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ABSTRACT: Due in large part to delayed diagnosis and the difficulty of manually interpreting medical pictures, lung
cancer is one of the main causes of cancer-related fatalities globally. Improving patient survival rates requires early and
precise detection. This study uses medical imaging data, such as CT scan images, to provide an image processing and
machine learning-based method for lung cancer identification. Image acquisition, preprocessing, lung region
segmentation, feature extraction, and machine learning algorithm classification are all steps in the suggested method.
To enhance image quality, image preprocessing methods like noise reduction, contrast enhancement, and normalization
are used.To differentiate between malignant and non-cancerous instances, pertinent features are taken from divided
lung areas and categorized using supervised machine learning models. According to experimental data, the suggested
method reduces human interaction and diagnostic time while increasing detection accuracy. The method offers
radiologists a dependable, automated, and effective tool to help diagnose lung cancer early.

I. INTRODUCTION

One of the most prevalent and deadly illnesses in the world, lung cancer causes a sizable portion of cancer-related
deaths every year. Genetic predisposition, smoking, and air pollution are the main causes. Since early identification of
lung cancer significantly improves treatment outcomes and patient survival, it is essential [1]. However, because of the
subtlety of tumor patterns and the complexity of medical pictures, early detection of lung cancer is still a difficult task

[2].

Conventional diagnostic techniques mostly depend on radiologists manually interpreting CT scan pictures, which is a
laborious and prone to error procedure. Experience-based differences in human interpretation can result in inconsistent
diagnoses. Furthermore, healthcare workers' workloads are increased by the growing amount of medical imaging data,
which makes it challenging to guarantee prompt and precise detection [3]. As a result, there is a great demand for
dependable and automated technologies that can help diagnose lung cancer.

Medical image analysis now has more options thanks to recent developments in machine learning and image
processing. Systems for computer-aided diagnosis (CAD) have demonstrated encouraging outcomes in identifying
anomalies in medical pictures with increased precision and effectiveness. To find malignant areas, these algorithms
employ a variety of methods, including segmentation, feature extraction, picture preprocessing, and classification [4].
The performance of current models is still impacted by issues including picture noise, low contrast, and differences in
tumor size and shape [5].

This work suggests an automated lung cancer detection system combining machine learning and image processing
methods to get over these restrictions. To increase image quality, the system uses preprocessing techniques such noise
reduction, contrast enhancement, and normalization. After segmenting the lung region to isolate the area of interest,
features are extracted to find pertinent traits. Images are then categorized into malignant and non-cancerous groups
using a supervised machine learning model.

Additionally, while retaining high accuracy, the suggested method seeks to decrease human interaction and increase
diagnostic speed. The system's dependable performance and ability to help radiologists with early detection are
demonstrated by experimental findings. The technology improves diagnostic effectiveness and helps improve
healthcare outcomes by combining cutting-edge image processing and machine learning algorithms [6].
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II. LITERATURE SURVEY

Using image processing and machine learning approaches, recent developments in medical image analysis have greatly
improved lung cancer detection and diagnosis. Due to their capacity to automatically extract hierarchical characteristics
and recognize intricate patterns linked to lung nodules, Convolutional Neural Networks (CNNs) have been extensively
employed for the analysis of CT scan images [7]. However, these models frequently encounter issues that can impact
classification accuracy, such as noise, low contrast, and image quality variability [8].

Fig. 1 Sample Lung CT Scan Images

Fig. 1 Lung CT Scans Images

Numerous preprocessing methods, including noise reduction, contrast enhancement, and normalization, have been used
to enhance detection performance. Lung nodule visibility and picture quality are improved by techniques such as
Histogram Equalization and Contrast Limited Adaptive Histogram Equalization (CLAHE) [9]. Furthermore, lung
regions and suspicious areas have been precisely isolated for additional examination using segmentation techniques like
thresholding, region expanding, and sophisticated deep learning models like U-Net [10].

In order to differentiate between malignant and non-cancerous tissues, feature extraction is essential. For categorization
based on extracted features, conventional machine learning methods like Support Vector Machines (SVM), K-Nearest
Neighbors (KNN), and Random Forest have been employed. Due to its capacity to carry out automatic feature learning
and classification in an end-to-end fashion, deep learning-based methods have recently become more and more popular

[11].

Despite these developments, obtaining high accuracy and generalization across various datasets continues to be
difficult. Model performance may be affected by variations in tumor location, size, shape, and imaging circumstances.
Therefore, enhancing diagnostic reliability requires the integration of reliable preprocessing, precise segmentation, and
effective classification approaches.

By integrating machine learning and image processing techniques, the suggested approach seeks to overcome these
obstacles by creating an effective and automated framework for lung cancer identification.

A. Abbreviations and Acronyms

CNN stands for Convolutional Neural Network; ML for Machine Learning; DL for Deep Learning; CT for Computed
Tomography; SVM for Support Vector Machine; KNN for K-Nearest Neighbors; RF for Random Forest; U-Net for U-
shaped Convolutional Network for Segmentation; CLAHE for Contrast Limited Adaptive Histogram Equalization; ROI
for Region of Interest; and CAD for Computer-Aided Diagnosis.
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III. DATASETS AND PREPROCESSINGS

This study used a large dataset of lung CT scan pictures to identify lung cancer. The dataset is divided into three
categories: normal lung scans, non-cancerous lung images, and cancerous lung images. The collection had about 25,000
normal lung scans, 15,000 non-cancerous images, and 6,000 malignant CT images. Model performance may be skewed
as a result of the disparity between cancerous and normal cases, especially when it comes to lowering the sensitivity in
identifying cancerous cases [12]. In order to boost dataset diversity and model generalization, a variety of data
augmentation procedures, including rotation, flipping, scaling, cropping, and brightness modifications, were employed,
particularly to malignant photos [13].

Before processing, all CT scan pictures were reduced to 128 x 128 pixels to guarantee consistency and lower
computing complexity [14]. To increase image quality, image preprocessing methods such noise reduction, contrast
enhancement, and normalization were used. Lung nodules were more successfully highlighted and picture contrast was
improved by using Contrast Limited Adaptive Histogram Equalization (CLAHE). Furthermore, filtering techniques
were used to enhance the clarity of significant characteristics in the lung region and eliminate noise [15].

To separate the region of interest (ROI) from the CT scans and eliminate extraneous background data, lung region
segmentation was carried out. This stage aids in concentrating solely on pertinent areas for precise investigation. The
texture, shape, and intensity fluctuations of lung nodules were then captured using feature extraction algorithms.
Additionally, the data were scaled within a standard range using pixel intensity normalization, which enhanced
numerical stability and sped up model convergence during training [16].

In order to guarantee fair representation of all classes, the dataset was finally split into training, validation, and testing
sets using a stratified sampling technique. This method guarantees a trustworthy assessment of the model's performance
and aids in the reduction of overfitting. All things considered, the preprocessing procedures are essential for boosting
image quality and raising the lung cancer detection system's accuracy [17].

IV. METHODOLOGY

The suggested approach combines image processing methods with machine learning algorithms to enable precise and
automated lung cancer detection. Dataset capture, preprocessing, segmentation, feature extraction, classification, and
system deployment are some of the steps in the methodology. The following steps describe the overall methodology:

A. DATASET ACQUISITION

A structured collection of lung CT scan pictures, including images of normal, non-malignant, and cancerous lungs, was
gathered for this investigation. There were about 25,000 normal photos, 15,000 non-cancerous images, and 6,000
malignant images. Bias toward normal images may result from class imbalance, which could lower the accuracy of
cancer case detection [12].

Data augmentation techniques like rotation, scaling, flipping, cropping, and brightness alteration were used to address
this problem, especially for malignant photos. These methods broaden the variety of datasets and aid in the model's
acquisition of generalized patterns [13].

To guarantee consistent input and lower computational cost, all photos were scaled to a set dimension. In order to

standardize the dataset and enhance model convergence during training, pixel intensity normalization was also used
[14].
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Fig. 2 Block Diagram for Data Acquisition

B. IMAGE PREPROCESSING

Preprocessing procedures were performed to all CT scan pictures in order to emphasize key features and improve
image quality. While contrast enhancement techniques like Contrast Limited Adaptive Histogram Equalization
(CLAHE) increased the appearance of lung nodules, noise reduction filters were employed to remove undesired
distortions [15].

To ensure uniformity across all photos, normalization techniques were used to modify pixel intensity levels within a
predetermined range. These preprocessing procedures aid in emphasizing essential structures and enhancing the
precision of later phases.

C. LUNG REGION SEGMENTATION

In order to separate the lung region from the CT scan images and eliminate unnecessary background areas,
segmentation is used. To precisely extract the region of interest (ROI), methods including thresholding, region-based
segmentation, and deep learning-based models like U-Net are employed.
By ensuring that just the lung region is taken into account for analysis, this step lowers noise and enhances

classification performance. In order to detect suspicious nodules and abnormalities, accurate segmentation is essential
[16].

D. FEATURE EXTRACTION

Important characteristics are derived from the lung region following segmentation. These characteristics include
variations in lung nodule size, shape, texture, and intensity. Differentiating between malignant and non-cancerous
tissues is made easier by feature extraction.

To find significant patterns in the data, both conventional approaches and automated feature extraction employing deep
learning techniques are employed [17].

E. CLASSIFICATION

Supervised machine learning methods like Support Vector Machine (SVM), Random Forest, and Convolutional Neural
Networks (CNNs) are then used to classify the retrieved features. These models have been taught to distinguish
between cases that are malignant and those that are not.

CNNs and other deep learning models are particularly good at identifying intricate patterns in medical images and
increasing the precision of classification. The final prediction, which indicates whether lung cancer is present or not, is
produced by the model [18].

F. SYSTEM IMPLEMENTATION

The trained model is put into practice as an automated system that lets users upload CT scan pictures and get
predictions right away. The device helps medical professionals diagnose patients more quickly and with less
manuallabor. This easy-to-use method can help radiologists make better decisions in clinical practice and help spot lung
cancer early [19].
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Segmentation and feature extraction come after dataset acquisition and preparation, as depicted in [Fig. 2]. Machine
learning models are then employed to classify the processed data. Lastly, an automatic mechanism displays the results.

The suggested methodology offers an effective and dependable framework for early lung cancer detection by
combining picture preprocessing, segmentation, feature extraction, and machine learning-based classification.

G. SOFTWARESANDTOOLSUSED

e  Programming Language: Python

e  Machine Learning & Deep Learning Frameworks: TensorFlow, Keras, PyTorch

e Libraries: OpenCV, NumPy, Pandas, Matplotlib, scikit-learn

e Image Processing Methods: Noise Filtering, Histogram Equalization, Contrast Limited Adaptive Histogram
Equalization (CLAHE), Normalization

o Segmentation Techniques: Thresholding, Region-Based Segmentation, U-Net

e  Feature Extraction Techniques: Texture Analysis, Shape Features, Intensity-Based Features

e C(lassification Algorithms: Support Vector Machine (SVM), Random Forest, Convolutional Neural Networks

(CNN)

e  Visualization Tools: Matplotlib, Seaborn

e Development Platforms: Jupyter Notebook, Google Colab

e Deployment Tools: Flask / Streamlit (for web-based application)

V. MODEL PERFORMANCEANDEVALUATION

The efficacy of the suggested lung cancer detection system was assessed using common performance metrics like
accuracy, precision, recall, and Area Under the Curve (AUC), as illustrated in [Fig. 3]. The model successfully
classified both malignant and non-cancerous lung pictures with strong reliability, as evidenced by its high accuracy of
0.97. The precision rating of 0.96 indicates how well the model minimizes false positive predictions, preventing cases
that are not malignant from being mistakenly labeled as such.

The model's recall value of 0.98 indicates how well it detects real cancer cases, which is crucial for medical diagnosis
because failing to detect a cancer case might have dire repercussions. Additionally, the model's robustness and
dependability are demonstrated by the AUC score of 0.97, which shows a significant capacity to differentiate between
malignant and non-cancerous classes across various threshold values [21].

1.00 @ Accuracy
Precision

0.99 0.97 0.98 BN Recall

0.98

0.97

0.96

0.95

0.94

0.93

Accuracy Precision Recall AUC

Fig. 3 Model Performance Metrics

All evaluation metrics are consistently high and near optimal values, as the graphical representation in [Fig. 3]
demonstrates. A well-balanced model that preserves high sensitivity and specificity while lowering misclassification
errors is indicated by the slight difference between precision and recall [22].

Effective preprocessing methods like noise reduction, contrast enhancement, and normalization are combined with

precise lung region segmentation and potent classification models like Convolutional Neural Networks (CNNs) and
Support Vector Machines (SVM) to produce this impressive performance. The efficiency of feature extraction and
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classification is increased by combining thesemethods. Overall, the findings show that the suggested system is a useful
tool for supporting radiologists in real-time clinical applications since it offers a dependable, accurate, and effective

solution for early lung cancer detection [23].

VI. RESULTS AND DISCUSSIONS

The suggested lung cancer detection system has very dependable classification performance, as seen in Fig. 4 (Results
Summary Table). The model's overall accuracy of 0.97 shows how well it can differentiate between lung images that
are malignant and those that are not. With a precision of 0.96, recall of 0.98, and Fl-score of 0.97, the cancer
(malignant) class performs well, demonstrating the model's capacity to accurately identify cancer instances with few
false positives and false negatives.

With a recall of 0.95, the non-cancerous (benign) class likewise does well, guaranteeing that the majority of normal
cases are accurately diagnosed. However, because certain benign and malignant patterns in CT images are similar, the
precision is somewhat lower (0.94). The model's performance is further validated by the confusion matrix shown in
Fig. 5, which displays a high number of correct classifications and relatively few misclassifications [21], [22].

Class Accuracy  Precision  Recall  Fl-score
Cancer
(Malignant) 0.97 0.96 0.98 0.97
e e < | o 0.95 0.95
(Benign)
Overall 0.97 0.97 0.97 0.97

Fig. 4 Results Summary Table

Predicted Class
Cancer Non-Cancer

& | Cancer 489 1
o
3
£ | Non-
9]
< | Cancer 4 36

TP - True Positives FN - False Negatives FP - False
Positives
TN - True Negatives

Fig. 5 Confusion Matrix - Lung Cancer Detection

The training performance curves displayed in Fig. 6 offer further information about the model's learning behavior. Over
training epochs, the accuracy curve steadily rises, demonstrating the model's ongoing learning and development.
Concurrently, the loss curve continuously declines, indicating successful training convergence. The precision and recall
curves don't change, indicating that the model stays consistent and doesn't overfit.
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Fig. 6 Training History Analysis - Lung Cancer Detection

These outcomes are attained by combining precise lung region segmentation, sophisticated classification models like
Convolutional Neural Networks (CNNs) and Support Vector Machines (SVM), and efficient preprocessing methods
like noise reduction, contrast enhancement using CLAHE, and normalization. These methods improve classification
performance and feature extraction.

All things considered, the suggested approach exhibits a significant capacity for generalization and offers a dependable,
effective, and precise instrument for the early identification of lung cancer. It can assist radiologists in real-time
diagnostic applications and clinical decision-making [23]-[26].

VII. CONCLUSIONANDFUTUREWORK

The suggested method successfully illustrates how image processing and machine learning techniques may be used to
detect lung cancer. To get precise and trustworthy results, the system combines preprocessing, segmentation, feature
extraction, and classification. The model's ability to distinguish between lung images that are malignant and those that
are not is confirmed by the high values of accuracy, precision, recall, and F1-score. The automated technology is very
helpful in real-time clinical applications since it minimizes human effort and offers quicker, non-invasive diagnostics.

Additionally, the system's deployment as an intuitive platform facilitates simple communication and aids radiologists in
making decisions. The system's overall performance and durability are improved by combining strong classification
models like CNN and SVM with sophisticated preprocessing techniques like noise reduction and contrast enhancement.

Larger and more varied datasets can be added to the system in subsequent work to increase generalization. Accuracy
can be further increased by combining hybrid architectures with sophisticated deep learning models. Explainable Al
methods can also improve model transparency and confidence in medical applications. For greater accessibility and
real-time use in healthcare settings, the system can be expanded to identify other lung conditions and implemented as a
mobile or cloud-based application.
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