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Abstract
Lung cancer develops due to the uncontrolled growth of abnormal cells in the lungs and poses a significant health risk, as the lungs
contain extensive blood vessels and lymphatic pathways that facilitate metastasis. Early identification and staging of lung tumors are
crucial factors in improving patient survival rates. Computed tomography (CT) imaging is widely used for detecting lung
abnormalities, as it provides detailed information about lung structures. Accurate medical image segmentation plays a vital role in
enhancing the detection of lesion regions.
In this work, a robust image segmentation method utilizing an Adaptive Gaussian Mixture Model (AGMM) is introduced. Initially,
computed tomography (CT) scans are obtained from the Lung Image Database Consortium (LIDC) dataset. To improve image
quality, a Gaussian filtering technique is applied to remove noise and unwanted variations. The enhanced images are then processed
using the AGMM framework to identify and segment the region of interest (ROI). To further improve segmentation accuracy, the
traditional Gaussian Mixture Model is optimized using the Improved Crocodile Optimization (ICO) algorithm, which enhances
parameter selection and model performance. Following the segmentation stage, the severity of lung cancer is determined based on
the extent of the detected affected regions. The proposed approach is evaluated using standard performance metrics, including
accuracy, sensitivity, specificity, Dice Similarity Coefficient (DSC), and Jaccard Index (JI). The entire model is implemented and
tested using the MATLAB environment.
Keywords: Segmentation, CT imaging, Gaussian Mixture Model, Improved Crocodile Optimization, Severity Assessment.

1. Introduction

Mastitis Lung cancer is one of the leading causes of mortality worldwide and continues to pose a major challenge in the healthcare
sector [1]. It develops due to the uncontrolled growth of abnormal cells in lung tissues and can spread rapidly through blood vessels
and lymphatic pathways. Early detection and accurate diagnosis are essential to improve survival rates and treatment effectiveness.
Computed tomography (CT) imaging is widely used for identifying lung abnormalities, as it provides detailed visualization of
internal lung structures and nodules [7]. Compared to other imaging modalities such as MRI and PET, CT scans offer better clarity
in detecting soft tissue variations and affected regions [8]. However, accurately identifying tumor regions from CT images remains
difficult due to variations in shape, size, and intensity.

Conventional diagnostic methods such as biopsy and bronchoscopy are commonly employed for confirming lung cancer. Although
these methods provide reliable results, they are invasive and may not always ensure high precision [6]. Therefore, there is a growing
need for automated and intelligent systems that can assist clinicians in detecting lung cancer at an early stage with improved accuracy.
In recent years, computer-aided diagnosis (CAD) systems have gained significant attention in medical image analysis. These systems
utilize advanced computational techniques to enhance detection accuracy and reduce human intervention [9]. Image segmentation
plays a crucial role in isolating the affected regions from CT images, which directly impacts the performance of classificati on and
severity analysis. Deep learning techniques, particularly convolutional neural networks (CNNs), have demonstrated strong
performance in medical image segmentation tasks [10]. However, these approaches require large annotated datasets and high
computational resources, which can limit their practical implementation in clinical settings.

To overcome these limitations, this study proposes an efficient lung cancer segmentation and severity analysis framework based on
the Adaptive Gaussian Mixture Model (AGMM). The proposed method incorporates Gaussian filtering for noise reduction, Gaussian
Mixture Model (GMM) for segmentation, and the Improved Crocodile Optimization (ICO) algorithm to enhance segmentation
accuracy. This integrated approach aims to provide a reliable and computationally efficient solution for lung cancer detection and
analysis. The remainder of the paper is structured as follows: Section 2 presents the literature survey, Section 3 describes the proposed
methodology, Section 4 discusses the experimental results, and Section 5 concludes the study.

2. Literature Survey

Recent advancements in medical image analysis have led to the development of various techniques for lung tumor detection and
segmentation. These methods primarily focus on improving segmentation accuracy while minimizing computational complexity.
Kamal et al. [11] introduced a deep learning architecture known as Recurrent 3D-DenseUNet for automated lung tumor segmentation
from volumetric CT images. The model incorporates recurrent connections and dense blocks to capture spatial dependencies across
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slices. Additionally, CONVLSTM layers are utilized to preserve contextual information. Although the method achieved improved
Dice scores with reduced false predictions, further refinement is required to enhance overall performance.

Cao et al. [12] proposed a Double Branch Residual Network (DB-ResNet) for lung tumor segmentation. This approach employs
convolutional neural networks to extract intensity-based features and utilizes a central intensity pooling mechanism to improve
feature representation. A weighted sampling strategy is also implemented to enhance learning efficiency. Experimental results
demonstrated improved segmentation accuracy; however, additional optimization is necessary for better generalization.

Singatkar et al. [13] developed a segmentation framework based on deep deconvolutional residual networks (DDRNs) for pulmonary
nodule detection. The model is trained on two-dimensional CT images and focuses on preserving spatial resolution during feature
extraction. While the method provides reasonable segmentation outcomes, the achieved accuracy and similarity measures indicate
scope for further improvement.

Fu et al. [14] presented a multi-scale spatial attention module (MSAM) designed to enhance tumor segmentation by emphasizing
relevant regions and suppressing non-tumor areas. This attention-based mechanism guides convolutional neural networks to focus
on potential tumor locations. Although the model demonstrates improved segmentation performance compared to conventional
approaches, its effectiveness varies across different nodule types.

Rakesh and Mahesh [15] proposed an optimization-based segmentation technique combining cuckoo search with active contour
models. The method incorporates a Markov Random Field (MRF) for post-processing to refine segmentation boundaries. Despite
achieving better results than several existing techniques, the method still requires improvements in accuracy and robustness.
Kumar and Raman [16] introduced a computer-aided diagnosis system utilizing a three-dimensional convolutional neural network
for lung nodule segmentation. The approach improves classification performance by effectively capturing volumetric features from
CT images. The model achieves a higher Dice coefficient, indicating enhanced segmentation accuracy.

Gao et al. [17] developed a CNN-based encoder—decoder architecture with deep supervision for medical image segmentation. The
model enhances feature representation through pixel-wise operations and improves segmentation performance on clinical datasets.
However, further refinement is needed to achieve consistent accuracy across diverse cases.

Yu et al. [18] proposed a deep learning-assisted approach for lung cancer prediction using CT images. The method integrates
clustering techniques with feature extraction mechanisms based on similarity measures. Image enhancement is performed to improve
segmentation quality, and the model demonstrates effective prediction capability. Nevertheless, there remains potential for improving
segmentation precision and computational efficiency.

3. Proposed Framework for Lung Cancer Segmentation and Severity Assessment

This study presents an automated framework for lung cancer segmentation and severity evaluation based on the Adaptive Gaussian
Mixture Model (AGMM). The overall system is structured into three major stages: preprocessing, segmentation, and severity
assessment.

Initially, CT scan images are collected and prepared for analysis. These images often contain noise and intensity variations that can
negatively affect segmentation accuracy. Therefore, a preprocessing step is applied to enhance image quality before further
processing.

Following preprocessing, the segmentation stage is performed using an adaptive probabilistic model. The segmentation process is
further refined using an optimization strategy to improve accuracy and robustness. Finally, the severity of lung cancer is determined
by analyzing the segmented regions.
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Figure 1: Proposed lung cancer severity analysis model

3.1 Image Denoising Using a Gaussian Filter

In the first stage, noise present in CT images is reduced using a Gaussian-based smoothing technique. This filtering process works
by applying a weighted averaging operation to neighboring pixel values, where the weights are determined by a Gaussian distri bution.
The filtering operation effectively suppresses high-frequency components such as noise while preserving the essential structural
information of the image. Although slight smoothing may occur at edges, the overall quality of the image is significantly improved,
making it suitable for segmentation.

The degree of smoothing is controlled by a parameter that defines the spread of the Gaussian function. Proper selection of this
parameter ensures a balance between noise removal and detail preservation. It is a weighted average procedure with weights defined
as follows:

wap aexp (ly—ypll),a #b (1)

The rapid decay distance is determined by the value ofw, ;.

3.2 Image Segmentation Using Adaptive Gaussian Mixture Model

After preprocessing, segmentation is carried out using the Adaptive Gaussian Mixture Model. This model treats the image data as a
combination of multiple statistical distributions, where each distribution represents a specific region within the image.

The segmentation process involves grouping pixels into clusters based on their intensity values. Each cluster is characterized by
parameters such as mean, variance, and weighting factor. These parameters define how the data points are distributed within each
cluster. The goal of the model is to estimate these parameters in a way that best represents the underlying image structure. By doing
so, the model effectively separates the region of interest (tumor area) from surrounding tissues.

To enhance segmentation performance, the model adapts dynamically based on the input data, allowing it to handle variations in
image characteristics more effectively than conventional methods, the objective function of a GMM can be determined.

Objective function = XN, log {XK_; #x . fv (Xi 12, 5k)} (2)

Here;
fr,=> Mixture coefficient

£~ Mean vector

2, Covariant matrix of k™ component

3.2.1 Parameter Optimization Using Improved Crocodile Optimization (ICO)

To further improve the segmentation accuracy, an optimization technique known as the Improved Crocodile Optimization (ICO)
algorithm is integrated into the framework. This algorithm is inspired by the cooperative hunting behavior of crocodiles and is
categorized under swarm intelligence methods. In this approach, a population of candidate solutions is initialized, where each solution
represents a possible set of model parameters. The population is divided into two groups: search agents that actively explore the
solution space and those that exploit promising regions. During the optimization process, solutions are updated iteratively based on
their performance, which is evaluated using a fitness function. This function measures how well the segmentation model represents
the image data. To enhance exploration and avoid premature convergence, additional strategies such as random search movements
and adaptive position updates are incorporated. These mechanisms allow the algorithm to efficiently search both local and global
regions of the solution space. The optimization continues until the best parameter set is identified. These optimized parameters are
then used in the segmentation model to achieve improved accuracy and stability.

3.3 Disease Severity Assessment

After obtaining the segmented tumor regions, the severity of lung cancer is evaluated based on the extent of the affected area. The
analysis is performed by calculating the proportion of abnormal regions within the lung. The segmented output is analyzed by
counting the number of pixels corresponding to the affected region. This value is then normalized with respect to the total lung area
to determine a severity index. Based on this index, the condition is categorized into different levels such as mild, moderate, severe,
and critical. This classification provides useful information for clinical decision-making and helps in understanding disease
progression.

4. Result and Discussion

The performance of the proposed AGMM-based segmentation framework is evaluated using CT images obtained from the LIDC
dataset. The implementation is carried out using Python on a system configured with an Intel Core 15 processor, 6 GB RAM, and
Windows operating system. The effectiveness of the model is assessed using standard evaluation metrics such as accuracy,
sensitivity, specificity, Dice coefficient, Jaccard index, segmentation error, and average computation time.
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4.1 Dataset Description

The Lung Image Database Consortium (LIDC) dataset consists of a large collection of thoracic CT scans with annotated lung lesions.
It includes more than 1000 cases collected from multiple medical institutions. Each scan is reviewed by experienced radiologists,
who classify lung nodules into different categories based on size and characteristics. This dataset provides a reliable benchmark for
evaluating segmentation algorithms.

4.2 Experimental Results

The proposed method is compared with several existing techniques, including Gaussian Mixture Model (GMM), Fuzzy C-Means
(FCM), K-Nearest Neighbour (KNN), Level Set method, and Convolutional Neural Network (CNN). The comparison is carried out
to validate the effectiveness of the AGMM framework in segmenting lung tumor regions.

Table 3 summarizes the quantitative performance of the proposed and existing methods. The proposed approach achieves an accuracy
of 98.2%, which is higher than all the compared techniques. The improvement in accuracy demonstrates the capability of the model
to correctly identify tumor regions with minimal error.

In terms of sensitivity, the proposed method records a value of 97.16%, indicating its effectiveness in detecting true positi ve cases.
Compared to existing techniques, the model shows consistent improvement, which highlights its ability to capture tumor re gions
more accurately.

Similarly, the specificity value of the proposed approach is 98.24%, reflecting its efficiency in correctly identifying non-tumor
regions. This reduces the possibility of false detections and improves the reliability of the segmentation process.

The graphical comparison of these metrics is illustrated in Figure 2, where the proposed method consistently outperforms other
approaches across all evaluation parameters.

Input image Preprocessed output Segmented output

Image 1

>

Table 1: Comparison results of proposed and existing techniques of measurement
Dice Coefficient Analysis
The similarity between the segmented output and ground truth is evaluated using the Dice coefficient. The proposed model achieves
a Dice value of 0.9, indicating a high level of overlap between predicted and actual tumor regions. In comparison, the existing
methods produce relatively lower Dice scores, confirming the superiority of the proposed approach in segmentation accuracy.
Jaccard Index Analysis
The Jaccard index is also used to measure the similarity between segmented and reference regions. The proposed method achieves a
value of 0.89, which is significantly higher than other techniques. This result further validates the effectiveness of the AGMM model
in accurately identifying tumor boundaries.
Segmentation Error Analysis
The segmentation error of the proposed model is found to be minimal compared to existing methods. The lower error rate indicates
that the model produces more precise segmentation results, reducing misclassification of pixels.
Computation Time Analysis
The average running time of the proposed model is lower than that of other techniques, as shown in Figure 4. This demonstrates that
the model is not only accurate but also computationally efficient, making it suitable for real -time clinical applications.
Overall Discussion
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From the experimental evaluation, it is evident that the proposed AGMM-based framework provides superior performance in terms
of accuracy, reliability, and computational efficiency. The integration of Gaussian filtering, probabilistic segmentation, and
optimization techniques contributes to improved results compared to traditional and deep learning-based methods.

Methods Accuracy (%) Sensitivity (%%6) Specificity (%%6)
Proposed 9%, 2 IS 98.24
GMM 96.61 91.60 93.70
ECL. S 1E] 33.59 92590
KNN 89.91 92.90 90.54
Level set 95167 90 NS
CNN 95.91 87.90 92.5

Table 3 summarizes the performance comparison between the proposed method and existing segmentation approaches using key
evaluation metrics such as accuracy, sensitivity, and specificity. The proposed AGMM model achieves an accuracy of 98.2%,
outperforming other techniques. Specifically, the accuracy is higher by 1.59% compared to GMM, 3.09% compared to FCL, 8.29%
compared to KNN, 4.53% compared to the level set method, and 2.29% compared to CNN. In terms of sensitivity, the proposed
approach records a value of 97.16%, showing noticeable improvement over existing methods. The sensitivity increases by 5.56%
over GMM, 11.57% over FCL, 4.26% over KNN, 7.16% over the level set method, and 9.26% over CNN. Similarly, the specificity
of the proposed model reaches 98.24%, indicating better performance in correctly identifying negative cases. This represents
improvements of 4.54%, 5.34%, 7.7%, 6.37%, and 5.74% over GMM, FCL, KNN, level set, and CNN methods, respectively.The
graphical representation corresponding to these results is illustrated in Figure 2.
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Figure 2: Comparison of metrics for the proposed technique with existing techniques

Figure 3 illustrates the comparison between the proposed method and existing approaches based on the Dice coefficient. The Dice
coefficient is a statistical measure used to evaluate the similarity between two datasets, producing values in the range of 0 to 1. A
value closer to 0 indicates minimal similarity, whereas a value closer to 1 represents a high degree of overlap. The proposed technique
achieves a Dice coefficient of 0.9, indicating strong agreement between the segmented and reference regions. In comparison, the
existing methods yield lower values, with GMM at 0.81, FCM at 0.63, KNN at 0.74, Level Set at 0.79, and CNN at 0.86.
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Figure 3: Comparison of Dice coefficient of the proposed and existing techniques
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Figure 4: Comparison of segmentation average running time of the proposed and existing techniques
Through the above analysis, it is proved that our proposed AGMM based segmentation achieves better results.

5. Conclusion

This study presents an efficient framework for lung cancer segmentation and severity analysis using the Adaptive Gaussian Mixture
Model. The proposed method integrates noise reduction, probabilistic segmentation, and optimization techniques to improve the
accuracy of tumor detection. The experimental results demonstrate that the model achieves high performance across multiple
evaluation metrics, including accuracy, sensitivity, specificity, Dice coefficient, and Jaccard index. The ability of the model to
accurately segment tumor regions while maintaining low computational complexity highlights its practical applicability.
Furthermore, the severity assessment mechanism provides additional clinical insights by categorizing the extent of disease
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progression. This feature can assist healthcare professionals in making informed decisions regarding diagnosis and treatment
planning. Overall, the proposed approach offers a reliable and efficient solution for lung cancer analysis. Future work can focus on
extending this framework to handle multi-class classification and integrating it with real-time clinical systems for improved
healthcare outcomes.

References

1.

10.

11.

12.

13.

14.

Thirusangu, P. and Vigneshwaran, V., 2020. Lung cancer: pathophysiology and current advancements in
therapeutics. Chronic Lung Diseases: Pathophysiology and Therapeutics, pp.129-141.

Kailasam, Manoj Senthil, and MeeraDevi Thiagarajan. "Detection of lung tumor using dual tree complex wavelet transform
and co-active adaptive neuro fuzzy inference system classification approach." International Journal of Imaging Systems
and Technology 31, no. 4 (2021): 2032-2046.

Meraj, T., Rauf, H.T., Zahoor, S., Hassan, A., Lali, M.1., Ali, L., Bukhari, S.A.C. and Shoaib, U., 2021. Lung nodules
detection using semantic segmentation and classification with optimal features. Neural Computing and Applications, 33,
pp-10737-10750.

Bray, F., Ferlay, J., Soerjomataram, 1., Siegel, R.L., Torre, L.A. and Jemal, A., 2018. Global cancer statistics 2018:
GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: a cancer journal for
clinicians, 68(6), pp.394-424.

Asuntha, A. and Srinivasan, A., 2020. Deep learning for lung Cancer detection and classification. Multimedia Tools and
Applications, 79, pp.7731-7762.

Goebel, C., Louden, C.L., Mckenna Jr, R., Onugha, O., Wachtel, A. and Long, T., 2020. Blood test shows high accuracy in
detecting stage I non-small cell lung cancer. BMC cancer, 20(1), p.137.

Tang, Y., Tang, Y., Zhu, Y., Xiao, J. and Summers, R.M., 2021. A disentangled generative model for disease decomposition
in chest x-rays via normal image synthesis. Medical Image Analysis, 67, p.101839.

Arnon-Sheleg, E., Israel, O. and Keidar, Z., 2020, January. PET/CT imaging in soft tissue infection and inflammation—an
update. In Seminars in Nuclear Medicine (Vol. 50, No. 1, pp. 35-49). WB Saunders.

Mokni, R., Gargouri, N., Damak, A., Sellami, D., Feki, W. and Mnif, Z., 2021. An automatic Computer-Aided Diagnosis
system based on the Multimodal fusion of Breast Cancer (MF-CAD). Biomedical Signal Processing and Control, 69,
p.102914.

Torres-Velazquez, M., Chen, W.J., Li, X. and McMillan, A.B., 2020. Application and construction of deep learning
networks in medical imaging. /EEFE transactions on radiation and plasma medical sciences, 5(2), pp.137-159.

Kamal, U., Rafi, A.M., Hoque, R., Wu, J. and Hasan, M.K., 2020. Lung cancer tumor region segmentation using recurrent
3d-denseunet. In Thoracic Image Analysis: Second International Workshop, TIA 2020, Held in Conjunction with MICCAI
2020, Lima, Peru, October 8, 2020, Proceedings 2 (pp. 36-47). Springer International Publishing.

Cao, H., Liu, H., Song, E., Hung, C.C., Ma, G., Xu, X, Jin, R. and Lu, J., 2020. Dual-branch residual network for lung
nodule segmentation. Applied Soft Computing, 86, p.105934.

Singadkar, G., Mahajan, A., Thakur, M. and Talbar, S., 2020. Deep deconvolutional residual network based automatic lung
nodule segmentation. Journal of digital imaging, 33, pp.678-684.

Fu, X., Bi, L., Kumar, A., Fulham, M. and Kim, J., 2021. Multimodal spatial attention module for targeting multimodal
PET-CT lung tumor segmentation. /[EEE Journal of Biomedical and Health Informatics, 25(9), pp.3507-3516.

https://mswmanagementj.com/
3464



(11»}<7'~"~%_f-"‘§i 22
3\ "} 'f;L

MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal

ISSN: 1053-7899 e o
Vol. 36 Issue 1s, 2026, Pages: 3458-3465 ELSEVIER

15. Rakesh, S. and Mahesh, S., 2021. Nodule segmentation of lung CT image for medical applications. Global Transitions
Proceedings, 2(1), pp.80-83.

16. Kumar, S. and Raman, S., 2020. Lung nodule segmentation using 3-dimensional convolutional neural networks. In Soft
Computing for Problem Solving: SocProS 2018, Volume 1 (pp. 585-596). Springer Singapore.

17. Cao, Y., Liu, L., Chen, X., Man, Z., Lin, Q., Zeng, X. and Huang, X., 2023. Segmentation of lung cancer-caused metastatic
lesions in bone scan images using self-defined model with deep supervision. Biomedical Signal Processing and Control, 79,
p-104068.

18. Yu, H., Zhou, Z. and Wang, Q., 2020. Deep learning assisted predict of lung cancer on computed tomography images using
the adaptive hierarchical heuristic mathematical model. /EEE Access, 8, pp.86400-86410.

https://mswmanagementj.com/
3465





