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Abstract: Accurate identification and segmentation of bone tumors from medical images are essential for early diagnosis, 

treatment planning, and prognosis estimation. However, automated analysis remains difficult because bone lesions show 

considerable variation in shape, size, texture, anatomical location, and boundary definition, while medical images are 

frequently affected by noise and low contrast. This research work presents a three-phase framework for bone tumor 

analysis. In Phase 1, image normalization, noise reduction, contrast enhancement, adaptive superpixels, and stochastic 

clustering based on Gaussian Mixture Models and Expectation-Maximization are used for noise-resilient candidate-

region segmentation. In Phase 2, a Fast Mask R-CNN architecture with a VGG-19 backbone is employed for simultaneous 

tumor localization, segmentation, and benign/malignant classification. In Phase 3, Snake Swarm Optimization (SSO) is 

integrated to refine segmentation boundaries and optimize key model parameters. This results show progressive 

improvement across phases: the Phase 1 model achieved 96.3% accuracy, 90.5% sensitivity, 97.89% Dice coefficient, 

and 96.86% Jaccard index; the Phase 2 model achieved 96.31% accuracy, 94.25% precision, 97.82% recall, and 95.99% 

F1-score; and the optimized Phase 3 model achieved 97.8% accuracy, 97.2% precision, 97.9% recall, and 97.5% F1-

score. Collectively, the findings suggest that combining adaptive segmentation, instance segmentation, and swarm-based 

optimization can improve robustness and clinical usefulness in computer-aided bone tumor diagnosis. 
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I. INTRODUCTION 

 

Bone tumors are abnormal proliferative lesions of osseous tissue that may be benign, malignant, or metastatic. Clinical 

management depends heavily on accurate lesion localization, extent estimation, and characterization because malignant 

tumors such as osteosarcoma often require aggressive intervention, while benign lesions may need only observation or 

limited surgery [1-4]. Radiographs, computed tomography (CT), and magnetic resonance imaging (MRI) remain central 

to diagnosis; however, manual interpretation is time consuming and subject to inter-observer variability [1-5]. 

In recent years, machine learning and deep learning have significantly improved the automated analysis of medical 

images [11,12,21,22]. For bone tumor imaging, the major unresolved issues are image noise, heterogeneous tumor 

appearance, complex boundaries, and the difficulty of unifying detection, segmentation, and classification in a single 

framework [2-9]. The research directly addresses these challenges through a staged methodology that evolves from 

stochastic segmentation to deep instance segmentation and finally to optimization-assisted refinement. 

The main contributions are as follows: (i) a noise-resilient preprocessing and adaptive-superpixel segmentation stage; (ii) 

a multi-class Fast Mask R-CNN framework for lesion localization, segmentation, and classification; and (iii) an enhanced 

optimization stage using Snake Swarm Optimization to improve tumor boundary delineation and classification robustness 

[14-16,23,24,27-30]. 

 

II. RELATED WORK 

 

A. Conventional and stochastic segmentation 

Before the rise of deep learning, bone and tumor segmentation commonly relied on thresholding, region growing, active 

contours, watershed methods, superpixel partitioning, and clustering-based schemes. Such methods are useful because 

they are interpretable and computationally economical; nevertheless, they often degrade in the presence of noise, intensity 
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inhomogeneity, and irregular lesion morphology [4,8,23,24]. Adaptive superpixels generated with SLIC preserve local 

image structure and can reduce computational burden by grouping perceptually similar pixels [23]. Expectation-

Maximization (EM) with Gaussian Mixture Models (GMMs) further supports probabilistic clustering and can handle 

uncertainty in tissue assignment [24]. 

 

B. Deep learning for bone tumor analysis 

Deep convolutional neural networks have transformed medical image analysis by learning hierarchical representations 

from raw image data [11]. U-Net and FCN architectures established the basis for modern biomedical image segmentation 

by combining localization and semantic feature learning [12,13], while V-Net and nnU-Net extended this paradigm to 

volumetric and self-configuring segmentation settings [21,22]. For bone tumors, Potter et al. used CT data for 

segmentation and classification [1], von Schacky et al. proposed multitask learning on radiographs [2], and Ye et al. 

reported multi-task ensemble learning on MRI data [3]. Additional studies have explored Seg-Unet, hybrid CNN–ViT 

designs, and bone scan segmentation methods [5-8]. 

 

C. Detection, classification, and optimization frameworks 

Instance segmentation models are especially relevant to bone tumor analysis because they can jointly identify a lesion, 

localize it spatially, and produce a pixel-wise mask. Faster R-CNN introduced region proposal networks for efficient 

object detection [15], and Mask R-CNN subsequently added a parallel mask branch for instance segmentation [14]. VGG 

[16], ResNet [17], DenseNet [18], YOLO [19], and Vision Transformers (ViT) [20] have been used as backbones or 

comparative baselines in medical imaging. Optimization strategies can further refine learned models. In particular, Snake 

Optimizer is a recent population-based metaheuristic with strong exploration–exploitation behavior [27]. The three 

related studies progressively applied these concepts to bone tumor analysis [28–30]. 

 

III. MATERIALS AND METHODS 

 

A. Study design and data source 

The proposed framework follows a three-phase design. This research data were obtained from a publicly available Kaggle 

bone tumor resource and consist of annotated bone tumor medical images suitable for segmentation and classification. 

Across the three phases, preprocessing includes normalization, denoising, and contrast enhancement to improve the 

visibility of lesion regions and reduce variability caused by acquisition conditions. These steps are intended to provide a 

consistent input representation for both stochastic and deep learning stages. 

 

 
Fig. 1 Overall workflow of the proposed integrated bone tumor analysis framework 

 

B. Phase 1: adaptive superpixels and stochastic clustering 

Phase 1 focuses on noise-resilient tumor identification. After preprocessing, the image is partitioned into adaptive 

superpixels so that local structural information is preserved while reducing pixel-level complexity [23]. Candidate tumor 

regions are then segmented using a stochastic clustering strategy built on GMM and EM [24]. The cluster outputs are 

combined in an ensemble manner, followed by adaptive thresholding and post-processing to suppress artifacts and obtain 

realistic lesion shapes. According to the research work, this phase is particularly beneficial when lesion appearance is 

highly heterogeneous or when radiographic noise complicates boundary extraction [28]. 
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A simplified formulation of the adaptive clustering stage can be summarized as follows: 

• Accuracy = (TP + TN) / (TP + TN + FP + FN) 

• Precision = TP / (TP + FP) 

• Recall = TP / (TP + FN) 

• Ensemble probability: P_ensemble(x) = (1/N) Σ P_i(x) 

 

C. Phase 2: Fast Mask R-CNN for segmentation and classification 

Phase 2 extends the framework to simultaneous lesion localization, segmentation, and classification using Fast Mask R-

CNN. The model employs a VGG-19 backbone for feature extraction [16], region proposal generation inspired by Faster 

R-CNN [15], RoI alignment, and parallel branches for class prediction and mask estimation [14]. Transfer learning is 

used to initialize convolutional features, after which the model is fine-tuned on the bone tumor images. The phase is 

designed to distinguish at least benign and malignant classes while producing spatially precise masks [2,14,29]. 

 

D. Phase 3: Snake Swarm Optimization-assisted refinement 

In Phase 3, the instance segmentation framework is enhanced by a metaheuristic optimization stage. Snake Swarm 

Optimization (SSO) is used to refine model parameters and improve lesion boundary delineation [27]. The reserach states 

that the optimizer is applied to parameters such as anchor sizes, learning rates, and mask thresholds, while boundary 

refinement is guided by snake-like control-point evolution. This optimization-assisted strategy is intended to reduce false 

positives, improve boundary adherence, and strengthen classification performance in difficult cases [30]. 

 

E. Evaluation metrics 

Classification performance is evaluated using accuracy, precision, recall, and F1-score. Segmentation performance is 

assessed using overlap measures such as Dice coefficient and Intersection over Union (IoU/Jaccard index) [25,26]. The 

main formulas used in the manuscript are listed below: 

 

• F1-score = 2 × (Precision × Recall) / (Precision + Recall) 

 

• Dice coefficient = 2|X ∩ Y| / (|X| + |Y|) 

 

• IoU (Jaccard index) = |X ∩ Y| / |X ∪ Y| 

 

IV. RESULTS AND DISCUSSION 

 

The research reports progressive improvement from Phase 1 to Phase 3. Because the supplied research work fully clarifies 

the all models were evaluated on identical splits and protocols, the values should be interpreted as reported phase-wise 

outcomes rather than as a fully controlled head-to-head experiment. Nevertheless, the pattern consistently shows that the 

integrated framework improves robustness and predictive performance across successive stages. 

 
TABLE 1. PHASE-WISE PERFORMANCE VALUES REPORTED IN THE RESEARCH 

 

Method Accuracy 

(%) 

Precision 

(%) 

Recall/Sensitivity 

(%) 

F1-score 

(%) 

Dice (%) IoU/Jaccard 

(%) 

Phase 1: Adaptive 

superpixels + 

GMM/EM 

96.30 — 90.50 — 97.89 96.86 

Phase 2: Fast Mask 

R-CNN 

96.31 94.25 97.82 95.99 — — 

Phase 3: Fast Mask 

R-CNN + SSO 

97.80 97.20 97.90 97.50 — — 
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Fig. 1 Phase-wise reported accuracy of the proposed framework based on work-reported results 

 

In Phase 1, the proposed stochastic framework outperformed conventional baselines such as active contours, biorthogonal 

wavelets, seeded region growing, and Canny-based segmentation as reported in the work. The high Dice coefficient 

(97.89%) and Jaccard index (96.86%) indicate strong overlap between predicted and reference tumor regions. Phase 2 

retained high accuracy (96.31%) while extending the framework to simultaneous classification and segmentation. The 

strongest performance was observed in Phase 3, where optimization-assisted refinement yielded 97.8% accuracy, 97.2% 

precision, 97.9% recall, and 97.5% F1-score, suggesting that SSO improves both sensitivity and prediction stability. 

 

From a methodological perspective, the three phases are complementary rather than redundant. Phase 1 enhances noise 

resilience and preserves local structure; Phase 2 provides end-to-end lesion localization and classification; and Phase 3 

improves parameter tuning and contour refinement. This integration is relevant to orthopedic computer-aided diagnosis 

because clinical imaging datasets are often heterogeneous and small, making robust preprocessing and careful 

optimization especially important [4,9,11]. 

 

Despite these strengths, several limitations should be acknowledged. First, the journal version should clearly state the 

exact dataset size, modality distribution, annotation procedure, and patient-level split strategy. Second, external validation 

on an independent cohort would substantially strengthen claims of generalizability. Third, ablation experiments 

quantifying the individual contributions of superpixels, Fast Mask R-CNN, and SSO would improve scientific rigor. 

These additions are recommended for the final submission version. 

 

V. CONCLUSION 

 

The work proposes an integrated three-phase framework that combines adaptive superpixel-based stochastic 

segmentation, Fast Mask R-CNN instance segmentation, and Snake Swarm Optimization-assisted refinement. The 

reported results indicate that the framework can deliver high segmentation fidelity and strong classification performance, 

with the best phase achieving 97.8% accuracy and 97.5% F1-score. Overall, the study demonstrates the potential of 

combining classical image processing, deep learning, and metaheuristic optimization to support clinically useful 

computer-aided diagnosis of bone tumors. Future work should prioritize external validation, multimodal imaging, and 

prospective clinical evaluation. 
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