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Abstract: The necessity of automatically identifying anomalies in CT scans is highlighted by the rising 

incidence of lung ailments brought on by poor air quality. Through the analysis of large datasets, machine 

learning is essential for the effective detection of diseases like lung cancer through lung nodule assessment. 
Usually, there are three steps in the diagnostic process: pre-processing the images, using deep learning 

(DL) models, and deploying convolutional neural networks (CNNs). While DL algorithms extract 

essential information for precise classification, pre-processing improves the clarity of CT images. CNNs 
are especially good at seeing intricate patterns that enable accurate differentiation between tissues that are 

healthy and those that are not. The accuracy and efficiency of lung disease diagnostics are greatly 

increased by this integrated approach, which promotes quicker detection, better treatment planning, and 
better patient outcomes. 
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INTRODUCTION 
Lung cancer is among the most deadly and pervasive 

malignancies in the world. It is characterized by 

uncontrolled cell growth in lung tissues. This malignant 

process interferes with normal cellular functions, 

creating tumors that compromise the respiratory system 

and neighboring organs. The disease primarily occurs in 

two forms: non-small cell lung cancer (NSCLC) and 

small cell lung cancer (SCLC). Timely identification is 

crucial for successful treatment; however, the disease 

often progresses silently in its initial phases, resulting in 

delayed diagnosis. Symptoms such as chronic cough, 

pain in the chest, alterations in voice, and breathing 

difficulties typically emerge in advanced stages. 

 

According to the American Cancer Society, in the United 

States, lung cancer was the second most common kind of 

cancer as of 2022, with projections of 236,740 new cases 

and 130,180 fatalities. Tobacco use is the primary risk 

factor, followed by exposure to radon gas, asbestos, 

diesel fumes, air pollutants, and certain toxic metals 

including arsenic and chromium [21]. Moreover, 

occupational risks in sectors such as construction, rubber 

manufacturing, and painting increase susceptibility [22]. 

Genetic factors and medical history, including 

tuberculosis, also contribute to increased vulnerability. 

 

Given the complexity of lung cancer diagnosis and the 

challenges of early detection, advanced technology 

techniques are essential. This study suggests using 

machine learning (ML) methods—more especially, 

Convolutional Neural Networks (CNNs)—to segment 

and analyze computed tomography (CT) scan pictures in 

order to make the accuracy and efficiency of lung cancer 

detection better [23]. 

 

CT scans serve as a vital diagnostic tool, providing 

detailed cross-sectional images of lung structures that 

assist in identifying abnormalities. However, manual 

interpretation of these images can be time-intensive and 

error-prone. CNNs, with their capacity to recognize 

complex patterns in images through hierarchical feature 

extraction, offer a powerful method for automating and 

improving diagnostic accuracy [24]. 

 

The proposed methodology encompasses several stages: 

enhancing CT image clarity through preprocessing, 

training CNN models to identify cancerous patterns, and 

employing these models for classification and detection 

of abnormalities. This automated approach reduces the 

potential for human error, facilitates large-scale image 

analysis, and optimizes the diagnostic process [25]. 

 

This study highlights the potential of incorporating AI-

driven techniques into medical diagnostics, giving new 

instruments for the early diagnosis of lung cancer [26]. 

Such developments have the potential to significantly 

enhance patient outcomes and survival rates by enabling 

prompt diagnosis, therefore tackling a significant 

healthcare burden. 

 

 

https://doi.org/10.5281/zenodo.21610415
https://creativecommons.org/licenses/by-nc/4.0/
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MATERIALS AND METHODS 
 

 
Fig. 1. Block Diagram 

 

Figure 1 illustrates the development of an effective 

machine learning (ML) model for detecting lung cancer, 

which starts with assembling a comprehensive and 

trustworthy dataset. The accuracy and resilience of the 

model depend on proper data collection, organization, 

and preprocessing. This research utilizes CT scan images 

from public sources and employs systematic 

preprocessing methods to prepare the dataset for deep 

learning applications. 

 

This study employs a dataset of CT scan images acquired 

from Kaggle, a reputable platform for well-curated, 

publicly available datasets. The collection consists of 

1,097 images classified into three categories, as shown in 

Figure 2: benign, malignant, and normal (non-

cancerous). These images are provided in common 

formats such as JPG and PNG, ensuring compatibility 

with various machine learning (ML) frameworks. Each 

image underwent careful review to verify accurate 

classification and appropriate representation. The 

dataset's quality and reliability form the basis for 

subsequent preprocessing and model development. 

These steps are vital in creating a model that can 

effectively identify patterns and differentiate between 

cancerous and non-cancerous conditions. 

 

 
Fig. 2. CT scan input pictures with nodule types: (a) 

Benign, (b) Malignant, (c) Normal 

 

After dataset collection, the next phase involved scaling 

the images to ensure uniformity and compatibility with 

deep learning models. This step optimizes the dataset for 

computational efficiency while maintaining essential 

features necessary for accurate diagnosis. Images were 

resized to a standard dimension of 64 × 64 pixels to 

achieve uniformity across the dataset. This resolution 

was selected because it strikes a balance between 

computational efficiency and the retention of crucial 

image features. 

 

This method was utilized to resize images while ensuring 

smooth pixel transitions, minimizing distortions, and 

preserving the quality of the resized images. This 

technique helped maintain the spatial structure of the 

images, ensuring that key features were preserved during 

the scaling process. The scaling step ensures that the 

images are prepared for training and validation, enabling 

the model to process the data effectively and consistently 

during its development phase. 

 

It is a crucial preprocessing stage in preparing data for 

machine learning (ML) algorithms, especially for image-

based datasets such as CT scans. 

 

By guaranteeing data consistency and ideal scaling for 

training, this procedure improves the stability and 

effectiveness of the model. These crucial steps are part 

of the process: 

• Standardization of Feature Values: The values of 

pixels or features are set to a standard range, often 0 

to 1. In addition to ensuring that the model interprets 

and learns from the input data efficiently, this 

reduces variability throughout the dataset.  

• Increasing the Consistency of Data: Brightness, 

contrast, and other discrepancies are reduced by 

normalizing feature scales or pixel intensities. This 

improves the model's ability to recognize significant 

patterns by producing a dataset that more closely 

matches its assumptions.  

• Increasing the Effectiveness of Training: Faster 

and more stable optimization is encouraged by data 

scaling. It ensures smoother training and more 

reliable outcomes by addressing problems such as 

vanishing or exploding gradients during 

backpropagation.  

 

An essential step in evaluating a trained machine 

learning model's performance is testing. This step 

assesses the model's capacity to accurately predict new, 

unseen data. The testing approach includes the following 

elements: 

• Dataset Partitioning: The dataset is divided into 

three subsets:  

• Training Data (70%) – Used to train the model.  

• Validation Data (15%) – Helps fine-tune 

parameters and prevent overfitting.  

• Testing Data (15%) – Used exclusively for 

evaluating the final model.  

 

This organized method ensures a thorough evaluation of 

the model across various development stages. 

 

Hold-Out Validation: The hold-out validation method 

involves training the model on the training set, refining it 
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using the validation set, and assessing its performance on 

the testing set. This approach ensures the model performs 

well on unseen data while avoiding overfitting. 

 

Evaluation Metrics: The model's performance is 

gauged using key metrics: 

• Accuracy – Percentage of correct predictions across 

all instances.  

• Precision – Proportion of true positive predictions 

among all positive predictions.  

• Recall – Proportion of actual positive cases 

correctly identified.  

• Area Under the Curve (AUC) – Evaluates the 

model's ability to compare between classes 

effectively.  

 

ResNet-50, a 50-layer Residual Network, tackles the 

vanishing gradient issue through the use of layer-

bypassing shortcut connections. This architecture allows 

deeper networks to maintain high accuracy, making it 

particularly effective in complex image classification 

tasks, such as identifying lung cancer from CT scan 

images. 

 

ResNet-50 Training Process 

1. Transfer Learning: The model utilizes pre-trained 

weights from the ImageNet dataset, harnessing 

existing feature extraction capabilities to conserve 

computational resources and enhance performance.  

2. Data Preparation: CT scan images are adjusted to 

224 × 224 pixels and normalized to align with the 

ImageNet dataset's scale. The images are then 

organized into batches for efficient processing.  

3. Model Adaptation: The ResNet-50 architecture is 

modified for lung cancer detection. The final fully 

connected layers are replaced with a custom 

classification layer to identify four categories: 

adenocarcinoma, large cell carcinoma, squamous 

cell carcinoma, and normal tissue. A softmax 

activation function is used to generate class 

probabilities.  

4. Training Parameters: Hyperparameters are 

established to ensure effective learning. In this 

research: 

• Learning rate: 0.001  

• Batch size: 16  

• Epochs: 20  

 

These values are selected through initial testing to 

achieve a balance between effective training and 

overfitting prevention. 

 

5. Optimization and Loss Function: The Adam 

optimizer, renowned for its capability to handle 

sparse gradients, is used to update model weights. 

The categorical cross-entropy loss function 

measures the difference between actual and 

predicted class labels, guiding the optimization 

process.  

6. Training Implementation: During the training 

phase, the model iteratively minimizes the loss 

function using the training dataset. The model's 

performance is assessed on a separate validation set 

after each epoch, ensuring learning effectiveness 

and preventing overfitting. Training continues until 

performance stabilizes.  

7. Regularization Methods: To mitigate overfitting, 

techniques such as dropout and weight decay are 

employed. Dropout involves randomly deactivating 

certain neurons during training, improving the 

model's ability to generalize.  

8. Performance Metrics: The trained model's 

effectiveness is evaluated using the following 

metrics:  

• Accuracy: Proportion of correct 

predictions.  

• Precision: Ratio of true positives to all 

predicted positives.  

• Recall: Ratio of true positives to all actual 

positives.  

• Area Under the Curve (AUC): Indicates 

the model's ability to differentiate between 

classes.  

 

The resulting ResNet-50 model exhibits enhanced 

performance in classifying different categories of lung 

cancer. By combining pre-trained architectures with fine-

tuning, the model achieves accurate predictions while 

maintaining computational efficiency. The methodology 

ensures reliable results through iterative optimization, 

hyperparameter adjustment, and thorough evaluation. 

 

The disease classification stage utilizes machine learning 

techniques to classify CT scan images into different lung 

cancer categories. Convolutional Neural Networks 

(CNNs) are crucial in this procedure, employing 

extracted features to analyze and categorize images 

according to the presence and type of lung cancer. 

 

Disease Classification Procedure 

• Feature Extraction: A CNN extracts high-level 

features from CT scan images. These features 

capture unique patterns and structures associated 

with various lung cancer types, allowing the model 

to differentiate between healthy tissue, squamous 

cell carcinoma, large cell carcinoma, and 

adenocarcinoma.  

• Classification Layers: The extracted features are 

passed through the CNN's classification layers, 

typically comprising fully connected layers and a 

softmax activation function. The model assigns 

probability scores to each class, with the highest-

scoring class selected as the prediction.  

• Model Evaluation: Classification performance is 

assessed using metrics such as accuracy, precision, 

recall, and Area Under the Curve (AUC). These 

metrics ensure reliable predictions by evaluating the 

model's ability to distinguish between different lung 

cancer types.  
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• Decision-Making: Each CT scan image is assigned 

a class label based on the model's predictions. The 

final classification is determined by choosing the 

class with the highest probability score.  

 

Accuracy: Quantifies the proportion of correctly 

identified cases out of all instances, offering an overall 

measure of model performance. 

 

Precision: Represents the ratio of true positive 

predictions to all positive predictions, emphasizing the 

importance of minimizing false positives. 

 

Recall: Also recognized as sensitivity, measures the 

proportion of correctly identified true positives, 

highlighting the model's ability to detect lung cancer. 

 

F1 Score: Balances precision and recall by calculating 

their harmonic mean, making it useful in scenarios with 

imbalanced class distributions. 

 

Area Under the Curve (AUC): Assesses the model's 

ability to differentiate between positive and negative 

cases across all classification thresholds, with higher 

AUC indicating superior performance. 

 

Evaluation of the Validation Set: To track model 

performance during training, a validation set comprising 

15% of the dataset is used. Routine evaluations guide 

adjustments to enhance performance. 

 

Assessment of the Testing Set: Following training, a 

testing set comprising 15% of the dataset provides an 

objective assessment of the model's capacity to 

generalize to previously unseen data. 

 

Confusion Matrix: A confusion matrix provides a 

thorough understanding of performance and 

opportunities for improvement by visualizing true 

positives, true negatives, false positives, and false 

negatives. 

 

Performance Visualization: Visual aids such as ROC 

and precision-recall curves are used to depict 

performance indicators. These graphs help compare 

models and offer intuitive insights into model 

performance. 

 

RESULTS 
This section evaluates the effectiveness of several 

machine learning methods, including CNN, ResNet-50, 

Inception V3, and Xception, for classifying lung cancer 

using a set of CT scan images. To provide a thorough 

assessment, the evaluation uses measures such as 

confusion matrices, training and validation accuracy and 

loss, and comparative analysis. 

 

Confusion Matrix: The confusion matrix is used to 

evaluate the correctness of the trained models. The CNN 

model achieved an overall accuracy of 85.4%. 

Specifically, 247 benign predictions were correctly 

classified in 98.9% of cases. 

 

The accuracy for malignant predictions was 100%. The 

model also demonstrated a strong ability to distinguish 

between normal and malignant tissues, with 72.4% 

accuracy in classifying normal instances, as shown in 

Figure 3. 

 

 
Fig. 3. Confusion Matrix 

 

Validation Accuracy vs. Epochs: Validation accuracy 

measures the model's ability to generalize to unseen data. 

In Figure 4, the CNN model's validation accuracy 

remained consistent across epochs, peaking at 91.10%, 

indicating robust generalization capability. 

 

 
Fig. 4. Validation Accuracy vs. Epochs 

 

Training Loss vs. Epochs: Training loss measures 

errors during the learning process. The CNN model 

attained a minimal training loss of 0.002, as shown in 

Figure 5, signifying a highly effective learning process 

with few errors. 

 

 
Fig. 5. Training Loss vs. Epochs 
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Validation Loss vs. Epochs: Validation loss evaluates 

model performance on unseen data. The CNN model 

effectively minimized errors, with validation loss 

steadily decreasing to 0.352, confirming reliable 

performance, as shown in Figure 6. 

 

 
Fig. 6. Validation Loss vs. Epochs 

 

Comparative Analysis: The CNN consistently 

outperformed ResNet-50, Inception V3, and Xception 

across several performance metrics. It achieved the 

lowest testing loss of 0.328, a testing accuracy of 92%, 

and a testing AUC of 98.21%. These results confirm the 

superiority of the CNN model for this specific 

application. 

 

CONCLUSION 
The present study demonstrates significant 

advancements in the classification of lung nodules using 

Convolutional Neural Networks (CNNs) and CT scan 

images. The effectiveness of models such as AlexNet and 

3D CNNs in differentiating between benign and 

malignant nodules, thereby improving early lung cancer 

diagnosis, is demonstrated by their consistently high 

accuracy, which frequently exceeds 99%. CNNs perform 

exceptionally well in terms of recall, F1-score, and 

accuracy, all of which are essential for timely and 

effective treatment. 

 

However, larger and more diverse datasets are needed to 

further improve these models. Future research should 

focus on transfer learning and extending machine 

learning applications to other types of cancer. Ultimately, 

CNN-based medical imaging provides a rapid, accurate, 

and non-invasive diagnostic tool that supports clinical 

decision-making and improves patient outcomes. 
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