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Late detection of lung cancer continues to be the primary reason for its high mortality rate worldwide, which is
responsible for almost 85% of all cases. Computed Tomography (CT) imaging is a powerful tool for locating lung nodules
and abnormalities in a short time, thus refining the medical diagnostic process. Advances in Artificial Intelligence (Al),
especially Deep Learning (DL), have significantly improved the identification of lung nodules in CT imaging. This research
aims to develop a diagnostic system capable of accurately predicting lung nodules. The study harnessed two major CT
imaging datasets, NSCLC Radiomics and LUNA16, for pattern analysis related to lung cancer. The residual U-Net model
was found to be highly effective in segmenting lung cancer regions, with 96.21% accuracy and a Dice Coefficient (Dice,,)
0f 0.934, demonstrating its capability to accurately capture the complex features of lung cancer areas. The Swin Transformer
and Principal Component Analysis (PCA) are combined to optimize feature engineering for the segmented CT scan images.
The Swin Transformer generates feature vectors of a very high-dimensional space, and PCA takes these as inputs, reducing
the dimensionality of the feature space and discarding redundant features to facilitate the selection of the most relevant ones.
While investigating lung nodule patterns in the NSCLC radiomics dataset, the residual U-Net model in combination with
DenseNet169, ResNet50, and ResNet101 models was able to achieve a very high accuracy level and thus perform better
than LUNA16. The integrated residual U-Net and ResNet101 demonstrated outstanding accuracy of 98.97%, an F1 score of

96.21%, and a Dice,, of 0.946, highlighting its exceptional ability to accurately detect lung nodules.
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Introduction

On a global scale, lung cancer is a major cause of
most deaths as a result of all types of cancer. It is
highly triggered by changes in the genes in the
pulmonary epithelial cells, which induce uncontrolled
mitogenic activity and lead to the production of
nodular formations or tumor. With the increase of
neoplasm size, there is a risk of intrusive growth into
the surrounding tissues and the spread of the tumor
through both the humoral and lymphatic pathways.'
Non-Small Cell Lung Cancer (NSCLC) generally
exhibits slow progression with localized metastasis,
whereas Small-Cell Lung Cancer (SCLC) is marked
by rapid growth and early widespread dissemination.
Among other subtypes of NSCLC about 85% of all
the incidences of lung cancer.>® CT scans provide the
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thoracic images with a greater level of resolution,
which makes it easier to identify small pulmonary
nodules, which may indicate early malignancy. They
also offer accurate evaluation of nodule size and
structure and the ability to identify temporal
variability, therefore supporting prompt diagnosis. In
addition, Low-Dose CT (LDCT) is particularly
effective in screening patients at high risk, thus
improving the chances of detecting lung cancer at a
more treatable stage. High-Resolution CT (HRCT)
imaging cannot be replaced by other methods due to
the accuracy of identification and evaluation of small
nodules in the lungs, including their size, shape, and
strict location.*”

Traditional radiology workflows have a lot of
differences, between the readers and Traditional
radiology workflows cannot keep up with the growing
amount of the imaging data. Current Computer
Assisted Detection (CAD) approaches based on
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Convolutional Neural Networks (CNNs) do a job at
recognizing patterns.

Current CAD approaches based on CNNs have
trouble capturing range relationships. Transformer
models effectively capture complex patterns in data,
they typically require extensive datasets and often
lack inherent mechanisms for interpretability. These
limitations together make models that either do not
work well on to the imaging datasets or are not clear
enough, for the clinicians to trust models.

The biases and research gaps are addressed by the
proposed framework. In order to improve lung cancer
identification, the work presents a novel integrated
framework that combines the complementary
strengths of the residual U-Net, Swin Transformer
architecture, PCA, and CNNs. This leads to in better
lung segmentation by the residual U-Net, better
feature extraction by the Swin Transformer, feature
transformation and reduction by PCA, and
classification by the CNNs. The proposed approach
enhances the detection of lung cancer by automated
diagnostic systems through the use of CNNs' robust
local feature learning and the hierarchical feature
extraction of the Swin Transformer.

Pre-processing involves noise reduction of CT
images through median and Gaussian median, which
results in an easier way of finding conspicuous
pulmonary structures. Greyscale conversion is then
used to streamline the data and bring out nodular
appearances. Besides, the use of data augmentation
strategies is involved to boost the model performance
through the inclusion of various and exaggerated
expressions of essential pulmonary characteristics.’®

State-of-the-art Al-based systems’, especially
CNNs have shown considerable potential in
automatizing the process of lung cancer detection by
properly differentiating benign and malignant nodules
in large-scale CT groups, and thus add additional
value to radiological decision-making with higher
accuracy and on-time and timeliness. The integration
of CAD systems in the clinical practice enhances
diagnostic accuracy and reduces the clinicians’
workload thereby increasing patient care efficiency.'®
By use of constant adaptation using new haunches of
information, Al-oriented systems will keep in time
with the current medical knowledge base, thus
making the diagnosis of lung cancer easier earlier, and
eventually benefiting patient-care outcomes. "'

Segmentation isolates the relevant areas of the
lungs, and the background noise repression. The

U-Net architecture has shown a great significance in
improving the accuracy of the lung and nodule
delineation process among the plethora of methods.'”
To increase the learning of deep networks, explicit
residual connections are placed in the residual U-Net,
thus improving the problem of the vanishing-
gradient.”® This approach contributes moderately to
the ability of the model to divide the intricate
pulmonary structures at a fine scale. The model
ensures that oncogenic lung tissue is segmented
accurately and consistently by taking granular
information at both micro and macro levels. The
correct division is essential in order to narrow down
on their identification by making sure that the
neoplastic areas are well delineated. Further
development and use of the advanced methods of
segmentation are recommended to increase the
effectiveness and individualization of treatment
protocols in patients with lung cancer.'*

The Swin Transformer also known as Shifted
Window Transformer is used to promote higher
computational efficiency as it limits the self-attention
mechanisms to non-overlapping local windows and
maintains cross-window connectivity. Its hierarchical
design can be used to derive feature maps at various
spatial scales, which is beneficial to many tasks such as:
object detection, image segmentation and scan
classification.'”™'® There are also feature-level
hierarchical feature extraction, advanced attention, and
global environment modelling that help the detection of
lung nodules.'”"™ The Swin Transformer produces both
global features and local features explicit through the
modelling of contextual relationships at different scales,
making it especially appropriate to find more complex
patterns of CT images, including the variability seen in
lung nodules. When given self-attention, diagnostically
salient regions are selectively strengthened improving
the fidelity of features and adaptability."” Another
feature that makes the Swin Transformer popular is its
large scale and high-resolution CT image processing
with the ability of extracting reliable features used in
segmentation and classification processes.”” However,
Swin Transformers do not avoid the following issues
like its computational complexity, overfitting, and
redundancy of features when used to process high-
dimensional CT data. The feature representations
generated by Swin Transformer are subjected to PCA to
alleviate these problems, which reduces the
dimensionality. In  integrative models, PCA
complements Swin transformer and CNN hybrid
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models*'**, optimizing the feature vectors accordingly,

and, as a result, increasing the interpretability.

The study employs the NSCLC Radiomics® and
LUNA16™ datasets for the proposed approach. Using
these datasets allowed for rigorous validation of the
proposed diagnostic method, demonstrating its reliability
and accuracy in detecting lung cancer. The proposed
architecture combines DenseNet169, ResNet50, and
ResNet101 classifiers with a residual U-Net for
segmented CT images, followed by a Swin Transformer
for feature extraction, which refines these
representations to enhance lung nodule diagnosis.””®
Furthermore, Grad-CAM increases the visual
explanations for forecasts. This study proposes an
integrated system which integrates Swin Transformer
features, utilizes PCA to reduce dimensionality, and
employs CNN architectures for classification, resulting
in compact yet relevant representations that capture both
local and global patterns for accurate diagnosis. Below is
a list of the investigation's significant contributions:

e Employment of the LUNAI16 and NSCLC
radiomics, because of their varying instances.

e To detect lung cancer in the segmented CT images
precisely, a couple of modern tools were used: the
CNN architecture was used as a classification
approach, and the Swin Transformer was used for
feature extraction.

e The application of the residual U-Net enhances the
segmentation process.

e The combined approach that integrates Swin
Transformers, PCA, and CNNs for the task.

e The research evaluates the integrational/ensemble
approach, with a focus on evaluating its
effectiveness and enhancements to the diagnostic
process.

The work is structured as follows: Section II
outlines the studies that support the study. Section III
expands on the suggested system approach, including
information on datasets, segmentation techniques, the
integrational network, and identification procedures.
Section IV offers the findings and explains the
experimental conditions, while Section V summarizes
the research and suggests future directions.

Related Work

Recent DL development can be divided into three
categories for the issue: CNN and transformer-based
architectures, and their hybridization. This subsection
thoroughly explores these methods, taking into
account their strengths and weaknesses, and seeing
how well they perform in different scenarios.

CNN-based Architectures

CNNs have been widely used in the issue due to its
hierarchical feature extraction capabilities.

Investigators used nine unconventional models pre-
trained to classify lung cancer from a large dataset of
CT scans.””*® ResNet50“” solved vanishing gradient
issues with a residual connection and obtained the
highest accuracy (97.7%), sensitivity (100%), F1
score (97.7%) and AUC (0.999). InceptionV3©? used
multi-scales convolutional kernels which span the
diverse range of spatial information and excelled
above other CNNs, with a precision of 97.9% and a
specificity of 98.0%. The analysis demonstrated the
role of Grad-CAM to visualize and guide the training
process.3 132 ACNN trained on over 42,000 CT images
achieved high sensitivity (94.4%) and specificity
(93.9%) in the detection, demonstrating its potential
in identifying lesions with potential to be missed in
normal radiology.” When analyzing manually
segmented CT images, the CNN indicated that both
DeepLab- v3®Y and VGG-19%Y achieved better
performance than segmentation in terms of accuracy
but their computational costs made them unsuitable
for real-time applications. In contrast, SegNet
provided similar performance to segmentation without
being inefficient.”® Researchers used the idea of
developing a combined architecture technique by
using MobileNetV2®” as a feature extraction
backbone and a Capsule Network™ to deal with the
orientation variance problem, which is a major
drawback of traditional CNN classification
problems.”  Architectures like VGG-19 and
InceptionV3 struggle with their receptive fields and
computational demands, which make it tough for
them to capture long-range dependencies and make
them less efficient in resource-constrained scenarios.

Transformer-based Architectures

Transformer-based models help to address major
limitations of the CNN, which is the lack of global
context. This capability allows for the more reliable
classification of ambiguous nodules and can
generalize more reliably, as it reduces the inductive
bias.

The hybridization makes traditional DL methods
more efficient, and it focuses on features that are
more relevant, resulting in more robust and efficient
diagnostics. In one of the review study, LASSO was
shown to be the best feature selection method for
nodules based on thermography images; in particular,
it was combined with the Random Forest and
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XGBoost classifiers.” Research has also found that
ViT* and CNNs were able to distinguish lung
tumours. The architecture was created to extract key
information in an encoder-decoder framework. It
used convolutional and matching blocks to better
extract features. Transformers possess self-attention
mechanisms which effectively capture complex global
features. The model obtained average Dice,, of
0.7468 and 0.6847 and Hausdorff distances of 15.336
and 17.435, which showed its decent performance on
both public NSCLC-Radiomics dataset” and local
hospital dataset.'® The Swin Transformer*' model is
extremely useful for lung cancer classification and
segmentation, and it demonstrates versatility between
tasks. After pre-training, the Swin-B variant achieved
a classification accuracy of 82.26%, which is 2.529%
ahead of ViT in top ranked prediction. Additionally,
the Swin-S variant outperformed other segmentation
methods, which proved that pre-training increases the
accuracy of Swin Transformer. The study heavily
relied on a large, 888 low-dimensional figures for CT
images including annotations as the foundation of
study called the LUNA16 dataset. Both the models,
Swin-B and Swin-S, have shown an improvement
over ViT, with the former achieving an accuracy of
82.26% and the latter showing significant advances in
overlapping measurements, in this case measured as
the mean Intersection over Union (mloU). For the
future, it would be worthwhile to investigate 3D
medical image classification.”* To automate the
system, a systematic way to create transformer-based
models was presented in the work. Experimental
findings indicated that the pre-trained ViT feature
extractor performed better than the CNN-based
encoder, i.e., DenseNet121. Moreover, the utilization
of both frontal and lateral images as dual-view input
was more effective compared to single-input
approaches.”> Researchers have developed three
interdependent  deep-fusion learning algorithms
specifically to identify lung nodules in CT images.
These include Multi-Perspective Fusion (MPF),
Single-Feature Multi-Perspective Fusion (SFMPF),
and  Multi-Feature =~ Multi-Perspective  Fusion
(MFMPF), with each reflecting a distinct hierarchical
structure. The models were tested on bilateral,
trilateral, Gabor, and LOG-filtered pictures, which
resulted in a complete multi-feature, multi-perspective
hierarchical deep fusion learning model.** Despite
their strengths, transformers require large-scale
data and incur high computational costs, limiting

scalability and practicality for high-dimensional
imaging in data-constrained settings.

Hybrid Architectures

Hybrid neural networks like CDC-HNN used 3D-
CNNs on datasets such as LIDC-IDRI and LUNA16
to extract features from CT scans. This method
identified cancer at an early stage and accurately, the
diagnostic accuracy rate is up to 95%.* Guided by the
awful noise present in the CT images, a technique
called guided bilateral filtering is used to reduce noise
in the image, and prepare it for analysis. A
transformer aided generative adversarial network
(T-GAN) detected various types of lung cancer and
DyLF-CO fine tunes a trained model. The results of
the python implementation were 99.70% accuracy;
99.60% precision, 99.80% specificity, 0.104 RMSE
and runtime 120 seconds.”’ SwinResNet was a hybrid
model that combines the Swin Transformer and
ResNet models. By leveraging their strengths, it
becomes even better feature extraction than many
traditional implementations. The architecture made
use of the multi-head attention of the transformer and
the residue learning of the ResNet to capture strong
representations. Both the Swin Transformer and
ResNet were encoders, extracted features at multiple
levels. These features were then enhanced by
receptive field blocks and aggregation modules that
facilitates a synergy between them to achieve superior
performance.* The combination of Support Vector
Machine (SVM) and CNN exhibited good ability of
classification. On the LUNA16 dataset, this hybrid
approach was able to achieve readable accuracy rates
of 94.00% and 94.5%, respectively, and hence its
effectiveness.” Hybrid architectures are also known
to have increased training complexity and reduced
interpretability, which can limit their scalability and
transparency in the applications.

Materials and Methods

The proposed pipeline performs lung nodule
segmentation using a residual U-net, and then extracts
discriminative ~ representations using a  Swin
Transformer. After that, it uses PCA for efficient
dimensionality =~ reduction and  application  of
DenseNet169, ResNet101 and ResNet50for
classification. This provides for accurate and reliable
lung cancer detection. All the steps of the integrational
approach are illustrated in Fig. 1.

The combination of the methods, utilize a
systematic methodology to get the precise delineation
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of lung cancer regions and malignant nodules.
Different DL models and feature extraction methods
for precise lung nodules segmentation and
identification step by step with good details about
each phase in the algorithm illustrated through
Algorithm 1.

Algorithm 1: LungNoduleDetection(CT images)
M — Loadlmages(CT_images) // Load Input Images from
dataset
RC «— RU.Segment(-#) // Segment Lung Cancer Regions
& « ST.ExtractFeatures(RC) // Extract Features from
Segmented Regions
PS «— PCA.Transform(%) // Reduce and Select Features Using
PCA
RF «— PCA.Select(PS)
R_1.Result «— R_I1.Predict(R%) // ldentify Lung Nodule
Patterns Using integrational Models
R_2.Result — R_2.Predict(R%F)
R_3.Result < R_3.Predict(RF)
& «— Choose_best(R_1.Result, R _2Result, R 3.Result) //
Choose the best Performer
S «— é&.GetFinalResult() // Determine Final Identification
Result
Return $// Return Final Results
Abbreviation: RU: Residual U-Net model, -#: Input image CT
dataset (lung CT scans), RC: Segmented lung cancer regions
(output from RU), ST: Swin Transformer, & Feature set
extracted using Swin Transformer, PS: Principal Components
obtained from PCA, RZ: Reduced feature set after PCA, R _1:
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has 888 images from 630 patients with a variety of
nodule annotations, whereas NSCLC-Radiomics
contains nodule-containing slices from 1,010 patients
with radiologist-validated tumor masks. In order to
ensure objective assessment, all patient-level data
were divided into training (70%), validation (15%),
and testing (15%) sets. The number of CT scan
instances used in the research is summarized in
Table 1.

To ensure there was no data leakage, CT slices
were split up to get the training and test sets.
Augmentation was applied to the training data. It is
actually increasing the size of the supplied images,
reaching 10,316 images for NSCLC-Radiomics. For
LUNAI16, it went up to 1,244 images. The test sets
were unchanged, though. It ensures unbiased
evaluation when checking the results at the end.

Preprocessing

CT images were processed through a unified
preprocessing pipeline comprising noise suppression
via median and Gaussian filtering, intensity
normalization, grayscale conversion, and Hounsfield
Units (HU) windowing (—1000 to 1000) to enhance

Table 1 — CT instances in the investigation

DenseNet-169 model, R _2: ResNet-50 model, R_3: ResNet- NSCLC Radiomics LUNALG6
101 model, &: Choose the best Performer, .5} Final results. Eiit;l:et CT images Dataset ratios CT images
Dataset Training 5,158 Training 622
The NSCLC Radiomics® and LUNA16? datasets,  Validating 1,105 Validating 133
that provide expert-annotated CT scans for lung  Testing 1,105 Testing 133
cancer analysis, were used in the research. LUNA16  Total 7,368 Total 888
CT Scan Images Segmentation
(Residual U-Net)
Nl
4 ! N
—l— l l Assessment
— Swin Swin Swin Measures
NSCLC-Radiomics Transformer Transformer Transformer
and LUNA-16 Dataset J l 4;
{} { dentification
Preprocessing
| l | Normal‘ ‘ Cancer|
PCA (pca) (Pca |
Dataset Split
Train/Test/Validation [DenseNet-169] [ ResNet-101 } [ ResNet-50 J
(70115/15) \ | ] I /

Fig. 1 — Hybridization methodology for the identification of the lung cancer
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lung structure visibility and ensure input consistency.
Controlled data augmentation is applied during
preprocessing to create a broader, clinically plausible
set of training examples, this helped the model learn
more stable, generalizable features, reduced
overfitting to scarce classes, and improved overall
reliability in a way that reflects realistic variation in
the imaging.

Segmentation

Prior to segmenting the lung, the CT images are
preprocessed for better quality data. Pulmonary
segmentation separates the lungs from other structures
including ribs, arteries and veins.** Precise
segmentations of lungs and lungs nodules is very
important to be able to identify their location in CT
scans, which would allow lung cancer to be detected
and diagnosed earlier. Comprehensive segmentation
is useful to differentiate between the cancerous
nodules and non-cancerous structures, thereby
improving diagnostic accuracy as well as medical
treatment plan.'>'*

Residual U-Net

The residual U-net enhances the training process
and improves the segmentation accuracy by
combining both the U-net encoder-decoder and the
residual connections. This combination of capturing
context efficiently and localizing features precisely is
useful for detailed segmentation tasks.**

During the encoder phase, each layer will process
its input using a number of convolution operations.
After that, Batch Normalization (BN) is applied and
Rectified Linear Unit (ReLU) activation helps to
increase the feature extraction. The process could be
represented as a mathematical equation:

0; = ReLU (BN(Conv(li ~1 ))) ()

where, O; is the output, Conv is the convolution and /;
is the input.

MaxPooling-down samples the feature maps
without losing spatial resolution of the maps but
retaining key elements in the map that helps to code
context well. Residual connections help to enhance U-
Net by aiding in gradient flow and stabilizing the
training process, they do this by reusing features from
previous layers. The residual relation is represented
as:

ROZOi +(Il_1) (2)

where, R, is the Residual output.

By retaining information, such connections make it
easier to train deeper networks. In the decoder finer
detail is recovered by combining up-sampled feature

maps with their encoder counterparts. This
concatenating is written as:
Ci = Us(0;) @ (0i-1) E))

where, C; denotes a feature coming by concatenating,
U is the up-sampling operation.

After it, the combination of features is refined
through convolutional layers, which retain spatial
information. The resulting feature maps are then
optimized for combination with Swin Transformer."*

Swin Transformer

The Swin Transformer is a novel breakthrough in
ViTs and a significant step towards better
understanding of images. It is a sophisticated ViT that
has a hierarchical design with shifted windows. This
system works by analyzing images by dividing them
into small chunks known as image patches. It then adds
certain features of the image to understand the overall
context by recognizing important visual elements. The
combination of layered and adaptive modules changing
positions have shown good interest.*' Its assessment
ability for complex patterns and abnormalities in CT
images is due to its excellent focus mechanism and
multi-layered feature representation.'” By analyzing
detailed image thoroughly both locally and globally, it
is able to recognize the signs of infection like
formation of abnormal tissue, which can detect
abnormality. With tremendous training datasets, the
Swin Transformer can successfully differentiate
between normal lung tissue and abnormal growths in
the lung'® by learning the patterns and variation from
the dataset.

The Swin Transformer consists of following a set of

procedures to extract features well both from specific
image information and overall context, respectively.
The following describes the main stages, including
feature extraction and analysis, involved in the Swin
Transformer's image processing:
Stage 1. Input Image Processing: The Swin Transformer
first divides the image into patches of a certain size,
such as the square patch with dimensions of s X s,
which refers to the patch size. Next, it forms a flat
vector by combining these patches that best represents
the features of the image.
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First, the input image I is represented as a tensor of
dimensions of HXxWxC, where H is the height of the
image, W is the width, and C is the number of image
channels.* These patches are formed as follows: the
image is divided into non-overlapping patches of size
s x s, for the N patches. The number of patches i.e. N
is set by the image dimensions and patch size:

P=P1,P2,P3..........PN (4)

where, P is individual patch.

Stage 2. Linear Embedding: With a linear layer, for each
patch Pi (where [ ranges from 1 to N), it is flattened
and projected into a D dimensional embedding space.

Zi = Linear(Pi) ...(5

As a consequence, a series
distinguished with Z are produced.
Stage 3. Hierarchical Feature Extraction: The Swin
Transformer adopts a hierarchical representation to
analyze the images at different scales. It combines and
decreases data resolution as it gathers details on various
scales in order to capture local and global contexts
well. Each stage consists of multiple Swin Transformer
blocks, which consists of the windowed multi-head
self-attention and shifted windows:
®  Windowed Multi-Head Self-Attention (W-MSA4): W-MSA

calculation is performed over discrete windows,
which do not overlap. By utilizing multiple
attention heads, the MSA enables the model to
simultaneously pay attention to different sections
of the image, making it better able to capture
complex visual patterns. Each attention head picks
out specific aspects of interactions between
patches, helping the model pick up on complex
patterns and relationships. The following method
calculates the attention scores of each window:

of embeddings

. okT

Attention (Q,K,V) = SoftMax (JD_k) %4 ... (6)

where, Q, K, and V represent the queries, keys, and

values obtained from the input embeddings,

respectively. Dy denotes the dimension to which the

keys are assigned.”!

®  Shifted Windows: An alternative approach to capture
cross-window information entails shifting the
windows to alternate levels, allowing for a more
comprehensive context. The model improves its
capacity to aggregate characteristics across regions
by moving the input embeddings for the next
layer.">"!

Stage 4. Layer Normalization: A particular Swin
Transformer block consists of layer normalization and
a Feed-Forward Network (FFN), which is defined as:

FFN(P) = ReLU(x*W +b )*W , +b, ... (7)

The weight matrices are /#;and /#/,, and the biases
are b, and b,."”
Stage 5. Down-sampling: ~The spatial dimensions are
effectively reduced while the feature depth is increased
by down-sampling the feature maps after a succession
of blocks using a patch merging strategy.

Zous = Concat(MaxPool(Z;), AveragPool(Z;)) ... (8)

After completing the
classification system
representation.”!

processing  stages, a
receives the final feature

Fusion of Swin Transformer and PCA for Feature Extraction

The Swin Transformer balances between local and
global context by using shifting windows while it
processes images. This technique is very effective in
recognizing complex features. In addition, the model
is able to process high-resolution CT images while
keeping the segmentation accurate, which is a must
for the detection of small lung nodules. PCA redefines
the data in a new coordinate system with the most
significant features, starting from the one that
explains most of the variation and then the following
ones. This method helps in data simplification by
lowering its complexity and at the same time keeping
the important features.*'** PCA was performed on the
standardized Swin Transformer features to de-
correlate variables preserving dominant variance, thus
realizing noise reduction, overfitting alleviation, as
well as compact representation, simultaneously,
which in turn leads to classification efficiency and
interpretability increase.

Leveraging the top features of both Swin
Transformer and PCA produces a superior
feature extraction pipeline for segmented CT scan
images. First, the Swin Transformer extracts rich and
complex features. Then PCA delves into these
features to lower dimensionality and drop redundant
ones. PCA enriches these features by reducing the
feature space, removing duplicates, and discarding
less important features. Improved effectiveness and
precision in feature extraction directly improve the
reliability of diagnostic models and enhance the
accuracy.
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Performance Measures

Performance metrics measure the efficiency of a
DL model. The performance indicators include
different metrics: recall measures retrieval, accuracy
reflects correctness, precision indicates exactness, and
the F1 score is a combination of precision and recall.’
Dice,, evaluates the performance of the segmentation
task by measuring the similarity between the expected
and actual overlaps and results."

Results and Discussion

The proposed model effective in identifying lung
cancer in the segmented lung regions of CT images as
mentioned stepwise.

Preprocessing

An in-depth analysis of the CT images was
performed to ensure the detection of lung nodules was
both precise and reliable. To address the problem of
class imbalance, a variety of data augmentation
techniques were implemented. The preprocessing
involved changes in intensity, random flips, zooms,
and rotations. After the data were split, augmentation
methods including rotation around +£15°, scaling from
0.9 to 1.1, and intensity modification (around £20%
for brightness and £15% for contrast) were applied to
the training set. Thus, the number of images in the
NSCLC Radiomics training data was increased from
5,158 to 10,316 and in LUNA16 from 622 to 1,244
images. These steps not only adjusted the class
distributions but also increased the model's
robustness. Expanding the dataset in this way was
successful in increasing the diversity of the training
data, which in turn improved the robustness of the
proposed models. Moreover, it adjusted the brightness
of the CT scan within the range of —1000 to 1000 HU
to provide the best image quality for the correct
identification and segmentation of lung mnodules.
Normalization played an important role in the
accurate detection and segmentation of lung nodules.
It not only helped in keeping uniform brightness and
contrast for all the images but also contributed to the
results being accurate. These preprocessing steps were
the foundation on which the proposed method was
largely built, as they allowed models to be trained on
a wide range of high, quality data, which in turn
ensured their accuracy and performance. The dataset
division at the patient level and the augmentation
usage after the split were critical steps taken to avoid
any data leakage, thereby preserving the model
training process's integrity. Moreover, the validation

on different datasets supported the model's ability to
generalize to unseen data, hence, its reliability and
applicability.

Hyper-Parameters

CNNs such as DenseNetl21, ResNet50, and
ResNet101 employed certain specific hyperparameters
for the enhancement of the identification process. This
study deliberately tested various hyperparameter
combinations through a grid search to optimize the
model's performance, thereby making a compromise
between accuracy and  generalizability.  The
hyperparameters, ~which illustrate the leading
configurations for performance maximization, are
presented in Table 2. This exhaustive procedure was a
cautious consideration of numerous parameter choices
and it thus strongly establishes the base for future
enhancements.

Segmentation and Classification

The primary objective of the investigation was to
assess the model in locating and mapping lung cancer
areas for exact diagnosis. In the first column, there are
original CT scans, in the second column, the
validation ground truth, and in the third column,
residual U-Net predictions. The model figures out
better boundary delineation, thus producing extremely
precise segmentation, and higher precision. Original
images are used as a standard to measure the accuracy
of the segmentation, which is a vital step in verifying
the precision of the segmentation results, as seen in
Fig. 2.

Residual U-Net successfully combined the exact
segmentation features of U-Net with the more
revolves on residual learning aspects. As a result, this
mixture gives rise to a model that is suitable for
imaging applications because of its strong
segmentation accuracy and efficiency. The design
improved segmentation accuracy by accurately
delineating boundaries, facilitating training through
efficient learning processes, and being a versatile tool
for different segmentation tasks.

A statistical experiment was performed with four
performance metrics: standard deviation (STD),

Table 2 — Hyper-parameters

Terms Instances
Learning rate 0.001
Decay 0.01
Batch size 128
Optimizer AdamW
Dropout rate 0.5

Loss function Binary Cross-Entropy
Number of epochs 100
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Fig. 2 — Segmentation of the supplied CT images done by the residual U-Net
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Fig. 3— Segmentation results achieved from residual U-Net

worst, mean, median, and best. The accuracy of lung
cancer lesion segmentation by the residual U-Net is
illustrated in Fig. 3.

The residual U-Net model reached an accuracy of
96.21% and a Dice,, of 0.934 by preserving spatial
information via skip connections. The model
successfully fused the distinctive features of lung
cancer lesions, thus, increasing the accuracy of the
area segmentation with dense-flattened neurons. For
confirmation of the findings, this study analyzed a
Swin Transformer that is a better option for extracting
features from data.

The Swin Transformer calculated features from the
segmented regions, including shape properties, and
texture composition, intensity distribution, edge
characteristics, spatial distribution, and some other
supplemental features. These features offer a total
representation of areas affected by lung cancer, thus,
they allow more accurate analysis and classification.

The extracted features were spectacular, reflecting the
potential of this combined approach to the problem of
lung cancer detection and analysis. PCA was
employed to increase performance and specify the
factor set by selecting the most influential factors that
determine data diversity. This step made the model
simpler, less computationally complex, and reduced
the probability of the overfitting. The principal
components, accounting for 95% of the total variance,
were able to preserve the maximum possible amount
of information from the original feature set.

The initial step of scaling down the image to
224%224 resulted in 3136 patches for each image,
which allowed for very detailed feature extraction—
each patch, being a part of a feature vector, led to an
extremely large number of features per image and the
entire dataset. To reduce the number of features, PCA
was applied to the feature set, which kept 95% of the
variance and thus gave around 249 features. The
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transformation greatly simplified the feature space
while it still contained the necessary information for
an accurate investigation. The study suggests that the
residual U-Net with Swin Transformer for feature
extraction and PCA for feature reduction and
selection used is a very effective method.

To confirm the usefulness of the reduced feature set
in locating lung nodules, this study employed
ResNetl101, DenseNet169, and ResNet50 models for
the processed features. The method of using PCA for
feature reduction, Swin Transformer for feature
extraction, and the U-Net for segmentation is a
promising approach in lung cancer detection. The
efficiency of these models were tested, which were
combined with the integrated architectures that were
also used previously: ResNet101, DenseNet169, and
ResNet50. The association between features and the
DenseNet169, ResNet101, and ResNet50 models can
be seen in the F1 scores, recall, accuracy, and
precision, which were used as metrics for their
performance in the detection of lung nodules. This
method serves as a compelling diagnostic tool, as it not
only enhances computational efficiency but also
notably increases the accuracy of lung cancer
diagnosis. Both LUNA16 and NSCLC Radiomics
datasets were employed to thoroughly assess the
diagnostic performance of the proposed method. The
framework was efficiently achieved leveraging pre-
trained transformers, targeted augmentation, and cross-
dataset validation, which can then be a very powerful
method even for small datasets such as LUNAI16.
Identification results on the LUNA16 dataset through
different methods are presented in Table 3.

The combination of residual U-Net + ResNet101
performed better than the combinations of residual U-
Net + DenseNet169 and residual U-Net + ResNet50,
as well as the ResNetl0l network in terms of
performance. To further boost the model's
performance and also get more dependable outcomes,
it would be a noble idea to investigate the use of
another extensive dataset, for example, NSCLC
radiomics, besides the good results on the LUNA16
dataset. The detailed findings derived from the
NSCLC radiomics, which reveal how the models
performed, are presented in Table 4.

The evaluation of different models' ability to detect
lung cancer in CT scans from the NSCLC, Radiomics
dataset led to several notable conclusions. The
combination of DenseNetl69 and residual U-Net
architecture resulted in 97.67% accuracy, 95.31% F1
score, and 0.931 Dice.,. However, the residual U-Net

Table 3 — Identification outcomes (LUNA16)

Model Accuracy Precision Recall F1 Score Dice,,
5?32?12211\1?1\]665 9171  89.99 9611 92.63  0.828
Eeﬁiﬁgtﬁfﬁ 9581 8643 8972 9505 0.859
Ee};iei;a;g(;Net 93.64 9257 9371 9299  0.837

Table 4 — Identification Outcomes (NSCLC Radiomics)

Model Accuracy Precision Recall F1 Score Diceco
gz:lisdelﬁigéget " 9767 9421  96.54 9531 0.931
Rosidual UNELT 9897 9787 9601 9621 0.946
gzzgggOU_Net T 9721 95.01 9698 95.09 0.929

Predicted nodule Predicted normal

Actualnodule 84 04

Fig. 4 — Residual U-Net and ResNet-101 confusion matrix

Actual normal 08

architecture with ResNet50 had somewhat lower
performance metrics: 97.21% accuracy, 95.09% F1
score, and 0.929 Dice,,. The combination of a residual
U-Net architecture and ResNetl101 performed better
than the other models with an accuracy of 98.97%, an
F1 score of 96.21%, and a Dice,, of 0.946. Although
another dataset (LUNAI16) is of high quality, it
underperformed compared to the NSCLC Radiomics
dataset. The larger and more comprehensive dataset
of NSCLC radiomics significantly improved the
reliability and accuracy.

The presented confusion matrix provides a visual
representation of the performance evaluation of the
residual U-Net + ResNet-101 model, it shows the
model's ability to correctly and incorrectly classify
cancerous regions and illustrated through Fig. 4.

The study results show that the residual U-Net +
ResNetl01 model is the most efficient among
different setups in finding cancerous areas in lung
tests for NSCLC. The residual U-Net + ResNet101
model can be considered the most reliable and
effective in detecting cancerous areas in lung
tests for NSCLC, which is corroborated by its higher
accuracy rate and Dice., the two most important
metrics that reflect its precision in locating the
cancerous areas.

The residual U-Net and ResNetlOl combined
model exhibited enhanced generalization with an
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accuracy of 98.97% and a Dice,, of 0.946. This
performance was achieved through a patient, based
division of the data into training (70%), validation
(15%), and testing (15%) sets. The minute difference
of 0.67% between the validation accuracy of 98.30%
and the test accuracy of 98.97% reflects stability of
the model, as can be seen in Fig. 5. For the LUNA16
dataset, it obtained an average accuracy of 95.81%,
with less variation, thus demonstrating the Swin
Transformer, PCA, and CNN model's capacity for
small datasets. This improvement is due to the
detailed statistical analysis brought in by cross
validation, which provides reliable performance
evaluation. Depictions of accuracy and loss values for
the residual U-Net + ResNetlOl model during
training, testing, and validation are provided in Fig. 5.

The findings from the research confirm that the
proposed combined U-Net and ResNetl01 model
projections are most similar to the initially identified
nodules, thereby evidencing the capability of the
proposed fused model.

The outcomes of lung nodules in test images from

different CT scans are presented in Fig. 6. It
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Fig. 5 — Training, validation and test loss and accuracy of the
Residual U-Net + ResNet-101 model

Original Image

CT Test Image 1

CT Test Image 2 l ‘
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Grad-CAM Output

comprises the original test image, the Grad-CAM
output, the predicted nodule outcomes of the residual
U-Net + ResNetl01 model, and the ground truth
mask. The figure demonstrates the use of Grad-CAM
to assist the interpretation of CT scans by visually
localizing the most relevant parts. The heat-maps are
overlaid on the grayscale CT images to show the
important areas that the model has identified. The
highlighted areas of this segmentation delineate the
parts that are crucial for an accurate evaluation. This
visual representation enables you to better
comprehend the model's focus, thus, its interpretations
become more transparent and reliable.

Ablation Study

An ablation analysis on the NSCLC, Radiomics
dataset illustrates that every single element of the
proposed framework has a meaningful contribution to
the overall performance. Single CNNs (ResNet50,
DenseNet169, and ResNet101) trained on raw CT
images only achieve limited accuracy, thus directly
classifying without structured feature refinement turns
out to be an insufficient approach. The use of
Residual U-Net segmentation leads to a significant
performance increase around 6%, thereby confirming
the crucial role of accurate region isolation. The
subsequent addition of the Swin Transformer
lifts accuracy even further as the model global
contextual dependencies; however, it generates high,
dimensional representations. Hence, PCA serves as a
perfect solution to this problem as it lowers the
dimensionality of the features while still keeping the
variance, which in turn leads to a more efficient and
faster inference without losing accuracy. The
combined effect of SwinTransformer, PCA with
ResNet101 leads to the highest performance thus, the
best single and partial configurations are

Predicted Nodule

: #

Ground Truth Mask

Fig. 6 — Identification results of the lung nodules by Residual U-Net + ResNet101
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Table 5 — Comparative analysis

Model®f Dataset
UPerNet + Swin Transformer® LUNAI16
SVM+CNN* LUNAL6
3D-convolution neural network (3D-CNN)* LUNAL16
MobileNet-based multitask learning with attention NSCLC
mechanism (MN-MTL-A)*

ViT + CNN'¢ NSCLC
DSC-L* NSCLC
Automateq lugg tumor detection and 3D volumetric NSCLC
segmentation

Residual U-Net + Swin Transformer + PCA + ResNet- LUNA16 and
1017peet NSCLC

Acc. F1 Dice.,
82.26 — _
94.00 94.5 —
95.00 — —
91.40 — —

— — 0.746

— — 0.82

— — 0.82

95.81 and 95.05 and 0.859 and

98.97 96.21 0.946

outperformed. Testing cross dataset on LUNAI16
shows that generalization is still strong even though
there is variability in annotations and the sample size
is small. Removal of any module results in a drop
albeit small, thus the power of the proposed method
lies in the segmentation, global context modeling,
dimensionality reduction, and deep residual learning
interaction which is a coordinated one.

Comparative Analysis

This research accentuated the classification
accuracy and F1 scores, with the Dice., being the
main performance metric for segmentation. The
comparison table illustrated an in-depth evaluation of
various methods for CT image classification,
primarily focusing on lung cancer diagnoses. A
comparative study of the proposed integrational
method (Residual U-Net + ResNetl01) with the
selected alternatives on NSCLC and LUNAI16 is
presented in Table 5.

The proposed research accomplished both
classification and segmentation tasks, whereas
existing research?®+>* was limited to
classification'®*** and focused on segmentation only.

Overall, the Residual U-Net + ResNet101 model's
results demonstrate its capability to accurately
classify and precisely segment CT images of lung
cancer, outperforming other models. The findings
indicate that the two models, i.e., the proposed
method and UPerNet + Swin Transformer, need more
work to further enhance the accuracy of
segmentation.”

Conclusions

This investigation looks at how machine learning and
computer imaging facilitate finding lung malignancies
early. Since lung malignancies cause predominant
deaths, finding them timely is really important. The
framework here leverages a few specific tools,
improving accuracy. It leverages residual U-Net for

segmentation, Swin Transformer for feature encoding,
principal component analysis for dimensionality
optimization, and classification using employed CNNs.
Basically, these approaches work together to spot lung
malignancies better. To validate the work, it was tested
on the LUNAL16 and NSCLC Radiomics datasets.
The results established, it is pretty for cross-dataset
robustness, also. A comparative analysis between the
proposed approach and ResNetl01 identified the
ensemble backbone as the superior model for nodule
classification and demonstrated efficacy at delineating
the tissue. Key limitations, like model generalization
and computational overhead, translational barriers. For
future steps, the work should really focus on
architectural refinement. The best way to do this is by
using larger-scale datasets. Also, one should look into
things like generative adversarial networks for synthetic
data synthesis. The findings clearly demonstrate that the
proposed deep neural networks provide substantial
utility in this context. The approach enhances diagnostic
precision by improving accuracy and facilitates early
disease intervention, which is critical for timely
detection and effective clinical management.
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