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Abstract — Early and precise detection of bone tumors is vital for effective diagnosis and treatment planning in oncology.
This study presents a hybrid approach that integrates probabilistic clustering with deep learning for accurate bone tumor
segmentation and classification. Initially, a diverse dataset of medical images containing bone scans or X-rays is collected
and preprocessed to enhance visual quality and isolate bone structures. To detect potential tumor regions, we apply
stochastic-based clustering methods such as the Gaussian Mixture Model (GMM) and Dirichlet Process Gaussian Mixture
Model (DPGMM), which probabilistically identify regions of interest based on intensity and spatial distribution. These
clustered regions serve as informative priors for the Fast Mask R-CNN architecture, enabling its Region Proposal Network
(RPN) to generate more targeted and efficient region proposals. The integration of clustering and deep learning not only
reduces false positives but also improves model focus and segmentation precision. Performance evaluation using metrics
like accuracy, sensitivity, specificity, F1-score, and AUC-ROC demonstrates the superiority of our method compared to
conventional deep learning approaches. This framework shows promise for enhancing diagnostic reliability in clinical
workflows.

Index Terms — Bone Tumor Detection, Stochastic Clustering, Gaussian Mixture Model (GMM), Dirichlet Process GMM
(DPGMM), Fast Mask R-CNN, Medical Image Segmentation, Deep Learning, Region Proposal Network (RPN), Tumor
Classification, Computer-Aided Diagnosis.

1. INTRODUCTION

Bone tumors, whether benign or malignant, represent a serious health concern requiring early diagnosis for successful
treatment outcomes. Traditional diagnostic approaches rely heavily on manual inspection of medical imaging data such
as X-rays, CT scans, or MRIs, which can be time-consuming and subject to inter-observer variability. Recent advances
in artificial intelligence (Al) and deep learning have opened new avenues for automating tumor detection and
classification tasks in radiological workflows. However, challenges such as false positives, irregular tumor shapes, and
low contrast between healthy and affected tissues persist in most automated systems.

To address these limitations, we propose a hybrid framework that combines the strengths of probabilistic clustering
and deep learning. In our approach, stochastic-based clustering methods such as Gaussian Mixture Models (GMM)
and Dirichlet Process Gaussian Mixture Models (DPGMM) are used to identify potential tumor regions with high
probabilistic certainty. These clusters guide the Region Proposal Network (RPN) of the Fast Mask R-CNN model, a
state-of-the-art deep neural network for object detection and segmentation, ensuring that the network focuses on the
most relevant regions during training and inference.

By integrating unsupervised clustering with supervised deep learning, our model not only improves segmentation
accuracy but also reduces unnecessary computational overhead and false detections. The proposed methodology is
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rigorously validated on a labeled dataset of bone tumor images and compared with existing baseline models to
demonstrate its efficacy in terms of accuracy, sensitivity, and robustness. This work contributes to the growing field of
intelligent medical imaging systems and aims to assist clinicians in making more informed diagnostic decisions.

2. RELATED WORKS

Recent advancements in artificial intelligence have significantly contributed to the field of automated bone tumor
detection and classification using medical imaging modalities such as X-rays, MRI, and histological images. A variety
of deep learning and machine learning approaches have been explored to enhance diagnostic precision, segmentation
accuracy, and classification robustness.

Do et al. (2021) proposed a multi-level Seg-UNet architecture combining global and patch-based views for detecting
knee bone tumors from X-ray images. Their model was trained and validated using a split-sample strategy,
demonstrating reliable classification using metrics such as accuracy, sensitivity, specificity, Intersection over Union
(IoU), and Dice score. This study highlights the importance of integrating multi-scale spatial features for improved
tumor localization and delineation.

Gitto et al. (2022) investigated the use of radiomic features from diffusion-weighted MRI for spine bone tumor
classification. By analyzing feature stability using the Intraclass Correlation Coefficient (ICC) and performing robust
feature selection, they developed a support vector machine (SVM) classifier that achieved high classification
performance between benign and malignant tumors. Their work underscores the significance of feature robustness in
radiomics-based machine learning.

Eweje et al. (2021) developed a deep learning framework using EfficientNet-B0 to classify bone lesions based on
routine MRI scans and demographic data. A logistic regression model incorporated patient metadata, and a voting
ensemble strategy was applied to enhance classification accuracy. Their model outperformed radiology experts in
differentiating between benign and malignant lesions, indicating the potential of deep learning for diagnostic support.

Cuocolo et al. (2022) applied radiomics and Extra Trees classifiers to distinguish atypical cartilaginous tumors from
grade II chondrosarcomas using T1-weighted MRI. Their study involved rigorous dimensionality reduction, class
balancing, and external validation against expert radiologists. The model achieved competitive performance, further
validating the role of radiomics in differentiating subtle histopathological grades of bone tumors.

Anand et al. (2022) provided a comprehensive survey on image processing techniques for bone cancer detection
across modalities like X-ray, MRI, and CT. They discussed several traditional and machine learning-based approaches,
emphasizing the need for early-stage detection using advanced computational methods. Their review identifies critical
challenges such as tumor heterogeneity, low contrast imaging, and data imbalance.

Anisuzzaman et al. (2021) focused on osteosarcoma detection from histopathological images using deep
convolutional neural networks (CNNs). By leveraging transfer learning, their model achieved robust performance in
distinguishing necrotic from non-necrotic and healthy tissues. This work supports the adoption of CAD/CADXx tools to
assist clinicians in pathology-based tumor assessment.

While each of these studies demonstrates notable advancements, most focus either on direct deep learning or radiomics
approaches without leveraging probabilistic spatial priors for improved region proposal and segmentation. Our
proposed framework addresses this gap by integrating stochastic-based clustering methods such as Gaussian Mixture
Models (GMM) and Dirichlet Process Gaussian Mixture Models (DPGMM) with Fast Mask R-CNN to guide region
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proposal and improve classification efficiency. By fusing probabilistic clustering with a robust segmentation-
classification pipeline, we aim to enhance interpretability, reduce false positives, and improve diagnostic accuracy in
clinical settings.

3. PROPOSED MODEL

For precise tumor localization and segmentation, the CNN component of Fast Mask R-CNN generates masks
delineating the tumor boundaries within the candidate regions. Post-processing steps further refine the results, including
morphological operations and clustering-based validation. To classify tumors, we extract features from the segmented
regions and train a classification model, such as a deep neural network. This allows us to categorize tumors into
different types or assess their malignancy. Detecting and classifying bone tumors using stochastic-based clustering in
combination with the Fast Mask R-CNN (Region-based Convolutional Neural Network) is a sophisticated approach
that combines traditional clustering with deep learning.

Data collection -, Pre-processing \ Stméii?i;sﬂi = EPN

Mask

Classification |« Generation

Figure 1: Block Diagram of the Proposed System

Data Collection

The foundational step of this research involves the assembly of a comprehensive dataset consisting of medical images,
particularly bone scans and X-rays. These images are meticulously curated along with expert-verified annotations or
labels that indicate the presence or absence of bone tumors. The dataset is designed to encompass a wide variety of
cases, ensuring diversity by including different anatomical locations, tumor types (benign and malignant), and healthy
bone structures. This comprehensive and heterogeneous dataset is vital for training robust machine learning and deep
learning models that generalize well across unseen clinical scenarios.

Preprocessing

To prepare the raw medical images for analysis, several preprocessing steps are conducted. Initially, image quality is
enhanced through noise reduction and contrast adjustment techniques. The images are then standardized in terms of
size, resolution, and orientation to ensure uniformity across the dataset. Additionally, if necessary, image segmentation
techniques are employed to extract and isolate the region of interest (ROI), typically focusing on the bone structures
and suspected tumor regions. This preprocessing phase plays a critical role in improving model accuracy by providing
consistent and high-quality input data.
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Stochastic-Based Clustering

This module introduces a probabilistic approach to identify potential tumor regions through unsupervised learning.
Algorithms such as Gaussian Mixture Model (GMM) or Dirichlet Process Gaussian Mixture Model (DPGMM) are
utilized for stochastic-based clustering. These models are fed with image-derived features including texture, intensity
patterns, and morphological attributes extracted from the segmented ROIs. Unlike deterministic clustering, the
stochastic models probabilistically infer the optimal number of clusters, allowing for flexible modeling of complex
tumor appearances. The output highlights suspicious regions, effectively narrowing down areas likely to contain
tumors.

Region Proposal Network (RPN)

A critical part of the model is the integration of a Fast Mask R-CNN framework, which incorporates a Region Proposal
Network (RPN) alongside a convolutional neural network (CNN). The RPN is trained to scan the preprocessed images
and propose regions that may contain tumors. To improve precision, the outcomes of the stochastic-based clustering
are used to guide and refine the region proposals, helping the RPN focus on highly probable tumor locations. This
synergy between clustering and RPN increases the model’s ability to detect subtle or ambiguous tumor regions with
higher confidence.

Mask Generation

Once candidate regions have been proposed by the RPN, the CNN segment of the Fast Mask R-CNN takes over to
perform pixel-wise segmentation. This step involves generating precise masks that delineate the boundaries of each
detected tumor region. These masks serve as visual and computational representations of tumors, enabling further
analysis and aiding clinicians in identifying the exact location, size, and shape of the abnormal regions.

Classification

Following segmentation, the masked tumor regions are processed for feature extraction. Attributes such as texture
descriptors, shape metrics, and contextual imaging information are collected to feed into a classification model. A deep
neural network is then trained on these features to classify the tumor types (e.g., benign vs malignant) or determine
their pathological grade. This final classification stage provides the diagnostic outcome, which can significantly aid
radiologists and oncologists in clinical decision-making.

4. RESULTS AND DISCUSSIONS

The proposed Probabilistic Clustering-Assisted Fast Mask R-CNN framework was rigorously evaluated using a curated
dataset of annotated bone tumor medical images, including X-rays and CT scans. Performance metrics such as
accuracy, precision, recall, F1-score, and Intersection over Union (IoU) were used to assess both segmentation and
classification effectiveness. The integration of stochastic-based clustering (via Dirichlet Process Gaussian Mixture
Model) significantly improved the precision of the Region Proposal Network (RPN) by probabilistically narrowing the
focus to the most tumor-suspected regions. This guided detection enabled more refined mask generation and reduced
false positives. The Fast Mask R-CNN, enhanced with the stochastic clustering module, outperformed traditional
segmentation methods like U-Net and standalone CNNs. For classification, deep neural networks trained on the
segmented tumor regions demonstrated high sensitivity and specificity, particularly for distinguishing malignant from
benign tumors. Furthermore, the hybrid model achieved a strong balance between accuracy and computational
efficiency, making it suitable for real-time clinical diagnostic support. A comparative analysis with state-of-the-art
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techniques shows that the proposed method consistently yields better results in tumor boundary delineation and
classification fidelity, as shown below.

Table 1: Performance Comparison Table

Method Accuracy Precision Recall F1-Score IoU

(%) (%) (%) (%) (%)
Traditional CNN 85.2 83.7 84.5 84.1 71.4
U-Net 88.9 87.3 88.0 87.6 75.9
ResNet + SVM 86.5 84.8 85.1 84.9 72.1
Fast Mask R-CNN (without clustering) 91.7 90.9 91.1 91.0 80.3
II;I:(()jll)\(I);e;d Model (Stochastic + Fast Mask 94.8 94.2 945 943 86.7

The performance comparison presented in Table 1 clearly demonstrates the superiority of the proposed model, which
integrates stochastic-based clustering with Fast Mask R-CNN, over several existing approaches in bone tumor detection
and classification. The Traditional CNN model achieved a modest accuracy of 85.2%, with lower precision and loU,
indicating its limitations in capturing complex tumor patterns. U-Net, while slightly better in segmentation tasks,
reached 88.9% accuracy and a 75.9% loU, highlighting its effectiveness in medical image segmentation but still falling
short in precise boundary detection. The ResNet + SVM combination performed reasonably well with an 86.5%
accuracy but lacked deep integration for region-based segmentation, resulting in lower IoU and F1-score. On the other
hand, Fast Mask R-CNN without clustering delivered a substantial improvement across all metrics, achieving 91.7%
accuracy and 80.3% IoU, confirming its capability in both detection and segmentation tasks. However, the Proposed
Model, which enhances the Fast Mask R-CNN with a probabilistic clustering mechanism, significantly outperforms
all baselines by achieving 94.8% accuracy, 94.3% F1-score, and a remarkable 86.7% IoU. These results validate that
guiding the region proposal network using stochastic-based clustering improves the focus on tumor-prone areas,
ultimately enhancing both segmentation precision and classification performance.

5. CONCLUSION

This research presents a comprehensive and robust framework for automated bone tumor segmentation and
classification by integrating probabilistic clustering with deep learning-based object detection and segmentation
techniques. The proposed system leverages a well-structured pipeline starting from meticulous data collection and
preprocessing to intelligent region proposal and precise tumor delineation using Fast Mask R-CNN. The inclusion of
stochastic-based clustering, such as Gaussian Mixture Models, enhances the detection accuracy by probabilistically
identifying potential tumor regions and guiding the Region Proposal Network. This hybrid strategy effectively reduces
false positives and improves focus on clinically relevant areas. Moreover, the final classification module, driven by
deep neural networks, ensures reliable categorization of tumors based on extracted features, aiding in early and accurate
diagnosis. Overall, the model demonstrates significant potential in enhancing medical image analysis, supporting
radiologists with improved diagnostic tools, and contributing to better clinical outcomes in bone tumor detection and
treatment planning.
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