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ABSTRACT
Lung cancer is a potentially fatal malignancy that is challenging to identify. Because it typically results in death for both men and
women, it is especially important that nodules be properly and promptly examined. As a result, a number of methods have been
used to identify lung cancer early on. In this approach, many machine learning-based methods for lung cancer diagnosis have been
compared. Too many techniques for diagnosing lung cancer have been developed recently, the majority of which rely on CT scan
pictures. Additionally, lung cancer nodules are identified using image recognition by combining threshold segmentation algorithms
with several classifier techniques. According to this study, CT scan pictures are better suited for reliable outcomes. As a result, CT
scan images are primarily utilized to identify malignancy. Additionally, compared to other segmentation methods, marker-
controlled threshold segmentation yields more accurate results. Furthermore, the outcomes derived from deep learning approaches
were more accurate than those derived from standard machine learning techniques. The accuracy, precision, recall, and F-score of

the deep learning algorithm are used to forecast the outcome.
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INTRODUCTION

Lung cancer, which affects both men and women, is one of the
main causes of cancer-related fatalities globally and is brought
on by the unchecked proliferation of aberrant cells in the lungs.
Smoking, passive smoking, and prolonged exposure to
environmental carcinogens found in food, drink, and the air are
the main causes of its development. The two main forms of lung
cancer are small cell lung cancer (SCLC), which is extremely
aggressive, spreads quickly, and is closely linked to cigarette
smoking, and non-small cell lung cancer (NSCLC), It grows
rather slowly and is the most common kind. Early indicators of
lung cancer include a persistent cough, wheezing, shortness of
breath, shoulder or chest pain, blood in the cough, fatigue,
unexplained weight loss, and appetite loss. The patient's general
health, the type of cancer, and the stage of spread all affect the
diagnosis and prognosis. Despite the availability of therapies
including radiotherapy, chemotherapy, and surgery, survival
rates are still low since many cases are diagnosed too late. Thus,
improving patient outcomes depends on early identification.

The novel method employed, by examining symptoms, risk
factors, and extensive medical databases, new developments in
health informatics, data mining, and machine learning have
made it possible to detect and diagnose lung cancer early. This
has improved treatment efficacy and helped physicians make
more informed decisions.

RELATED WORK

Armato et al. introduced the Lung Image Database Consortium
and Image Database Resource Initiative (LIDC—IDRI), which
has become one of the most widely used benchmark datasets
for lung nodule analysis in CT images [1]. The availability of
this large, publicly accessible, and well-annotated dataset
significantly accelerated the development and evaluation of
computer-aided diagnosis (CAD) systems for lung cancer
detection.

Setio et al. organized the LUNA16 challenge to standardize the
evaluation of pulmonary nodule detection algorithms using CT
images [2]. Their study demonstrated that combining multiple
detection strategies can improve sensitivity, although it often
results in an increased number of false positives. Van Ginneken
et al. further conducted a comparative analysis of CAD
algorithms and showed that ensemble-based approaches
outperform individual models in pulmonary nodule detection
tasks [3].

Kuruvilla and Gunavathi employed neural network-based
classifiers using handcrafted features extracted from CT images
and demonstrated improved lung cancer classification
performance compared to conventional classifiers [4].
Similarly, Shen et al. applied machine learning-based
classification techniques for lung nodule analysis and reported
promising results using CT image features [5]. However, these
approaches required extensive manual feature engineering and
classifier tuning.

Suzuki provided an overview of deep learning applications in
medical imaging and emphasized the superior feature learning
capability of convolutional neural networks (CNNs) for
classification tasks [6]. Litjens et al. and Greenspan et al.
presented comprehensive surveys confirming that deep learning
techniques consistently outperform traditional machine
learning approaches in medical image analysis, including lung
cancer detection [7], [8].

Karnowski et al. further explored CNN-based models for lung
nodule detection and classification, demonstrating their
effectiveness in reducing false positives in CAD systems [9].
The theoretical foundation of these deep learning models is
supported by Goodfellow, Bengio, and Courville, who
explained the hierarchical feature learning capability of deep
neural networks [10].
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Otsu proposed a global thresholding method that has been
extensively used in traditional lung cancer CAD systems for
lung region extraction and nodule segmentation due to its
simplicity and computational efficiency[11].

Haralick et al. introduced texture —based descriptors that were
widely applied to characterize lung nodules using statistical
texture features, contributing significantly to early feature-
based lung cancer analysis methods [12].

Overall, the reviewed literature highlights a clear transition
from traditional image processing and handcrafted feature-
based methods to deep learning-driven frameworks, motivating
the development of more accurate and robust lung cancer
diagnostic systems.

PROPOSED WORK

Lung cancer databases are available in real time from the
renowned CT scan centre. The suggested method uses CT scan
images to construct an automated framework for the diagnosis
and classification of lung cancer.
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Figure 1. Proposed Data Analysis Model

To increase visual quality and consistency, the input photos are
first preprocessed to reduce noise, improve contrast, and
normalize intensity levels. A marker-controlled thresholding
technique is used to segment lung regions and potential
nodules, allowing nodules to be precisely separated from
surrounding anatomical structures.

The segmented regions are then used to extract discriminative
texture, shape, and intensity-based features, which are then fed
into traditional machine learning classifiers like Random

Forest, k-Nearest Neighbor (k-NN), and Support Vector
Machine (SVM). In parallel, end-to-end feature learning and
classification from image patches are carried out using a
Convolutional Neural Network (CNN). The system generates
predictions that are either benign or malignant, and the efficacy
of both traditional and deep learning approaches is evaluated by
a comparative performance analysis utilizing common
evaluation measures.

METHODOLOGY

The performance of the new machine learning approach is used
to improve the result. The real-time data sets are analyzed and
compared with the validation data in order to present the
performance results. The research methods employed in this

work are listed below.
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Figure 2. Lung Cancer Detection and Classification Model

A. Dataset Description: The suggested method analyzes lung
cancer using images from a chest computed tomography (CT)
scan. Annotated CT scans with benign and malignant lung
nodules make up the dataset. Only scans with satisfactory
resolution and unambiguous diagnostic data are taken into
account. To guarantee objective performance evaluation, the
dataset is split into subsets for testing, validation, and training.
Medical professionals pre-label the CT scans to guarantee
accurate ground truth annotations.

Accurate feature extraction is supported by the metadata that
each scan contains, such as slice thickness, pixel spacing, and
patient orientation. To enhance model generalization, the
dataset includes nodules of different sizes, shapes, and
locations. Every effort is made to maintain an equal percentage
of benign and malignant samples in order to lessen class
imbalance. To improve resilience and avoid overfitting, data
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augmentation techniques, including rotation, flipping, and
scaling, are applied to the training set. To adhere to medical
data privacy and ethical requirements, all patient-identifiable
information is eliminated.

B. Image Preprocessing:Preprocessing is used to standardize

the input data and enhance image quality. CT scans are
transformed into grayscale format and shrunk to a fixed
resolution. Filtering techniques are used to reduce noise, and
Hounsfield Unit (HU) values are restricted to the lung window
range for intensity normalization.These procedures decrease
background artefacts while enhancing pertinent lung
architecture.To separate the pulmonary region from
surrounding tissues like bones and soft organs, lung region
segmentation is used. Nodules with minimal intensity variation
are made more visible by using contrast enhancement
techniques. All scans have a uniform intensity distribution
thanks to histogram normalization. Empty slices and non-lung
regions are eliminated to lower computing complexity. In order
to guarantee compatibility with further phases of feature
extraction and classification, all preprocessed images are
finally standardized and saved in a consistent manner.

C. Segmentation of Lungs and Nodules: To separate the area
of interest from the chest CT scans, lung region segmentation
is performed. To precisely extract lung fields and possible
nodules, a marker-controlled threshold segmentation technique
is used. To improve segmentation findings and eliminate tiny
undesirable areas, morphological processes are used.

To improve segmentation findings and eliminate tiny
undesirable areas, morphological processes are used. This stage
lowers computational complexity and false positives.Different
lung areas are identified and labelled using connected
component analysis. To create continuous and distinct lung
outlines, boundary smoothing techniques are used.
Additionally, non-pulmonary features like blood arteries and
ribs are suppressed using the segmented lung mask. Size, shape,
and intensity limitations are used to identify candidate locations
for nodule extraction. In order to ensure that only clinically
relevant regions are examined, these segmented nodules are
subsequently sent to the feature extraction step.

D. Feature Extraction: Following segmentation, pertinent
characteristics are taken out of the identified lung nodules.
These include textural features obtained from the Gray Level
Co-occurrence Matrix (GLCM), intensity-based features (mean
and variance), and shape-based features (area and perimeter).
These characteristics offer information that can be used to
distinguish between benign and malignant nodules.Nodule
irregularity is captured by computing advanced form
descriptors, including eccentricity, compactness, and
roundness.

Following segmentation, pertinent characteristics are taken out
of the identified lung nodules. These include textural features
obtained from the Gray Level Co-occurrence Matrix (GLCM),
intensity-based features (mean and variance), and shape-based
features (area and perimeter). These characteristics offer
information that can be used to distinguish between benign and
malignant nodules.Nodule irregularity is captured by

computing advanced form descriptors including eccentricity,
compactness, and roundness.

E. Classification: Machine learning classifiers for the
detection of lung cancer are trained using the retrieved features.
For classification, algorithms like Random Forest, Support
Vector Machine (SVM), and Convolutional Neural Networks
(CNN) are used. Using patterns it has learnt from the training
data, the classifier determines whether the identified nodule is
benign or cancerous.

The validation dataset is used for hyperparameter tuning in
order to enhance classification performance. To guarantee
robustness and avoid overfitting, cross-validation techniques
are used. Segmented nodules are supplied as input patches for
CNN-based models, enabling automatic feature learning in
addition to classification. To increase accuracy, predictions
from several classifiers can be combined using ensemble
learning techniques. To ensure trustworthy clinical decision
assistance, the final model performance is assessed using
measures including accuracy, sensitivity, specificity, precision,
and F1-score.

F. Model Training and Validation: The training dataset is
used to train the model, and the validation set is used to adjust
the hyperparameters. Class imbalance is addressed by methods
like class weighting and data augmentation. To avoid
overfitting and guarantee generalization, performance is
tracked.Optimization techniques like Adam optimizer or
stochastic gradient descent are used to minimize the loss
function during training. When validation performance stops
improving, early stopping criteria are used to end training.
Model complexity is decreased via regularization techniques
like dropout and L2 regularization. To increase convergence
stability, learning rate scheduling is used. The best-performing
model is chosen for final testing after the trained model is
routinely assessed on the validation set.

G. Performance Evaluation: Standard performance criteria,
including accuracy, sensitivity, specificity, precision, recall,
F1-score, and Receiver Operating Characteristic (ROC) curve
analysis, are used to assess the suggested system on the test
dataset. These metrics offer a thorough evaluation of the
diagnostic capabilities of the system.The total efficacy of
categorization is measured using the Area Under the ROC
Curve (AUC). True positive, true negative, false positive, and
false negative examples are all thoroughly examined using a
confusion matrix. To evaluate the consistency and
dependability of the results across various test samples,
statistical analysis is carried out. To demonstrate the efficacy of
the suggested strategy, a comparative analysis with current
techniques is carried out. To guarantee consistency and clarity,
all assessment findings are presented using IEEE-standard
tables and graphs.

RESULT IMPLEMENTATION

Standard quantitative indicators were used to assess the
suggested lung cancer detection system's performance.
According to the experimental findings, the model was able to
reliably distinguish between benign and malignant lung nodules
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with a high classification accuracy of 96.2%. The system's
ability to accurately detect malignant cases, which is crucial for
early diagnosis, is demonstrated by its sensitivity of 97.8%.
Furthermore, a lower false-positive rate is confirmed by a
specificity of 94.6%.

The suggested method's robustness and consistency are further

confirmed by the precision, recall, and F1-score values. Strong
discriminative ability was demonstrated by the Receiver
Operating Characteristic (ROC) analysis, which produced an
Area Under the Curve (AUC) of 0.98. Table 2 provides a
summary of the comprehensive numerical results.

The number of features in each data collection including
features from the real-time brain tumor dataset. The fitted value
between 0 and 1 that represents the forecast value is also
referred to as the predicted value, 0, 1, or near 1. This prediction
was used to determine the value's correctness.

Table 1.The Performance of Evaluation Results

Metric Value
Sensitivity (%) 97.8
Specificity (%) 94.6
Precision (%) 95.9

Recall (%) 97.8
F1-Score (%) 96.8
AUC (ROC) 0.98

Lastly, the overall efficacy of the machine learning-based
techniques, Support Vector Machine (SVM), k-Nearest
Neighbor (k-NN), and Random Forest. Table 2 illustrates how
a Convolutional Neural Network (CNN) is used in parallel to
perform end-to-end feature learning and classification from

image patches.
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Figure 3. Performance of Evaluation Results
The bar chat performance evaluation findings are displayed in
Figure 8. 96.2% accuracy, 97.8% sensitivity, 94.6% specificity,
95.9% precision, 97.8% recall, and 96.8% F1-score. The
datasets show how classification performance outcomes are
compared to previous state-of-the-art diagnoses using
suggested methods [5], [6], [7], and [10].
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CONCLUSION

This new approach examined the identification of lung cancer
from chest CT scans using image preprocessing(segmentation,
feature extraction, and classification approaches)/The findings
of the trial showed that lung nodules could be effectively
identified, with good sensitivity and specificity values and high
accuracy.The obtained results show that the suggested
methodology can facilitate lung cancer analysis and perform
well in differentiating between benign and malignant lung
nodules. Future research could concentrate on enhancing
feature representation, investigating cutting-edge learning
strategies, and verifying the methodology on larger datasets.
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