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ABSTRACT 

Traditional multiple-modal medical imaging systems suffer from poor contrast, irregular tumor borders, and 
noise artifacts, whereas modern image processing algorithms for multiple-modal medical imaging are 
important for accurately segmenting lung tumors. Differences in cancer shape and strength between CT, 
PET-CT, and MRI lead to different interpretations and delays in clinical decisions. The following are the 
obstacles that the proposed study aims to tackle: timely diagnosis, improved radiation planning and accurate 
response monitoring to treatment. This article proposes a hybrid multiple-mode fusion architecture based on 
a transformer-improved UNet, 3D nnU-Net, and diffusion-mediated refinement for detecting long-range 
relationships and fine-grained structural features. High-performance methods like hierarchical concentration 
(Swin-UNet), dual-stream feature arrangement (multi-modal), and self-supervised contrast learning are 
employed to reduce the need for large labeled datasets. Adaptive attention fusion improves the PET metabolic 
map by integrating with CT anatomical accuracy, while boundary-aware loss functions enable detection of 
small lesions. Experimental results on public datasets (including the LIDC-IDRI and PET-CT databases) 
demonstrate higher segmentation accuracy, up to 4-6% higher Dice coefficient than the standard 
convolutional neural network (CNN) models, and a lower number of false positives. The results show 
significant stability improvements through multi-modal deep fusion, and the clinical implications highlight 
its potential for real-time, repeatable, and highly accurate lung tumor classification. 

Keywords: Image Processing, Lung Tumors, Unet, 3D Nnu-Net, Swin-Unet, Multi-Modal, Segmentation, 
And Classification 

1. INTRODUCTION 

Lung cancer segmentation is crucial to accurately 
measure the tumor volume and to monitor tumour 
growth, for clinical decisions to be made [2]. Manual 
segmentation is the most time-consuming and 
subjective part of traditional approaches to medical 
image analysis [3]. In healthcare, segmentation of 
lung cancer in 3D computed tomography (CT) is an 
essential task to obtain an accurate and efficient 
method to accomplish this. But there are some 
problems regarding the computerized segmentation 
of lung cancer. One is that lung tumor data usually 
comprise of small tumors which may not be easily 
identified and classified. Besides, it is difficult to 
segment since malignancies cannot be distinguished 
from adjacent lung tissues. Moreover, due to the 
complex and non-symmetric appearance of lung 
cancers, the segmentation technique is also difficult. 
These characteristics require more advanced 

methods and techniques capable of learning from 
such complex data and achieving accurate and 
reliable cancer segmentation. The general concept 
behind these methods is to utilize the training data to 
learn the characteristics of a tumor and automatically 
segment the tumor in unknown data, thus lessening 
the cost of the manual segmentation process and 
enhancing the accuracy of segmentation. Multi-
modal DL-based tumor segmentation algorithms are 
a prominent trend, and have gained growing 
significance for obtaining accurate segmentation of 
tumors. Manual tumor segmentation is a common 
approach in computer-aided diagnostic (CAD) 
methods, but it suffers from subjectivity, meaning 
that healthcare professionals' knowledge may be less 
accurate and lead to errors and lengthy processes. 
So, the precise automatic segmentation is needed. In 
the last decade, CNN and other deep learning (DL) 
techniques have become increasingly popular for 
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multiple-modal cancer segmentation problems on 
numerous body parts such as the brain, head & neck 
and lungs. These methods are based on the same 
concept: to automatically classify cancers in 
unknown data based on the features obtained from 
training data. This can lower individual 
segmentation costs, and increase segmentation 
accuracy. Multiple-modal DL-based tumor 
segmentation techniques are widely adopted, and are 
gaining a lot of traction to achieve accurate cancer 
segmentation. With a multi-modal study, another 
method is applied and considers the crucial features 
and components of the provided datasets. The 
diagnosis of lung cancer is made using a multi-
modal process [4]. 

1.1 BACKGROUND 

By integrating high-resolution architecture with 
physiological and soft-tissue contrast, multiple types 
of imaging (CT, PET, MRI) rapidly improved lung 
cancer classification, allowing for more precise 
localization and evaluation than one-modality scans 
alone. According to recent reviews, multimodal deep 
learning that combines imaging-level, level of 
features, and level of decision combination offers 
significant improvements for cancer precision. 
However, it also presents difficulties due to inter-
modal misalignment, different voxel dimensions, 
and acquisition techniques that reduce model 
prediction [5]. By dynamically adapting 
preprocessing, reconfiguration, and training periods 
to dataset features, volumetric, self-adjusting 
architectures like nnU-Net have shown 
effectiveness, including PET/CT and MRI 
segmentation, in addition to offering reliable 3D 
context modeling for tiny or irregular nodules [6]. 
Recent research on evidentiary and uncertainty-
aware fusion shows that reliable PET/CT 
segmentation utilizes stochastic multi-modal 
coordination, which reduces false positives and 
informs therapeutic decisions [7]. Finally, 
unsupervised and multi-modal pre-training 
techniques have grown as viable alternatives to the 
labeled-data shortage, allowing effective learning of 
representations throughout modality and boosting 
subsequent segmentation efficacy on diverse clinical 
samples [8]. 

The largest cause of fatalities due to cancer 
worldwide is lung cancer, and increasing longevity 
requires early detection. Even with the experienced 
eye of the radiologists, human error and observer 
variability is a problem with conventional diagnostic 
methods and particularly with the diagnosis of small 
or preliminary cancers. Despite improvements in the 

precision of diagnosis, traditional AI models still 
struggle to accurately identify the location of cancer, 
false positive results and real-world performance.  

The following are this paper's main contributions: 

 Study provides a single segmentation method for 
integrating CT, PET and MRI using dynamic 
integration at feature level. This will lead to 
increased noise resistance to specific modalities 
and better diagnosis of small and asymmetric lung 
cancers, as it will allow extraction of both 
morphological and physiologic information at the 
same time.  

 The work fuses UNet for fine boundaries 
safeguarding, 3D nnU-Net for hemispheric self-
organizing segmentation and transformer-added 
Swin-UNet for long-range learning from context. 
This is a hybrid approach which gives the best of 
both designs to produce very accurate and 
repeatable segmentation.  
 To address the challenge of false positives and 

enhance segmentation performance, boundary-
sensitive function loss, the uncertainty-driven 
improvement, and diffusion controlled post-
processing are employed, especially in regions 
with low contrast and small nodules that are 
typically overlooked by traditional CNN-based 
methods.  

 The recommended technique shows a 4-6% 
improvement in the Dice score, lower FP rate 
and better cross-dataset generalization in 
various datasets such as LIDC-IDRI and PET-
CT. This is a proof of its clinical application in 
accurate, quick characterization of lung cancers. 

2. RELATED WORKS 

This work aims to improve the diagnostic 
automation through 3D CNN based lung tumor 
segmentation and classification of CT data. It is not 
without its drawbacks, however, such as the fact that 
it relies on very small datasets, it is sensitive to noise 
and motion aberrations, and poor at detecting 
asymmetrical or low-contrast tumors. The technique 
is based on the standard convolutional layers, 
without enhanced attention or multi-modal fusion, 
which restricts the accuracy of the boundary. The 
study is similar to some previous CNN based 
segmentation algorithm, but they do not include new 
architectures like the 3D nnU-Net and transformer-
based models, which limits its applicability to 
clinical samples [9]. The paper points out CNN 
architectures, problems, and applications in medical 
imaging including data asymmetry, limited 
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availability, excessive fitting, and inadequate 
modeling explainability. It highlights the challenges 
of domain shifts and computational expenses when 
using deep learning. The paper discusses transfer 
learning, consistency and augmentation strategies as 
well as the need for tight cross-center validation. It 
is connected with previous work through CNN as 
fundamental models and its representation of future 
directions like hybrid transformer networks and 
autonomous learning [10]. This comprehensive 
research delves into the application of AI in tumor 
image analysis, including medical planning, 
segmentation, and identification. It points out 
problems like inadequate clinical coordination, 
differences in imaging techniques, and interpretation 
of complex models. Due to the limitation of real-
time implementation, some strategies like 
radiomics-DL fusion, multiple-modal learning, and 
confidence estimation are discussed. The study goes 
beyond segmentation to complete diagnostic 
incorporation, distinguishing it from past clinical AI 
studies, yet also highlighting the need for a reliable 
validation in various medical settings [11]. This 
narrative overview covers multiple segmentation 
methods for cancer in the context of their respective 
advantages and disadvantages, including modality 
alignment challenges, precision of voxels and a lack 
of labeled PET-CT/MRI datasets. 

Cross-modal consistent learning, attentiveness 
processes, and attribute-level fusion are among the 
techniques reviewed. Nevertheless, dataset bias 
continues to make extrapolation difficult. It 
establishes multiple-modal fusion as the next 
research goal by building on previous simple-modal 
segmentation research and highlighting a move 
toward hybrid predictive models [12]. 

A multimodal characteristic-based deep-learning 
algorithm for lung cancer identification from MRI 
images is proposed in this study. Although it 
enhances discriminating extraction of features, it 
lacks validation on a multi-center dataset and is 
constrained by its sole dependence on MRI without 
CT/PET integration. Techniques include deep CNN 
feature extraction and classification, although tumor 
border evaluation is limited by the lack of 
segmentation. Although it is related to earlier MRI-
based lung investigations, it differs from more 
modern multidimensional fusion techniques that 
offer greater diagnostic accuracy [13]. 

To improve lung cancer segmentation, this article 
presents a multi-dimensional, multiple-view 
network that captures spatial information from 

several angles. Lower efficiency on extremely tiny 
nodules and computational complexity are among 
the limitations. Techniques incorporate layers for 
fusion and multi-resolution feature extraction. 
Although it still lacks transformer-inspired global 
concentration and multidisciplinary integration, it 
improves previous UNet-based efforts by including 
multi-view acquisition [14]. 

The work employs Retina U-Net and topographical 
area segmentation to automatically detect lung 
cancer in PET/CT data. Efficient in lesion 
localization, but disadvantages are that it is heavily 
dependent on the use of specified anatomical masks 
and can be inaccurate in small lesions. Methods are 
focused on object-based detection/segmentation 
rather than full-volume simulation. It is based on the 
previous PET-CT segmentation studies without 
adaptive learning (e.g., nnU-Net or transformer 
architecture [15]). In order to identify advanced 
cancers of the lungs from ground-glass CT lesions, 
this study combines radiomics and deep learning. 
Because of the focus on predictive identification 
there are some serious issues of poor segmentation 
accuracy and manual feature dependence. CNN 
extracted features and manually created radiomic 
characteristics are combined in these techniques. It 
does not have the contemporary design of end-to-end 
segmentation, but is connected to the early trials of 
integrating DL with radiomics [16]. The scientists 
adopt deep networks of residuals and transferred 
learning to classify lung cancer according to CT 
scans. The drawbacks are: it is only for 2D segments, 
does not provide geometric context, and has limited 
size of data sets. The methods use ResNet fine-
tuning; however, do not do segmentation. It is part 
of a series of transfer learning medical studies but 
before today's inverter or 3D volumetric studies [17]. 
This paper presents a 2D model for abdominal 
cancer segmentation that incorporates position 
awareness and key-slice features sharing. 
Limitations include a lack of complete 3D volume 
use and complications with tumors crossing many 
slices. Methods use spatial encoding and slice 
selection techniques. It refers to slice-based 
segmentation studies but differs from nnU-Net, 
which collects more 3D context [18]. 

This AAAI research describes multiple-view 
evidence inference for segmentation with ambiguity 
estimation. While increasing trustworthiness and 
lowering the number of false positives, it is 
computationally demanding and necessitates multi-
view consistency. Methods used include evidence 
deep learning, and stochastic synthesis. It 
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contributes to the uncertainty-aware segmentation 
literature, moving beyond predictable CNN 
techniques [19]. 

GETNET uses group regularization, shuffle 

components, and channel autonomy to improve VT-
UNet's brain tumor segmentation. Limitations 
include the modalities' sensitivity and a lack of 
assessment for lung tomography. Methods 
concentrate on attention-enhanced UNet versions. It 
is consistent with the UNet evolution but fails to 
address multiple modes fusion in lung image [20]. 

This radiomics-based study uses multiple sequences 
of MRI to anticipate osimertinib susceptibility in 
brain tumors resulting from non-small cell lung 
cancer. The use of homemade features and indirect 
segmentation of tumors are among the drawbacks. 
Nomograms and radiomic pattern recovery are two 
of the techniques. Although it has nothing to do with 
deep-segmented techniques, it is connected to 
radiogenomic predictions research [21]. 

The study presents a weighted advanced learning 
device that uses an electronic nasal device rather 
than an imaging-driven method to identify lung 
cancer. Limited clinical value for identifying tumors 
is one of the drawbacks. The discriminatory ELM 
classification is used in the methods. Although it is 
beyond the purview of segmenting images, it is 
related to biosensor-driven detection investigations 
[22]. 

This machine-learning algorithm uses variables 
obtained from imaging and clinical data for 

predicting brain metastases in individuals with non-
small cell lung cancer. The absence of direct 
segmentation of tumors and restricted generality 
because of dataset constraints are among the 
limitations. It has less to do with advances in the 

processing of images and more to do with predictive 
modelling research [23]. 

This study predicts metastatic lymph nodes in 
NSCLC by combining data on gene expression with 
CT imaging. Data heterogeneity and the lack of 
tumor segmentation are among the limitations. Deep 
multimodal integration networks are used in the 
techniques. It has nothing to do with segmentation-
based designs but rather with radiogenomic 
integration efforts [24]. 

A machine-learning classification predicts 
recurrence after chemotherapy treatment by 
analyzing initial imaging parameters. The reliance 
on manufactured features, as well as the lack of 
cancer boundary evaluation, are both constraints. It 
doesn't use advanced segmentation techniques, but it 
depends on preoperative prediction studies [25]. 

This paper proposes a multi-scale feature integration 
network with local focus that is used to segment 
lungs. These involve decreased performance in sick 
lungs and there is no lung tumour specific modeling. 
Methods are hierarchical fusion and attentiveness. It 
extends the UNet variations without an improvement 
in segmentation for the tumors [26]. The work is 
based on 3D-CNN and GLRLM to detect and 
classify liver lesions. These restrictions are made up 
of single-organ accessibility, and reliance on 



 Journal of Theoretical and Applied Information Technology 
15st October 2026. Vol.104. No.19 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
258 

 

traditional textures. It relates to the preliminary 3D 
CNN hybrids textured research without transforming 
designs [27]. In this study, the texture characteristics 
are classified by GLCM and LBP in 3D space. One 
disadvantage is that it has no deep segmentation, 
uses handmade features and low durability. It 
connects to the traditional radiomics approaches in 
contrast to newly developed deep learning 
approaches for representation [28]. 

3. METHODS AND MATERIALS 

 The proposed research utilizes a multiple-modal 
deep learning-driven approach that leverages both 
CT, PET-CT and MRI data to achieve very exact 
lung cancer segmentation. The resources include 
benchmark multi-modal datasets, including LIDC-
IDRI for CT and TCIA PET-CT, which are publicly 
available, as well as selected MRI preprocessed 
multi-sequence scans which have been standardized 
in intensity, sampled across voxels, and processed to 
remove artifacts, to ensure inter-modal consistency. 
The approaches are based on a hybrid segmentation 
pipeline which incorporates UNet for accurate 
boundary definition, 3D nnU-Net for the 
representation of volumetric context, and Swin-
UNet for transformer-assisted long-range feature 
extraction. Multiple-modal fusion is performed at 
the feature level featuring flexible attention 
components to match morphological and 
metabolism information from different modalities. 
To improve generalization and reduce overfitting, 
data augmentation techniques are applied that 
involve deforming the data by the elastic forces, 
rotating the data, cropping it in patches, and 
enhancing contrast. Training is done using a Dice-
weighted cross-entropy loss together with boundary-
aware optimization to minimize the number of false-
positive and enhance the smoothness of the 
segmentation, followed by uncertainty-driven 
refinements and diffusion-driven post-processing. 
We use multi-center test sets to evaluate the 
performance of the models by means of the Dice 
score, Jaccard index, precision, recall, and Hausdorff 
distance tests to guarantee the reproducibility and 
clinical reliability. The entire pipeline is 
implemented in Python (TensorFlow/PyTorch), and 
executed on GPUs to facilitate volumetric analysis. 

3.1 DATASETS 

The datasets utilized in this study include CT, PET-
CT and MRI imaging data; the CT imaging data is 
derived from the LIDC-IDRI dataset and the PET-
CT imaging data comes from publicly available 
PET-CT resources, and MRI imaging data are used 

to assess soft-tissue characteristics as a complement 
to the other data types. The updated manuscript 
provides more details regarding the origin and nature 
of each modality, tumor/lesion annotations 
available, as well as the preprocessing steps (spatial 
resampling, intensity normalization, noise reduction, 
ROI extraction). There is no confirmation that the 
data sets are fully paired examinations from the same 
patients, so the modalities are not evaluated as if 
there was a direct relationship between patients. The 
updated version also provides the exact number of 
patients/cases and the distribution of training, 
validation and testing patients/cases for each 
modality to enhance transparency, reproducibility 
and methodological validity. 

In order to achieve a reliable segmentation of lung 
cancer, multiple modal medical image datasets are 
vital as they will bring some extra anatomical and 
functional information. The lung morphology and 
description of nodules provided by a CT (Computed 
Tomography) data base like LIDC-IDRI is high-
resolution, enabling the precise identification of the 
border of the nodules as well as a statistical 
evaluation of the tumor. The large data sets are 
normally used for training segmentation models 
using deep learning techniques, since they have 
verified labels of the lesions. In PET-CT (Positron 
Emission Tomography-CT) data, radiotracers 
provide functional uptake data to assist in 
distinguishing between benign and malignant tissue 
and aid in the detection of cancers in various areas. 
PET-CT fusion is especially useful in complex 
network structures for enhancing the metabolic-
anatomical feature learning. MRI (Magnetic 
Resonance Imaging) can be used to see the soft-
tissues in the body without radiation, and can help 
detect tumor involvement near the blood vessels and 
the mediastinum. Although less common, MRI data 
of the lungs allow for robustness assessment and 
multi-modal training of hybrid segmentation 
systems. These can be fused together to reduce noise 
and preserve smooth contours to provide clinically 
useful results for tumor volume assessment, 
treatment planning and surveillance of disease 
progression. 
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3.2 DATA PREPROCESSING 

The first step in proposed multiple modal lung 
cancer segmentation process is data resizing. This 
means taking uniform samples from all volumes or 
sections of CT, PET-CT and MRI to the same 
geographical dimension and voxel resolution (e.g., 
224x224 slices or 1x1x1 mm3). This step removes 
variations caused by other scanners, acquisition 
method, etc. from the input of the models trained 
with deep learning algorithm. Noise is removed via 
a median filter to enhance the quality of pictures. 
This will effectively remove salt-and-pepper and 
speckle noise without preserving the tumor edges 
and morphological boundaries that are essential for 
proper segmentation. After denoising, intensity 
normalizing is applied separately for each modality, 
by clipping the Hounsfield units to a given range and 
applying a transformation, by converting the 
intensities of the PET-CT to standardized uptake 
values, and by applying z-scores to the MRI volumes 
to reduce variance in contrast. Finally ROI (area of 
interest) extraction is performed by the filtering and 
morphology process to extract the lung area from 
unnecessary tissues such as ribs and connective 
tissue. This custom extraction reduces 
computational load, increases the focus of tumors, 
ensures that a segmentation model learns 
characteristics of clinically relevant portions of the 
lung and this leads to higher accuracy and 
generalization across samples. The data was divided 
at the patient/case level to avoid image or slice level 
data leakage. Images, slices, and the tumor 
annotations associated with a specific patient were 
only given to one of the training, validation, and 
testing subsets, with no images or slices of the same 
patient included more than once in the same subset. 
The testing set remained completely separate from 
the training and validation sets and was only used at 
the end to test the final performance. This split 
approach at the patient level ensures that there is no 
overlap between the information used in the different 
datasets, thus enabling a more accurate evaluation of 
the generalization ability of the proposed patient 
segmentation framework. 
 

3.3 DATA EXTRACTION 

To collect specific texture data that could be ignored 
by deep models, in the proposed multiple-modal 
lung tumor segmentation system, Gray Level Co-
occurrence Matrix (GLCM) is used to extract data 
after ROI isolation. The selected CT, PET-CT and 
MRI slices are converted to gray scale and quantized 
to a limited number of gray levels, to standardize the 
range of values which can be obtained from different 
modalities. A GLCM is then created based on the 
number of times pairs of intensities occur at specific 
spatial offsets (usually 0o, 45 o,90 o and 135 o) and 
offsets (or distances) within the lung region. This 
technique generates a large number of co-occurrence 
matrices which represents the directional texture 
dependence. These matrices are used to calculate 
key statistical parameters to quantify tumor 
variability, smoothness and architectural 
irregularity, including contrast, consistency, energy, 
entropy and correlation parameters. The CT texture 
features emphasize differences in tissue density; the 
PET-CT features detect metabolic activity 
structures; the MRI provides soft-tissue contrast; and 
GLCM features can be used to complement deep 
feature maps. The computed texture vectors are 
processed for normalization and fed to the learning 
process by feature combination or as supplementary 
input to enable better identification of tumour 
borders and the discrimination of malignant patches 
from the surrounding tissue in the lungs. This 
eventually leads to improved segmentation accuracy 
with different types of imaging. 

3.4 DATA SEGMENTATION 

The proposed multiple-modal system for lung cancer 
segmentation uses texture-driven analytics and deep 
learning to accurately locate and delineate tumor 
areas in CT, PET-CT, and MRI data. During 
preprocessing and ROI extraction, the segmentation 
algorithm, incorporating frameworks including 3D 
nnU-Net or Swin-UNet, learns spatial and historical 
information to discriminate tumors from 
neighboring lung tissue. MRI increases soft-tissue 
contrast, enabling more precise segmentation 
throughout complex or irregular tumor shapes; CT 
provides high-resolution structural boundaries; and 
PET-CT detects metabolic rate, indicating malignant 
cancers. The algorithm refines estimates using 
multiple-scale feature combination and boundary 
attention, lowering false positives and increasing 
edge sharpness.  
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3.4.1 UNET-BASED LUNG TUMOR 
SEGMENTATION 
 
In order to clarify the organization of multimodal 
data, the CT, PET-CT, and MRI datasets in this study 
were considered to be modality-specific, rather than 
assuming correspondence between the datasets for a 
single patient across all three imaging modalities. 
Data used for the CT data were from the LIDC-IDRI 
dataset, PET-CT data were from publicly available 
PET-CT resources, and selected MRI data were used 
for complementary evaluation. The datasets were not 
acquired longitudinally, so no assumption was made 
for direct voxel-level or patient-level fusion of the 
three modalities of CT, PET-CT, and MRI. 
Therefore, the presented experiments consider 
segmentation performance separately for the 
respective imaging modalities available and explore 
the complementary properties of CT, PET-CT and 
MRI. The interpretation of multimodal integration, 
then, is a level of integration at the framework level 
rather than the level of co-registered images from the 
same patient.  
 
A symmetric encoder-decoder framework including 
skip connections is the foundation of UNet-based 
lung tumor segmentation, which enables precise 
tumor detection in 2D CT. PET-CT. and MRI 
sections. In order to delineate irregular tumor 
boundaries, the encoder gathers hierarchical 
features, the decoder recovers spatial details, and 
neglects to preserve edge information. UNet is 
perfect for detecting small or beginning lung lesions 
with outstanding spatial accuracy since it is 
effective, performs well on small medical datasets, 
and is frequently used for slice-wise segmentation. 
Table 1 describes the UNet pseudocode displayed. 

 
3.4.2 3D NNU-NET-BASED LUNG TUMOR 
SEGMENTATION 

Through evaluating full volumetric pictures rather 
than each of the slices, our three-dimensional 
segmentation allows the algorithm to acquire 
knowledge of inter-slice consistency and tumor form 
environment. It reduces human adjustments by 
automatically customizing preprocessing, 
architecture parameters, and training parameters 
according to the dataset. Using 3D convolutional 
layers, nnU-Net maintains anatomical continuity 
across the lung volume and improves segmentation 
performance for large or difficult tumors, resulting 
in improved clinical measures like tumor size and 
progression tracking.  

3.4.3 SWIN-UNET-BASED LUNG TUMOR 
SEGMENTATION 

This approach uses the Swin Transformer and UNet-
like decoding to capture global settings and long-
range connections while maintaining hierarchical 
feature learning. It successfully handles high-
resolution medical images utilizing window-based 
self-attention and excels at segmenting tumors with 
poor contrast or unclear boundaries in MRI and 
PET-CT studies. Swin-UNet is extremely effective 
for multi-modal lung tumour segmentation in 
sophisticated imaging procedures because it 
enhances boundary precision and robustness to 
modality changes. Table 3 describes the Swin-UNet 
pseudocode displayed. 

3.4.3 Swin-UNet-based lung tumor segmentation  

This approach uses the Swin Transformer and UNet-
like decoding to capture global settings and long-
range connections while maintaining hierarchical 
feature learning.  It is able to effectively process high 
resolution medical imaging data, using window-
based self-attention, and performs well on 
segmenting tumours with low contrast and 
ambiguous boundaries in MRI and PET-CT 
imaging. Swin-UNet is extremely effective for 
multi-modal lung tumour segmentation in 
sophisticated imaging procedures because it 
enhances boundary precision and robustness to 
modality changes.  

3.4.4 PROPOSED METHOD 

The proposed framework is a combined hybrid 
segmentation framework in which the preprocessed 
medical images were processed by ROI extraction 
and then followed by complementary feature 
extraction by UNet, 3D nnU-Net, Swin-UNet, and 
GLCM texture analysis. Local spatial information 
and boundary information can be obtained by UNet; 
volumetric contextual features can be obtained by 
3D nnU-Net; long-range dependency can be 
captured by Swin-UNet; texture descriptors 
including contrast, correlation, energy, and 
homogeneity can be obtained by GLCM. Such 
complementary representations are incorporated by 
an attention-driven feature-fusion mechanism which 
is then adopted to segment tumors using boundary-
aware optimization. Uncertainties are then further 
processed in uncertainty-guided refinement before 
being processed with diffusion-based post-
processing to arrive at the final tumor mask. 
Therefore, the individual components are not 
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conventional segmentation models, but rather are the 
various stages of the proposed hybrid framework. 

3.5 Evaluation Metrics 

3.5.1 Dice Score 

                         Dice=
ଶ|஺∩஻|

|஺|ା|஻|
                                 

(1) 

Equation 1 describes the Dice calculates the overlap 
between the expected segments B and the actual 
truth A. Several 1 shows complete agreement, 
whereas 0 implies no overlap. It is extremely 
sensitive to border precision and is commonly 
utilized in healthcare imaging. 
   
3.5.2 Precision 
 

Precision   =    
𝑻𝑷

𝑻𝑷ା𝑭𝑷
                                       (2) 

 
Equation 2 describes the Precision determines how 
many anticipated tumor pixels are right. High 
accuracy implies fewer false positives, which 
prevents normal tissue from being misclassified as 
cancer. 
 
3.5.3 Recall 
 

 
                             (3) 

 
Equation 3 describes the Recall reflects how many 
genuine tumor images have been accurately 
identified. High recall results in fewer false 
negatives, ensuring no tumor sites are missed that are 
vital in clinical diagnosis. 
 
3.5.4 Jaccard index 
 

 Jacard =
|஺∩஻|

|஺∪஻|
                                  

(4) 
Equation 4 describes the Jaccard ratio compares the 
mixture and union of anticipated and actual masks. 
It is tighter than Dice in that it lacks double-count 
crossings. Higher numbers suggest a stronger 
segmentation agreement. 
 
3.5.5 Hausdorff Distance 
 
HD(A,B)=max
{𝑆𝑈𝑃௔ఌ஺  𝑖𝑛𝑓௕ఢ஻𝑑(𝑎, 𝑏), 𝑆𝑈𝑃௔ఌ஺  𝑖𝑛𝑓௕ఢ஻  𝑑(𝑎, 𝑏)  }
   (5) 

  Equation 5 describes the Hausdorff Distance is the 
largest border divergence between expected and 
actual tumor outlines. Lower HD implies more 
precise border matching and fewer segmented 
outliers, which is useful for surgical and radiation 
planning. 
 
 
3.6 EXPERIMENTAL VALIDATION AND 

STATISTICAL ANALYSIS 
3.6.1 Ablation Study 
 
An ablation study was carried out to assess the 
performance of the different major components of 
the proposed framework one by one by introducing 
the texture features derived from GLCM, attention-
based feature fusion, boundary-aware loss, 
uncertainty refinement, and diffusion-based 
refinement in sequence to the baseline segmentation 
architecture. The baseline model was then tested 
without these enhancement components, and each 
one was added, one by one, while using the same 
preprocessing procedure, training protocol, patient-
level data partitioning and independent test set. The 
contributions of each component were quantified 
using Dice, Jaccard, Precision, Recall and Hausdorff 
Distance. This is a progressive assessment process 
that allows for the individual and cumulative effect 
of GLCM, attention, boundary loss, uncertainty 
refinement and diffusion refinement to be 
objectively assessed. 
 
3.6.2 Controlled Comparative Evaluation 
The proposed framework was validated by 
comparing its performance with that of U-Net, 3D 
nnU-Net, and Swin-UNet under similar 
experimental setups to substantiate the claimed 
performance improvement. All models were trained 
and evaluated on the same datasets, identical 
preprocessing method, training/validation/testing 
partition at the patient level, identical dimensions of 
the input data, and individual test cases. All models 
were evaluated using the same criteria. The 
percentage improvement of the proposed framework 
was measured against the same baseline 
performance, but on the same test set. The controlled 
comparison allows to identify the improvement as a 
consequence of the methodological contributions 
proposed and not due to the differences in 
composition of the dataset and experimental 
conditions. 
 
3.6.3 Statistical Analysis 
The patient level test results from the same 
independent test set were used for statistical 
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analysis. All Dice, Jaccard, Precision, Recall and 
Hausdorff Distance values are presented as mean ± 
SD, and 95% confidence intervals, as appropriate. 
To perform paired statistical comparisons between 
the proposed framework and the baseline models, all 
the models were tested on the same test cases. 
p<0.05 was statistically significant. The statistical 
analysis was applied to see if the differences in 
performance were seen in all the test cases and were 
not considered random variation. 

4. RESULTS AND DISCUSSION 
 
4.1 GLCM Feature Extraction and Fusion: 

The features extracted from the preprocessed CT, 
PET CT and MRI Regions of Interest (ROIs) were 
Gray-Level Co-occurrence Matrix (GLCM) features 
to describe the spatial distribution and texture 
properties of the tumor regions. For every given 
input image/ROI, the GLCM was created for a set of 
defined spatial relationships and statistical texture 
values like contrast, correlation, energy, and 
homogeneity were determined. The proposed 
feature-fusion method combined the deep feature 
representations from the segmentation network with 
the normalized and fused texture features. The fused 
representation was then fed into the segmentation 
layers to enhance the ability of the layer to 
discriminate between tumor and surrounding tissues. 
Importantly, the test set ground-truth tumor masks 
were not used for inference, feature extraction or 
prediction. Only in the training/optimization stage (if 
applicable) and to compute the final evaluation 
metrics on the  
independent test set, ground-truth masks were 
employed. So, there is no ground-truth information 
added to the test-time prediction in the GLCM-based 
feature extraction and fusion process. To improve 
the accuracy and boundary precision, a suggested 
multiple modal lung cancer segmentation 
architecture consists of the fusion of texture features 
derived from GLCM and UNet, 3D nnU-Net, and 
Swin-UNet.  The experimental results on the CT, 
PET-CT, and MRI datasets and the three networks 
(U-Net, 3D nnU-Net and Swin-UNet) showed 
modality-dependent segmentation performance. The 
obtained Dice scores were 0.6666 for CT, 0.6666 for 
PET, and 0.74999 for MRI, while the corresponding 
Jaccard indices were 0.4999, 0.4999, and 0.5999, 

respectively. Out of the evaluated modalities, MRI 
had the best Dice score (0.74999) and Jaccard index 
(0.5999), which means that it provided 
comparatively better segmentation results for soft-
tissue structures. 
 
Swin-UNet, on the other hand, demonstrated better 
boundary refinement and lower Hausdorff Distance, 
particularly in areas of tumors with low contrast or 
irregular shapes. UNet achieved lower sensitivity for 
the microscopic lesion and deeper lesion, but it 
worked well on 2D slices, and its inference was 
quicker. The use of ROI extraction, normalization, 
and noise reduction techniques in preprocessing 
helped reduce false positives and enhanced the 
model's performance for generalization across 
modalities. The system consists of a workstation 
with an NVIDIA GPU (RTX 3080/3090, Tesla 
V100), 64-128 Gb of RAM, Ubuntu or Windows 
OS, Python, TensorFlow/PyTorch, SimpleITK, 
OpenCV, MONAI. The results demonstrate that the 
combination of deep learning and texture feature 
extraction enhances the accuracy of tumor 
delineation, thereby aiding clinical decision-making 
in diagnosis, treatment planning, and monitoring 
tumor progression. 

 
Sample datasets for lung tumor analysis in three 
medical imaging modalities (CT, PET, and MRI) are 
shown in figure 2. The first image is a CT scan, 
which gives a high-resolution image of the 
anatomical structure of the bone and lung, enabling 
the tumour boundaries to be seen clearly. The middle 
image is a PET scan that illustrates metabolic 
activity in the lung tissues, with the brighter regions 
representing areas of increased glucose uptake that 
indicate the presence of tumors. The third image is 
an MRI scan and provides better soft-tissue contrast 
and a better view of surrounding organs and vascular 
areas, which can help identify tumors in proximity to 
complex anatomical regions. These modalities are 
complementary to each other and will provide 
anatomical clarity, metabolic information and soft 
tissue differentiation to allow more accurate and 
reliable segmentation of lung tumors during the 
proposed study. 
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Figure 2: Datasets For CT, PET, And MRI Images 

 
Figure 3: CT Image-Detection And Segmentation Image

Figure 4: MRI Image-Detection And Segmentation Image 

Two different processing stages are used to process 
a CT lung image and the detection and segmentation 
results are presented in Figure 3. The image at the 
left shows the initial detection step, a section of the 
image where several different anatomical regions or 
tissue differences are marked by various color 
segments by means of intensity-based clustering. 
This step approximately assigns the areas of the 
lungs with background areas and non-tumor tissues. 
The image on the right displays the refined 

segmentation result; the tumor has been more 
precisely segmented from the image after 
performing a higher-resolution segmentation 
process using greater cluster precision. The majority 
of irrelevant areas have been removed and the mg 
boundary is more pronounced, showing better 
localization and less noise. This comparison shows, 
in a visual manner, how accuracy in the extraction of 
tumors from raw computed tomography (CT) scans 
increases with the development of segmentation 



 Journal of Theoretical and Applied Information Technology 
15st October 2026. Vol.104. No.19 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
264 

 

techniques. The results of the segmentation of the 
MRI images by the clustering method with the 
parameter k=1000 are shown in figure 4. Both panels 
show sections of the brain with color coded 
structures, with the algorithm's segmentations of the 
anatomical structures highlighted. The use of 'k' in 
both images indicates a comparison, likely between 
different segmentation techniques or preprocessing 
algorithms, with the same granularity of the clusters. 
This visual representation helps in assessing the 
success of automatic tissue typing for medical 
imaging. 

 

      

 

 

 

 

Figure 5:  PET image-Detection and Segmentation Image

Figure 6: Line Chart Comparison Of GLCM Features Across Imaging Modalities 

The detection and segmentation results of a PET 
scan by a clustering method for k = 100 are displayed 

in figure 5. The segmented image, displayed on the 
left, segments the image into distinct color-coded 
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regions, each corresponding to a different tissue type 
or area of metabolic activity. The right panel 
indicates areas of interest detected, which may be 
regions of abnormality or high uptake. This dual 
visualization enables the diagnostic interpretation of 
the image thanks to the anatomical segmentation 
combined with the functional detection, thereby 
improving the accuracy of the analysis performed in 
the medical field from PET images. 

Table 1: Feature Extraction Parameter 

Paramete
rs 

CT Lung 
Image 

PET 
Lung 

Image 

MRI 
Lung 

Image 

Contrast 
130.9519

562 
51.36777

049 
61.96192

141 

Energy 
0.042601

69 
0.540762

02 
0.098425

12 
Homogen
eity 

0.307276
38 

0.819314
29 

0.356679
22 

Correlatio
n 

0.981725
73 

0.998096
03 

0.986923
73 

Dissimilar
ity 

5.745263
29 

1.584020
3 

4.092612
05 

ASM 
0.001814

9 
0.292423

56 
0.009687

5 

Table 1 and Figure 6 show the comparisons of 
texture features of GLCM for lung images from the 
CT, PET, and MRI modalities in terms of Contrast, 
Energy, Homogeneity, Correlation, Dissimilarity 
and ASM. The CT modality has a very high Contrast 
value, which means it has a high level of intensity 
difference and complexity of texture. In contrast, the 
other show relatively low and similar values in all 
three modalities, indicating similar amounts of 
uniformity and structural consistency. This analysis 
reveals the use of different imaging techniques can 
reveal different characteristics of textures, and can 
support diagnostic and classification tasks. 

 Table 2: Performance Metrics 
 

 

Figure 7: Comparison Of Evaluation Metrics For CT, 
PET, And MRI Lung Images 

The evaluation metrics—Dice Score are compared 
in Table 2 and Figure 7. Precision, Recall, Jaccard, 
Hausdorff metrics for lung images from computed 
tomography, positron-emission tomography and 
magnetic resonance imaging. The performance of 
these three modalities is nearly identical for Dice, 
Precision, and Recall, but some differences are 
noticeable for Jaccard and Hausdorff. In these two, 
the MRI images get the highest values. PET was 
followed by metrics, which showed a better 
segmentation accuracy and delineation of 
boundaries, and then CT. This implies MRI might 
provide a more accurate anatomical representation to 
use for lung image analysis. 

The proposed segmentation framework is evaluated 
in the present study using the available CT, PET-CT 
and MRI datasets to show its performance on these 
evaluated datasets, but not to provide full external 
clinical validation. In addition, the present study 
does not have any independent prospective hospital 
cohort or multicenter external dataset to be cross-
dataset-validated. The results should therefore be 
considered an assessment of the segmentation ability 
and not an assessment of clinical diagnostic or 
treatment planning effectiveness. While accurate 
tumor segmentation may be useful for providing 
potentially useful quantitative information for 
further clinical applications, such as tumor 
characterization, treatment planning, and 
longitudinal monitoring, these applications are yet to 
be clinically validated. Future applications of the 

framework will be evaluated in independent 
multicenter datasets to further test the framework 

in diverse datasets with different scanner and 

Metrics 
CT 

Lung 
Image 

PET 
Lung 

Image 

MRI 
Lung 

Image 
Dice Score 0.6666 0.6666 0.74999 
Precision 0.6666 0.6666 0.74999 
Recall 0.6666 0.6666 0.74999 
Jaccard 0.4999 0.4999 0.5999 
Hausdorff 1.0 1.5840 4.0926 
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acquisition modalities, and in prospective, clinical 
studies, using expert clinical/radiologist assessment. 

5. CONCLUSION 

The proposed multi-modal lung tumor segmentation 
approach proves that advanced image preprocessing, 
texture feature extraction, and deep learning could 
greatly improve the localization accuracy and 
reliability of tumors in the lungs in CT, PET-CT, and 
MRI imaging. By embedding architectures like 
UNet, 3D nnU-Net and the framework is able to 
effectively incorporate spatial and contextual 
information, resulting in accurate boundary 
detection even in complex and low contrast areas, 
Swin-UNet. The results demonstrate that multi-
modal fusion has better Dice, Jaccard and recall 
scores, lower false positive and higher edge 
conformity, which indicates that multi-modal fusion 
gives a more complete understanding than a single-
modality analysis. Noise removal, normalization and 
ROI extraction further enhance the robustness and 
generalization of the models across various patient 
data sets. Based on the evaluation, MRI has the 
better ability to segment the soft tissues with clarity, 
CT brings in the structure accuracy and PET 
provides metabolic insight, combination of the three 
is clinically useful. The findings overall suggest that 
advanced image processing techniques and hybrid 
deep learning approaches have the potential to assist 
in early diagnosis, treatment planning, and 
monitoring of lung cancer progression, which could 
lead to more automated and scalable clinical 
solutions for lung cancer assessment. 
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