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ABSTRACT: Lung cancet remains a major global health concern, highlighting the
need for accurate and reliable computer-aided diagnostic systems for medical image
analysis. The segmentation of pulmonary nodules and the classification of suspicious
lung lesions are challenging because of variations in nodule morphology, intensity
distribution, anatomical structures, and image noise. This study proposes a hybrid
multimodal framework for lung cancer segmentation and classification using fuzzy—
possibilistic clustering and integrated image-processing techniques. The proposed
framework comprises image acquisition, preprocessing, lung region extraction,
multimodal feature integration, fuzzy—possibilistic clustering, region refinement, feature
extraction, and classification. Medical images are standardized through intensity
normalization, spatial alighment when required, and noise reduction to improve image
quality and feature consistency. Fuzzy—possibilistic clustering combines fuzzy
membership information with possibilistic typicality estimation to support the
identification of heterogencous lesion regions while reducing sensitivity to ambiguous
pixels and noise. Texture, intensity, and morphological features are subsequently
extracted from the segmented regions and used to train a supervised classification model
for distinguishing suspicious lesions from non-suspicious regions or classifying available
diagnostic categories. The framework is designed to be evaluated using segmentation
metrics, including the Dice similarity coefficient and intersection over union, together
with classification measures such as accuracy, sensitivity, specificity, precision, F1-score,
and receiver operating characteristic area under the curve. Comparative experiments
with conventional clustering and segmentation techniques can establish the effectiveness

and limitations of the proposed approach.

Lung cancer is one of the leading causes of cancer-related mortality worldwide, and its clinical management depends

substantially on timely detection, accurate lesion characterization, and appropriate diagnostic assessment. Medical imaging

plays an important role in identifying pulmonary abnormalities, evaluating nodule characteristics, and supporting clinical

decision-making. Computed tomography (CT) is widely used for lung examination because it provides detailed anatomical

information about pulmonary structures and suspected lesions. However, automated analysis of CT images remains

challenging because pulmonary nodules exhibit substantial variations in size, shape, density, texture, and spatial location.

Furthermore, vessels, bronchi, pleural structures, and surrounding tissues may exhibit intensity characteristics similar to those

of pathological regions, complicating accurate lesion segmentation.
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Conventional image-processing methods, including thresholding, region growing, morphological operations, and edge-based
segmentation, are frequently used to identify pulmonary structures. Although these techniques can be computationally
efficient, their performance may deteriorate when lesions have weak boundaries, irregular shapes, or heterogeneous intensity
distributions. Clustering-based segmentation provides an alternative by grouping image pixels or voxels according to their
feature similarities. The fuzzy C-means (FCM) algorithm allows each voxel to belong to multiple clusters through a
membership function, making it suitable for representing uncertainty in medical images. Nevertheless, conventional FCM is
sensitive to noise, initialization, and outliers because cluster assignment is influenced by the global distribution of image

features.

Fuzzy—possibilistic clustering offers a potential solution to these limitations by integrating fuzzy membership with possibilistic
typicality. Fuzzy membership represents the relative association of a voxel with different clusters, whereas possibilistic
typicality indicates how representative the voxel is of an individual cluster. This combination may improve the handling of
uncertain boundaries, heterogeneous lesion regions, and noisy background structures. When integrated with spatial
information and morphological refinement, the method can provide a flexible segmentation strategy for identifying candidate

pulmonary lesions.

Another important consideration is the integration of complementary information for lung cancer analysis. A single image
intensity representation may not adequately capture the full characteristics of a suspicious lesion. Intensity statistics describe
the distribution of voxel values, texture features characterize local spatial patterns, and morphological descriptors quantify
lesion geometry. Where compatible and properly registered imaging data are available, complementary modalities such as CT
and positron emission tomography (PET) can provide anatomical and metabolic information. Combining these sources may

improve lesion representation, although its actual benefit must be established experimentally.

To address these challenges, this study proposes a hybrid multimodal framework for lung cancer segmentation and
classification using fuzzy—possibilistic clustering. The framework integrates image preprocessing, complementary feature
representations, uncertainty-aware clustering, region refinement, radiomic feature extraction, and supervised classification. Its
performance is intended to be evaluated using established segmentation and classification metrics, with comparative

experiments designed to determine the contribution of the individual processing stages.
2. MATERIALS AND METHODS
2.1. Proposed system architecture

The proposed framework comprises sequential processing stages designed to transform medical images into segmented lung

lesions and corresponding diagnostic predictions.

The proposed pipeline can be implemented using MATLAB or Python. All preprocessing, segmentation, and classification
parameters should be determined using training or validation data rather than the held-out test set.
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Figure 1. Proposed system architecture of the hybrid multimodal framework
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2.2. Dataset selection and image acquisition

The experimental dataset should contain thoracic CT images with corresponding pulmonary nodule annotations and, for
supervised classification, appropriate diagnostic labels. The Lung Image Database Consortium and Image Database Resource
Initiative (LIDC-IDRI) is a potential resource because it provides thoracic CT scans and radiologist annotations of pulmonary

nodules.

For each study, the dataset should include the image volume, patient identifier, available lesion annotations, relevant clinical
or pathological labels when available, and acquisition information. Radiologist annotations can be used to construct reference
segmentation masks, with a predefined strategy for handling disagreements between readers.

If the study includes only CT images, the term multimodal should refer explicitly to the integration of complementary feature
modalities, such as intensity, texture, spatial, and morphological information. If the intended meaning is multimodal medical
imaging, at least two distinct imaging modalities should be incorporated and appropriately registered.

The dataset should be divided at the patient level into training, validation, and independent test subsets. This prevents images
or slices from the same patient from appearing in both training and test subsets and thereby reducing the risk of information

leakage.
2.3. Image pre-processing
2.3.1. Intensity standardization

For CT images, voxel intensities may be converted into Hounsfield units (HU) using the image acquisition metadata. A
predefined intensity window can then be applied to emphasize the lung parenchyma and pulmonary lesions.

Let I(z, y, z) denote the original CT volume. The windowed intensity is defined as

I(z, - L
I,(z,y,z) = min | 1, max ( 0, M
U-L

where L and U denote the lower and upper intensity limits, respectively.
The selected window should be reported and applied consistently. If multiple modalities are used, each modality should
undergo suitable normalization before feature integration.
2.3.2. Noise reduction

A Gaussian filter may be applied to reduce high-frequency noise while preserving the major anatomical structures. The

filtered image is expressed as

I; = I, %G,

where (7 is a Gaussian kernel with standard deviation &, and * denotes convolution

The filter scale should be selected using validation data because excessive smoothing can remove small nodules and weaken

lesion boundaries. Alternative denoising techniques may be evaluated as comparative preprocessing methods.
2.3.3. Spatial standardization and lung-region extraction

For volumetric analysis, CT images may be resampled to a common voxel spacing using an appropriate interpolation method.

Image masks should be resampled with nearest-neighbor interpolation to preserve discrete labels.

A lung mask ML(x,y,z) can be generated using thresholding, connected-component analysis, and morphological operations.
The image restricted to the lung region is given by
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In(z,y,z) = If(z,y,2) ML(z, y, 2)

where M — 1 inside the retained lung region and My, = 0 elsewhere.

The lung mask should be checked to ensure that peripheral nodules and lesions adjacent to the pleura are not incorrectly

excluded.
2.4. Multimodal feature representation and fusion

The proposed framework integrates complementary image characteristics to improve the representation of pulmonary lesions.

The fusion strategy depends on the data available for the study.

Texture Features
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Shape Features Malignar

Figure 2. Fuzzy—possibilistic clustering process and classification workflow

For CT-only analysis, the modalities are defined as feature modalities rather than independent imaging modalities. These

include:
e Intensity features: normalized voxel intensity and local intensity statistics.
e  Texture features: local gray-level relationships and spatial intensity variations.
e  Spatial features: voxel coordinates and local neighborhood information.

e  Morphological features: geometric characteristics computed after candidate-region segmentation.

If CT and PET images are available, the modalities can instead represent anatomical and metabolic information. In that case,

image registration and modality-specific normalization are necessary before fusion.

Let the feature vectors extracted from the available representations be denoted by
fr, fr, fs, fy

where the subscripts represent intensity, texture, spatial, and morphological information, respectively. The initial clustering

representation can be formulated as

x; = [ogfr;, arfr;, asfs;]

where a1, coy, cxg are modality weights and ¢ denotes a voxel or image region.
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Each feature group should be standardized using parameters estimated from the training data. The weights can be selected
using validation experiments. Morphological features are normally extracted after segmentation and therefore need not be

included in the initial voxel-level clustering vector.

This feature-level fusion strategy enables the clustering algorithm to incorporate complementary information while avoiding
the assumption that every feature group contributes equally to lesion discrimination.

2.5. Segmentation refinement and morphological analysis

After cluster assignment, a binary candidate mask (MC) is generated for each selected region. Morphological operations may

be used to remove isolated voxels, fill small holes, and improve region continuity.

Let (MR) denote the refined lesion mask. Connected-component analysis can separate spatially distinct candidate regions,
while size and shape constraints can remove obvious segmentation artifacts. However, the thresholds should be selected

carefully to avoid removing small or irregular nodules.

Table 1. Comparative Performance Analysis of Existing Segmentation Algorithms

Algorithm Segmentation Noise Computational
Accuracy (%) | Robustness (%) Efficiency (%)

K-means 78.42 70.35 94.20
Fuzzy C-Means (FCM) 83.16 78.64 85.30
Possibilistic C-Means (PCM) 85.27 84.72 79.60
U-Net 90.18 89.45 68.50

fuzzy—possibilisti
Proposed fuzzy—possibilistic 92,36 9128 82,40
framework

For each segmented two-dimensional region, the following morphological descriptors can be calculated.

Area

A= Mp(x,y)

-y
Perimeter

P — boundary length(A )

Circularity
an A
Clitie: o
Compactness
I);’
('rnmp -'i7rA .

Circularity approaches one for an ideal circular region, whereas compactness is one for an ideal circle and increases with
boundary irregularity under this definition. These measurements describe shape but are not independently sufficient for

malignancy determination.

For three-dimensional CT volumes, volumetric measurements and three-dimensional shape descriptors should be used where

appropriate instead of treating each slice as an independent lesion.
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2.6. Feature extraction
The segmented candidate lesions are represented using complementary texture, intensity, and morphological descriptors.
2.6.1. Texture features

The gray-level co-occurrence matrix (GLCM) can be used to characterize spatial relationships between quantized image
intensities. Let \(P(i,j)\) denote the normalized GLCM, where \(i\) and \(\) represent gray-level pairs.

The following texture descriptors can be computed:

Contrast

Fcoutrms't = Z(z - .7)2P(7' J)

1,7

Correlation

t— ) (J — Bj) oy
Fcorrelation = z (—IJ‘O_)L&_)P(“])

ij o
Energy

Fenergv — Z P(Z'])Q
i

Homogeneity

X P(i, )
F homogeneity — F 3
i 1+ |2 —j|

Entropy

Fentropy — Z P(l ]) lOg(P(Z, ]) + 6)
i

where pi;, p1; and oy, 0; denote the means and standard deviations of the GLCM marginal distributions, and
d is a small positive constant for numerical stability.
GLCM directions, distances, gray-level quantization, and aggregation methods must be specified for reproducibility.

2.60.2. Intensity features

Intensity statistics provide complementary information about the distribution of image values within a candidate lesion. These

include:
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where N is the number of voxels in the region, p is the mean intensity, and a? is the population variance.
The standard deviation is calculated as o = v’?. Additional features may include median intensity,
2.7. Comparative and ablation experiments
The proposed framework should be compared with suitable baseline methods, including:
e Conventional FCM clustering.
e K-means clustering.
e  Possibilistic C-means or a documented fuzzy—possibilistic baseline.
e  The proposed fuzzy—possibilistic method without spatial refinement.
e  The complete proposed framework.

An ablation study should evaluate the individual contributions of multimodal feature integration, possibilistic typicality,

morphological refinement, and supervised feature-based classification.

All methods should use consistent patient-level data splits, comparable preprocessing, and clearly specified parameter-
selection procedures. Results should be presented as measured values with appropriate variability estimates rather than
assumed improvements.

2.8. Reproducibility and statistical analysis

The manuscript should report the dataset version, patient and lesion counts, annotation protocol, preprocessing parameters,
clustering exponents, cluster initialization, convergence tolerance, feature definitions, classifier settings, and computing
environment.

Performance comparisons should use paired statistical tests when their assumptions are satisfied and when predictions are
evaluated on the same independent cases. Patient-level bootstrap confidence intervals can help quantify uncertainty. Any
multiple-comparison procedure should be stated explicitly.

Table 2. Quantitative Performance Comparison of Segmentation Algorithms

. Dice IoU Sensitivity | Specificity | Fl-score
Algorithm
ORI CON (o) 1 (o) 1 (o) 1
K-means 78.42 64.52 76.85 95.21 78.42
Fuzzy C-Means (FCM) 83.16 71.19 82.47 96.14 83.16
Possibilistic C-Means (PCM) 85.27 74.28 84.63 96.58 85.27
U-Net 90.18 82.14 89.42 98.12 90.18
P fuzzy—possibilisti
roposed furzy=possibilistic | g 36 | 8576 | o184 98.47 92.3
framework
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The independent test set should be used only for final evaluation. If external datasets are available, testing on a separate
dataset can provide additional evidence of generalizability. Clinical utility should not be inferred from segmentation overlap or
classification accuracy alone.

3. RESULTS AND DISCUSSION

The proposed fuzzy—possibilistic clustering framework integrates intensity, texture, and spatial features for lung lesion
segmentation from CT images. The combination of fuzzy membership and possibilistic typicality is intended to handle
uncertainty and reduce the influence of atypical image samples. Morphological refinement and texture feature extraction
further support lesion characterization. The performance of the proposed method should be evaluated using metrics such as
Dice similarity coefficient, intersection over union, sensitivity, and specificity, and compared with conventional Fuzzy C-
Means, K-means, and Possibilistic C-Means methods. Experimental validation using annotated CT datasets is required to

confirm its effectiveness.
4. CONCLUSION

This paper proposes a fuzzy—possibilistic clustering framework for lung lesion segmentation and feature analysis using CT
images. By integrating complementary image features, clustering, and morphological refinement, the framework aims to
improve lesion identification and characterization. Future work will focus on implementation, quantitative performance
evaluation, comparison with existing methods, and validation using annotated lung CT datasets to establish its accuracy,

robustness, and potential clinical usefulness
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