
tree, xgboost, gradient boosting machine, and logistic regression, the study found that the random forest model
performed the best with an average area under the curve of 0.764. The model was validated internally and
externally, demonstrating its effectiveness in predicting lymph node metastasis in Ewing's sarcoma patients.
Future work includes multi-center, prospective, and multi-ethnic validation to further test the model's efficacy
and exploring correlation mechanisms between lymph node metastasis and lung metastasis in Ewing's sarcoma
patients.

The research paper titled "Application of Machine Learning for Differentiating Bone Malignancy on Imaging: A
Systematic Review" was authored by Wilson Ong et al. [7]The study utilized radiomic techniques, Artificial
Intelligence (Al), and deep learning to distinguish bony lesions across various imaging modalities. The
systematic review highlighted the high sensitivity, specificity, and accuracy of machine learning techniques in
differentiating between benign and malignant lesions, offering potential benefits in the management of bone
tumors. The paper also suggested future research directions, emphasizing the need for larger sample sizes,
prospective studies, and the exploration of multimodal machine learning techniques to enhance diagnostic
accuracy in bone tumor characterization.
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3.SYSTEM DESIGN

The system for bone cancer detection and classification is structured with a modular architecture to ensure
scalability, robustness, and adaptability [18]. Each module is designed to address specific functionalities,
making the system easy to maintain, upgrade, and integrate with future advancements. The key components and
enhanced functionalities are outlined below:

3.1 Data Preprocessing Module
The data preprocessing module is critical for ensuring the quality, consistency, and suitability of input data for
model training and prediction.

3.1.1 Input:
The input to this module includes raw X-ray and CT scan images in various formats such as JPG, PNG, or
DICOM.

3.1.2 Processes:

Images are resized to a standard resolution of 224x224 pixels to match the CNN input layer requirements [18].
Normalization scales pixel values to the [0, 1] range, promoting efficient learning. Advanced data augmentation
techniques—such as random rotations, zooming, horizontal flips, brightness adjustments, and Gaussian noise—
are applied to increase dataset variability and improve generalization [16]. Basic artifact removal and histogram
equalization may also be used to enhance contrast and clarity, especially for CT images.

3.1.3 Output:
The output consists of normalized, resized, and augmented image tensors that are optimized for downstream
model training and classification.

3.2 Model Training Module
This module develops and trains the deep learning model for binary classification.

3.2.1 Input:
Preprocessed image tensors and their corresponding labels (benign or malignant) are provided to this module.

3.2.2 Architecture:

The CNN architecture includes several convolutional layers to extract spatial features such as edges, textures,
and shapes, followed by max-pooling layers to downsample feature maps [13]. Dropout layers prevent
overfitting by randomly deactivating neurons during training, while batch normalization accelerates
convergence and ensures stability. The fully connected layers conclude with a sigmoid activation function to
perform binary classification.

3.2.3 Optimization:

The model is optimized using the Adam optimizer for adaptive learning rates. Early stopping is implemented to
monitor validation loss and halt training when overfitting is detected. A learning rate scheduler adjusts the
learning rate during plateaus to improve performance. Model checkpoints save the best-performing model based
on validation accuracy.

3.2.4 Output:
The result is a high-accuracy CNN model capable of classifying both X-ray and CT scan images as benign or
malignant [7].

3.3 Classification Module
This module enables real-time image classification using the trained model.

3.3.1 Input:
The module receives uploaded medical images (X-ray or CT) from the user interface.

3.3.2 Processes:

Images are passed through the preprocessing pipeline before being fed into the trained CNN model. The model
outputs the probability of malignancy [8]. In parallel, computer vision techniques such as contour detection,
edge detection, thresholding, and morphological analysis—are applied to extract suspicious regions and
compute the mass ratio, density distribution, and asymmetry index, offering deeper diagnostic insight.
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3.3.3 Output:

The module displays the classification result (benign or malignant) with a confidence score. Additionally, it
provides mass concentration metrics and annotated visual outputs (e.g., bounding boxes or heatmaps) on the
original image to assist in clinical interpretation [12].

3.4 User Interface Module
This module offers a clean, secure, and interactive frontend for users.

3.4.1Framework:
Developed using Streamlit, the interface supports rapid deployment and responsive design for desktop and tablet
devices.

3.4.2 Features:

e Secure login system for authorized access

e Simple image upload functionality

e Sensitivity slider to adjust model decision thresholds

e Visualization of classification results, including original and processed images

e Option to select either X-ray or CT scan mode for preprocessing and classification
e Multi-language support for broader accessibility

3.4.3 Customization:

Users can fine-tune sensitivity settings and toggle additional visual outputs such as region overlays and attention
maps. This allows tailored diagnostic workflows depending on the expertise level and requirements [2].

Bone Tumor Classification

Login to Proceed

Enter your usemame

Enter your password

Fig. 1. User authentication interface of the bone cancer detection system providing secure access to healthcare
professionals.
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Bone Tumor Classification

Upload an X-ray image to analyze and
classify

Upload an X-ray Image

: Drag and cfrop file here ‘ Browse files

D 10_jpg.rf.01b352008c64982e88b6c188bc376fc7.jpg

Fig. 2. Image upload interface allowing healthcare professionals to submit bone X-ray images for cancer

classification and analysis.

3.5 Result Logging and Evaluation Module
This module is responsible for maintaining a history of all diagnostic outcomes and ensuring traceability.

3.5.1 Logging:

Every classification is recorded with metadata including timestamp, image name, classification label,
confidence score, user ID, and selected sensitivity setting. Results are stored in structured CSV or database
format for later analysis and integration with hospital information systems.

3.5.2 Evaluation:

The module supports post-classification analysis, allowing users to filter and review past cases based on
outcome, confidence range, or imaging type. A basic analytics dashboard can summarize statistics like average
confidence scores, malignancy distribution, and model performance trends over time.[3]

3.5.3 Error Handling:
In case of failures such as file permission errors or image format issues, clear and actionable error messages are
shown to guide the user through resolving the problem.

/.CSV

2025-01-26 16:05:27.884985,admin,Benign,0.024627685546875

2025-01-27 12:16:44.888323,admin,Benign,0.118316650390625

Fig. 3. Classification module interface displaying benign/malignant prediction results with confidence scores
and highlighted tumor regions for diagnostic support.

4. SYSTEM IMPLEMENTATION

The implementation of the bone cancer detection and classification system is structured into interconnected
modules, each fulfilling a specific function [14].

4.1 Data Preprocessing Module

This module prepares input images by resizing them to 224x224 pixels, normalizing pixel values to [0, 1], and
applying augmentation techniques like rotation, zoom, flipping, brightness adjustment, and noise [16][18]. To
handle large datasets efficiently, images and labels are processed in memory-friendly batches, as outlined by
Loraksa et al. [16].

4.2 Model Training Module

A CNN model is trained for binary classification using approaches validated by Gawade et al. [1] and Vezakis et
al. [17].
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Architecture: Convolutional, max-pooling, dropout, and batch normalization layers extract features
and reduce overfitting [8].

Optimization: Adam optimizer is used with early stopping and learning rate reduction callbacks for efficient
training [4].

Pipeline: The dataset is split into training, validation, and test sets, with augmented data to improve
generalization [12][9].

4.3 Classification Module

The module classifies uploaded images as benign or malignant using the trained CNN model [5]. It outputs a
confidence score and applies a mass analysis algorithm (contour detection, thresholding) to calculate metrics
like mass ratio, density, and symmetry index [11]. These results aid in clinical interpretation [2][7].

Classification Result: Malignant

Logout

Fig. 4. Real-time analysis results showing classification outcome, probability score, and mass ratio
indicators for comprehensive bone cancer assessment.

4.4 User Interface Module

The user interface is developed using Streamlit, offering a simple and interactive platform for end-users,

following design principles.

e Features: It includes secure login functionality, an image upload feature, and an adjustable sensitivity slider
for customizing the mass analysis threshold, considerations also emphasized by Nasir et al. [15].

e Visualization: Uploaded images are displayed alongside highlighted tumor regions and classification results,
ensuring comprehensive and user-friendly visualization

e Usability: The interface caters to healthcare professionals, ensuring they can navigate the system without
requiring extensive technical expertise, addressing usability concerns.

4.5 Result Logging Module

The system includes a result logging module to systematically track analysis outcomes [10]. Each outcome is
logged with details such as the timestamp, image name, classification result, and confidence score. The results
are stored in a CSV file for future reference, with robust error-handling mechanisms to address logging issues
effectively. [10][19].
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image_name (=1 cy mass_ratio
102 _JPG.rf.5cf710fO0d7090a8a845884fd9e95da48.jpe 0.405452 0.571135 0.4958204
115 _JPG.rf.275f7aebdcl677a7e45eb91f2b9ced2a.jpg 0.89382 0.685423 0.135651
125 _JIPG.rf.954153230dbca574d35f30ce85a269b01.jpg 0.719432 0.147929 0.066772
13_JIPG.rf.2a698b62b94c395826ab74d620851eef.jpg 0.290348 0.620973 0.105713
141 _JIPG.rf.e9918ede81417337525c9837c3b853ec.jpg 0.260614 0.30655 0.094681
143 JIPG.rf.ac7eb350bd640138e25f4cb99c7d595f.jpg 0.136369 0.693538 0.095093
149 JIPG.rf.f8d2aaa272ecl951cl5fc9fae71fb2ce.jpg 0.463483 0.427439 0.481262
157_JPG.rf.67alof8557be273982de05309e88501e.jpe 0.210273 0.800619 0.119186
163_JPG.rf.ef41865b9823723a4blf2f73820352194.jpg 0.716957 0.453573 0.332328
169 _JPG.rf.d3f66328e00b05e205f90c4c31232df71.jpg 0.611827 0.175921 0.098907
182 JPG.rf.aB8a4a3d4c3188f87a48a58bf34581c72.jpg 0.74119 0.50816 0.18102
182 _JPG.rf.d76890c7cb4b26ace262ffbebbf97ac3.jpg 0.725426 0.259684 0.202102
185 JPG.rf.56d00955bc4e9ddcl1193edcddO6fcOc?. jpg 0.790266 0.570982 0.15097
189_JIPG.rf.09a48e90a18a662bfd039924aelecadd.jpg 0.858747 0.499457 0.167313
36_JPG.rf.ba8c53060d188401ffad325a3bfadc44.jpg 0.817997 0.379327 0.050644
41_JPG.rf.9c413148656417af8adceccSbcd917ed. jpg 0.799139 0.552284 0.067459
55_JPG.rf.4aece5a2b3c807779ed087487e242d59.jpg 0.667918 0.728202 0.118317
95_JPG.rf.59fc3cecdc674d353059blelaacled84.jpg 0.71162 0.255694 0.050812
99 JPG.rf.eb701d96abe0955ee7b790baff7f923d0.jpe 0.214401 0.773762 0.204666
IMGO000041_jpg.rf.ef216bedd99d1d64a30f4e1812ae6433.jpg 0.263471 0.159449 0.074448
IMGOD00167_jpg.rf.cSfef8e8flce812123515895fcll16adfO.jpg 0.613238 0.195195 0.074402
IMGO000329_jpg.rf.ab486cl3a5a06611f25dda3c73b405dc.jpg 0.250862 0.775622 0.22261
IMGO000344_jpg.rf.ecadb0c882e41d3f1241687ad74875d5.jpe 0.14794 0.981459 0.002464

Fig. 5. Results logging mechanism capturing classification data in structured CSV format for historical analysis
and clinical documentation.

5. SYSTEM EVALUATION

The system's performance is evaluated to ensure reliability and robustness across multiple dimensions.

5.1 Model Metrics

Training and validation metrics, including accuracy and loss, are monitored during development to ensure
optimal performance. These metrics track the model’s ability to classify data correctly and highlight potential
overfitting.

5.2 Test Set Evaluation
The model is tested on a separate dataset comprising unseen images, offering an objective measure of its
generalization ability. The test set evaluation provides insights into the system's real-world applicability.

5.3 Robustness Testing

The model’s robustness is tested by introducing variations such as noise or distortions in the input images. This
evaluation ensures the system remains reliable under different imaging conditions. The sensitivity threshold in
the mass analysis module is adjusted and evaluated for consistency across cases.

6. DISCUSSION

This project demonstrates the successful integration of machine learning and computer vision for medical
diagnostics. By combining CNN-based classification with mass analysis, the system provides reliable and multi-
faceted insights into bone cancer detection. Data augmentation and regularization significantly enhance model
robustness, reducing the risk of overfitting and ensuring consistent performance across diverse datasets.

One of the system's key strengths is its modular design, which allows for seamless updates and scalability. New
datasets or classification tasks can be integrated effortlessly. Furthermore, the Streamlit-based user interface
makes the system accessible to healthcare professionals, irrespective of their technical expertise.

However, certain limitations exist. The model’s performance is sensitive to input image quality, with low-
resolution or noisy images potentially affecting classification accuracy. Additionally, the black-box nature of
deep learning models raises concerns about interpretability, which may hinder clinical adoption. Addressing
these challenges will be critical for future improvements.
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Metastasis
Differentiation
(Cheng-Mao
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Extraction
(Ashish Sharma
etal.)

Deep Learning &
Image
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7. COMPARITIVE ANALYSIS

Methodology

VGG16/DenseNet121
with dropout, L2
regularization,
augmentation, and
Streamlit-based Ul

SVM, RF with user-
defined parameters

SVM, RF, Decision Trees

Logistic regression,
XGBoost, RF

GLCM, HOG, SVM

CNN with segmentation

Best
Performance

High precision &
recall, robust
preprocessing,
real-time
classification

80% (SVM)

Varies based on
dataset

High AUC

High accuracy on
extracted features

Improves tumor
boundary
detection

8. FUTURE WORKS

Future development of the system will target making both diagnostic accuracy and clinical usability better. One
of the main directions involves the incorporation of multi-modal imaging, especially the addition of CT scans to
X-rays, to give richer and more detailed diagnostic information. Addressing the model's sensitivity to input
quality, sophisticated preprocessing algorithms like denoising filters and super-resolution models can be utilized
to reduce the impact of noisy or low-resolution images. In order to enhance trust and transparency, explainable

Strengths

Enhanced
robustness with
augmentation,
user-friendly
interface, real-
time mass analysis

Model selection
flexibility

Simple and
interpretable
models

Large dataset,
clinical relevance

Effective feature-
based method

Enhanced
interpretability
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Limitations

Sensitive to
image quality,
black-box nature
of deep learning

Not specialized
for bone cancer

Lower accuracy
compared to
CNNs

Lacks image-
based deep
learning

Feature
selection needs
optimization

Segmentation
requires
additional
processing
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Al techniques like Grad-CAM or SHAP will be implemented, enabling clinicians to see and comprehend the
model's decision-making process. Additionally, thorough validation on various real-world clinical datasets
needs to be conducted to prove the generalizability of the system across populations. Integration with hospital
systems in a seamless manner and the establishment of a feedback loop where the model learns from clinician
feedback and new data over time will also be investigated. Moreover, extending the system to accommodate
multi-class classification of different bone tumors and constructing a lightweight cross-platform GUI for mobile
platforms will greatly improve accessibility and usefulness, particularly in low-resource health environments.
These developments seek to transmogrify the existing prototype into a scalable and clinically applicable
diagnostic aid.

9. CONCLUSION
The bone cancer detection and classification system effectively applies artificial intelligence to healthcare,
offering a practical and reliable tool for aiding medical professionals. Its modular design, robust architecture,
and user-friendly interface make it suitable for real-world applications. Result logging and visualization enhance
its usability and clinical relevance.
Future work will focus on expanding the dataset to include more diverse cases and integrating explainable Al
techniques to improve interpretability. Deployment in clinical settings and feedback from healthcare
professionals will help refine the system further. This project lays the foundation for integrating Al-driven
solutions into routine medical diagnostics, contributing to enhanced efficiency and accuracy in healthcare.
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