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Abstract 

Accurate segmentation and staging of pulmonary tumors from computed tomography (CT) images are fundamental for 

early diagnosis, prognosis evaluation, and treatment planning in lung cancer management. This study introduces a 

Hybrid Spectral–K-Means Clustering Framework that synergistically combines the boundary-preserving characteristics 

of Spectral Clustering with the centroid refinement capabilities of K-Means, enabling precise delineation of 

heterogeneous tumor regions. 

A dataset of 100 Preprocesses lung CT images was Analyzed using a fixed cluster parameter (k = 8) to ensure consistent 

comparison across unsupervised clustering algorithms, including K-Means, Hierarchical, Gaussian Mixture Model 

(GMM), Spectral Clustering, and the proposed Hybrid Spectral–K-Means method. Evaluation was performed using 

standard quantitative metrics: Silhouette Score, Calinski–Harabasz Index, Davies–Bouldin Index, runtime, memory 

usage, and segmentation accuracy. 

The Hybrid model achieved superior performance, recording the highest accuracy (95.8%), Silhouette Score (0.5753), 

and Calinski–Harabasz Index (19,378.03), along with the lowest Davies–Bouldin Index (0.3655). Additionally, the 

model maintained a low runtime (0.04 s) and minimal memory footprint (800 KB). Tumor staging inferred from 

segmented tumor area analysis revealed a clinical distribution of Stage I (40%), Stage II (27%), Stage III (13%), and 

Stage IV (20%). 

These findings demonstrate that the Hybrid Spectral–K-Means framework offers a robust, interpretable, and 

computationally efficient unsupervised segmentation approach. It substantially enhances tumor boundary precision and 

stage estimation accuracy, laying the groundwork for AI-assisted diagnostic systems and radiomics-based lung cancer 

analysis. 
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1.Introduction 

Lung cancer remains the leading cause of cancer-related mortality worldwide, accounting for approximately 1.8 million 

deaths annually. Early diagnosis and accurate tumor segmentation from Computed Tomography (CT) images are 

critical for improving treatment outcomes, guiding surgical planning, and supporting prognosis estimation. However, 

manual delineation of tumor boundaries is time-consuming, subjective, and highly dependent on radiologist expertise. 

Consequently, automated image segmentation techniques have emerged as indispensable tools in computer-aided 

diagnosis (CAD) systems for pulmonary oncology. 
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Among existing approaches, unsupervised clustering algorithms such as K-Means, Hierarchical, Gaussian Mixture 

Model (GMM), and Spectral Clustering have been extensively utilized for medical image segmentation due to their 

simplicity, interpretability, and ability to group pixels with similar intensity distributions. Despite their popularity, 

traditional clustering algorithms encounter several limitations when applied to medical imaging. K-Means often fails to 

capture non-linear intensity variations and is sensitive to initialization; Hierarchical clustering is computationally 

expensive and prone to noise; GMM assumes Gaussian data distributions that may not represent heterogeneous tumor 

textures; and Spectral Clustering, though effective in preserving spatial boundaries, incurs substantial computational 

cost due to eigen decomposition. 

To address these limitations, this study introduces a Hybrid Spectral–K-Means Clustering Framework, which 

integrates the global boundary-preserving capability of Spectral Clustering with the local refinement strength of 

K-Means. This hybridization enhances segmentation precision by leveraging spectral embeddings for non-linear feature 

mapping followed by centroid optimization in the K-Means stage. The result is a robust segmentation pipeline capable 

of maintaining high structural fidelity while reducing noise sensitivity and computational overhead. 

The proposed hybrid framework is evaluated on a dataset of 100 preprocessed lung CT images, using a fixed cluster 

parameter (k = 8) to ensure uniformity in comparative assessment. Performance is quantitatively analyzed using 

Silhouette Score, Calinski–Harabasz Index, Davies–Bouldin Index, runtime, memory usage, and segmentation 

accuracy. Furthermore, the study extends its analysis to tumor staging, estimating clinical stages based on segmented 

tumor area percentages, thereby linking image-based segmentation metrics to clinically interpretable outcomes. 

In summary, this work contributes to the field of medical image analysis by: 

1. Proposing a hybrid unsupervised clustering model combining Spectral and K-Means clustering for enhanced 

tumor segmentation; 

2. Providing a comprehensive comparative evaluation against conventional clustering algorithms; and 

3. Establishing a connection between segmentation performance and clinical tumor staging for pulmonary 

cancer detection. 

The following sections describe the related literature, methodology, experimental setup, results, and 

discussion highlighting the clinical and computational advantages of the proposed Hybrid Spectral–K-Means 

framework. 

2. Related Work 

Unsupervised clustering techniques have long been used for medical image segmentation due to their simplicity and 

interpretability. Early comparative studies contrasted centroid-based methods such as K-Means with probabilistic 

models like Gaussian Mixture Models (GMM), showing that GMMs often better handle overlapping intensity 

distributions while K-Means provides computational simplicity and speed [1], [2]. Several recent works applied and 

extended these classical algorithms specifically to thoracic CT and pulmonary nodule segmentation, demonstrating 

acceptable performance when combined with careful preprocessing and region-of-interest extraction [3], [4]. 

Spectral clustering has attracted attention in medical imaging for its ability to preserve non-linear boundaries and capture 

manifold structure inherent in tissue appearance. Empirical studies reported improved boundary adherence and reduced 

fragmentation for lesion delineation compared with K-Means, albeit at a higher computational cost due to eigen 

decomposition of large affinity matrices [5]–[7]. To mitigate the cost and memory demands of spectral methods, recent 

research has advocated the use of sparse affinity representations, graph coarsening, and spectral embedding on 

superpixels rather than on full-resolution pixel graphs [8]–[10]. 

Hybrid and ensemble clustering frameworks aim to combine complementary strengths of individual algorithms. 

Hybridization strategies frequently pair a boundary-aware algorithm (e.g., spectral or graph-based methods) with a fast 

refinement method (e.g., K-Means) to produce compact, well-separated clusters with good boundary preservation; this 

paradigm underpins several state-of-the-art unsupervised segmentation pipelines in oncology imaging [11]–[13]. 
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Ensemble clustering — aggregating multiple clusterings through consensus mechanisms — has likewise demonstrated 

improved robustness to initialization and noise for CT segmentation tasks [14], [15]. 

Probabilistic and model-based approaches such as GMM and variational mixture models remain relevant for medical 

applications where intensity inhomogeneity and partial-volume effects are common. Extensions that integrate spatial 

priors (e.g., Markov Random Fields) or contextual features (e.g., texture descriptors, radiomic features) have been shown 

to reduce spurious fragmentation and better capture lesion morphology [16], [17]. Several studies compared these model-

based methods to clustering baselines and found that hybrid pipelines that incorporate probabilistic modeling can yield 

gains in segmentation accuracy [18]. 

Evaluation methodology in medical segmentation has also evolved. In addition to pixel-level similarity metrics (Dice, 

IoU), clustering-oriented indices such as Silhouette, Calinski–Harabasz, and Davies–Bouldin have been used to quantify 

cluster quality in an unsupervised setting [19]. Beyond segmentation accuracy, computational considerations (runtime 

and memory usage) are increasingly emphasized, especially for pipelines intended for batch processing or integration 

into clinical workflows [5], [8]. 

Finally, linking segmentation outputs to clinically interpretable outcomes such as tumor staging and radiomics features 

is an emerging trend. Several works have used segmentation-derived morphological features (tumor area, volume, shape 

descriptors) as heuristics or inputs for staging estimation and prognostic modeling, stressing the importance of reliable, 

reproducible segmentation as the foundation for downstream clinical analytics [20]. Our work situates itself at the 

intersection of these streams: we adopt a hybrid spectral + K-Means design to obtain robust tumor delineation, evaluate 

cluster quality with clustering-specific indices and clinically relevant accuracy, and demonstrate staging estimates 

derived from segmentation outputs. 

 

3. Existing Work 

Conventional segmentation of lung CT images using unsupervised clustering has primarily relied on algorithms such as 

K-Means, Hierarchical Clustering, Gaussian Mixture Models (GMM), and Spectral Clustering. 

Each method offers distinct advantages but also exhibits significant limitations in clinical applications. 

K-Means clustering is widely adopted for its computational efficiency and conceptual simplicity, grouping pixels based 

on intensity proximity [1], [3]. However, it assumes spherical cluster geometry and uniform variance, making it 

ineffective in capturing non-linear intensity variations and irregular tumor morphologies. Hierarchical clustering, 

though capable of building multi-level segmentation hierarchies, is computationally expensive and highly sensitive to 

noise, often leading to over-segmentation in heterogeneous lung regions [4]. 

GMM-based segmentation introduces probabilistic modeling to represent overlapping tissue intensities and complex 

gray-level distributions [2], [16]. While GMM can improve accuracy, it depends heavily on proper initialization and is 

prone to convergence at local optima, especially in high-dimensional CT data. 

Spectral Clustering, on the other hand, utilizes eigen decomposition of the affinity matrix to reveal non-linear 

relationships between data points [5], [7]. Its strength lies in preserving tumor boundaries and capturing manifold 

structures that linear algorithms fail to detect. However, full-scale spectral analysis is computationally demanding, 

requiring large memory resources and longer processing times, which restricts its application to high-resolution medical 

datasets [8], [9]. 

Several studies have attempted to hybridize or ensemble multiple clustering techniques to overcome individual 

shortcomings. For instance, combining K-Means with Fuzzy C-Means or Spectral Clustering has demonstrated 

improved segmentation accuracy but at the expense of higher computational complexity [11], [12]. Despite these 

advances, most existing frameworks struggle with achieving a balance between segmentation accuracy, 
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computational efficiency, and boundary precision. Moreover, few works have directly linked clustering-based 

segmentation to tumor staging or clinical interpretability. 

Hence, the existing body of research reveals an open gap: there is a need for an unsupervised segmentation approach 

that maintains high accuracy and strong boundary delineation while remaining computationally efficient and capable 

of supporting tumor staging analysis — which is precisely the objective of the proposed Hybrid Spectral–K-Means 

framework. 

4. Proposed Work 

To address the limitations observed in existing clustering algorithms, this study introduces a Hybrid Spectral–K-Means 

Clustering Framework for automated segmentation and staging of pulmonary tumors in CT imaging. The proposed 

model combines the non-linear mapping strength of Spectral Clustering with the centroid optimization capability 

of K-Means, resulting in improved tumor boundary delineation, noise robustness, and computational efficiency. 

4.1 Framework Overview 

The framework consists of the following major stages: 

1. Data Preprocessing: 

All CT images are converted to grayscale and resized to 256×256 pixels. 

Gaussian filtering is applied to suppress noise, followed by contrast-limited adaptive histogram 

equalization (CLAHE) for intensity normalization and contrast enhancement. 

2. Spectral Embedding: 

A similarity (affinity) matrix is computed using the RBF kernel, capturing non-linear relationships among 

pixels. The Laplacian matrix is then derived, and eigen decomposition is performed to obtain the top k 

eigenvectors representing spectral features. This step preserves complex anatomical structures and tumor 

boundaries. 

3. K-Means Refinement: 

The spectral feature vectors are fed into K-Means clustering to refine cluster centroids. This step ensures 

compact intra-cluster distributions and sharp inter-cluster separation while reducing computational cost. 

4. Cluster Evaluation and Tumor Selection: 

From the k = 8 clusters, the cluster corresponding to the tumor region is selected based on mean intensity, 

compactness, and spatial connectivity criteria. 

5. Performance Evaluation: 

The segmentation output is quantitatively assessed using Silhouette Score, Calinski–Harabasz Index, 

Davies–Bouldin Index, runtime, memory usage, and segmentation accuracy. The Hybrid method achieved 

the best results across all metrics, with accuracy exceeding 95%. 

6. Tumor Staging Estimation: 

Tumor area percentage is computed relative to total lung area. Heuristic thresholds are applied to classify 

stages: 

 

o Stage I: <2% tumor area 

o Stage II: 2–5% 

o Stage III: 5–10% 

o Stage IV: >10% 

The distribution obtained — Stage I (40%), Stage II (27%), Stage III (13%), Stage IV (20%) — 

aligns well with typical clinical data, demonstrating the method’s interpretability. 

4.2 Advantages of the Proposed Framework 
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• Enhanced Boundary Preservation: 

Spectral embedding ensures that the cluster boundaries follow anatomical contours, minimizing over-

segmentation. 

• High Accuracy and Robustness: 

The combination of spectral and centroid-based clustering improved segmentation accuracy to 95.8%, 

outperforming all baseline methods. 

• Computational Efficiency: 

Despite using spectral components, runtime was significantly reduced (0.04 s/image) through dimensionality 

reduction and efficient centroid refinement. 

• Clinical Relevance: 

Integration of area-based staging estimation transforms the segmentation output into clinically meaningful 

diagnostic insights, facilitating AI-assisted radiomic analysis. 

 

 

5.Methodology  

The proposed Hybrid Spectral–K-Means Clustering Framework was designed to achieve accurate 

segmentation and stage estimation of pulmonary tumors from CT images. 

The methodological pipeline consists of six major phases: Input Image Acquisition and Preprocessing, Feature 

Extraction and Affinity Matrix Construction, Spectral Embedding via Graph Laplacian Decomposition, K-

Means Centroid Refinement in Spectral Space, Tumor Region Identification and Staging Estimation, and 

Quantitative Evaluation and Performance Analysis. 

5.1 Input Image Acquisition and Preprocessing 

A dataset comprising 100 grayscale lung CT images was utilized for experimental analysis. All images were resized 

to 256×256 pixels and normalized to a common intensity scale within [0,1]. Preprocessing was performed to enhance 

image quality and suppress noise while preserving edge information. 

1. Noise Reduction: Gaussian filtering (σ = 1.0) was applied to remove random noise and scanner artifacts. 
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2. Contrast Enhancement: Contrast-Limited Adaptive Histogram Equalization (CLAHE) was employed to 

enhance visibility of low-intensity nodules. 

3. Normalization: Pixel values were rescaled to stabilize clustering convergence and reduce intensity bias across 

scans. 

These operations ensured that all images shared a consistent intensity distribution, which is critical for stable 

clustering behavior. 

5.2 Feature Extraction and Affinity Matrix Construction 

Each preprocessed image was transformed into a one-dimensional feature vector X = [𝑥1, 𝑥2, … , 𝑥𝑛], where 

ndenotes the total number of pixels. 

A similarity (affinity) matrix W ∈ R𝑛×𝑛was constructed using the Radial Basis Function (RBF) kernel: 

 

𝑊𝑖𝑗 = exp⁡(−
∣∣ 𝑥𝑖 − 𝑥𝑗 ∣∣

2

2𝜎2
) 

 

Here, 𝑊𝑖𝑗quantifies the degree of similarity between pixels 𝑥𝑖and 𝑥𝑗, with σcontrolling the scale of neighborhood 

sensitivity. 

This matrix models both local intensity similarity and global spatial connectivity, enabling effective representation 

of anatomical structures such as tumor regions, airways, and healthy tissue. 

5.3 Spectral Embedding via Graph Laplacian Decomposition 

To address non-linear intensity variations within tumor regions, the image data were mapped into a spectral feature 

space using Graph Laplacian Decomposition. 

The unnormalized Laplacian matrix Lis defined as: 

𝐿 = 𝐷 −𝑊,where 𝐷𝑖𝑖 =∑

𝑗

𝑊𝑖𝑗 

The normalized Laplacian is given by: 

𝐿𝑛𝑜𝑟𝑚 = 𝐷−1/2L𝐷−1/2 

Eigen decomposition of 𝐿𝑛𝑜𝑟𝑚yields the smallest k eigenvectors, forming the matrix U = [𝑢1, 𝑢2, … , 𝑢𝑘]. 

Each row of Urepresents a pixel’s coordinates in the spectral domain. 

This embedding captures the intrinsic manifold structure of the CT image, effectively preserving tumor boundaries and 

spatial continuity that traditional clustering methods cannot model in the raw intensity domain. 

5.4 K-Means Centroid Refinement in Spectral Space 

The transformed spectral embeddings were clustered using K-Means, which partitions data by minimizing the 

objective function: 

𝐽 =∑     ∑ ∥

𝑥𝑗∈𝐶𝑖

𝑘

𝑖=1

𝑥𝑗 − 𝜇𝑖 ∣∣
2 

 

where 𝐶𝑖represents the i-th cluster and μ𝑖its centroid. 
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The number of clusters was fixed at k = 8 for all algorithms to maintain uniform evaluation. 

Operating in the spectral space enables K-Means to efficiently form compact, well-separated clusters that correspond to 

distinct anatomical regions in the lung, such as parenchyma, airways, and tumor tissues. 

This hybrid integration merges Spectral Clustering’s non-linear boundary mapping with K-Means’ computational 

simplicity, achieving both segmentation precision and efficiency. 

5.5 Tumor Region Identification and Staging Estimation 

After clustering, the segmented image is reconstructed by mapping the cluster labels back to their corresponding 

spatial coordinates. 

The tumor cluster is identified automatically based on the following criteria: 

• Highest mean intensity 

• Compact spatial connectivity 

• Distinct contrast from the surrounding parenchyma 

The tumor area percentage is computed as: 

Tumor Area (%) =
Tumor Pixels

Total Lung Pixels
× 100 

 

Tumor staging estimation is performed using a heuristic area-based approach: 

• Stage I: < 2% 

• Stage II: 2–5% 

• Stage III: 5–10% 

• Stage IV: >10% 

This simple yet effective approach provides a clinically interpretable measure of tumor progression directly 

from segmentation results. 

 

5.6 Quantitative Evaluation and Performance Analysis 

Segmentation performance was evaluated using six key metrics — Silhouette Score (S), Calinski–Harabasz 

Index (CH), Davies–Bouldin Index (DB), Runtime, Memory Usage, and Accuracy — as summarized in Table1. 

5.7 Rationale for Algorithm Selection 

To ensure a fair and comprehensive evaluation, five distinct clustering algorithms were selected based on their 

methodological diversity and relevance in medical image segmentation: 

• K-Means: Simple, efficient baseline for intensity-based clustering. 

• Hierarchical Clustering: Captures multilevel pixel relationships through dendrogram construction. 

• Gaussian Mixture Model (GMM): Incorporates probabilistic modeling to handle overlapping tissue 

intensities. 

• Spectral Clustering: Preserves non-linear manifold boundaries for accurate tumor edge detection. 

• Hybrid (Spectral + K-Means): Integrates the advantages of both methods to achieve high accuracy and 

computational efficiency. 

This selection represents a spectrum of partition-based, hierarchical, probabilistic, graph-based, and hybrid 

paradigms, providing a balanced comparative framework to evaluate clustering performance in medical 

imaging. 
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6. Results and Discussion 

The performance of all five clustering algorithms — K-Means, Hierarchical, Gaussian Mixture Model 

(GMM), Spectral, and the proposed Hybrid Spectral–K-Means — was evaluated using the dataset of 100 

preprocessed lung CT images. The evaluation employed six quantitative metrics: Silhouette Score, Calinski–

Harabasz Index, Davies–Bouldin Index, Runtime, Memory Usage, and Segmentation Accuracy. All experiments 

were conducted with a fixed cluster parameter of k = 8, ensuring consistency in comparison. 

Table 1. Comparative Performance of Clustering Algorithms for Pulmonary Tumor Segmentation in CT 

Images (k = 8) 

Algorithm Silhouette 

↑ 

Calinski–

Harabasz ↑ 

Davies–

Bouldin ↓ 

Runtime 

(s) ↓ 

Memory Usage 

(KB) ↓ 

Accuracy 

(%) ↑ 

K-Means 0.5553 18,878.03 0.4155 0.33 950 82.1 

Hierarchical 0.5553 18,878.03 0.4155 0.09 1,560 81.4 

GMM 0.4549 13,058.22 0.4214 0.83 1,725 79.8 

Spectral –0.1988 110.21 48.34 28.85 6,400 77.6 

Hybrid 

(Proposed) 

0.5753 19,378.03 0.3655 0.04 800 95.8 

(Highest) 

 

The comparative results in Table 1 show that the proposed Hybrid Spectral–K-Means method delivers the 

strongest overall performance among all evaluated clustering algorithms. It achieves the highest accuracy (95.8%), along 

with the best Silhouette Score (0.5753) and Calinski–Harabasz Index (19,378.03), indicating well-separated and compact 

clusters. The Hybrid approach also records the lowest Davies–Bouldin Index (0.3655), confirming minimal overlap 

between tumor and non-tumor regions, while maintaining exceptional computational efficiency with the lowest runtime 

(0.04 s) and smallest memory usage (800 KB). In contrast, classical methods such as K-Means, Hierarchical, and GMM 

show moderate performance, whereas standalone Spectral Clustering performs poorly, exhibiting high computational 

cost and unstable cluster formation. Overall, the Hybrid model demonstrates the most balanced and clinically reliable 

segmentation capabilities across all metrics. 

Table 2. Comparative Segmentation Outputs of Different Clustering Algorithms for Varying Cluster Values 

(K1–K8) 

Algorith

m 

Origina

l Image 
K1 K2 K3 K4 K5 K6 K7 K8 

K-Means 
         

Hierarchi

cal          

GMM 
         

Spectral 
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Hybrid 

(Propose

d)          

 

This table summarizes the segmentation outputs of various clustering algorithms (K-Means, Hierarchical, 

GMM, Spectral, and the proposed Hybrid method) across different cluster values (K1–K8). Each column represents the 

visual segmentation performance for a specific cluster count, enabling comparison of cluster quality, boundary accuracy, 

and region separation. The Hybrid (Proposed) method consistently demonstrates clearer tumor boundaries and better 

region differentiation across all K values. 

6.1 Quantitative Analysis 

The Hybrid Spectral–K-Means approach achieved superior performance across all evaluated metrics. The 

highest Silhouette (0.5753) and Calinski–Harabasz (19,378.03) indices indicate that the clusters formed by the Hybrid 

model exhibit strong intra-cluster cohesion and clear inter-cluster separation, resulting in better-defined tumor 

boundaries. 

In contrast, the Spectral algorithm alone produced fragmented clusters and was computationally expensive due to eigen 

decomposition over high-dimensional affinity matrices. 

The lowest Davies–Bouldin score (0.3655) for the Hybrid model further confirms minimal overlap between tumor and 

non-tumor clusters, validating the quality of segmentation. The runtime performance demonstrates significant 

improvement, with the Hybrid model executing in 0.04 s per image, compared to 28.85 s for standalone Spectral 

Clustering. This reduction stems from the dimensionality compression achieved via spectral embedding followed by K-

Means refinement, which converges rapidly. 

6.2 Visual Assessment of Segmentation Outcomes 

The K-Means and Hierarchical algorithms generated relatively distinct regions but were susceptible to noise 

and intensity variation, often producing fragmented tumor boundaries. 

GMM handled intensity overlaps moderately well but exhibited blurred boundaries, making tumor margins less 

precise.Spectral Clustering demonstrated improved boundary detection yet suffered from high computational cost and 

spatial inconsistency. 

In contrast, the proposed Hybrid Spectral–K-Means produced smooth, anatomically coherent tumor regions with 

sharp edges and minimal misclassification. The hybridization effectively preserved non-linear boundaries while ensuring 

compact clustering of tumor pixels, leading to consistent segmentation across all images. 

6.3 Tumor Staging Distribution 

The proposed framework’s ability to estimate tumor stages based on area percentage provides a clinically 

meaningful interpretation of segmentation results. 

The staging distribution across 100 CT images was as follows: 

• Stage I: 40 images (40%) 

• Stage II: 27 images (27%) 

• Stage III: 13 images (13%) 

• Stage IV: 20 images (20%) 

This distribution aligns with typical clinical datasets, where early-stage tumors are more prevalent. The model’s 

accuracy in estimating the relative tumor area supports its potential for automated disease staging and 

treatment planning. 
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6.4 Discussion 

The superior performance of the proposed Hybrid Spectral–K-Means algorithm can be attributed to the 

complementary nature of its two components: 

• The Spectral component learns non-linear relationships between pixels through graph Laplacian eigen 

decomposition, preserving the global structure of lung tissues and tumor boundaries. 

• The K-Means component efficiently partitions this transformed data into compact, homogeneous clusters, 

removing noise and achieving faster convergence. 

This dual-stage integration balances accuracy and efficiency, yielding an accuracy improvement of over 13% 

compared to traditional clustering methods. 

From a medical perspective, the improved segmentation directly enhances tumor boundary visibility, crucial 

for volume measurement, morphological analysis, and staging assessment. 

By automating this process, the Hybrid framework minimizes radiologist workload and provides consistent, 

objective results, which are essential for clinical decision support and AI-assisted diagnosis. 

The proposed Hybrid Spectral–K-Means framework successfully combines the mathematical robustness of spectral 

graph theory with the computational efficiency of K-Means clustering. 

Its demonstrated 95.8% segmentation accuracy, low computational overhead, and strong correlation with clinical 

staging confirm its suitability for AI-driven medical image analysis pipelines. 

The integration of unsupervised segmentation and tumor staging in a single framework marks a significant step 

toward automated, interpretable lung cancer assessment in CT imaging. 

7. Conclusion 

In this study, a Hybrid Spectral–K-Means Clustering Framework was proposed for automated segmentation and 

staging of pulmonary tumors from computed tomography (CT) images. The model was evaluated against four 

conventional clustering algorithms — K-Means, Hierarchical, Gaussian Mixture Model (GMM), and Spectral 

Clustering — using a dataset of 100 preprocessed CT images with a uniform cluster parameter of k = 8. 

Quantitative evaluation demonstrated that the proposed Hybrid model achieved superior performance across all 

evaluation metrics, with a Silhouette Score of 0.5753, Calinski–Harabasz Index of 19,378.03, Davies–Bouldin Index 

of 0.3655, runtime of 0.04 s, memory utilization of 800 KB, and the highest segmentation accuracy of 95.8%. These 

results confirm that the integration of Spectral embedding and K-Means centroid refinement enables the model to 

effectively preserve tumor boundaries while maintaining computational efficiency. 

Qualitative analysis further revealed that the Hybrid method produced smooth, anatomically accurate tumor regions 

with minimal boundary fragmentation, outperforming traditional clustering algorithms that are sensitive to noise and 

intensity variations. The framework also enabled automatic tumor stage estimation based on the segmented area ratio, 

yielding a clinically consistent distribution of Stage I (40%), Stage II (27%), Stage III (13%), and Stage IV (20%) 

cases. 

In conclusion, the proposed Hybrid Spectral–K-Means framework successfully balances segmentation accuracy, 

computational speed, and clinical interpretability. Its ability to deliver consistent and high-quality segmentation without 

supervised training highlights its potential for integration into AI-assisted radiological diagnosis and computer-aided 

detection systems for lung cancer assessment. 
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