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Abstract: Lung cancer is one of the most life-threatening diseases worldwide, where early detection
plays a crucial role in improving survival rates. This study proposes an efficient lung cancer
classification and prediction system using Convolutional Neural Network (CNN) deep learning
techniques. The model utilizes CT scan images as input and applies preprocessing steps such as
normalization, noise reduction, and segmentation to enhance image quality. The CNN architecture
automatically extracts deep features through convolutional, pooling, and fully connected layers,
enabling accurate classification of lung nodules into benign and malignant categories. The proposed
approach aims to reduce human error and diagnostic time while improving prediction accuracy.
Experimental results demonstrate that the CNN-based model achieves high performance in terms of
accuracy, precision, recall, and F1-score, making it a reliable tool for computer-aided diagnosis in
medical imaging systems.
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I. INTRODUCTION

Lung cancer is one of the most prevalent and life-threatening diseases worldwide, responsible for a
significant number of cancer-related deaths each year. It occurs due to the uncontrolled growth of
abnormal cells in the lung tissues, which can spread to other parts of the body if not detected early[1].
The high mortality rate associated with lung cancer is mainly due to late diagnosis, as symptoms often
appear only in advanced stages. Therefore, increasing awareness and improving early detection
strategies are essential for reducing the global burden of this disease[2].

The causes of lung cancer are closely associated with lifestyle and environmental factors. Smoking
remains the primary risk factor, contributing to the majority of lung cancer cases[3]. In addition,
exposure to air pollution, occupational hazards such as asbestos, and genetic predisposition also play
important roles in the development of the disease. The combination of these factors makes lung cancer
a complex and multifactorial condition, requiring comprehensive approaches for its identification and
management[4].

Lung cancer is broadly classified into two major types: non-small cell lung cancer (NSCLC) and small
cell lung cancer (SCLC). NSCLC is the most common form, accounting for a large percentage of
cases, while SCLC is more aggressive and spreads rapidly[5]. Each type has different characteristics,
growth patterns, and treatment responses. Proper classification of lung cancer is therefore crucial for
determining the stage of the disease and selecting the most effective treatment plan for patients[6].

Early detection of lung cancer significantly improves the chances of survival and successful treatment.
When identified at an initial stage, treatment options such as surgery, radiation therapy, and targeted
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therapies can be more effective[7]. However, in many cases, lung cancer is diagnosed at a later stage,
where treatment becomes more challenging and survival rates decline. This highlights the importance
of reliable screening and diagnostic systems that can assist in identifying the disease at an early
stage[8].

Medical imaging plays a vital role in the detection and monitoring of lung cancer. Techniques such as
chest X-rays and computed tomography (CT) scans are commonly used to identify abnormalities in
lung tissues[9]. Among these, CT scans provide detailed cross-sectional images, making them highly
effective in detecting small nodules that may indicate early-stage cancer. However, interpreting these
images requires expertise and careful analysis, which can sometimes lead to inconsistencies in
diagnosis[10].

Another important aspect of lung cancer management is accurate classification and prediction of the
disease. Classification helps in distinguishing between cancerous and non-cancerous nodules, while
prediction focuses on assessing the likelihood of disease progression[11]. These processes are essential
for guiding clinical decisions, planning treatment strategies, and monitoring patient outcomes. Reliable
classification and prediction systems can greatly assist healthcare professionals in making informed
decisions[12].

1
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Figure 1: Lung condition

The growing complexity and volume of medical data have increased the need for advanced tools to
support diagnosis and analysis. Traditional methods often struggle to handle large datasets efficiently
and may not capture subtle patterns in medical images[13]. This has led to a shift toward more
intelligent and automated approaches that can enhance diagnostic accuracy and consistency. Such
approaches aim to reduce dependency on manual interpretation and improve overall efficiency in
healthcare systems[14].

Lung cancer remains a major global health challenge that requires effective strategies for early
detection, accurate classification, and reliable prediction[15]. Improving these aspects can lead to
better patient outcomes and reduced mortality rates. As healthcare continues to evolve, the integration
of advanced technologies and data-driven approaches is expected to play a key role in transforming the
way lung cancer is diagnosed and managed[16].

Il. BACKGROUND

Lung cancer classification and prediction have gained significant attention in recent years due to the
urgent need for early diagnosis and improved patient outcomes. Various studies have explored the
application of machine learning and deep learning techniques to enhance diagnostic accuracy. For
example, P. S et al. [1] proposed a machine learning-based approach for lung cancer prediction,
emphasizing the role of automated systems in reducing human error and improving clinical decision-
making. Similarly, Mohamed and Ezugwu [2] highlighted the effectiveness of integrating deep
learning with multi-omics data, demonstrating improved classification performance through the
combination of imaging and biological datasets.
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Advanced deep learning models have been widely adopted for analyzing medical imaging data. Al-
Tamimi et al. [3] introduced 3D Convolutional Neural Networks (CNNs) for early lung cancer
detection using volumetric CT data, which improved spatial feature extraction. Kim et al. [4] proposed
a dual-path deep learning framework using graph convolutional networks (GCN), enabling better
representation of complex relationships within the data. In addition, Liu et al. [5] developed a multi-
task learning model that performs both segmentation and classification of lung nodules, improving
efficiency and prediction accuracy.

Several foundational works have focused on enhancing classification performance using CNN-based
techniques. Shen et al. [7] proposed multi-crop CNN architectures to improve malignancy
classification by analyzing multiple regions within CT images. The LUNAL16 challenge introduced by
Setio et al. [8] provided a benchmark for evaluating automated pulmonary nodule detection systems,
encouraging further advancements in the field. Hua et al. [9] demonstrated the effectiveness of deep
learning in computer-aided classification of lung nodules, laying the groundwork for modern Al-based
diagnostic systems.

Other innovative approaches have also contributed to lung cancer prediction. Hussein et al. [10]
presented a 3D CNN-based multi-task learning model for risk stratification of lung nodules, which
helps in determining cancer severity. Ypsilantis and Montana [6] explored deep reinforcement learning
techniques to optimize lung cancer screening processes, highlighting the potential of intelligent
systems in improving healthcare outcomes.

In addition to imaging-based approaches, researchers have also investigated genetic and molecular
data for lung cancer prediction. Yuan et al. [13] analyzed gene expression profiles using machine
learning algorithms to classify lung cancer subtypes. Huang et al. [14] studied gene regulation
mechanisms involved in cancer progression, while Bodor et al. [15] explored biomarkers for
immunotherapy in non-small cell lung cancer. Ginn et al. [16] focused on the role of long non-coding
RNAs, and Cai et al. [17] developed platforms for integrating clinical and genomic data for research
and analysis.

Recent review studies have emphasized the growing importance of machine learning techniques in
cancer classification. Osama et al. [18] and Alharbi and Vakanski [19] provided comprehensive
reviews of algorithms used for cancer prediction based on gene expression data, discussing their
advantages and limitations. Additionally, Xue et al. [20] highlighted emerging immunotherapeutic
targets using single-cell RNA sequencing, which supports the development of more precise and
personalized prediction models.

I11. PROPOSED METHODOLOGY

Proposed work can be understand using followings flow chart-
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Figure 2: Flow Chart
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Step 1: Dataset Acquisition

The methodology begins with the collection of lung CT scan images, where each image is labeled as
either benign or malignant. These labeled images act as the foundation for supervised learning and
enable the model to learn the distinguishing patterns between cancerous and non-cancerous nodules.

Step 2: Data Preprocessing

Before feeding the images into the model, preprocessing is performed to enhance data quality. The
lung region is extracted using segmentation so that only relevant areas are analyzed. Normalization is
applied to scale pixel intensity values into a standard range, which improves model stability. Noise
reduction techniques help in removing distortions, while image augmentation increases dataset
diversity and improves generalization.

Step 3: Input to CNN Model

The preprocessed images are resized into a fixed dimension and provided as input to the CNN model.
This ensures uniformity in data representation and allows efficient processing through neural network
layers.

Step 4: Feature Extraction using CNN

The CNN automatically extracts important features from the images through convolutional operations.
In this process, filters are applied over the input image to generate feature maps, which can be
mathematically represented as:

F(i,j) = ZE[(i—m,j—n)-K(m,n)

m
where [Iis the input image and Kis the kernel. The extracted features are passed through the RelLU
activation function to introduce non-linearity, defined as:

f(x) = max(0, x)
Pooling layers then reduce the spatial dimensions, helping to lower computational complexity and
prevent overfitting.

Step 5: Flattening and Fully Connected Layers

After feature extraction, the multi-dimensional feature maps are converted into a one-dimensional
vector through flattening. This vector is then passed through fully connected layers, where high-level
feature relationships are learned and the model prepares for final classification.

Step 6: Classification

In this step, the model classifies the input image into benign or malignant. The output of the fully
connected layer is transformed into a probability value using a sigmoid activation function:

R 1

Y= 14+e2
If the predicted probability is greater than a predefined threshold (typically 0.5), the image is classified
as malignant; otherwise, it is classified as benign. This step enables the system to make accurate
diagnostic decisions based on learned features.

Step 7: Prediction

The trained model is then used to predict the class of new, unseen CT scan images. This ensures that
the system can generalize well and assist in real-time diagnostic applications.
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Step 8: Performance Evaluation

Finally, the performance of the model is evaluated using standard metrics such as accuracy, precision,
recall, and F1-score. These metrics help in assessing the effectiveness and reliability of the proposed
system in lung cancer classification and prediction.

Novelty of the Proposed Work

The novelty of the proposed work lies in the structured end-to-end CNN-based pipeline that
systematically transforms raw CT scan images into accurate lung cancer predictions through a well-
defined sequence of preprocessing, feature extraction, classification, and performance evaluation
stages. Unlike conventional approaches, this model emphasizes a balanced integration of data
refinement and deep learning, ensuring that only relevant and enhanced image features are utilized for
classification into benign and malignant categories, thereby improving diagnostic reliability.

Key Novel Contributions:

. Sequential Preprocessing Framework: Combines lung segmentation, normalization, noise
reduction, and image augmentation in a unified flow to enhance input data quality before model
training.

. Task-Specific CNN Design: Utilizes convolution, ReLU activation, pooling, and fully
connected layers in a structured manner tailored for medical image-based cancer detection.

. Binary Classification Optimization: Focuses specifically on accurate differentiation between
benign and malignant cases, reducing misclassification in critical diagnosis scenarios.

. Comprehensive Performance Evaluation: Incorporates multiple evaluation metrics
(accuracy, precision, recall, Fl-score) to ensure reliable and clinically meaningful prediction
outcomes.

IV. SIMULATION AND RESULTS

The simulation work is performed using the python spyder IDE 3.7 software.

cancer (38).jpg cancer (39).jpg cancer (48).jpg cancer (31).jpg

Figure 3: Dataset
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The dataset consists of lung CT scan images collected from publicly available medical repositories.
Each image is labeled into two classes: benign and malignant, enabling supervised learning. The
dataset contains variations in nodule size, shape, and intensity, which helps improve model robustness.
Proper annotation and diversity in the dataset ensure effective training and accurate lung cancer
classification.
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Figure 4: Input Image
The dataset of the inputs images in the python environment are displayed in figure 4. The images are

combination of the cancer and the normal images.

Figure 5: Image processing

Figure is 5 is showing input image processing, the original image is converted into the binary then
binary inversion. Image processing is applied to enhance the quality and consistency of CT scan
images before model training. It includes operations such as lung segmentation to isolate the region of
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interest and normalization to standardize pixel values. Noise reduction techniques are used to remove
distortions and improve image clarity.
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Figure 6: Input image and prediction
Figure is 6 is showing the selection of the input image and it is predicted accurately. The Cancer image
is predicted through selection of this.
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Figure 7: Categories
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Figure 8: Y test

Figure 8 is presenting testing of the dataset. Here counted total 2 classification, cancer and non-cancer
images. So it is presented by the value 1 and 0. Test data consider 20 to 30% dataset.
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Figure 9: Confusion matrix values
Figure 9 is showing confusion matrix of the prediction model the values is as following-
True Positive = 57, False Negative =0
False Positive = 2, True Negative = 99

Table 1: Result Comparison

Sr. No. | Parameters Previous Work [1] Proposed Work
1 Classification Decision Tree, Linear Convolution  neural
Approach Regression, Navie Bias network
Random Forest
2 F Measure 94% 98.52%
9 Accuracy 93.5% 98.73 %
4 Error Rate 6.5% 1.27 %
Accuracy (%)
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96
95
94
93
92
91
90

Previous Work Proposed Work

Figure 10: Accuracy
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Figure 11: Error rate
Figure 10 and 11 presents the accuracy and error rate of the performance of the proposed prediction
model. It is clear from the graphical representation that proposed work achieve better accuracy and
reduce error rate than previous work.

V. CONCLUSION

The study focuses on lung cancer classification and prediction to support early diagnosis and reduce
mortality rates. It highlights the importance of intelligent systems in improving the accuracy and
efficiency of medical image analysis. The proposed work utilizes a deep learning-based CNN model to
automatically learn features from CT scan images. Preprocessing techniques such as segmentation,
normalization, and augmentation are applied to enhance data quality. The model performs
classification by distinguishing between benign and malignant cases using learned patterns. The
experimental results demonstrate that the proposed model achieves an accuracy of 98.73% and an F-
measure of 98.52%, which are significantly higher than previous methods. Additionally, the error rate
is reduced to 1.27%, showing improved reliability and precision. These results confirm the superiority
of the CNN approach over traditional machine learning techniques. In future work, the model can be
extended to multi-class classification for detecting different stages of lung cancer. Further
improvements can also include integrating hybrid models and real-time clinical deployment for
enhanced performance.
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