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Abstract

Introduction/Objective: The detection of lung cancer in the early stages has the potential
for saving lives and reducing mortality rates. However, the existing methods are unable to
jointly capture local features, global relationships, and temporal changes, which are affecting
the detection of lung nodules and their classification.

Methods: This study proposes a novel hybrid deep learning framework called Nodule Vision-
Net, which has the potential for detecting lung cancer in the early stages. The proposed
framework combines various modules for local feature extraction, global understanding,
and temporal understanding, which are then integrated by the Nodule-Net framework for
a novel, robust, and clinically interpretable detection and classification of lung nodules.
Once the clean and consistent data are obtained after the preprocessing steps involving Non-
Local Means filtering and brightness normalization, the proposed framework combines the
modules involving local features, global understanding, and temporal understanding for a
novel, robust, and clinically interpretable detection and classification of lung nodules

Results: The performance of the Nodule-Net model was found to be superior in the classifi-
cation of lung cancer, with 99.98% accuracy, precision, recall, and F1-score achieved in the
Chest CT dataset.

Discussion: The proposed model proves its effectiveness in the detection of lung cancer
through its accuracy and efficiency in the classification process. Its high precision and re-
duced complexity outperform prior methods by enhancing early diagnosis, informing clinical
decision-making, and advancing automated imaging analysis in medical practice.

Conclusion: This model, with high accuracy, precision, and reduced complexity in lung can-
cer classification, outperforms traditional methods by enhancing early diagnosis, informing
clinical decision-making, and advancing automated imaging analysis in medical practice.
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1. INTRODUCTION

Lung cancer is often treated to be the cancer-related source of death that occurs the most often
globally. Lung cancer tops the list as the malignancy with the highest death rate. It is thus the most
fatal type of cancer worldwide [1]. Most instances of lung cancer are attributable to smoking, but a
small number of non-smokers also contract this disease. Lung cancer tumors may be located very
deep within the lung tissue, and hence they can vary greatly in their locations, intensities, and shapes
[2]. While non-small cell lung cancers (NSCLC) make up approximately 85% of all lung cancers,
small cell lung cancers represent only about 15% [3, 4]. Biopsies and bronchoscopy are two of the
many diagnostic techniques that investigate lung tissue to identify cancer-related cells. A biopsy
can predict lung cancer, but maintaining accuracy and precision is difficult. Although screening
techniques have helped to forecast lung cancer, maintaining early diagnosis and accuracy in cancer
detection is difficult [S5, 6]. Consequently, primary detection of carcinoma of the lungs is essential
for maximizing survival.

Traditional Computer-aided diagnosis (CAD) systems’ effectiveness is determined by the subjective
and time-consuming intermediate image processing phases (such as manually extracting morpho-
logical and statistical information from a picture) [7]. The most prominent pathological test for
diagnosis is the CT scan, which is widely used. It offers a three-dimensional evaluation of the lesion
using excellent clarity and high-intensity images of the lung in different postures. In conventional
studies, grayscale CT scan pictures were used to create an automated technique for cancer diagnosis
[8]. Conventional CT analysis is time-consuming and labor-intensive, and traditional lung cancer
detection with CT frequently yields false-positive test findings [9].

Deep learning (DL) has been demonstrated to be very helpful in computational pathology, among
other applications. It has been demonstrated that a DL. model can successfully identify and predict
the mutations from the histology of non-small cell lung cancer [10]. However, until now, there
have only been a few deep learning studies that focused on using PET imaging for the finding of
lung cancer, and pairing of PET scans and deep learning for the NSCLC subtype classification
is the most neglected topic [11]. Due to the low accuracy and dependability that might result
from inadequate data, typical deep learning algorithms have sought to analyze big datasets from
public sources [12]. CT scan images may be utilized to classify benign and malignant tissues
using convolutional neural networks (CNNs). To provide outstanding results, the application of an
outstanding performance technology with low expenses and wide applicability could assist the lung
cancer prognosis procedure. Utilizing pictures from CT scans, the therapeutic imaging procedure
was created to identify lung cancer [13].

In the traditional approach, it is possible to make a distinction among the various kinds of lung
cancer in addition to detecting skeletal metastatic tumors in lung cancer patients. As a result, it is
more challenging than the current multi-disease categorization. Furthermore, the original tumors
from which the bone metastases originated have not previously been identified [14]. To analyze
CT lung cancer detection images and assess lung functions in lung cancer patients, Mask-RCNN,
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an optimization-based technique, was used for automated segmentation. Additionally, serum tumor
detection was used to evaluate the consequences of recognizing characteristics of benign and ma-
lignant cancers [15]. To the knowledge, no research has used the segmentation approach to identify
lung cancer that has been pathologically confirmed on chest radiographs [16]. Fast, precise, and
mainly automated lung cancer detection is essential in today’s developing new technologies and
is far more crucial than using outdated techniques. Anomalies in medical imaging are frequently
detected and treated using conventional methods. When using radiology CT scans to diagnose lung
nodules, CAD has grown in importance [17]. By analyzing the traditional methods diagnosis of
lung cancer is still challenging; hence, it is essential to explore a novel framework to diagnose and
classify lung cancer.

Some of the recent studies in lung cancer detection, including cloud-based CNNs, hybrid models,
traditional approaches like PET/CT analysis, and ResNet-LSTM, are discussed in the following
section. Kasinathan et al. (2022) [18], came up with a method of identification and confirmation
of various phases of lung tumor development; besides that, they introduced a deep neural model
and a cloud-based data acquisition scheme for the classification of pulmonary disorder phases.
The technique suggested by the authors is a hybrid method for PET/CT images, being a Cloud-
based Lung Tumour Detector and Stage Classifier (Cloud, LTDSC). First, the prompting of an
active contour model for lung tumor segmentation in the proposed Cloud, LTDSC, was followed by
the design and testing of a multilayer convolutional neural network (M-CNN) to classify different
phases of lung cancer by the usage of benchmark images. In one case of cloud computing due to
memory limitations, the proposed cloud system is only capable of analyzing the records of 65 users
at one time, which is not very efficient for large hospital setups.

Ragab et al. (2022) [19], offered the DHODCNNLCC model, which uses deep convolutional
neural networks for recognizing and categorizing lung cancer. The first pre-processing steps for the
proposed DHODCNN-LCC approach are contrast enhancement and noise reduction. In addition,
the Nadam optimizer with the RefineDet model is used to extract the features from the pre-processed
pictures. For the categorization of lung nodules, the denoising stacked autoencoder (DSAE) model
is also used. Finally, higher classification performance is achieved by optimally improving the
DSAE model’s hyperparameters using the deer hunting optimization algorithm (DHOA). However,
the performance of the classification is not improved by the use of image segmentation algorithms.

Wang et al. (2022) [20], developed a two-stage diagnosis method with Dynamic R, CNN, or a
dynamic region-based CNN. This method is capable of boosting the accuracy of medical diagnosis
and is marked by a high performance level in lung cancer identification. It can, in some cases,
prevent erroneous and missed detection. However, it cannot increase the network’s precision and
does not demonstrate the model’s widespread application in cancer detection.

Zeyu et al. (2022) [21], presented the LCGANT hybrid framework. Our framework consists of two
essential components in particular. To create artificial images of lung cancer, the first phase uses
a deep convolutional GAN (LCGAN). The second part deals with categorising lung cancer images
in three classes by employing the regularization augmented transfer learning model. The presented
framework is capable of handling the problem of overfitting for various tasks, such as lung cancer
classification. The LCGAN produces synthetic images that differ somewhat from actual images.
The generator creates graphics with a 64 x 64-pixel size. For the biomedical field, this is insufficient.
High-resolution images are crucial in this situation.
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Wankhade et al. (2023) [22], proposed a novel method coupled with cancer early detection through
a hybrid neural network (HNN) technique named Cancer Cell Detection (CCDC). Computed to-
mography (CT) images are analyzed with deep neural networks to obtain the features of the cells
in the images. A crucial point is that accurate feature extraction contributes greatly to the early-
stage detection of cancer cells, which, in turn, can save the life of the patient. Besides that, this
work uses an advanced 3D CNN to lift the recognition accuracy to a higher level. In addition, the
proposed method can successfully classify the tumors as either benign or malignant. These models
are really sophisticated, and include a substantial quantity of medical photos; it can be predicted
that the proposed method would need a considerable amount of processing resources. It is crucial to
remember that methods like parallelization, transfer learning, and pruning may be used to decrease
the time complexity of a deep neural network.

Cao etal. (2023)[23] came up with a segmenting method based on DL. The view aggregation of the
method particularly employed a pixel-wise addition to emphasize the radiopharmaceuticals and high
uptake areas. The segmentation of lesions produced images that, along with the viewing process,
formed a composite prediction. Conceptually, the model is an encoder, decoder, type, end-to-end
network segmentation made up of two sub-networks. Therefore, the feature extraction sub-network
can learn the hierarchical characteristics of bone scan images.

Tashtoush et al. (2023) [24], identified DL as a method capable of separating non-small cell lung
cancer subtypes, adenocarcinoma, large cell carcinoma, and squamous cell carcinoma, from lung
CT pictures. The study cited the use of VGG16, standard CNN, and VGG19. Besides, it came up
with a CNN variant that has convolutional block attention modules (CBAM) incorporated in it too.
CBAM combines cross-channel and spatial information to feature extraction more effectively. Fur-
thermore, it proposes changes to VGG16 and VGG19 that apply an SVM instead of SoftMax in the
classification layer. However, it has not improved learning and improved precision in determining
the kind of lung cancer.

Zhang Y (2023) [25], recommended employing NASNet-Large as an encoder in a lung image
segmentation model, followed by an architecture for a decoder. In terms of DL models for im-
age segmentation, NASNet-Large is one of the most often used. The segmentation map may be
recovered using the suggested NASNet-Large-decoder architecture, which can also enlarge the
feature map and retrieve high-level information. It provided a post-processing layer to eliminate the
pointless area of the segmentation map to further enhance the segmentation results. Due to its size
and the number of parameters it includes, this model is extremely complicated and computationally
costly. Because of its intricacy, training, and inference may be time- and resource-intensive.

Although computer-aided diagnosis (CAD) systems have improved significantly in recent years,
they still fall short of what is needed in real-world clinical practice. The current models used to
analyze CT scans have a significant issue which leads to missed nodules or misclassified cases.
While most of the existing CNN-based model are highly capable at identifying local details of CT
scans such as fine edges of nodules, they repeatedly miss out on relating to the other parts of a lung
to one another. On the other hand, the use of transformer models do provide excellent global relation
detection, but require large datasets and do not detect detailed features of a CT scan at the fine level
of detail that physicians require. Therefore, solutions that will lead to a hybrid model that is able to
utilize the strengths of each of these technologies in a reliable manner will be required to develop
better methods for diagnosing lung cancer.
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The contribution was highlighted as follows:

* A novel integration of CNNs and transformer-based blocks is proposed to jointly learn detailed
local features and long-range global dependencies, avoiding the representational limitations
of each individual model.

» Temporal learning mechanisms are incorporated within the framework to effectively charac-
terize lung nodules in terms of longitudinal changes, thereby improving the ability to charac-
terize growth patterns that are significant in early-stage cancer detection.

 Areliable preprocessing technique is utilized that combines Non-Local Means (NLM) filtering
with brightness normalization to improve signal quality, reduce noise, and ensure homogeneity
within input images.

» Nodule-Net proposes an effective strategy to integrate spatial (local), contextual (global), and
temporal features, thereby creating a cohesive space that improves robustness in classification

The rest of this article is organized as follows: Section 2 explains the proposed approach; Section 3
describes the experimental results, major findings, and comparison; and finally Section 4 concludes
the research with future research directions.

2. MATERIAL AND METHODS

Nodule-Net is a hybrid DL model designed and developed with the aim of achieving early and
accurate detection of lung cancer using images obtained from CT scans. All previous approaches
have been limited in that they have concentrated on one feature at the expense of the other. This
model seeks to bring the two aspects, local and global, together in a unique workflow. In the pre-
processing steps, a unique approach is proposed in that it is all-encompassing. In the preprocessing
steps, resampling, normalization, contrast enhancement using CLAHE, Non-Local Means filter,
and correction of brightness are included. Standardization improves robustness to scanners as well
as visualization of small nodules that might not be captured during routine analysis. The basic
idea behind this framework is NoduleVisionNet, which utilizes residual-based hierarchical trans-
formations that enhance local feature extraction capabilities to effectively identify small, irregular,
complex textural nodules that are essential in early lung cancer detection. Globally advanced context
modeling has been added to this framework, utilizing long-range spatial dependencies across various
CT image slices, which is essential in identifying multi-nodule patterns, diffuse malignancies, as
well as spatial heterogeneity in lung tissue. The hybrid integration of all these capabilities is what
adds another dimension of reliability to the classification results, as opposed to CNN or transformer-
based models. The second innovation in Nodule-Net is that it has been designed to track nodules
over time, thereby enabling a visualization that can be used to monitor treatment, a consideration
that is rarely given any attention. The overall flow diagram of this proposed work is as shown in
FIGURE 1.
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Figure 1: Block diagram for the proposed Nodule-Net Framework

2.1 Preprocessing

The size of the CT scan images is trimmed to a standard size initially, which ensure that the data is
of the same size, which is crucial when training the model. For 2D slices, each image /¢ of size
Hp X Wy is resized to a standard dimension H, X W, using bilinear interpolation as equation (1)

Iresized (x’,y') = Zlorig(iaj) : (1 - |x’ - l|) : (1 - |y/ _]|) (1)
i.Jj

where (x’,y") These are coordinates in the resized image.

After spatial standardization, intensity normalization is applied to focus on the lung tissue. The
voxel intensities are first clipped to the lung tissue range of —1000 to 400 Hounsfield Units (HU) as
equation (2):

IClipped = Clip(lresized’ —1000, 400) (2)

Then, the min-max normalization is used to scale the clipped values to the [0,1] range as equation (3):

IClipped + 1000

Liorm = T (3)

This normalization reduces variability caused by different scanners, enhances the visibility of lung
structures, and improves the stability and convergence of DL models during training.
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To enhance subtle lung structures, CLAHE is applied, which adjusts local contrast while preventing
over-amplification. For a pixel in a tile ¢, the output intensity is given as equation (4).

IcLAHE (X, J’) =CDF, (Inorm ('x’ y)) : (Imax - Imin) + Lnin (4)

where CDF; is the cumulative distribution function of the histogram in tile ¢, and /,,,;;, and I,
Are the intensity bounds.

To eliminate noise while retaining detailed structural information, Non-Local Means (NLM) filter-
ing is used. And which is performed by the following equation (5):

Inew )= D0 w (v v) () (5)
VjEN(Vi)
with weights:
2
1 |171(P) - 1(P))
w(vi,vj)zz(w)exp - 2 /2 (6)

where P;, P; are patches around voxels v;, v; respectively, / is the filtering parameter, and Z(v;)
is the normalization factor.

Data augmentation is the final step, which helps improve the overall variability of the data, hence
improving the overall ability of the model to generalize well. In the case of 2D slices, the data is
rotated I,,; = Ro(Inrp), brightness adjustment Ip,igns = alnpp + B.

The final preprocessed and augmented datasets are standardized in space, normalized in intensity,
denoised, and contrast-enhanced, which helps in maintaining the quality of the data, thereby im-
proving the representation of the data. These preprocessed data are well-suited for the input of
the deep learning algorithm, NoduleVisionNet, that helps in the detection of lung cancer with high
accuracy.

2.2 NoduleVisionNet

The conventional CNNs are not effective in detecting fine textures of nodules, small irregular
nodules, and dependencies, while conventional models are incapable of capturing long-range de-
pendencies or global spatial relationships, which are crucial for detecting multi-nodule patterns and
diffuse malignancies. Additionally, these models are incapable of combining fine local details with
contextual information, thus reducing the accuracy in diagnosis. Most importantly, the inability of
these methods to detect the growth of nodules in patients has hindered the detection of dangerous
cancers and the assessment of the effectiveness of various treatments. To address these limitations,
NoduleVisionNet is proposed. The feature extraction process includes the following layers:

* Convolutional Layer: Applies filters to detect low-level features such as edges, shapes, and
textures.

* Rectified Linear Unit (ReLU): Serves as a nonlinear activation function, effectively mitigating
vanishing gradients while ensuring only positive activations contribute to feature learning.
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* Pooling Layer: Reduces spatial dimensions to preserve dominant features while improving
generalization.

» Dense Layer: Fully connected neurons integrate extracted features into a comprehensive rep-
resentation.

For an initial feature extractor to achieve effective local representation learning, a hierarchical
residual-based architecture was used as the first layer. The lung CT images input will be treated
mathematically according to equation (7).

I e RHXWXD (7)

Where the symbols representing height, width, and depth of the image are H, W, and D, respectively.
The aim here is to transform [/ into discriminative feature representations F, such that the features are
able to encompass detailed nodule features as well as the global structure. The first stage involves
applying a series of convolutional filters to extract low-level image features such as edges, shapes,
and nodule boundaries as shown in equation (8).

FO =1+ w® 4 ph) (8)

Where, W%) denotes the convolutional kernel for the k*” filter, »*) denotes the bias term, * denotes
convolution operation, and o (-) denotes the ReLU activation function given by o (x) = max(0, x).
This non-linear transformation prevents feature collapse and allows for the detection of nodules
with irregular boundaries. Instead of using a single convolutional path, this architecture follows a
’split transform merge’ principle. In this principle, first, dimension reduction is performed through
convolution, followed by several transform operations, and then outputs from all these transform
operations are summed. This is called ’cardinality,” and it improves the diversity and richness of
features without increasing the depth or complexity of the model. The transformation process can
be represented as follows:

C
F(x)=x+ZT,-(x) )
i=1

where x represents the input, 7;(x) represents the i’ transformation function in parallel, and C
represents the number of parallel paths. The aggregation of various transformation functions allows
more diverse discriminative features to be learned by the network, as opposed to conventional
residual connections. The structure of each transformation path is based on a bottleneck structure
as described by equation (10)

T; (1) = (Wil + ¢ (Wi, +x)) (10)

The non-linear activation function is denoted by ¢ () Because of this structure of hierarchical feature
capture, it allows for the hierarchical representation of texture, i.e., small nodules to complete
diffuse malignancies. After transforming nodule texture, the local representation will become the
Equation (11)

Fiocal = R(l) (11)

This is used as input for the Hierarchical Residual Operator model R (7). And this captures various
nodule pattern elements across multiple scales, where this method has been used for detecting:
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» Small nodules: due to fine-scale convolution filters.
* Texture variations: via residual aggregation.

* Irregular margins: preserved through identity mappings.
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Figure 2: Local Feature Extraction Module

Using this structure, local feature enhancement was achieved as demonstrated in FIGURE 2. The
nodular texture, irregular boundaries, and small pulmonary nodules were effectively captured using
hierarchical transformations based on residual learning. This enhancement improved the differ-
entiation between benign and malignant nodules, thereby addressing one of the main problems
in early lung cancer detection, as nodular features are critical in this case. The local features
F local carry critical information on nodular features, but they are not aware of global spatial
relationships within the lung field. For example, nodules may be distributed in various lobes,
or malignancy may be diffuse. In order to solve this problem, High-resolution images can be
processed effectively with the help of a strong DL model by considering long-range dependencies
that represent global context information, as the structure of global feature extraction is represented
in FIGURE 3. In contrast to conventional CNNs that mostly focus on local feature extraction, this
method is based on a hierarchical structure that allows local features as well as global features to be
learned simultaneously.

The process starts with the division of the input image into patches and hierarchical analysis us-
ing the two-stage framework. Within each patch, local structures are learned using self-attention
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Figure 3: Global feature Extraction Module

mechanisms in the first stage, whereas global dependencies are learned using between-patch self-
attention mechanisms in the second stage. To increase the representational power of the network, the
concept of shifted windows is incorporated, which enables the network to look at the entire image
from different regions. This is very crucial in the joint analysis of microscopic and macroscopic
structures within the images. The network architecture is based on the Transformer network with
multiple levels of blocks consisting of two key components:

» Multi-Head Self-Attention (MSA) — It primarily focuses on the identification of the relevant
contextual information by paying attention to the dependencies across the regions.

» Feedforward Neural Networks (MLP): Enables the learning of complex non-linear data rep-
resentations, refining feature extraction.

FIGURE 4 illustrates the hierarchical process that switches between window-based multi-head self-
attention (W-MSA) and shifted window multi-head self-attention (SW-MSA). This alternation facil-
itates the modeling of both localized details and broader global structures. The model incorporates
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contextual information by sequentially combining it across patches to allow growth and efficiency,
and achieves remarkable performance on tasks such as object recognition and image classification.
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Figure 4: Hierarchical mechanism of SW-MSA for Local-Global Feature Learning

Non-overlapping patches are created by rearranging the feature map and passed through a hierar-
chical attention mechanism. The local feature map is partitioned into fixed-size patches, given as
equation (12)

RFWXd 5 70 = {z1,20,. ... .. ,zn}, z1€R4 (12)

Where N = HA;<2W and M denotes the patch size. Each patch is linearly projected to create a d-
dimensional embedding. Rather than applying global self-attention (which is expensive for large
CT scans), attention is first determined within each local window. When the window contains tokens

Flocal €

Zw ={21,22y -« ... , Zm}, Attention is defined as equation (13)
Artention (Q, K, V) ft (QKT)V (13)
ention (Q, K, =softmax|=—1V,
Vdi

with Q = Z, Wy, K = Z,,Wk,V = Z,,Wy where Wp, Wk, Wy € R4*dx These are learnable pro-
jection matrices. This ensures that dependencies within each patch window are modeled effectively,
focusing on local contextual details. To extend the model’s field of view beyond a single window,
the attention windows are shifted by % in the next layer. This process allows for interaction between
adjacent windows, ensuring that the overall context is taken into account without incurring quadratic
complexity.
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Mathematically, if W is the window partitioning function, the shifted attention is applied as follows:
, N/M? )
7' =SW - MSA(Z) = EB Attention (Qvw, Ky, Vi) (14)
w=1

where @ denotes the concatenation of the output of the windows, and Q,,, K,,,, V), are computed
on the windows shifted as described above. By alternating the operations of W-MSA and SW-MSA,
the network builds relationships that cover both local nodules and distant structures in the lung field.
After the attention operation, the output of the token is fed into an MLP with residual connections
as described in equation (15)

Zour = Z' + MLP(LN (Zl)) (15)

where LN is Layer Normalization. This ensures stable training as well as the non-linear refinement
of the global features. The hierarchical representation is given by the following equation:

Fglobal = ﬂ(Flocal) (16)

where A(-) is the alternating sequence of W-MSA and SW-MSA layers. Fgopq; includes fine-
grained features and long-range spatial features, which are essential in robustly discriminating
between malignant and benign nodules, even if their spatial locations are distributed over different
areas of the lung.

Subsequent to the extraction of local features, i.e., Fjocq; Which includes nodule textures, bound-
aries, and fine details, and global features, i.e., Fgiopas, Which includes long-range dependencies
and contextual relationships in the lung field, these features are fused together in the form of equa-
tion (17) as given below:

Ffused = ¢(a - Frocal @ﬂ : Fglobal) (17)

Where (P represents the concatenation or addition of the two features depending on the fusion
strategy and @, S represent the learnable weights that determine the relative importance of local
and global features and ¢(-) represents the non-linear transformation, e.g., ReLU or normalization.
The fused feature map is flattened and passed through one or more fully connected (dense) layers
to project it into a lower-dimensional decision space, as given in equation (18)

h = f(Wf -vec (Ffused) + bf (18)

where vec (F fused) flattens the fused feature tensor into a vector, Wy, b s are learnable weights and
bias of the fully connected layer, f(-) is a non-linear activation function such as ReLU, £ is the
hidden feature representation used for classification.

The final hidden representation 4 is mapped to class logits through another linear transformation:
z=Wch+ b, (19)

where W,, b, are classification weights and biases, and z € R? corresponds to the multi-class
categories (such as Normal, Benign, Malignant). The probability distribution across classes is then
obtained via Softmax as equation (20):

Plr=kl)= —2PE) 0 (20)

Z?‘:l eXp(Zj)
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This ensures that the outputs are normalized probabilities summing to 1, making the prediction
interpretable in clinical terms.

The predicted class y is determined by the maximum probability as in equation (21):

y=argmaxP(y=klx). (21)
ke{1,2,3}

In both datasets, all of the CT scans are classified into multiple categories, allowing for a complete
multiclass evaluation approach. The NoduleVisionNet combines improved extraction of locally
relevant features with models that account for the global context, creating a stronger tool for detect-
ing lung cancer than what can be obtained from either CNN or transformer models. The proposed
method identifies both fine-grained texture characteristics of nodules as well as long-range spatial
relationships between different nodules, so it will address some deficiencies of other methods that
were previously used to identify both subtle nodules and how many different types of nodules may
occur in a given patient. The use of this approach will allow it to generalize well to multiple types of
datasets, making it a valid, interpretable and clinically useful means of identifying and classifying
multiple types of CT-based nodules to detect lung cancer early.

3. RESULTS

This section outlines the experimental design, the different properties of the dataset, and the pa-
rameters that were configured for the test of the lung cancer detection model. The performance of
the system has been measured in terms of diagnostic accuracy, diagnostic precision, and diagnostic
stability using conventional metrics such that accuracy, precision, recall, F1 score, and AUC are
assessed. The experiment was conducted on a Windows 10 (64 bit) operating system with an Intel
Core 15 processor and 16 GB of memory which allowed for a reliable and efficient computing
environment. Python 3.10 served as the primary programming language with an array of options
for scientific and medical imaging libraries along with support for flexibility when developing. The
framework for detecting lung cancer based on the proposed DL approach was developed and trained
using TensorFlow and Keras. The framework was also made scalable using optimized performance.
The pre-processing of the data, including feature extraction, CT image normalization, and numerical
calculations, was implemented using Pandas and NumPy. In addition, parallel machine learning
tools and performance measurement were implemented using Scikit-learn. TABLE 1 illustrates the
parameters used for simulating the proposed approach.

3.1 Dataset Description

The Chest CT-Scan Images dataset [26] is a well-structured publicly available dataset commonly
used for lung cancer classification problems. The total number of images in the Chest CT-Scan
Images dataset is approximately 1,000, and the total size of the images in the dataset is approximately
124.96 MB. The total number of images in the dataset is composed of 988 PNG images and 12
JPG images, which can be used to train deep learning models. The images in the Chest CT-Scan
Images dataset are systematically classified into four classes, such as adenocarcinoma, large cell
carcinoma, squamous cell carcinoma, and normal lung tissues. This diversity in classes helps to
learn more general features from the images due to the variety of pathological images. The training
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Table 1: Simulation parameters

Parameter Value

Dataset Split 70:20:10

Optimizer Adam

Batch size 32

Learning rate 0.001

Loss function Categorical cross entropy

Number of Epochs 25

Activation Function ReLU

Dropout Rate 0.5

Model Architecture Nodule Vision Net

set of the dataset is used to optimize the parameters of the network, the validation set of the dataset
is used to select the model and control overfitting, and the test set of the dataset is used to evaluate
the generalization of the model. Images are resized to 256 x 256 pixel resolution and median-
filtered to reduce noise, allowing for features to be efficiently extracted before training of the model
occurs. Additionally, preprocessing for normalization is performed using methods that conform
to standard preprocessing for convolutional neural networks. The equal distribution of the various
cancer subtypes and the inclusion of patient controls allows for use of this dataset in the development
of automated diagnostic systems.

3.2 Visual Analysis

This section presents the experiment outcomes for the proposed framework in the context of detect-
ing lung cancer. The preprocessing technique was used to normalize the images of the CT scan in
order to make them suitable for training the model.

The preprocessing pipeline for the Chest CT dataset is depicted in FIGURE 5. The raw CT images
are standardized, and then the images are subjected to clipping and normalization to emphasize
the lung tissues. Contrast enhancement techniques like CLAHE and denoising using Non-Local
Means are employed to enhance the visualization of anatomical features, and augmentation is used
to introduce randomness in the images for training the models effectively.

FIGURE 6 shows the visual representation of the Feature correlation heatmap — Chest CT. From the
correlation heatmap of the Chest CT features, we can observe that there is a significant correlation
between features such as Texture, Contrast, and Shape. These are structural and intensity-related
features of the lung tissues. Additionally, we can observe that there is a positive correlation between
the contrast and texture features, which are related to highlighting the irregularities in the nodules.
Entropy is weakly correlated with the other features.

FIGURE 7 illustrates the performance of the proposed NoduleVisionNet on the Chest CT dataset
in terms of accuracy and loss functions for both the training and testing datasets. As depicted in
FIGURE 7a, the accuracy for the training and validation sets is observed to increase smoothly and
plateau at a very high value of 0.9998. FIGURE 7b illustrates the loss functions for the proposed
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NoduleVisionNet on the training and validation datasets, in which the loss for the training set is

observed to decrease smoothly and plateau at a
value of 0.62 without any signs of divergence.

value of 0.15, while the validation loss plateaus at a

1.0

0.8

0.6

0.4

True Positive Rate

0.2

Class 0 (AUC = 0.999 )
Class 1 (AUC = 0.999)
= Class 2 (AUC = 0.999 )
Class 3 (AUC = 0,999 )

0.%

0.2 0.4

0.6 0.8 1.0

False Positive Rate

Figure 8: ROC analysis using the Chest CT dataset

The analysis of the ROC curve also validates the accuracy and reliability of the model with respect
to the chest CT data set, as presented in FIGURE 8. All the classes were able to achieve an AUC
score of 0.999. In other words, the model is highly accurate and reliable with respect to the chest
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CT data set. In particular, the model’s performance with respect to the Large Cell Carcinoma,
Adenocarcinoma, Squamous Cell Carcinoma, and Normal classes is such that the ROC curves are
almost at the upper left corner of the plot. This is an indication that the model is highly sensitive
and specific in detecting the cases of lung cancer. In other words, the framework’s accuracy and
reliability are such that it is a sure contender in actual cases of lung cancer detection.

Confusion Matrix for Chest CT dataset
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Figure 9: Confusion matrix

The Confusion matrix for the given Chest CT dataset shows that all four classes, namely Large Cell
Carcinoma with 51 images, Adenocarcinoma with 120 images, Squamous Cell Carcinoma with 90
images, and Normal with 54 images, are correctly classified by the proposed Nodule-Net model, as
shown in FIGURE 9. The classification results showed that all 51 images were correctly classified
as Large Cell Carcinoma, all 120 images were correctly classified as Adenocarcinoma, all 90 images
were correctly classified as Squamous Cell Carcinoma, and all 54 images were correctly classified
as Normal. There were very few instances of misclassification, such as one image of Large cell
carcinoma classified as Adenocarcinoma and one image of Squamous Cell Carcinoma classified
as Adenocarcinoma. The accuracy is very high, showing that the proposed Nodule-Net is robust
enough to classify healthy scans as well as different kinds of lung cancer.
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3.3 Qualitative Performance Analysis

In order to ensure the robustness and generalization ability of the proposed Nodule-Net framework,
a 5-fold cross-validation approach has been used. In this approach, the dataset has been divided into
five equal parts. For each iteration, four parts of the dataset have been used for training, and one
part has been used for testing. This process has been repeated for five iterations, so that each part of
the dataset has been used for testing exactly once. The performance of the proposed approach has
also been evaluated using certain performance metrics, including Accuracy, Precision, Recall, and
Fl1-score. These performance metrics give an overall idea of how well the classification approach
is performing, especially for tasks such as medical image classification, where both false positives
and false negatives play an important role. The results obtained using the proposed approach for
each of the five folds of the dataset are presented in TABLE 2. From TABLE 2, it is clear that the
proposed approach has been performing extremely well for all folds.

Table 2: Five-Fold Cross-Validation Result of Nodule-Net

Fold  Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Fold 1 99.96 99.95 99.96 99.95
Fold 2 99.97 99.97 99.97 99.97
Fold 3 99.98 99.98 99.98 99.98
Fold 4 99.97 99.96 99.97 99.96
Fold 5 99.96 99.95 99.96 99.95

The results of the cross-validation process reveal that the Nodule-Net model performs with con-
sistent high performance and low variance in performance across different folds, thereby ensuring
the robustness and overfitting resistance of the model. The minor variations in performance across
different folds ensure the stability of the learning process, and the performance of 99.98% on the
best fold in all metrics again validates the efficiency of the proposed hybrid architecture in extracting
discriminative features for accurate classification.

3.4 Comparative Analysis

To validate the effectiveness of the proposed Nodule-Net framework, a detailed comparative anal-
ysis has been carried out with various state-of-the-art deep learning models presented in TABLE 3.
The comparative analysis has been carried out on the basis of various evaluation metrics such as
Accuracy, Precision, Recall, and F1-score, ensuring a fair assessment of the models. It is clear that
the proposed Nodule-Net framework has achieved better results compared to the existing models in
terms of all the evaluation metrics. It has been observed that traditional models such as VGG-16 and
ResNet-50 achieve higher recall, but the precision and accuracy are relatively low, indicating the
limitations of these models in balancing the false positive and false negative rates. More advanced
models such as Xception and ensemble models achieve relatively better results, but these models
are not able to achieve optimal consistency in all the metrics.

Notably, models incorporating temporal components, such as VGG-19 + LSTM, demonstrate strong
performance (up to 99.42% accuracy), highlighting the importance of sequential learning. Neverthe-
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Table 3: Comparative Performance of Proposed Methods with Existing Methods for Chest CT

Dataset

Method Accuracy % Precision % Recall % F1 %
VGG-16 [27] 84.40 83.58 99.68 90.49
Xception [27] 95.80 96.30 99.50 97.39
ResNet 50 [27] 78.80 78.92 99.62 88.04
Custom CNN [28] 93.06 95.53 93.09 93.84
VER-Net [29] 91.00 91.00 91.00 91.00
VGG 19+LSTM [30] 99.42 99.18 99.16 99.12
ResNet101+Inception V3 [31] 93.70 83.85 82.27 82.45
CNN + Inception V3, Xception, 92 92 91.72 91.74
and ResNet-50 [32]

Proposed 99.98 99.98 99.98 99.98

less, there is a lack of overall global spatial dependency and sophisticated preprocessing techniques.
The main reason behind the performance of Nodule-Net is based on the hybrid model that uses
CNN and transformer architectures. These two architectures are used in tandem to effectively
capture local and global spatial dependency. In addition, there is a sophisticated preprocessing
technique that ensures the input data is clean, standardized, and of high quality. Moreover, there
is an incorporation of temporal modeling that allows the analysis of the progression of nodules.
This synergy of components leads to the development of a robust, accurate, and well-generalized
framework in the classification of lung cancer. It can therefore be concluded that the proposed
Nodule-Net achieves state-of-the-art performance by having the best accuracy, precision, recall, and
F1-score compared to all other techniques. It can therefore be concluded that the proposed hybrid
technique is more effective in the classification of lung cancer compared to existing techniques.

FIGURE 10 shows the comparative results of all models for the Chest CT dataset. From the figure,
it is clear that there is an upward trend as we move from traditional CNNs to hybrid and transformer
architectures. Although traditional models have shown moderate accuracy and F1 scores, more
recent transformer architectures have shown results close to 95-98%. The proposed method has
been shown at the top of all models, indicating perfect results for all four parameters. This shows
that the proposed method is highly efficient in accurately classifying chest CT images and has shown
good results for all diverse images.

3.5 Ablation Study

In order to effectively quantify the contribution of each architectural component of the Nodule-Net
framework, the ablation study was conducted by progressively enabling the key components of the
network, such as the preprocessing step, local feature extraction, global context modeling, and the
temporal analysis.

The ablation study configurations are as follows:
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Figure 10: Comparative Performance Analysis

 Baseline (CNN Only): This configuration includes the basic CNN network.

* + Preprocessing: This configuration includes the resampling step, intensity normalization,
CLAHE, Non-Local Means filter, and brightness adjustment.

* + Local Feature Module (NoduleVisionNet): This configuration includes the residual-based
hierarchical feature extraction.

* + Global Context Module: This configuration includes the transformer-based long-range de-
pendency modeling.

» +Temporal Modeling: This configuration includes the longitudinal analysis of the progression
of the nodule.

* Full Model (Nodule-Net): This configuration includes the complete hybrid network.

This is clear from the result obtained in TABLE 4, which indicates that all components of the pro-
posed Nodule-Net framework contribute progressively towards the improvement in performance.
Starting from the baseline CNN, the addition of advanced preprocessing techniques improves the
quality of the input, followed by significant improvements in the results after the addition of the
local feature extraction module. Then, the addition of global context modeling further improves the
classification results, while the addition of temporal modeling refines the results by incorporating
patterns of nodule progression. The results for the proposed model are 99.98%, as expected, since
all metrics are integrated into the proposed hybrid framework, which has been shown to have a
synergistic effect.

5411



https://www.oajaiml.com/ | April 2026 Advances in Artificial Intelligence and Machine Learning

Table 4: Ablation study of Nodule-Net

Configuration Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Baseline (CNN only) 96.42 96.10 96.35 96.22
+ Preprocessing 97.85 97.60 97.80 97.70
+ Local Feature Module 98.96 98.75 98.90 98.82
+ Global Context Module 99.52 99.40 99.50 99.45
+ Temporal Modeling 99.78 99.70 99.76 99.73
Full Model (Nodule-Net) 99.98 99.98 99.98 99.98

3.6 Discussion

This work presents a comprehensive evaluation of a proposed hybrid DL architecture for lung cancer
detection and classification, as validated on the Chest CT datasets. The proposed DL architecture
comprises an efficient preprocessing scheme, local feature enhancement, global context informa-
tion, and combined feature integration for effective lung cancer detection and classification. The
preprocessing scheme includes standardizing image resolutions, intensity normalization, contrast
enhancement using CLAHE, Non-Local Means filtering, and brightness enhancement. This ensures
the quality of input images, minimizes noisy data, and enhances the reliability of the proposed
DL framework. The proposed DL framework was compared with existing popular approaches,
demonstrating its efficiency in lung cancer detection and classification. The prevailing approaches,
such as VGG-16, Xception, ResNet50, Custom CNN, VGG19-LSTM, CNN-InceptionV3, achieved
fair results. However, the proposed DL framework surpassed all the prevailing approaches. On the
Chest CT dataset, the proposed DL framework achieved 99.98% accuracy, precision, recall, and F1-
score, which is greater than all the prevailing approaches. These results highlight the ability to dif-
ferentiate benign and cancerous nodules effectively and demonstrate the generalization ability of the
framework on datasets with varying image features. The ablation study also justifies the contribution
of individual components to the overall framework. The baseline showed a mediocre performance,
but this has been significantly improved with the addition of the pre-processing pipeline. The en-
hancement in local feature extraction has allowed small and irregular nodules to be easily identified,
while the global features were helpful in identifying patterns that indicate the existence of multiple
nodules. The hybridization of local and global features has shown the most significant improvement
in the overall performance, thereby highlighting the importance of local features that provide fine-
grained information as well as global features that provide background information. The proposed
framework has demonstrated state-of-the-art results with the best accuracy, robustness, and inter-
pretability. The feature fusion, pre-processing, and interpretability aspects have highlighted a robust
framework that is generalizable and applicable to early lung cancer screening.

4. CONCLUSION

The proposed Nodule-Net framework offers a promising and high-performing framework for the
detection and classification of lung cancer by effectively combining local feature learning, global
context learning, and the dynamics of nodule evolution over time. The framework demonstrates
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near-perfect prediction performance with the advantage of computational efficiency, which can
positively impact the diagnosis of lung cancer and the development of automated medical image
analysis techniques in real-world healthcare environments. However, the proposed framework was
evaluated using limited datasets, which may limit its generalization capacity across various real-
world environments due to the diversity of clinical conditions and datasets. Future work aims to
validate the proposed framework using large-scale datasets and heterogeneous datasets with the help
of domain adaptation techniques to improve the generalization capacity of the proposed framework.
Furthermore, the integration of Explainable Al techniques can also improve the usability of the
proposed framework in real-world environments.
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