
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 

provided the original work is properly cited.  1 

Journal of Global Research in Multidisciplinary Studies (JGRMS) 
Volume 2 | Issue 7 | July 2026 | Pages 01–07 

DOI: 10.5281/zenodo.21129297 

e-ISSN: 3049-2963 

RESEARCH ARTICLE OPEN ACCESS Available online: https://saanvipublications.com/journals/index.php/jgrms 
 

 

U-Net-Based Deep Learning Framework for 

Automated Lung Nodule Segmentation using CT 

Images 

Neha Thakur1,*, Pradeep Chouksey2,Mayank Chopra3
’ Jatin Sharma4. 

1.2.3.4, Department of Computer Science & Informatics, Central University of Himachal Pradesh, Dharamshala 176206, India 

*nehathakur201995@gmail.com, dr.pradeep.chouksey2@gmail.com, mayankchopra.it@gmail.com, sadotramca2k6@gmail.com, 

jatinsharma2002oct@gmail.com 

Corresponding Author: *Neha Thakur(nehathakur201995@gmail.com) 

Received: 9 June 2026 | Revised: 15 June 2026 | Accepted: 29 June 2026  

Abstract—Lung cancer is a leading cause of cancer-related fatalities globally. Early detection of lung nodules via CT scans is crucial 

for prompt diagnosis and treatment. This study presents a U-Net-based deep learning framework for automated lung nodule 

segmentation with the LIDC-IDRI dataset. The CT images and corresponding segmentation masks were preprocessed and used to 

train the proposed model. U-Net was adopted to identify the spatial features of lung nodules and to produce the masks at pixel level. 

The experimental results demonstrated learning performance with an accuracy of 99.44% and 99.46% during training and validation 

phases, respectively. The model yielded Dice Similarity Coefficient of 0.429 and localized the majority of nodule regions in CT images. 

Further visual comparison of the masks verified the validity of the proposed method. Thus, it can be concluded that the proposed 

system can aid in automatic localization of the lung nodules and in developing computer-aided diagnosis systems. 
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I. INTRODUCTION 

Lung cancer remains one of the most serious health issues 
in the world, causing the highest number of deaths due to 
cancer and affecting the survival rates of patients as well as 
the healthcare system [1]. Despite improvements in medical 
imaging techniques and treatment modalities, the survival 
rates of lung cancer patients remain low, and this is attributed 
to the fact that patients are diagnosed at a late stage, i.e., after 
the cancer has expanded to beyond the curable stage [2][3]. 
Early detection is critical for patients with lung cancer [4], as 
it has been found that a survival rate of over 90% can be 
achieved within a period of five years for patients with early-
stage localized lung cancer, as opposed to less than 20% for 
those with late-stage cancer [5][6][7]. One of the first signs of 
lung cancer is the formation of pulmonary nodules, which are 
abnormal tissue growths in the lungs. Pulmonary nodules are 
abnormal tissue growths in the lungs, differing greatly in size, 
shape, and texture. The size of a pulmonary nodule can vary 
from a few millimetres to a few centimetres. The diagnosis of 
pulmonary nodules is a challenging task for even experienced 
radiologists [8]. The detection of small nodules (less than 6 
mm) is a challenging task as they are not visually significant 
on a CT scan image. Computed Tomography (CT) scan 
images have proved to be the most reliable method of 
screening for lung cancer, as they allow for a cross-sectional 
view of the lung structure [9]. The implementation of large-
scale screening programs based on low-dose CT scans has 
resulted in a reduction of mortality rates from lung cancer by 
enabling early detection of suspicious nodules. However, the 
rising quantity of CT scans in the clinical environment has 
created a huge burden on radiologists who have to analyse the 

hundreds of slices of the image in order to detect any 
abnormalities [10][11]. This is not only time consuming but 
also often results in errors due to fatigue. To overcome these 
issues, Computer-Assisted Diagnosis (CAD) technologies 
have evolved to aid radiologists in identifying and classifying 
lung nodules more precisely [12]. The initial systems based on 
CAD involved the usage of handcrafted features and rule-
based systems, which could not generalize their performance 
on different types of databases and imaging methods. 
However, since the adoption of deep learning approaches like 
convolutional neural networks (CNNs), improved outcomes 
have been reported in the application of deep learning 
techniques for identifying lung cancer [13]. In spite of these 
advances, there exist some critical limitations with the 
available techniques[14]. The lung nodules have different 
sizes, shapes, and appearances and sometime it is hard to 
distinguish them from blood vessels and bronchi [15]. 
Additionally, the importance of developing efficient, scalable, 
and interpretable systems has gained significant attention as 
AI-based approaches move from the laboratory environment 
to real-world applications [6]. In this aspect, there is an 
increased need to design advanced intelligent systems that can 
match the needs of the clinical domain while also being very 
accurate. Some of these requirements include dependability, 
interpretability, and even real-time processing. Intelligent 
technologies provide to bridge the gap between research and 
practice, which enhances the efficiency of lung cancer 
diagnosis. 

A. Deep Learning in Lung Cancer Diagnosis 

Artificial intelligence technology has revolutionized 
medical imaging in recent times, particularly in the diagnosis 
of lung cancer using CT scans. Deep learning techniques have 
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been found to possess a strong ability to automatically identify 
intricate patterns from large-scale medical image datasets 
[16]. Initially, traditional machine learning techniques like 
Support Vector Machine and Random Forest classifiers were 
employed [17]. These techniques required feature descriptors 
like texture and shape features. However, these techniques 
were found to lack generalizability across different datasets 
and imaging conditions [18]. Since deep learning emerged, the 
CNN has been the most popular technique for detecting lung 
cancer [19]. CNN models can automatically extract features 
directly from medical images [20]. CNN models have been 
applied to lung image segmentation, detection, and 
classification. Even though CNN models have proven 
successful, they have some limitations. They primarily focus 
on local features and have limited ability to capture global 
context. This makes them less effective for detecting nodules 
with complex shapes or varying sizes. In addition, CNN-based 
models often struggle with small nodules that are critical for 
early diagnosis.  

To overcome these shortcomings, the recent approach that 
was suggested in medical imaging is a development of 
transformer architectures [21]. The Vision Transformer (ViT) 
architecture uses the self-attention mechanism to deal with 
long-range dependencies in images. It provides more effective 
global feature representation in comparison with the CNN 
model. Additionally, a model known as Swin Transformer 
employs shifted window attention and hierarchical feature 
extraction [22]. It is worth noting that this model also achieves 
good results in detecting and segmenting the lungs nodules 
[23]. However, the transformer architectures also have some 
weaknesses. Mostly all of the current techniques use the fixed 
attention mechanism that is not able to handle the irregular 
shapes of the tumour. In addition, there are no techniques to 
model the uncertainty, which is necessary in the decision-
making process. 

B. Research Gaps and Novelty 

Despite the remarkable achievements of deep learning-
based models in diagnosing lung cancer, several challenges 
still remain [24]. The models using CNNs have difficulty in 
handling complicated shapes and sizes of tumours especially 
the small sized ones which are necessary for early diagnosis 
[25]. The models using transformers have better capability in 
learning global features but most of the current models lack 
uncertainty estimation which is essential in making decisions 
in clinical practice [26]. In addition, accurately focusing on 
tumor regions within complex lung structures remains a 
challenging task [18][19]. 

To address these limitations, this work proposes a deep 
learning architecture based on the U-Net model for the 
automated segmentation of lung nodules. This method is 
mainly aimed at the accurate localization of lung nodules via 
pixel-wise segmentation, which facilitates the detection of 
suspicious regions in CT scans. 

C. Contributions of the Proposed Work 

The main contributions of this work are summarized as 
follows: 

• A deep learning framework based on U-Net is 
proposed for automatic segmentation of lung nodules 
in CT scans. 

• A pixel-level segmentation approach is developed 
using the LIDC-IDRI dataset to accurately identify and 
localize suspicious lung nodule regions. 

• The proposed framework is extensively evaluated 
using quantitative and qualitative analyses which 
shows its efficiency in lung nodule segmentation. 

• The developed model presents an efficient localization 
method that could be used in computer-aided detection 
of lung cancer. 

II. RELATED WORK 

This section provides an overview of the current literature 
on lung cancer detection, with an emphasis on classical 
methods, deep learning approaches, and recent 
advancements in transformer and uncertainty-aware models. 

A. Traditional Machine Learning Approaches 

Early research in the area of lung cancer detection mainly 
used conventional machine learning methods that made use of 
handcrafted features such as texture, shape, and intensity of 
the nodules from CT scans. Some examples of classifiers 
include SVM (Support Vector Machine), RF (Random 
Forest), and KNN (K-Nearest Neighbours [27] [28][29]. 

Despite some successes of this approach, one of the major 
shortcomings of this method was that the feature selection 
process could not be automated [30]. The performance of the 
detection largely depended on how effective the features 
chosen were, which did not generalize very well from 
different datasets [31]. Therefore, this approach could not 
effectively detect tumours of different shapes and sizes [32]. 

B. CNN-Based Approaches 

CNNs emerged the most popular technique for detecting 
lung cancer with the advent of deep learning techniques [33] . 
Through CNN techniques, hierarchical features can be 
directly learned from CT images without the requirement of 
manually engineered features [34]. U-Net, ResNet, and Dense 
Net are among the most widely used deep learning 
architectures for classification, segmentation, and detection of 
lung nodules [35][36]. The performance of these models was 
found to be superior to that of conventional methods [37]. 
Among these designs, U-Net has acquired high interest in 
medical image segmentation due to its encoder-decoder 
structure and skip connections, which enable exact 
localization while maintaining spatial information. Its 
effectiveness in biomedical image analysis has made it a 
widely adopted model for lung nodule segmentation tasks [28] 
[38]. 

Despite their achievements, CNN-based models have 
certain limitations. The training of the CNN model is largely 
based on the extraction of local features due to the limited size 
of the receptive field, which makes it difficult for such models 
to capture the global context. Hence, it might not be possible 
for them to detect irregular-shaped nodules of different sizes. 
Moreover, many CNN algorithms are still unable to detect 
small-sized lung nodules [39]. 

C. Transformer-Based Approaches 

Recently, transformer-based methods were widely 
adopted in the field of medical image analysis owing to their 
capability of modelling long-range dependencies with self-
attention modules [24][33][34][40]. ViT and its various 
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extensions were successfully utilized in lung cancer detection 
by effectively capturing global contextual information [41]. In 
recent years, Swin Transformers provided hierarchical feature 
representations along with enhanced computational efficiency 
[42][36][43]. These methods achieved promising results in 
both classifications and segmentation processes [44] [37]. 

However, there are also disadvantages related to 
transformers. For instance, fixed attention is employed by 
transformer-based methods and it might fail to model irregular 
tumor shapes [20]. Furthermore, most of the transformer 
models do not estimate uncertainties and therefore cannot be 
used clinically [45] [38].  

D. Uncertainty-Aware and Hybrid Approaches 

In order to achieve reliable results, some recent studies 
have tried to develop new strategies for uncertain prediction 
in medical imaging [46][39]. Some approaches have been 
developed using Bayesian neural networks and Monte Carlo 
Dropout to measure the confidence level of predictions[47] 
[40]. It is expected that such an approach would contribute to 
better interpretability of medical images. Hybrid approaches 
combining CNNs with transformers has also been proposed to 
exploit both local and global feature learning [48][41]. Even 
though the models demonstrate better accuracy, they add more 
computational complexity while still lacking adaptability to 
tumor morphology and multi-scale detection capability [33]. 

Although transformer-based and hybrid models have 
shown great potential in analysing medical images, they 
usually require higher computation resources and complex 
architecture. Unlike these models, U-Net continues to be one 
of the primarily used frameworks for segmenting medical 
images due to its simple design, training efficiency, and 
capability to precisely detect the target areas on the pixel level. 
Motivated by these advantages, this study investigates a U-
Net-based framework for automatically segmenting lung 
nodules from CT scan data. 

III. RELATED WORK 

This section provides an overview of the current literature 
on lung cancer detection, with an emphasis on classical 
methods, deep learning approaches, and recent 
advancements in transformer and uncertainty-aware models. 

A. Traditional Machine Learning Approaches 

Early research in the area of lung cancer detection mainly 
used conventional machine learning methods that made use of 
handcrafted features such as texture, shape, and intensity of 
the nodules from CT scans. Some examples of classifiers 
include SVM (Support Vector Machine), RF (Random 
Forest), and KNN (K-Nearest Neighbours [21][23]. Despite 
some successes of this approach, one of the major 
shortcomings of this method was that the feature selection 
process could not be automated [24]. The performance of the 
detection largely depended on how effective the features 
chosen were, which did not generalize very well from 
different datasets [25]. Therefore, this approach could not 
effectively detect tumours of different shapes and sizes [26]. 
CNN-Based Approaches 

CNNs emerged the most popular technique for detecting 
lung cancer with the advent of deep learning techniques [27]. 
Through CNN techniques, hierarchical features can be 
directly learned from CT images without the requirement of 

manually engineered features [28]. U-Net, ResNet, and 
DenseNet are among the most widely used deep learning 
architectures for classification, segmentation, and detection of 
lung nodules [28] [30]. The performance of these models was 
found to be superior to that of conventional methods [30]. 
Among these designs, U-Net has acquired high interest in 
medical image segmentation due to its encoder-decoder 
structure and skip connections, which enable exact 
localization while maintaining spatial information. Its 
effectiveness in biomedical image analysis has made it a 
widely adopted model for lung nodule segmentation tasks [28] 
[38]. 

Despite their achievements, CNN-based models have 
certain limitations. The training of the CNN model is largely 
based on the extraction of local features due to the limited size 
of the receptive field, which makes it difficult for such models 
to capture the global context. Hence, it might not be possible 
for them to detect irregular-shaped nodules of different sizes. 
Moreover, many CNN algorithms are still unable to detect 
small-sized lung nodules [32]. 

B. Transformer-Based Approaches 

Recently, transformer-based methods were widely 
adopted in the field of medical image analysis owing to their 
capability of modelling long-range dependencies with self-
attention modules [33][34]. ViT and its various extensions 
were successfully utilized in lung cancer detection by 
effectively capturing global contextual information [35]. In 
recent years, Swin Transformers provided hierarchical feature 
representations along with enhanced computational efficiency 
[36][43]. These methods achieved promising results in both 
classifications and segmentation processes [37]. 

However, there are also disadvantages related to 
transformers. For instance, fixed attention is employed by 
transformer-based methods and it might fail to model irregular 
tumor shapes [20]. Furthermore, most of the transformer 
models do not estimate uncertainties and therefore cannot be 
used clinically [38]. 

C. Uncertainty-Aware and Hybrid Approaches 

In order to achieve reliable results, some recent studies 
have tried to develop new strategies for uncertain prediction 
in medical imaging [39]. Some approaches have been 
developed using Bayesian neural networks and Monte Carlo 
Dropout to measure the confidence level of predictions [40]. 
It is expected that such an approach would contribute to better 
interpretability of medical images. Hybrid approaches 
combining CNNs with transformers has also been proposed to 
exploit both local and global feature learning [41].Even 
though the models demonstrate better accuracy, they add more 
computational complexity while still lacking adaptability to 
tumour morphology and multi-scale detection capability [33]. 

Although transformer-based and hybrid models have 
shown great potential in analysing medical images, they 
usually require higher computation resources and complex 
architecture. Unlike these models, U-Net continues to be one 
of the primarily used frameworks for segmenting medical 
images due to its simple design, training efficiency, and 
capability to precisely detect the target areas on the pixel level. 
Motivated by these advantages, this study investigates a U-
Net-based framework for automatically segmenting lung 
nodules from CT scan data. 
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 𝐷𝑖𝑐𝑒 =
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|𝐴|+|𝐵|
 () 

where (B) is the ground-truth region and (A) is predicted 
segmentation region. Consequently, effective segmentation 
and agreement between the predicted and actual lung nodule 
locations are indicated by a high Dice Score. Through the 
combination of encoder-decoder feature learning and pixel-
level prediction, the U-Net architecture successfully performs 
lung nodule segmentation. 

IV. EXPERIMENTAL SETUP 

This section presents the experimental settings used to 
evaluate the proposed U-Net-based lung nodule segmentation 
framework. The implementation environment, training 
configuration, and evaluation metrics are described in detail. 

A. Implementation Environment and Training 

Configuration 

This model was built by utilizing Python and 
TensorFlow/Keras libraries. Training, testing, and developing 
the model was done using GPU support for fast learning 
process. NumPy, OpenCV, Matplotlib, and Scikit-learn are 
other scientific computation libraries that were used for data 
handling, analysis, and visualization purposes. Training of the 
U-Net segmentation model was done using CT scan images 
and their ground-truth masks from LIDC-IDRI data set. Image 
dimensions were resized to 128×128 pixel format before 
feeding them into the model. The model was trained using 
supervised learning method for 10 epochs for spatial 
characteristics learning of the lung nodules. 

Both training and validation sets were used during the 
learning period to check the learning behaviour of the 
network. It can be seen from the training and validation loss 
curves that the model converged well. Similarly, both training 
and validation accuracies improved gradually during the 
training phase. Both sets for training and validation were used 
during the learning period to monitor the learning behaviour 
of the network. 

B. Performance Evaluation Metrics 

The performance of the proposed system was evaluated by 
applying parameters such as accuracy, loss, and DSC. The 
metric of accuracy assesses the rate of pixels that were 
classified correctly, while the loss is an assessment of 
prediction errors during training. 

The suggested model achieved the Dice score of around 
0.429, which means there is reasonable overlapping of 
predicted and ground-truth annotations of lung nodule 
regions. Besides quantitative assessment, qualitative one was 
conducted through the comparison of CT scans, ground-truth 
masks, and predicted masks. 

V. RESULTS AND DISCUSSION 

This section presents the performance analysis of the 
proposed U-Net-based lung nodule segmentation framework. 
Both quantitative and qualitative analysis were conducted to 
analyse the efficacy of the framework in detecting and 
segmenting the lung nodules. 

A.  Training Performance Analysis 

The training and validation curves indicate the training 
behaviour of the model for the entire training process. The 

proposed U-Net model achieved a final training accuracy of 
99.44% and a validation accuracy of 99.46%. Similarly, the 
training and validation loss values converged to 0.0162 and 
0.0160, respectively. These results indicate stable learning 
behaviour and good generalization capability of the model. In 
Figure 1 below, we can observe that both training loss and 
validation loss decrease progressively, indicating successful 
optimization and efficient convergence of the model. The 
model's effective feature learning without overfitting is 
implied by the close proximity of these two curves. 

 𝐷𝑖𝑐𝑒 =
2|𝐴∩𝐵|

|𝐴|+|𝐵|
 () 

where (B) is the ground-truth region and (A) is predicted 
segmentation region. Consequently, effective segmentation 
and agreement between the predicted and actual lung nodule 
locations are indicated by a high Dice Score. Through the 
combination of encoder-decoder feature learning and pixel-
level prediction, the U-Net architecture successfully performs 
lung nodule segmentation. 

VI. EXPERIMENTAL SETUP 

This section presents the experimental settings used to 
evaluate the proposed U-Net-based lung nodule segmentation 
framework. The implementation environment, training 
configuration, and evaluation metrics are described in detail. 

A. Implementation Environment and Training 

Configuration 

This model was built by utilizing Python and 
TensorFlow/Keras libraries. Training, testing, and developing 
the model was done using GPU support for fast learning 
process. NumPy, OpenCV, Matplotlib, and Scikit-learn are 
other scientific computation libraries that were used for data 
handling, analysis, and visualization purposes. Training of the 
U-Net segmentation model was done using CT scan images 
and their ground-truth masks from LIDC-IDRI data set. Image 
dimensions were resized to 128×128 pixel format before 
feeding them into the model. The model was trained using 
supervised learning method for 10 epochs for spatial 
characteristics learning of the lung nodules. 

Both training and validation sets were used during the 
learning period to check the learning behaviour of the 
network. It can be seen from the training and validation loss 
curves that the model converged well. Similarly, both training 
and validation accuracies improved gradually during the 
training phase. Both sets for training and validation were used 
during the learning period to monitor the learning behaviour 
of the network. 

B. Performance Evaluation Metrics 

The performance of the proposed system was evaluated by 
applying parameters such as accuracy, loss, and DSC. The 
metric of accuracy assesses the rate of pixels that were 
classified correctly, while the loss is an assessment of 
prediction errors during training. 

The suggested model achieved a Dice score of around 
0.429, which means there is reasonable overlapping of 
predicted and ground-truth annotations of lung nodule 
regions. Besides quantitative assessment, a qualitative one 
was conducted through the comparison of CT scans, ground-
truth masks, and predicted masks. 
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VII. RESULTS AND DISCUSSION 

This section presents the performance analysis of the 
proposed U-Net-based lung nodule segmentation framework. 
Both quantitative and qualitative analyses were conducted to 
analyse the efficacy of the framework in detecting and 
segmenting the lung nodules. 

A.  Training Performance Analysis 

The training and validation curves indicate the training 
behaviour of the model for the entire training process. The 
proposed U-Net model achieved a final training accuracy of 
99.44% and a validation accuracy of 99.46%. Similarly, the 
training and validation loss values converged to 0.0162 and 
0.0160, respectively. These results indicate stable learning 
behaviour and good generalization capability of the model. In 
Figure 1 below, we can observe that both training loss and 
validation loss decrease progressively, indicating successful 
optimization and efficient convergence of the model. The 
model's effective feature learning without overfitting is 
implied by the close proximity of these two curves. 

 

Fig. 1. Training and Validation Loss Curves of the Proposed U-Net Model. 

 

Fig. 2. Training and Validation Accuracy Curves of the Proposed U-Net 

Model. 

Likewise, training and validation accuracies in Figure 2 
are shown to improve progressively in the training process. 
Accuracies gradually increase and then reach high levels, 
suggesting that the U-Net model is capable of learning 
features from CT scan images for lung nodules. The minimal 
difference in the training and validation accuracies implies 
good generalization ability of the model on test data. 

B.  Segmentation Performance Evaluation 

The segmentation performance was evaluated using the 
Dice Similarity Coefficient, which evaluates the degree of 
overlap of the prediction masks and ground truth annotations. 
For the proposed network, the obtained Dice Score of 0.429 
shows that the framework was suitable for localize lung 

nodules; however, accurate delineation of small nodule 
boundaries remains challenging. Despite the high pixel-wise 
precision of the framework, the value of the Dice Score proves 
that the precise border detection of small lung nodules still 
represents a difficult task for the framework. This action is 
characteristic of most medical imaging segmentation tasks, 
when the area of interest constitutes a relatively small part of 
the image. 

C. Qualitative Analysis of Segmentation Results 

Representative segmentation masks obtained using the 
proposed approach are depicted in Figure 3. In the figure, one 
can see the visualization of the original CT image, the expert-
annotated ground-truth mask, and the segmentation mask 
predicted by the U-Net architecture. 

 

Fig. 3. Comparison of the Original CT Image, Ground-Truth Mask, and U-

Net Predicted Segmentation Mask. 

This figure demonstrates that the proposed method was 
able to accurately localize most lung nodule regions and 
provide segmentations similar to those done by experts. The 
segmentation masks obtained by our method were capable of 
representing the location and morphology of the nodules. 
However, slight discrepancies can be observed on the borders 
of the nodules, which affect the moderate Dice Score value 
due to high pixel-level accuracy. Such qualitative analysis 
shows the possibility of using the proposed model for 
computer-aided detection. 

D. Discussion 

The results from the experiment show the efficiency of the 
U-Net framework for the lung nodule segmentation. This was 
made possible by the utilization of the encoder-decoder 
architecture and skip connections which helped in preserving 
the spatial properties as well as learning higher level semantic 
features, which played a big role in identifying the location of 
the lung nodules in different CT images. From the loss and 
accuracy graphs shown in Figures 1 and 2, one can conclude 
that the model had stable convergence and good 
generalization capacity during training. Additionally, Figure 3 
shows that the model was able to successfully identify 
suspicious areas of the lung region and provide segmentation 
masks that correspond to the expert annotations. 

Despite the encouraging results, the Dice Score indicates 
that the model still has to be improved in terms of segmenting 
small nodules and strengthening the borders. The qualitative 
results demonstrate the effectiveness of the suggested method 
in identifying and locating most of lung nodules, even with the 
comparatively low Dice Score. These findings demonstrate 
the efficiency of U-Net for lung nodule localization, while 
also highlighting the need for further optimization of 
boundary segmentation. Future research can include the use of 
attention mechanisms, more advanced U-Net models, data 
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augmentation techniques, and hybrid deep learning 
architectures. 

VIII. CONCLUSION 

This study proposed a U-Net-based framework for 
automated lung nodule segmentation utilizing CT images 
from the LIDC-IDRI dataset. The model was designed to 
detect and localize lung nodules by segmenting the 
corresponding pixels. The results of the experiment proved 
stable convergence of the model and showed that its training 
and validation accuracy were 99.44% and 99.46%, 
respectively. The obtained Dice Score of 0.429 demonstrated 
reasonable agreement between the predicted masks and expert 
annotations. The visual evaluation also confirmed that the 
model successfully identified most lung nodule regions. The 
proposed model can be used as an effective tool for pre-
processing and localization in computer-assisted lung cancer 
diagnosis systems. 
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