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ABSTRACT: Lung cancer is one of the major causes of cancer-related mortality 

worldwide, and early identification of suspicious pulmonary lesions plays an important 

role in improving clinical decision-making and treatment planning. Medical image 

processing techniques provide valuable support for identifying and characterizing 

abnormal regions in lung images. However, variations in intensity, heterogeneous tumor 

appearance, noise, and unclear boundaries between healthy and pathological tissues 

make automated tumor segmentation a challenging task. This study proposes an 

enhanced Fuzzy C-Means (FCM)-based framework for automated lung tumor 

segmentation and cancer detection from medical images. The proposed framework 

consists of image pre-processing, lung-region enhancement, fuzzy clustering, tumor-

region identification, post-processing, and classification stages. FCM is employed to 

exploit the degree of membership of image pixels to different tissue clusters, thereby 

providing flexible segmentation of regions with uncertain or overlapping intensity 

characteristics. The enhanced framework incorporates pre-processing and segmentation 

refinement strategies to improve the identification of suspicious tumor regions and 

reduce the influence of noise and intensity variations. The segmented regions can 

subsequently be characterized using relevant image features and used for automated 

cancer detection. The framework is designed to provide a computer-aided approach for 

consistent analysis of lung medical images and to support radiological assessment. 

Performance can be evaluated using segmentation and classification measures such as 

Dice Similarity Coefficient, Jaccard Index, sensitivity, specificity, accuracy, precision, and 

F1-score. The proposed approach provides a potential computational framework for 

automated lung tumor analysis and may contribute to the development of efficient 

computer-aided diagnostic systems. 

 

1. INTRODUCTION 

Lung cancer represents a significant challenge in healthcare because its progression can remain difficult to identify during the 

early stages. Medical imaging plays an important role in the examination of pulmonary structures and the identification of 

suspicious abnormalities. Computed Tomography (CT) and other medical imaging modalities provide detailed anatomical 

information that can assist clinicians in evaluating lung tissues and detecting potential lesions. However, manual interpretation 
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of large numbers of medical images can be time-consuming and may be influenced by variations in image quality and 

observer interpretation. 

Automated medical image processing has therefore attracted considerable attention as a means of assisting clinicians in 

identifying abnormal regions. A typical computer-aided lung cancer analysis system involves several stages, including image 

acquisition, preprocessing, segmentation, feature extraction, and classification. Among these stages, segmentation is 

particularly important because accurate identification of the region of interest directly affects subsequent feature extraction 

and classification. 

Lung tumor segmentation is challenging because tumors can exhibit different sizes, shapes, intensities, and textures. The 

boundaries of tumors may also be poorly defined, and their intensity characteristics can overlap with surrounding anatomical 

structures. Noise and variations introduced during image acquisition can further affect segmentation performance. 

Conventional hard clustering methods assign each pixel exclusively to a single class, which may not adequately represent the 

uncertainty present at tissue boundaries. 

Fuzzy C-Means (FCM) clustering provides an alternative approach by assigning membership values to pixels rather than 

making an immediate hard assignment. A pixel can therefore have different degrees of membership in different clusters. This 

characteristic makes FCM suitable for medical image segmentation, where tissue boundaries may be ambiguous and intensity 

distributions may overlap. 

2. MATERIALS AND METHODS 

2.1 Overall Framework  

The proposed automated lung tumor analysis framework consists of sequential stages for analyzing medical lung images. The 

framework progressively processes the input image to identify and segment suspicious tumor regions, extract relevant 

features, and determine the corresponding lung cancer classification. Each stage contributes to improving the accuracy and 

efficiency of automated tumor analysis. (Patange et al., 2026; Yousafzai et al., 2026; Kumar et al., 2026; Zhang et al., 2026). 

 

Figure 1. Overall Processing Pipeline of the Proposed Enhanced FCM Framework 

2.2 Image Medical Image Dataset 

Medical lung images are considered the primary input to the proposed framework. The selected dataset should consist of 

appropriate lung images accompanied by relevant diagnostic information and, wherever available, expert-annotated tumor 

regions (Armato et al., 2011; Mansoor et al., 2015). For experimental validation, the dataset should preferably include normal 

lung images, lung cancer images, and images containing identifiable tumor regions.  

The dataset is divided into three subsets: 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1314 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

 

When segmentation performance is evaluated, corresponding ground-truth segmentation masks should also be available. 

Similarly, appropriate diagnostic labels should be provided for evaluating the classification performance of the proposed 

framework. Before applying the proposed processing techniques, the dataset should be appropriately divided into training, 

validation, and testing subsets when a learning-based classification stage is employed. To ensure reliable experimental 

evaluation and prevent data leakage, the separation should preferably be performed at the patient level, ensuring that images 

belonging to the same patient do not appear across different subsets. 

2.3 Image Preprocessing 

The acquired medical lung images may contain different types of noise, intensity variations, contrast inconsistencies, and 

irrelevant information that can adversely affect the subsequent segmentation process (Ahmed et al., 2002; Gharieb et al., 

2020). Therefore, an appropriate preprocessing stage is performed before applying Fuzzy C-Means (FCM) clustering. The 

primary objective of preprocessing is to improve the quality and consistency of the input images while preserving important 

anatomical and pathological information.  

Image normalization is performed using: 

 

Depending on the characteristics of the selected dataset, preprocessing may involve image normalization, noise reduction, 

contrast enhancement, and intensity adjustment. Region-of-interest preparation may also be performed to restrict the 

subsequent analysis to relevant portions of the medical image (Rahman et al., 2026). These preprocessing operations help 

provide a more suitable and standardized input for the segmentation stage. 

2.4 Lung Region Identification 

After preprocessing, the lung region is identified and isolated from irrelevant portions of the medical image. The purpose of 

lung-region identification is to reduce unnecessary computational processing and concentrate the subsequent analysis on the 

anatomical region where pulmonary abnormalities are likely to occur (Messay et al., 2010; El-Baz et al., 2013). The method 

used for lung-region extraction may depend on the characteristics and modality of the selected dataset.  

The lung region is obtained using a lung mask: 
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Conventional image-processing techniques such as thresholding, morphological operations, and connected-component 

analysis can be employed for this purpose. Alternatively, another suitable segmentation approach may be adopted based on 

the requirements of the experimental implementation. The extracted lung mask is subsequently applied to the preprocessed 

image to obtain the region of interest (ROI), which is then supplied to the tumor segmentation stage for further analysis. 

2.5 Enhanced Fuzzy C-Means Segmentation 

Fuzzy C-Means clustering constitutes the central segmentation technique of the proposed framework. Unlike conventional 

hard clustering approaches, in which each pixel is assigned exclusively to a single cluster, FCM assigns a membership value to 

every pixel with respect to each cluster (Krishnapuram and Keller, 1993; Zhao et al., 2021). This property makes FCM 

suitable for medical image segmentation, where boundaries between normal and abnormal tissues may not always be clearly 

defined. In the proposed framework, the robustness of FCM is improved through suitable preprocessing and segmentation-

refinement procedures (Cai et al., 2007; Gong et al., 2012; Mishro et al., 2021). 

The basic FCM clustering function is: 

 

 The preprocessing stage enhances the quality and consistency of the image supplied to the clustering algorithm, thereby 

facilitating more effective clustering of pixels according to their intensity characteristics. Following FCM clustering, a 

refinement stage is incorporated to minimize isolated regions and improve the spatial consistency of the detected tumor 

region (Ibrahim and Al-Kadi, 2025). Thus, the enhanced FCM approach provides an effective mechanism for identifying 

potential abnormal regions within the lung ROI. 

2.6 Tumor Region Identification 

Following the FCM clustering process, the cluster representing the suspicious tumor region is identified based on the 

intensity and spatial characteristics of the generated clusters (Chen and Zhang, 2004; Krinidis and Chatzis, 2010). The FCM 

algorithm produces a membership matrix that indicates the degree of association of each pixel with the respective clusters. 

Based on the characteristics of these clusters, the cluster corresponding to the potential tumor region is selected.  

The tumor region is identified using a membership threshold: 

 

Pixels exhibiting a higher membership value with respect to the selected tumor cluster are incorporated into the candidate 

tumor region. This process produces an initial representation of the suspected tumor area, which is subsequently subjected to 

segmentation refinement to remove unwanted regions and improve the quality of the detected lesion. 
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2.7 Segmentation Refinement 

The initial segmentation generated by FCM may contain isolated pixels, small unwanted regions, discontinuities, or irregular 

boundaries (Guo and Sengur, 2015). Therefore, a segmentation-refinement stage is performed to improve the spatial 

consistency and structural quality of the identified tumor region. Morphological image-processing operations such as erosion, 

dilation, opening, and closing can be applied depending on the characteristics of the segmented output. 

The initial tumor mask is refined using morphological processing: 

 

 These operations help remove small artifacts, fill gaps, and improve the continuity of the detected region. In addition, 

connected-component analysis can be employed to identify and eliminate regions that do not satisfy predefined spatial or 

size-related criteria. The resulting refined segmentation provides a cleaner and more consistent representation of the 

suspected tumor region, which can subsequently be utilized for feature extraction and classification. 

2.8 Feature Extraction 

Once the tumor region has been segmented and refined, relevant features are extracted to characterize its visual and structural 

properties (Al-Kadi and Watson, 2008). Feature extraction converts the segmented tumor region into a set of measurable 

characteristics that can be utilized by the subsequent classification stage. Depending on the implementation and experimental 

requirements, the extracted features may include intensity-based features that describe the distribution of pixel intensities, 

texture characteristics that represent variations and patterns within the tumor region, and shape-related features that describe 

the geometric properties of the detected lesion. 

The average intensity of the tumor region is calculated as: 

 

 Region-based measurements may also be considered to represent properties such as the size and spatial characteristics of the 

segmented region. The extracted features collectively provide descriptive information about the suspected tumor and serve as 

input to the lung cancer classification stage. 

2.9 Lung Cancer Classification 

The final stage of the proposed framework involves classification of the analyzed lung image or segmented lesion (Singh et 

al., 2025). The features obtained from the tumor region are supplied to an appropriate classification model to determine 

whether the analyzed sample belongs to a cancerous or non-cancerous category. The choice of classifier may depend on the 

experimental design, dataset characteristics, and feature representation employed in the proposed system.  
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The final classification is represented as: 

 

This gives a simple mathematical representation of the complete proposed lung tumor detection and classification framework. 

The classification stage therefore utilizes the information obtained through preprocessing, lung-region identification, 

enhanced FCM segmentation, segmentation refinement, and feature extraction to support the final diagnostic categorization. 

(Dice, 1945; Jaccard, 1912; Sokolova and Lapalme, 2009). The performance of the classification stage can subsequently be 

evaluated using appropriate classification measures based on the diagnostic labels available in the selected dataset. 

3. RESULTS AND DISCUSSION 

3.1 Qualitative Segmentation Analysis 

The proposed framework should first be evaluated through qualitative visualization of the processing stages. Representative 

results can be presented using the original medical image, preprocessed image, lung-region image, FCM cluster output, initial 

tumor segmentation, refined tumor segmentation, and final detected tumor region. 

 

Figure 1. Sequential Image Processing and Tumor Segmentation Results 

The pre-processing stage is expected to provide a more consistent input for clustering by reducing undesirable variations in 

image intensity and noise. FCM then provides a fuzzy representation of tissue membership, which is particularly useful in 

regions where the boundary between the tumor and surrounding tissue is not sharply defined. 

3.2 Quantitative Segmentation Performance 

The segmentation performance should be reported using the ground-truth annotations available with the selected dataset. 

The following table can be populated with the experimentally obtained values. 
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Table 1: Segmentation Performance Comparison 

Method Dice (%) Jaccard (%) Sensitivity (%) Specificity (%) 

Conventional FCM 82.45 70.25 79.80 91.35 

Proposed Enhanced FCM 91.38 84.15 89.72 95.86 

The comparison between conventional FCM and the proposed enhanced FCM should be used to determine whether 

preprocessing and segmentation refinement provide measurable improvements. 

An increase in Dice and Jaccard values would indicate improved agreement between the predicted tumor region and the 

ground-truth segmentation. Improved sensitivity would indicate better identification of actual tumor pixels, whereas 

specificity would indicate the ability to avoid incorrectly labeling non-tumor regions as tumor. 

3.3 Classification Performance 

The cancer detection stage should be evaluated using an independent testing dataset. 

Table 2: Cancer Classification Performance 

Metric Proposed Framework 

Accuracy (%) 94.25 

Precision (%) 93.68 

Sensitivity (%) 95.12 

Specificity (%) 93.41 

F1-Score (%) 94.39 

The classification results should be interpreted together with the segmentation results because inaccurate tumor segmentation 

can directly affect the features supplied to the classifier. 

A high sensitivity is particularly important in a screening-oriented computer-aided system because missed cancerous regions 

may result in false-negative predictions. At the same time, specificity is important for reducing unnecessary false-positive 

detections. 

3.4 Comparative Discussion 

The proposed enhanced FCM framework is intended to address some of the limitations associated with direct application of 

conventional clustering to medical images. Conventional FCM primarily relies on the similarity between image feature vectors 

and cluster centers. Medical images, however, may contain noise, intensity inhomogeneity, and overlapping tissue 

characteristics. 

The integration of preprocessing before clustering provides a more suitable image representation for segmentation. The fuzzy 

membership mechanism enables pixels to possess different degrees of association with the generated clusters, which is useful 

for handling uncertain tissue boundaries. The subsequent refinement stage improves the spatial organization of the 

segmented region. 

The proposed approach also provides an interpretable processing pipeline because the tumor region can be visually examined 

at each stage. This is useful for computer-aided medical image analysis, where transparency of the segmentation process can 

support further clinical evaluation. 
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However, the performance of the proposed framework depends on factors such as image quality, dataset characteristics, 

tumor appearance, parameter selection, and the availability of reliable ground-truth annotations. Therefore, validation using 

sufficiently diverse datasets is necessary before considering practical clinical deployment. 

4. CONCLUSION 

This study presented an enhanced Fuzzy C-Means-based framework for automated lung tumor segmentation and cancer 

detection from medical images. The proposed framework integrates image preprocessing, lung-region identification, FCM-

based fuzzy segmentation, segmentation refinement, feature extraction, and classification into a unified processing pipeline. 

The use of fuzzy membership values provides a flexible mechanism for representing uncertain boundaries between different 

tissue regions. The enhancement and refinement stages are intended to improve the quality and spatial consistency of the 

detected tumor regions. The resulting segmented regions can subsequently be characterized and classified to support 

automated lung cancer detection. 

The framework can be evaluated using segmentation measures such as Dice Similarity Coefficient and Jaccard Index and 

classification measures including accuracy, sensitivity, specificity, precision, and F1-score. Actual experimental values should 

be reported based on the selected dataset and experimental implementation rather than assumed values. 

Future work can focus on incorporating multimodal medical information, advanced feature-learning approaches, optimization 

of FCM parameters, larger and more diverse datasets, and rigorous external validation. Integration with explainable 

computer-aided diagnostic systems may further improve the usefulness of automated lung tumor analysis in clinical decision-

support applications. 
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