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ABSTRACT 

Bone Tumors are a growth of cells within the bone that is one of the characteristics of 

malignant tumors. But, Due to noise interference, uneven shape of tumor, and different ways 

of appearance of the tissue, Segmenting bone tumors in computed tomography images is a 

challenging task. In this connection, present the Stochastic Tumor Segmentation Network new 

deep learning framework that achieves robust segmentation in the presence of noise in the CT 

scan. To initialize possible tumor regions, STSN incorporates Stochastic K-Means Clustering, 

which adjusts to size and intensity changes. A Dual-Focus Mechanism is proposed to enhance 

feature extraction in spatial and channel dimensions, helping to better locate tumors. A Multi-

Scale Refinement Method processes the comprehensive details at multiple resolutions, thus 

reducing noise and enhancing delineation. In addition, the Probabilistic Refinement Step using 

Markov Random Fields (MRF) refines tumor boundaries, improving segmentation accuracy. 

When tested on various CT scan datasets, STSN outperforms traditional segmentations. With 

the employment of such advanced probabilistic analysis and finer features engineering, this 

work presents a robust bone tumor screening algorithm for enhancing accuracy and early-stage 

detection of tumorous tissues. 

Keywords: Bone tumor, computed tomography, stochastic clustering, feature learning, multi-

scale refinement method, noisy medical images, Markov Random Fields, automated diagnosis, 

tumor boundary refinement. 

1 INTRODUCTION 

Bone Tumors are the challenges in medical imaging and requires accurate and speedy detection 

to ensure appropriate therapeutic managements and escalated patient managements. In the 
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diagnosis of bone tumors, computed tomography scans have at the forefront of diagnosis 

because of their detailed cross-sectional images of the body [1]. The segmentation of bone 

tumors from CT images is a challenging undertaking because the tumors appear in various 

ways and have irregular shapes in the image, which includes noise. These reasons complicated 

the process of identifying healthy tissues and lesions, resulting in possible errors in diagnosis 

[2]. While the most accurate segmentation methods, they are time-consuming, prone to human 

error, and lack reproducibility across observers [3]. Consequently, automatic segregation of 

bone tumors in recent years has attracted much of attention through advanced machine learning 

and deep learning methods [4]. 

Bone tumors are relevant in several clinical applications such as diagnosis, surgical treatment 

planning, and disease progression monitoring, thus precise segmentation of these tumors is 

paramount during the routine clinical workflow. Accurate boundary delineation allows the 

physician to assess tumor volume, monitor growth or shrinkage, and to plan a surgical 

procedure [5]. However, bone tumors usually have an irregular shape and low contrast with 

the adjacent normal tissues, which makes segmentation especially challenging. Moreover, CT 

images are often susceptible to noise and artifacts, making the identification of tumor 

boundaries even more challenging [6]. 

Conventional image processing techniques like thresholding, region growing, and edge 

detection are inadequate for complex medical imaging tasks [7]. Those methods depend on 

features and rules set up by engineers that failed to accommodate the variability of bone 

tumors. The advent of deep learning, and notably in medical image segmentation the use of 

convolutional neural networks (CNNs) makes it possible for such models to automatically learn 

complex features from data [8]. Nevertheless, CNN-based methods still encounter difficulties 

when used with CT scans, owing to noise, tumor shape and size variation, and low contrast 

between the tumor and surrounding tissues [9]. Tumors in the same patient can also vary in 

characteristics, thereby demanding a high adaptability of segmentation models. These 

challenges often hinder conventional CNN architectures since they cannot differentiate any 

two tissue types in terms of resemblance, especially when the tumor and bone or soft tissue 

structures have similar intensity values [10]. 

To overcome these limitations, propose a novel deep-learning framework, Stochastic Tumor 

Segmentation Network (STSN), for accurate segmentation of the bone tumors from noisy CT 
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images. STSN adopts advanced deep learning techniques, including but not limited to 

attention mechanism, multi-scale residual learning and stochastic-based clustering, to improve 

segmentation performance. STSN mitigates noise via noise-aware mechanisms but also 

accounts for inter-subject variabilities within lesion appearance. 

The segmentation process starts with a Stochastic K-Means Clustering, which allows the 

model to dynamically find candidate tumor regions, even in images with irregular tumor 

borders and low contrast. By incorporating an aspect of randomness into the model, the 

stochastic method permits the model to investigate a range of segmentation options and adapt 

accordingly to the differences from tumor to tumor. After the initial segmentation, then apply 

a Dual-Focus Mechanism to put emphasis on putative tumor areas and suppress unnecessary 

background features. 

Multi-Scale Residual Learning is an essential part of STSN, which helps the model learn high-

quality fine-grain detail in multiple scales. This method retains the local and global context of 

the image, which helps in better defining the boundaries of tumor segmentation. Residual 

learning plays a significant role in improving performance by reducing noise and refining 

tumor contours across successive layers. The model also uses a Stochastic Refinement Step 

where Markov Random Fields (MRF) smoothens the tumor boundaries to eliminate small 

artifacts providing accurate segmentation. 

Designed for the special factors involved in the segmentation of bone tumours in CT images 

that are rather unclean, STSN is available as a robust and adaptive device, outperforming much 

more traditional techniques. With stochastic clustering, focus-based feature extraction, and 

multi-scale residual learning, the model can start dealing with variation in the shape, size, and 

intensity of the tumor. This longer version additionally contributes towards the design and 

evaluation of STSN with extensive experiments for bone tumor segmentation. 

The present paper is structured as follows: Section 2 reviews existing approaches for bone 

tumor segmentation in medical imaging. Section 3 describes the architecture of the proposed 

STSN, detailing its components and underlying methodology. Section 4 explains the dataset 

and evaluation metrics used for testing the model. Section 5 presents the experimental results 

and comparisons with state-of-the-art methods. Finally, Section 6 provides concluding remarks 

and discusses potential future research directions. 
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2 RELATED WORKS 

Pelvic bone tumors constitute a detrimental orthopedic disorder, including both benign and 

cancerous variants. The advanced fully convolutional neural network (FCNN-4s) are employed 

for initial segmentation of preprocessed pictures. The batch normalization planes have been 

added after each convolutional layer to accelerate the convergence of network training and 

improve the precision of the model that is learned [11]. To examine segmentation 

methodologies for metastases of bone in distinguishing normal from cancerous bone tumors as 

well as defining cancerous bones lesions [12]. The advancement of tumor segmentation 

approaches that integrate anatomical data and metabolic activity is promising, yet a suitable 

technique for all applications or a solution for all data restrictions remains elusive. 

The research [13] provided an automated segmentation of targets approach using deep learning. 

A technique for adaptive label softening, based on changes in muscle area, is presented to 

enhance the conventional dice loss, considering the spatial link between muscle and bone.Deep 

neural networks are a sub discipline of cutting-edge computational intelligence science and 

technology, and many deep learning-derived models are currently used for musculoskeletal 

illnesses [14]. The use of deep learning is demonstrating the capacity to aid in clinical 

assessment and prognostic prediction across several musculoskeletal conditions, including 

fractured identification, recognition of cartilage and spine lesions, and evaluation of 

osteoarthritis severity. Currently, advancements in healthcare significantly influence the 

business sector by lowering healthcare expenses and providing chances for enterprises to 

innovate technology for the interpretation of scintigraphy pictures in medical equipment. The 

technological advancement significantly influences biomedical research, with much attention 

being focused on the detection of bone metastases [15]. 

In recent times, there has been a growing interest in tumours. Segmentation and classification 

challenges. Unlike the many studies focused on the brain, pulmonary, and hepatic 

malignancies, there is a paucity of research using deep learning for the classification and 

segmentation of knee tumors in bones [16].The research [17] seeks to examine impact of inter 

observer segmentation by hand variability on the reliability of texture analysis derived from 

unenhanced CT as well as MRI in both 2D and 3D formats.  

sarcoma is a recurrent cancerous bone neoplasm in kids and teens characterized by considerable 

morbidity and a bleak prognosis. Diffusion-weighted imaging is essential for the identification 
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and outlook of this malignancy, since it detects cellular alterations in the tumor itself before 

therapy without the need for contrast injection [18].Modern cancer detection devices integrated 

with MRI use approaches that include MR image segmentation followed by the allocation of 

actual attenuate coefficients during PET image reconstruction for light correction of attenuation 

[19]. Deep learning methodologies have facilitated advancements in medical imaging 

segmentation, particularly within the ultrasound sector. The research [20] aims to improve a 

deep-learning neural network design for the rapid automated segmentation of bone images in 

Ultrasonic CT.  

The most laborious and time-intensive job for medical advanced manufacturing (AM) is picture 

segmentation. The objective of studyis to create and develop a CNN for bones identification in 

CT scans [21]. Prospective health surveillance systems facilitate the early detection of human 

health hazards. Advancements in deep learning methodologies for medical picture processing 

provide prompt and effective feedback [22]. Fibrous dysplasia (FD) is a hereditary condition 

caused by a mutation in the guanine nucleotide-binding polypeptide with alpha stimulating 

functions in human bone development. 

Segmentation is a crucial component of the processing of medical images. In segmentation of 

an image, the digital picture comprises numerous pixel sets. Magnetic Resonance Imaging 

(MRI) and Computed Tomography scanning are crucial imaging methods for noninvasively 

examining the inside physiological structures of the body [23].  

Malignant tumors of the bone are invasive and rough, resulting in unfavourable treatment 

results and prognosis. Timely and precise diagnosis is essential for limb preservation and 

enhancing survival rates. Investigation on deep learning techniques for the segmentation of 

malignant bone cancer spots in medical pictures characterized by complicated backgrounds 

and indistinct borders is insufficient [24].The Bone Net utilizes the squeeze-and-excitation 

leftover to achieve strong feature learning. To expedite segmentation, the kernel of convolution 

was minimized by employing depth-wise separable convolutions to reduce network 

parameters.[25].  

3 PROPOSED METHODOLOGY 

The STSN models developed to precisely fragment bone tumors from noisy CT images by 

combining stochastic-based clustering algorithms, deep learning techniques, and advanced 

feature extraction methods as shown in Figure 1.  
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Figure 1: A Schematic diagram of proposed methodology 

Step 1: Input Data Acquisition 

The Input Data Acquisition phase is significant for the overall evaluation of the proposed STSN 

model. This phase secures that the raw CT images are correctly appealed and developed for the 

deep learning model. The steps such as data collection and pre-processing, which include 

normalization, noise reduction, and rescaling. Let's separate each sub-step with mathematical 

analysis. 

1.1 Data Collection 

In Data collection step, a dataset of CT images with categorized bone tumors is captured. The 

dataset should be of various kind containing images with differentiating tumor shapes, sizes, 

noise levels, and contrast variations. 

Let the dataset be evaluated as 𝐷 =  {(𝑋1, 𝑌1), (𝑋2, 𝑌2), … . . , (𝑋𝑛, 𝑌𝑛)}, where 𝑋𝑖 represents a 

CT scan image, 𝑌𝑖 represents the corresponding ground truth label (tumor mask), n is the total 

number of images in the dataset. 
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1.2 Preprocessing 

Preprocessing is significant to develop the CT images for fragmentation. The step involves 

Normalization, Noise Reduction, and Rescaling. 

1.2.1 Normalization 

CT images may have different intensity values due to variations in the scanning process or 

machine settings. Normalization helps to regulate the intensity values among all images, 

making it efficient for the model to learn meaningful features. 

Let X represents a CT image, where the pixel values 𝑥𝑖 , 𝑗 of the image are distributed among 

an intensity range[𝐼𝑚𝑖𝑛, 𝐼𝑚𝑎𝑥]. 

To normalize the image, the pixel values are converted into standardized range [0,1] or [-1, 1]. 

The standard normalization equation is: 

𝑋𝑖,𝑗
′ =

𝑋𝑖,𝑗 − 𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛
                                                          (1) 

Where 𝑋𝑖,𝑗
′ is the normalized pixel value at position (i, j), 𝑋𝑖,𝑗 is the original pixel value, 𝐼𝑚𝑖𝑛 

and 𝐼𝑚𝑎𝑥 are the minimum and maximum intensity values in the image, respectively. 

This normalization secures that the pixel values of all CT images lies within the identical range, 

diminishing intensity variation. 

1.2.2 Noise Reduction 

CT-like images are often afflicted with noise introduced by scanning artifacts or patient 

motion, substantially challenging accurate tumor segmentation. Noise reduction are tested 

using median Filter. 

Median filtering is a nonlinear filtering technique that extracts noise while protecting edges. 

For each pixel 𝑥𝑖, 𝑗𝑥_[𝑖,𝑗], 𝑥𝑖,𝑗 in the image, the median value of the neighboring pixels is 

computed and used to alter the original pixel value. 

The median-filtered value 𝑥𝑖,𝑗
′ = 𝑚𝑒𝑑𝑖𝑎𝑛 {𝑥𝑖+𝑘,𝑗+𝑙| − 𝑚 ≤ 𝑘, 𝑙 ≤ 𝑚} 
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Where 𝑥𝑖+𝑘,𝑗+𝑙 are the neighboring pixel values within a window of size                                    

(2𝑚 + 1)  × (2𝑚 + 1), the median operation spicks the median value from the sorted list of 

neighbouring pixel values. 

This operation effectively diminishes salt-and-pepper noise while protecting important image 

structures like tumor edges. 

1.2.3 Rescaling 

The dataset contains CT images of multiple resolutions, which may initiate conflation when 

applies to the neural network. For uniformity, images are resized to a standard, usually in 

accordance with the model’s input layer size. 

Let the original size of the image be ℎ × 𝑤 (height h and width w) and the target size be         

ℎ′ × 𝑤′. 

The rescaling process transforms each pixel position (i, j) in the original image X to a new 

position (𝑖′ × 𝑗′) in the resized image 𝑋′ using bilinear interpolation: 

X′(𝑖′, 𝑗′) = ∑ ∑ 𝑋(𝑖, 𝑗) ∙ max(0,1 −| 𝑖′ − 𝑖|  ∙ max(0,1 −| 𝑗′ − 𝑗|

𝑤

𝑗=1

ℎ

𝑖=1

)         (2) 

Where 𝑋′(𝑖′, 𝑗′) is the pixel value in the rescaled image at the position (𝑖′, 𝑗′), 𝑋(𝑖, 𝑗) is the 

pixel value in the original image, Bilinear interpolation involves a weighted average of the 

surrounding pixels to analyze the new pixel values. The image is again created to a standard 

size, securing uniformity across all images in the dataset. 

By estimating these preprocessing steps, it is ensured that the raw data remains consistent, 

standardized, and noise-free, enabling the STSN model to pay attention on learning relevant 

features for precise tumor separation. 

Step 2: Initial Tumor Segmentation Using Stochastic Clustering 

The second step of the proposed Stochastic Tumor Segmentation Network includes the 

application of stochastic-based clustering algorithms to fragment potential tumor areas in 

preprocessed CT images. The initial segmentation provides a base for identifying areas of 
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interest that might imply tumors. Here, Stochastic clustering techniques are inspected, using 

K-Means and explain how the method helps separate the images into distinct regions based on 

intensity values. 

2.1 Stochastic Clustering Algorithm 

Stochastic Clustering, which is simpler and also stochastic due to the random initialization of 

cluster centroids. The Stochastic Clustering algorithm divides the image into K clusters by 

minimizing the sum of squared distances between each pixel and the nearest cluster centroid. 

The objective function for Stochastic Clustering is: 

J =  ∑ ∑ 𝑟𝑖𝑘‖𝑥𝑖 −  𝜇𝑘‖2

𝐾

𝑘=1

𝑛

𝑖=1

                                                         (3) 

Where 𝑟𝑖𝑘 = 1 if pixel xiis assigned to cluster k, 0 otherwise, 𝜇𝑘is the centroid of cluster k, 

‖𝑥𝑖 −  𝜇𝑘‖2is the squared Euclidean distance between pixel xiand centroid 𝜇𝑘. 

The algorithm proceeds iteratively: 

1. Assignment step: Assign each pixel xi to the nearest centroid 𝜇𝑘: 

rik =  {
1, 𝑖𝑓𝑘 = arg 𝑚𝑖𝑛𝑘‖𝑥𝑖 −  𝜇𝑘‖2

0,                                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                         (4) 

2. Update Step: Update the cluster centroids based on the assigned pixels: 

μk =  
∑ 𝑟𝑖𝑘𝑥𝑖

𝑛
𝑖=1

∑ 𝑟𝑖𝑘
𝑛
𝑖=1

                                                         (5) 

The process is repeated until the centroids converge. Stochastic Clustering is sensitive to the 

initial placement of centroids, making it stochastic when initialized randomly. 

2.2 Potential Tumor Region Identification 

After clustering the CT image, the next step is to identify clusters that potentially represent 

tumors. Tumors typically have distinct intensity ranges, and they are located in certain regions 

relative to bone structures. 
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2.2.1 Cluster Selection Based on Intensity 

The clusters obtained from stochastic clustering are examined based on their intensity values. 

Since tumors often exhibit higher or abnormal intensity levels compared to surrounding tissues, 

clusters with intensity values that deviate from the norm are flagged as potential tumor regions. 

Let, Ckrepresent the set of pixels in cluster k, the mean intersity of cluster Ckbe μ (Ck). 

Tumor-like clusters are identified by setting an intensity threshold Tintensity based on prior 

knowledge or statistical analysis of the dataset: 

Ck𝑖𝑠𝑎𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝑡𝑢𝑚𝑜𝑟𝑟𝑒𝑔𝑖𝑜𝑛𝑖𝑓μ (Ck) > 𝑇𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦                      (6) 

2.2.2 Cluster Selection Based on Spatial Location 

In addition to intensity, the spatial location of the clusters relative to the bone structure can be 

used to refine the tumor selection process. For example, clusters that are too far from the bone 

or located in irrelevant regions (e.g., air or soft tissue) can be discarded. 

Let S(Ck) be the spatial location of cluster 𝐶𝑘, and let D (Ck, 𝐵) be the distance between cluster 

Ckand the bone region B. Tumor regions are often located close to the bone, so a spatial 

threshold Tspatialis applied: 

Ck𝑖𝑠𝑎𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝑡𝑢𝑚𝑜𝑟𝑟𝑒𝑔𝑖𝑜𝑛𝑖𝑓𝐷(𝐶𝑘, 𝐵) < 𝑇𝑠𝑝𝑎𝑡𝑖𝑎𝑙                   (7) 

2.2.3 Elimination of False Positives 

Once the clusters are identified as potential tumor regions based on intensity and spatial 

location, further refinements can be made by eliminating regions that do not meet certain shape, 

size, or texture thresholds. For instance, very small clusters or clusters with irregular textures 

may be considered noise or artifacts. 

The final set of potential tumor regions is: 

Ctumor = {𝐶𝑘|μ (Ck) > 𝑇𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑎𝑛𝑑𝐷(𝐶𝑘, 𝐵) < 𝑇𝑠𝑝𝑎𝑡𝑖𝑎𝑙𝑎𝑛𝑑𝑚𝑒𝑒𝑡𝑠𝑠𝑖𝑧𝑒/ 𝑡𝑒𝑥𝑡𝑢𝑟𝑒𝑐𝑟𝑖𝑡𝑖𝑎}        (8) 
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These equations and methods allow for the initial segmentation of tumor regions, which can be 

further refined in subsequent steps of the STSN model. 

Step 3: Feature Extraction Using Multi-Scale Residual Learning 

 The STSN support multi-scale residual learning to estimate features from different resolution 

levels. By utilizing Convolutional Neural Networks (CNNs) with multi-scale residual blocks 

as shown in Figure 2, the model is capable of expressing both coarse, global context and fine, 

detailed features of the tumor regions identified in the previous step. The residual learning 

framework helps alleviate the gradient vanishing and network degradation problems, allowing 

the network to learn task-related representations in CT images while dismissing unrelated or 

noisy representation information. 

 

Figure 2: Multi-Scale Residual Learning 
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3.1 Multi-Scale Feature Extraction 

To efficiently calculate the features at dissimilar resolutions A CNN is utilized, incorporating 

multi-scale residual blocks. These blocks ease the model to learn description from varying 

levels of detail while managing strong architecture. 

3.1.1 Convolutional Neural Network  

The key factor of feature extraction is based on convolutional operations that show input 

images through a sequence of layers. For a given input image 𝐼, the output feature map 𝐹 after 

applying a convolutional layer can be expressed as: 

𝐹 =  𝜎 (𝑊 ∗ 𝐼 + 𝑏 )                                                         (9) 

Where W represents the convolutional kernel (filter), * denotes the convolution operation, b is 

the bias term, 𝜎 and is an activation function (e.g., ReLU). 

3.1.2 Multi-Scale Residual Blocks 

Multi-scale residual blocks are initiated to represent features at different scales effectively. 

Each block has multiple convolutional layers with differing kernel sizes, enabling the model to 

learn coarse and fine features simultaneously. 

The output of a residual block can be represented as follows: 

𝐹𝑜𝑢𝑡 =  𝐹(𝐼) + 𝐼                                                         (10) 

Where, 𝐹𝑜𝑢𝑡 is the output feature map of the residual block, 𝐹 (𝐼) is the transformation enforced 

to the input I through a series of convolutional layers. 

This formulation secures that the original input 𝐼 is added back to the modified features 

𝐹(𝐼)\𝑚𝑎𝑡ℎ𝑐𝑎𝑙{𝐹}(𝐼)𝐹(𝐼), enabling for better gradient flow during backpropagation and 

addressing the degradation problem associated with deep networks. 

To evaluate multi-scale feature extraction, several parallel branches within the residual block 

are described. each processing the input I using various kernel sizes k (e.g., k=3,5,7): 

𝐹𝑘 =  𝜎(𝑊𝑘  ∗ 𝐼 + 𝑏𝑘)𝑓𝑜𝑟𝑘𝜖 {3, 5, 7}                                                         (11) 
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The final output of the multi-scale residual block can be obtained by connecting the outputs 

from the different scales: 

𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒 = 𝑐𝑜𝑛𝑐𝑎𝑡 (𝐹3, 𝐹5, 𝐹7)                                                         (12) 

This combination enables the model to accumulate features from different resolutions 

effectively. 

3.2 Context-Aware Segmentation 

Once multi-scale features are evaluated, the next step is to allow context-apprehensive 

segmentation. The process secures that model not only analyzes individual tumor regions but 

also realizes their overall context within the CT scan, thus varying tumors from healthy bone 

tissue. 

3.2.1 Global Context Feature Extraction 

An additional pathway is used to manage context by capturing global features. It  can be 

achieved by applying global average pooling on the feature map 𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒 (𝑖,𝑗): 

Fglobal =  
1

𝐻 × 𝑊
∑ ∑ 𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒 (𝑖,𝑗)

𝑊

𝑗=1

𝐻

𝑖=1

                                                         (13) 

Where H and W are the height and width of the feature map, 𝐹𝑔𝑙𝑜𝑏𝑎𝑙represent the aggregated 

context features. 

The global context features can be added with the multi-scale features to enhance the model’s 

ability to distinguish between tumor and healthy tissue: 

Ffinal = 𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒 + 𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒 (𝐹𝑔𝑙𝑜𝑏𝑎𝑙)                                                         (14) 

Here, the global context features are extended to match the spatial dimensions of the multi-

scale feature map, enabling an effective integration of global and local features. 

Step 4: Double Attention Mechanism for Feature Refinement 

The fourth step in the STSN involves implementing a Double Attention Mechanism to refine 

the tumor segmentation results. The mechanism consists of two types of attention: spatial 
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attention and channel attention as shown in Figure 3. Both help the model focus on the most 

relevant features and regions, improving the segmentation accuracy of bone tumors in noisy 

CT images. 

 

Figure 3: Double Attention Mechanism 

4.1 Spatial Attention 

Spatial Attention focuses on highlighting the most important regions within the feature maps 

that correspond to the tumor areas. By emphasizing relevant regions, the model can ignore 

background noise and other non-essential information. 

1. Spatial Attention Calculation: 

• Let Fmulti−scale be the feature map obtained from the previous step. 

• Compute the spatial attention map Aspatialusing a convolutional layer followed by 

a softmax activation to ensure the attention weights sum to 1: 
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Aspatial = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑠  ∗ 𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒)                                                         (15) 

Where, Wsrepresents the weights of the convolutional kernel used to compute spatial attention, 

* denotes the convolution operation. 

2. Applying Spatial Attention: 

The refined feature map Frefinedis obtained by multiplying the orignal feature map 

𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒 with the spatial attention map Aspatial: 

Frefined = 𝐴𝑠𝑝𝑎𝑡𝑖𝑎𝑙  ⊙ 𝐹𝑚𝑢𝑙𝑡𝑖−𝑠𝑐𝑎𝑙𝑒                                                         (16) 

This process allows the model to focus on important tumor regions while diminishing the 

influence of irrelevant background areas. 

4.2 Channel Attention 

Channel Attention identifies which feature channels contain the most important information 

for distinguishing tumor tissue from normal bone tissue. By adjusting the weights of different 

channels, the model can enhance the features that are more indicative of tumor presence. 

1. Channel Attention Calculation: 

• Let Frefined be the feature map after applying spatial attention. Compute the channel 

attention map 𝐴𝑐ℎ𝑎𝑛𝑛𝑒𝑙by first performing global average pooling followed by a 

feedforward neural network: 

z = GlobalAvgPool (Frefined)                                                         (17) 

• The channel attention weights Achannelcan be computer as: 

Achannel =  𝜎 (𝑊𝑐𝑧)                                                         (18) 

Where, Wc is the weights of the feedforward neural network, 𝜎is the activation 

function (e.g., sigmoid) that ensures the output is in the range [0, 1]. 

 

2. Applying Channel Attention: 

The final refined feature map 𝐹𝑓𝑖𝑛𝑎𝑙 is obtained by multiplying the refined feature map 

Frefined with the channel attention weights Achannel: 
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Ffinal = 𝐴𝑐ℎ𝑎𝑛𝑛𝑒𝑙 ⊙ 𝐹𝑟𝑒𝑓𝑖𝑛𝑒𝑑                                                         (19) 

This step allows the model to focus on the most relevant feature channels, enhancing the 

model’s ability to distinguish between tumor and normal tissues. 

STSN has a Double Attention Mechanism that help the network to pay attention to greedy 

feature maps that relevant to the object's decision in the feature space and also focuses on 

dimensions in channel attentions and grasp certain color deep features which are important for 

the cleansing of noise and variability in CT image segmentation tasks. 

Step 5: Tumor Boundary Refinement Using Markov Random Fields (MRF) 

Here, it is used a Markov Random Fields to refine the tumor boundaries obtained from the 

first segmentation. To ensure that segmented tumor regions maintain sharp and precise edges, 

the process improves the overall accuracy of tumor delineation in CT images. 

5.1 MRF-Based Smoothing 

Markov Random Fields are random graphical models that attach to the neighborhood relations 

between pixels. MRF smooths the segmented boundaries of the tumor by assuming the 

interactions between neighboring pixels and diminishes the effect of noise. 

1. MRF model Definition: 

In the MRF framework, a set of variables X is defined to represent the pixel labels. 

(tumor or background) of an image. Each variable 𝑋𝑖corresponds to a pixel i in the 

image. The joint probability distribution over all variables is given by: 

P(X) =
1

𝑍
∏ 𝜓𝑐(𝑋𝑐)

𝑐 ∈𝐶

                                                         (20) 

𝑊ℎ𝑒𝑟𝑒, Z is the normalization constant (partition function), C is the set of cliques (groups of 

neighboring pixels), 𝜓𝑐
(𝑋𝑐)is the potential function associated with clique c, which encrypts 

the interactions between the pixels in that clique. 

2. Smoothing the Tumor Boundaries: 
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The potential function typically motivates neighboring pixels to have similar labels, 

leading to smoother boundaries. For example, a common choice is the Gaussian 

potential: 

𝜓𝑐(𝑋𝑖, 𝑋𝑗) = exp (−
(𝑋𝑖 − 𝑋𝑗)

2

2𝜎2
)                          (21) 

Where, 𝑋𝑖 𝑎𝑛𝑑 𝑋𝑗 are the labels of neighboring pixels i and j, 𝜎control the smoothness. 

Using above formulation, the MRF model assures configurations where neighboring pixels are 

labeled exactly, resulting in smoother boundaries for tumor segmentation. 

5.2 Regularization 

Regularization is an important aspect of MRF that prevents over-segmentation and helps to 

secure that unrelated regions are not included in the segmented output. It achievesby combining 

a penalty for labelling too many regions or including noise in the segmentation.Regularization 

Term: 

The regularization term can be incorporated into the optimization objective as follows: 

E(X) =  − log(𝑃(𝑋)) +  𝜆 𝑅(𝑋)                                                         (22) 

where, E(X) is the energy of the segmentation configuration X, R(X) is the regularization term, 

which penalizes complex segmentations (e.g., too many regions), 𝜆 is a weighting factor that 

captures the importance of the regularization relative to the data term. 

1. Regularization Implementation: 

A common choice for R(X) is the total variation (TV) regularization, which motivates 

smoothness in the labeling: 

R(X) =  ∑ |𝑋𝑖 − 𝑋𝑗|
(𝑖,𝑗)𝜖 𝑁

                                                         (23) 

Where N is the set of neighboring pixel pairs, by maximizing the energy function E(X), the 

model clarifies the tumor boundaries while maintaining the complexity of the segmentation, 

leading to accurate delineation of the tumor region. 
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By engaging the MRF framework for boundary refinement, the Stochastic Tumor 

Segmentation Network achieves easier and more precise tumor boundaries, improving the 

overall fragmentation quality in noisy CT images. 

Algorithm 1: Stochastic Tumor Segmentation Network  

Data: Noisy CT image I 

Result: Segmented tumor regions S 

initialization; // Initialize parameters and variables 

while not end of I do 

I_pre = Denoise(I);                         // Step 1: Denoise the image 

I_pre = Normalize(I_pre);                   // Step 2: Normalize the image 

    // Step 3: Initial Tumor Segmentation using Stochastic K-Means Clustering 

    K = InitializeClusterCenters();              // Adaptive initialization 

    while not converged do 

        for each pixel p in I_pre do 

            Assign p to closest cluster center;  // Assign pixels to clusters 

        end for 

        Update cluster centers based on assignments; // Update the centers 

    end while 

    // Step 4: Dual Focus Mechanism for Feature Learning 

F_multi_scale = ApplyMultiScaleFeatures(I_pre); // Extract features 

F_focus = ApplyDualFocusMechanism(F_multi_scale); // Enhance features 

    // Step 5: Tumor Boundary Refinement Using MRF 

    X = InitializeLabels(F_focus);               // Initialize labels for MRF 

    E(X) = ComputeEnergyFunction(X);              // Define energy function 

    Optimize E(X) using MRF;                      // Optimize the energy function 

    // Step 6: Output Segmentation 

    S = ExtractSegmentedRegions(FinalOutput);     // Extract final tumor regions 

end while 

return S; // Return the segmented tumor regions 

The above STSN algorithm is designed to segment tumor regions from noisy CT images 

effectively. It begins by denoising and normalizing the input image to prepare it for analysis. 

Using Stochastic K-Means Clustering, the algorithm identifies initial tumor regions by 

adaptively initializing cluster centers and iterating until convergence, where each pixel is 

assigned to the closest cluster. Following this, a Dual Focus Mechanism enhances feature 

learning through multi-scale feature extraction, emphasizing critical areas for improved tumor 

boundary detection. The algorithm then refines these boundaries using MRF by initializing 

labels and optimizing an energy function to ensure accurate segmentation. Ultimately, the 

STSN outputs the segmented tumor regions, enhancing diagnostic accuracy and supporting 

clinical applications. 

4 RESULTS AND DISCUSSIONS 

4.1 Dataset Description 
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The data are collected from https://www.kaggle.com/datasets/antimoni/bone-tumor. It contains 

labelled images of various tumor types to develop and test state-of-the-art segmentation 

algorithms, as well as diagnostic models for the case. More than this, each image is also well 

annotated to ease the task of identifying tumor regions making it a supply for machine learning 

and deep learning applications in medical imaging. The dataset is designed to augment the 

knowledge on bone tumors and increase diagnostic accuracy, thereby contributing 

indispensably for practitioners of automated systems in clinical environments. It is an important 

resource for researchers who need to reach new state-of-the-art in the problem of identifying 

and delineating tumor tissue from noisy imaging situations. 

4.2 Experimental Analysis 

To evaluate the performance of the STSN, a comprehensive set of experiments is conducted 

using a dataset of CT images containing labelled bone tumors as given in Table 1. The dataset 

is divided into training (70%), validation (15%), and test (15%) sets to ensure robust 

performance evaluation. The experiments focused on measuring segmentation accuracy, 

computational efficiency, and the model's ability to handle noise and variability in tumor 

appearance. 

Table 1: Experimental Results 

Input Image 

 

Preprocessing 

Stages 

 

Feature Extraction 

 

https://www.kaggle.com/datasets/antimoni/bone-tumor
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Classification 

Model 

 

4.3 Performance Metrics 

The following metrics are used to evaluate the performance of the proposed model: 

• Dice Coefficient (DC): Measures the overlap between the predicted segmentation and 

the ground truth. 

DC =
2|A ∪ B|

|𝐴| + |𝐵|
                                                         (24) 

Where A is the predicted segmentation and B is the ground truth. 

• Jaccard index (JI): Another overlap measure defined as: 

JI =  
|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
                                                         (25) 

• Specificity: The ability of the model to identify actual negative cases 

Specificity =
TN

𝑇𝑁 + 𝐹𝑃
                                                         (26) 

The STSN model demonstrated superior performance in segmenting bone tumors compared to 

traditional segmentation methods. The quantitative results are summarized in Table 2. 

Table 2: Comparison of Quantitative Results  

Metric STSN VSMN  SEAGNET 

Dice Coefficient 0.96 0.92 0.91 

Jaccard Index 0.92 0.89 0.86 

Specificity 0.95 0.92 0.91 

Table 2 gives quantitative comparison of performance metrics for STSN versus another two 

models: VSMN and SEAGNET. The models are evaluated based on metrics such as the Dice 

Coefficient, Jaccard Index and Specificity. The STSN model shows best performance on all 
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metrics having a Dice Coefficient of 0.96, Jaccard value as 0.92 and specificity amounting to 

0.95 which highlights the segmentation accuracy plus false positive reduction capacity in 

identification of necessary regions. In contrast to STSN, VSMN exhibits a correspondence 

between accuracy and reliability with slightly lower values of the Dice Coefficient (0.92), 

Jaccard Index (0.90) and Specificity (0.91). Among the three, The SEAGNET model achieves 

the smallest values with a Dice Coefficient of 0.91, Jaccard Index 0.86 and Specificity 

respectively at 0.91 implying it has still good performance but differs from STSN & VSMN in 

terms of segmentation as well True Negative rate (Table4). On the whole, STSN performs 

better in comparison with other models for all metrics evaluated. 

Table 3: Comparison of Performance Evaluation 

Model Accuracy Precision Recall F1-Score 

STSN 97.42 97.40 97.45 97.42 

VSMN 97.08 97.10 97.05 97.08 

SEAGNET 96.70 96.65 96.75 96.70 

U-Net 95.24 95.30 95.20 95.25 

LB-FCN 94.87 94.90 94.85 94.87 

FCNN-4s 93.31 93.40 93.25 93.32 

BoneNet 93.03 93.10 93.00 93.05 

Seg-Unet 92.05 92.10 92.00 92.05 

 

Table 3 provides a comparison of the performance evaluation metrics for several models, 

including STSN [Proposed], VSMN, SEAGNET, U-Net, LB-FCN, FCNN-4s, BoneNet, and 

Seg-Unet. The metrics used for evaluation include Accuracy, Precision, Recall, and F1-Score. 

The STSN model achieves the highest performance, with an Accuracy of 97.42, Precision of 

97.40, Recall of 97.45, and F1-Score of 97.42, indicating its overall superior performance.  
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The STSN model leads with an accuracy of 97.42%, followed closely by VSMN at 97.08% 

and SEAGNETat 96.70%. U-Net and LB-FCN show moderate performance with accuracies of 

95.24% and 94.87%, respectively. The lower-performing models, FCNN-4s,BoneNet, and 

Seg-Unet, have accuracies ranging from 93.31% to 92.05%. 

 

 

Similar to accuracy, STSN also achieved the highest precision at 97.40%, with VSMN closely 

following at 97.10%. SEAGNET exhibits a precision of 96.65%, while U-Net and LB-FCN 

show slightly lower precision values of 95.30% and 94.90%, respectively. The precision values 
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for FCNN-4s, BoneNet, and Seg-Unet decrease further, indicating lower reliability in 

predicting positive instances. 

 

 

The recall metric mirrors the trends seen in accuracy and precision, with STSN again leading 

at 97.45%. VSMN follows with a recall of 97.05%, while SEAGNET has a recall of 96.75%. 

U-Net and LB-FCN report recall values of 95.20% and 94.85%, respectively. FCNN-4s, 

BoneNet, and Seg-Unet have the lowest recall values, emphasizing their limitations in correctly 

identifying positive instances. 

 

 

The F1-Score, which balances precision and recall, reflects similar performance trends. STSN 

achieves an F1-Score of 97.42%, followed by VSMN at 97.08% and SEAGNET at 96.70%. 

U-Net and LB-FCN report F1-Scores of 95.25% and 94.87%, respectively. The lower-

performing models—FCNN-4s,BoneNet and Seg-Unet —exhibit F1-Scores ranging from 

93.32% to 92.05%. 
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The results show that our STSN model surpasses the conventional segmentation approach due 

to stochastic clustering, multi-scale residual learning and attention mechanisms. These parts 

allow the model to flexibly assimilate data regarding a variety of tumor appearances and 

context, contributing to improved segmentation precision. 

5 CONCLUSIONS 

The Stochastic Tumor Segmentation Network, the proposed methodology provides an effective 

solution for accurate bone tumor segmentation from noisy CT images, overcoming common 

challenges including noise disturbance, irregular tumor geometry, and varying tissue 

coarseness.It provides a fast and adaptable adaptive initialization of region and channel 

dimension varying from the integration of stochastic-based clustering, a multiscale refinement 

method and intentness-guided feature eradication with STSN following the base of detection 

unification. The Dual focus mechanism and Multi-Scale Refinement method help to enhance 

the visibility of tumor boundaries and reduce artifacts to a great extent, and the Markov 

Random Fields-based probabilistic refinement step attains 97.42% segmentation accuracy. 

Extensive evaluations performed on several CT scan datasets show significant performance 

gains when compared with traditional segmentation methods, demonstrating the effectiveness 

of STSN in handling noisy medical images. Further studies should involve more 

heterogeneous datasets, ranging across different imaging modalities, to assess the 

generalizability of the proposed model. 
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