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Abstract: In order to lower death rates and increase patient survival, early identification of lung cancer is 

essential. In this study, a Vision Transformer (ViT) model for CT scan image analysis is used to propose 

an automated lung cancer detection system. The suggested method classifies lung CT scans into several 

categories using deep learning techniques, allowing for precise and effective diagnosis help. 

Four classes of labeled CT scan data were used to train and assess the model. To improve model 

performance and generalization, image preprocessing methods like scaling, normalization, and 

augmentation were used. Compared to conventional convolution-based methods, the Vision Transformer 

design improves classification accuracy by capturing global contextual information from medical 

images.A web application built on Streamlit is used to deploy the system, enabling users to register, 

upload CT scan images, and receive real-time forecasts and confidence scores. Metrics like accuracy, 

precision, recall, F1-score, and confusion matrix analysis were used to evaluate performance. The 

experimental findings show that the suggested ViT-based model performs reliably in predictions and 

achieves good classification accuracy. 

This research offers a user-friendly AI-powered platform to provide clinical decision support and early 

lung cancer diagnosis, while also demonstrating the efficacy of transformer-based architectures in 

medical image processing. 
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1. INTRODUCTION 

Due to delayed diagnosis and a shortage of 

skilled radiologists, lung cancer is still one of the 

most deadly illnesses in the world and a major 

cause of cancer-related deaths. Patient survival 

rates are greatly increased by early detection of 

lung cancer; yet, conventional diagnostic 

techniques mostly rely on the subjective, time- 

consuming, and human error-prone manual 

analysis of CT scan data. Even seasoned medical 

professionals frequently find it difficult to make 

an accurate diagnosis due to subtle changes in 

tumor shape, size, and texture. 

Deep learning methods have grown in 

significance in medical image analysis due to the 

quick development of artificial intelligence. 

VGG16 is one example of a Convolutional 

Neural Network (CNN) that has shown 

impressive performance in the identification of 

lung cancer by automatically extracting spatial 

information from CT scan pictures. The inability 

of CNN-based models to capture global 

contextual information and long-range 

relationships in medical pictures, 

notwithstanding their success, can compromise 

classification accuracy, particularly in 

complicated instances. 

This study suggests a deep learning method for 

lung cancer categorization based on Vision 

Transformers (ViT) in order to get over these 
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restrictions. Through the use of self-attention 

mechanisms and the division of images into 

fixed-size patches, Vision Transformers allow 

the model to learn both local and global links 

within the image. ViT is especially well-suited 

for medical imaging jobs because tumor patterns 

may be dispersed throughout several lung areas 

due to its capacity to capture global context. 

 

This project's goal is to create a dependable and 

automated method for classifying lung cancer by 

employing the Vision Transformer algorithm to 

divide lung CT scan images into several groups, 

including normal tissue, squamous cell 

carcinoma, large cell carcinoma, and 

adenocarcinoma. The suggested solution seeks 

to lessen reliance on manual interpretation while 

increasing diagnostic accuracy, robustness, and 

consistency by utilizing transformer-based 

architecture. This method can help radiologists 

make better clinical decisions, aid in early 

detection, and enhance patient outcomes.. 

2. LITERATURE SURVEY 

A. Asuntha and A. Srinivasan (2020) 

proposed a deep learning-based automated 

classification system for lung cancer using CT 

scan images. Their approach utilized 

Convolutional Neural Networks (CNNs) to 

automatically extract discriminative features 

from lung nodules and classify them effectively. 

The study demonstrated that CNN-based models 

significantly outperformed traditional machine 

learning techniques in terms of accuracy, 

robustness, and reliability, highlighting the 

potential of deep learning in medical image 

analysis. 

B. Jacobs, A. A. A. Setio, E. Scholten, 

and B. van Ginneken (2021) evaluated deep 

learning algorithms for lung cancer detection on 

large-scale screening CT datasets. The research 

incorporated an observer study involving 

radiologists to compare model performance with 

human expertise. The findings indicated that 

deep learning systems  enhanced  early lung 

cancer detection and reduced false positives, 

thereby improving clinical decision-making and 

screening efficiency. 

1. H. Xie, D. Yang, N. Sun, Z. Chen, and 

Y. Zhang (2019) developed an automated 

pulmonary nodule detection framework based on 

deep convolutional neural networks. Their 

system focused on accurate feature learning 

directly from CT images without relying on 

handcrafted features. The results showed 

improved diagnostic accuracy and effective 

identification of lung nodules, reinforcing the 

capability of CNNs in medical imaging tasks. 

A. Halder, S. Chatterjee, D. Dey, and S. 

Munshi (2020) introduced a hybrid method that 

combined adaptive morphology-based 

segmentation with deep learning techniques for 

lung nodule detection. Their approach improved 

segmentation precision and minimized false 

positive rates in CT scan analysis. The 

integration of image processing and deep 

learning contributed to more accurate and 

reliable lung cancer diagnosis. 

2. R. Manickavasagam, S. Selvan, and 

M. Selvan (2022) presented a computer-aided 

diagnosis (CAD) system utilizing CNN 

architectures for detecting and classifying 

malignant lung nodules. The framework 

demonstrated strong performance in identifying 

early-stage lung cancer, thereby supporting 

radiologists in clinical assessment and 

improving diagnostic outcomes. 

A. Dosovitskiy et al. (2021) introduced the 

Vision Transformer (ViT) architecture, a 

transformer-based model that leverages self- 

attention mechanisms to capture global image 

dependencies. Unlike traditional CNNs that 

focus on local feature extraction, ViT models 

global contextual relationships within images. 

The study showed that transformer-based 

architectures could outperform CNNs in image 

classification tasks, making them highly suitable 

for advanced medical imaging applications such 

as lung cancer classification 
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.3. METHODOLOGY 

a) Proposed Work: 

Using CT scan pictures, the suggested method 

presents a deep learning architecture based on 

Vision Transformer (ViT) for precise and 

automated lung cancer categorization. The 

suggested method makes use of self-attention 

mechanisms to capture both local and global 

contextual information available across the 

entire image, in contrast to conventional CNN- 

based models that mainly concentrate on local 

feature extraction using convolution operations. 

This makes it possible for the system to 

diagnose lung cancer with greater precision, 

resilience, and dependability. 

To guarantee high-quality input data for model 

training, the suggested methodology starts with a 

thorough picture pretreatment step. Data 

augmentation, noise reduction, image scaling, 

and normalization are examples of preprocessing 

procedures. These actions lessen the effects of 

dataset imbalance and assist in managing 

differences in CT scan quality. Rotation, 

flipping, scaling, and other data augmentation 

techniques are used to diversify the dataset, 

which enhances the model's capacity for 

generalization and lowers overfitting. 

Each lung CT scan image is separated into fixed- 

size image patches in the Vision Transformer 

architecture. These patches are subsequently 

flattened and transformed into embedding 

vectors. In order to maintain spatial information, 

positional embeddings are inserted. Several 

transformer encoder layers using multi-head 

self-attention mechanisms process these 

embeddings. In order to detect intricate tumor 

patterns dispersed throughout the image, the 

model must be able to understand long-range 

dependencies and interactions between various 

lung regions. 

In order to classify CT scan pictures into four 

categories—adenocarcinoma, squamous cell 

carcinoma, large cell carcinoma, and normal 

tissue—the encoded features are further 

processed through fully connected layers for 

multi-class classification. Class probabilities are 

produced by the output layer using the Softmax 

activation function. To guarantee quicker 

convergence and avoid overfitting, sophisticated 

optimization strategies such the Adam optimizer, 

learning rate scheduling, dropout regularization, 

and early stopping are used. 

A Streamlit-based web application incorporates 

the trained Vision Transformer model, enabling 

users to upload CT scan pictures and obtain real- 

time predictions and confidence scores. The 

outcomes of predictions are kept in a database 

for later use and examination. All things 

considered, the suggested approach provides an 

effective, scalable, and clinically applicable 

method for automated lung cancer identification 

and categorization.. 

b) System Architecture: 
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Fig 1 Proposed Architecture 

he proposed architecture for Lung Cancer 

Classification using the Vision Transformer 

(ViT-Base) model represents an end-to-end 

automated system that assists clinicians in 

diagnosing lung cancer from CT scan images. 

The process begins when a user uploads a lung 

CT image through a web-based interface 

(Streamlit), after which the image undergoes 

preprocessing steps including resizing, 

normalization, and augmentation to enhance 

model performance. The preprocessed image is 

divided into fixed-size patches, which are 

converted into vector representations through 

patch embedding and enriched with positional 

encoding to preserve spatial information. These 

embeddings are passed through multiple 

Transformer encoder layers consisting of multi- 

head self-attention and feed-forward networks, 

enabling the model to capture global contextual 

relationships within the image. The extracted 

deep features are then forwarded to fully 

connected layers followed by a Softmax 

activation function to classify the image into one 

of the categories: Adenocarcinoma, Large Cell 

Carcinoma, Squamous Cell Carcinoma, or 

Normal. The final prediction along with 

confidence score is displayed to the user and 

stored in an SQLite database for record 

management. Overall, this architecture provides 

an efficient, accurate, and clinically supportive 

deep learning framework for automated lung 

cancer classification. 

c) MODULES: 

1. Data Collection and Integration 

The Data Collection and Integration phase 

focuses on gathering and organizing lung CT 

scan images required for training and testing 

the lung cancer classification system. In this 

stage, lung CT images are collected from 

standard public medical imaging datasets to 

ensure reliability and diversity. The images are 

carefully labeled into appropriate categories 

such  as  cancerous  and  non-cancerous  (or 

multi-class cancer types) to maintain dataset 
 

 

integrity. The collected data is then structured 

into organized folders for training, validation, 

and testing to support systematic model 

development. This phase primarily utilizes 

public medical datasets, file system 

management techniques, and Python libraries 

for handling and organizing image data 

efficiently. 

2. Data Preprocessing 

The Data Preprocessing stage prepares the 

collected lung CT scan images in a suitable 
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format for training the Vision Transformer 

(ViT) model. All images are resized to a fixed 

resolution (e.g., 224 × 224) to ensure uniform 

input dimensions. Pixel intensity values are 

normalized to improve convergence during 

training, and noise reduction or image 

enhancement techniques are applied to 

improve image quality. Data augmentation 

methods such as rotation and flipping are used 

to increase dataset diversity and reduce 

overfitting. Finally, the dataset is split into 

training, validation, and test sets. This stage 

employs Python, NumPy, OpenCV, PIL, and 

torchvision transforms for efficient 

preprocessing operations. 

3. Model Development 

The Model Development phase involves 

designing and implementing the Vision 

Transformer–based deep learning architecture 

for lung cancer classification. In this stage, the 

ViT model is defined with patch embedding 

layers that divide images into fixed-size 

patches and convert them into vector 

representations. Transformer encoder blocks 

incorporating multi-head self-attention 

mechanisms are implemented to capture global 

contextual relationships within the CT images. 

Fully connected layers are added at the final 

stage to perform multi-class classification. 

Additionally, suitable loss functions and 

optimization strategies are configured to 

enhance learning performance. Technologies 

such as PyTorch, Vision Transformer 

architecture, and optionally CUDA for GPU 

acceleration are used in this phase. 

4. Training Pipeline 

The Training Pipeline automates and manages 

the complete model training process. 

Preprocessed lung CT scan images are loaded 

into the training framework, and the Vision 

Transformer model is trained using predefined 

hyperparameters such as learning rate and 

batch size. Optimization techniques, including 

the  Adam  optimizer  and  learning  rate 

scheduling, are applied to improve 

convergence. The system continuously 

monitors training and validation performance 

to detect overfitting or underfitting. Model 

checkpoints are saved periodically to preserve 

the best-performing model for future use. This 

stage is implemented using PyTorch, torch 

optimizers, and GPU acceleration where 

available. 

5. Model Evaluation 

The Model Evaluation phase assesses the 

performance, accuracy, and reliability of the 

trained lung cancer classification model. 

Evaluation metrics such as accuracy, precision, 

recall, and F1-score are computed to measure 

classification effectiveness. Confidence scores 

for predictions are analyzed to understand the 

certainty of model outputs. The trained model 

is validated using unseen test data to ensure 

generalization capability. Tools such as Scikit- 

Learn and Matplotlib are used for computing 

metrics and visualizing performance results. 

6. Prediction and Result Management 

The Prediction and Result Management module 

provides real-time lung cancer prediction and 

manages diagnostic results efficiently. The 

system accepts CT scan images through the 

application interface and processes them using 

the trained Vision Transformer model.  It 

generates predictions along with confidence 

scores and displays the results to the user in an 

understandable format. Additionally, prediction 

results along with timestamps are stored in a 

database for future reference and medical record 

management,  ensuring traceability and 

systematic result storage 

 

4. EXPERIMENTAL RESULTS 

.Accuracy: The capacity of a test to accurately 

distinguish between healthy and sick cases is a 

measure of its accuracy. We can determine a 

test's accuracy by calculating the proportion of 

reviewed cases with true positives and true 

negatives. In mathematical terms, this looks like: 
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Accuracy = TP + TN TP + TN + FP + FN. 
(𝑇𝑁 + 𝑇𝑃) 

Fig 1:Confusion Matrix  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇 

F1-Score: One way to evaluate a model's 

performance in machine learning is via its F1 

score. It takes a model's recall and precision and 

mixes them. Using the whole dataset, the 

accuracy metric determines the frequency with 

which a model produced accurate predictions. 
(𝑅𝑒𝑐𝑎𝑙𝑙 · Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛) 

𝐹1 = 2 · 
(𝑅𝑒𝑐𝑎𝑙𝑙 + Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛) 

Precision: The proportion of occurrences or 

samples that are correctly classified out of all the 

ones that are classified as positive is known as 

precision. Consequently, the following is the 

formula for determining the accuracy: 

Precision = True positives/ (True positives + 

False positives) = TP/(TP + FP) 
𝑇𝑃 

Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 = 
(𝑇𝑃 + 𝐹𝑃) 

Recall: The capacity of a model to detect all 

significant instances of a given class is measured 

by recall, a metric in machine learning. It sheds 

light on how well a model captures instances of 

a certain class and is 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2:Training Graphs 
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Fig 3: After uploading image click on Analyze with AI. 

 

  

Fig 4:By clicking on predict button we can get know whether patient have lung cancer or not. 
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5. CONCLUSION 

To sum up, the Vision Transformer–based Lung 

Cancer Classification System shows how 

cutting-edge deep learning methods may be 

applied successfully to medical picture analysis. 

The suggested approach uses a transformer- 

based architecture that captures global 

contextual linkages within the image to 

accurately classify lung CT scan images into 

many categories: Adenocarcinoma, Squamous 

Cell Carcinoma, Large Cell Carcinoma, and 

Normal. 

In contrast to conventional Convolutional Neural 

Networks (CNNs), the Vision Transformer uses 

self-attention techniques to learn long-range 

dependencies while processing images as patch 

sequences. This enhances the model's capacity 

for generalization and classification by allowing 

it to extract richer feature representations from 

CT scan pictures. 

A comprehensive end-to-end pipeline is formed 

by the system's integration of several elements, 

such as picture preprocessing, Vision 

Transformer inference, a Streamlit-based user 

interface, and SQLite database storage. 

Compatibility with the trained model is ensured 

by preprocessing procedures including tensor 

conversion, normalization, and scaling. 

Streamlit's implementation makes the system 

interactive and user-friendly by enabling users to 

contribute photographs and receive real-time 

forecasts along with confidence scores. 

According to experimental evaluation, the model 

performs consistently and with high 

classification  accuracy  across  several  lung 

cancer classifications. By giving confidence 

levels for every prediction, the use of softmax 

probability scoring improves interpretability. 

PyTorch's GPU support also makes efficient 

inference possible, cutting down on processing 

time and enhancing system responsiveness. 

In addition to showcasing excellent technical 

performance, the built system also exhibits the 

potential of transformer-based designs in 

healthcare applications. The method can 

eliminate human error, speed up clinical 

decision-making, and help medical professionals 

with preliminary diagnosis by automating the 

classification of lung cancer. 

All things considered, this research effectively 

demonstrates the application of Vision 

Transformer architecture to medical image 

categorization tasks. The system offers an 

effective, adaptable, and scalable framework that 

may be expanded for more extensive healthcare 

uses. The suggested method has a great chance 

of being incorporated into actual diagnostic 

procedures with further advancements and 

bigger datasets.. 

6. FUTURE SCOPE 

Future developments of the suggested system 

could concentrate on enhancing clinical 

applicability, performance, and dependability. 

Incorporating imaging data with multi-modal 

information, such as laboratory results, 

biomarkers, and patient medical history, can 

greatly improve model accuracy and offer a 

more thorough diagnostic evaluation. Time- 

sensitive conditions like Lung cancerrequire 

prompt clinical decision-making, which would 

be made possible by implementing real-time 

stroke detection during MRI or CT scanning 

processes. By enhancing model interpretability 

and assisting clinicians in comprehending the 

rationale behind predictions, Explainable AI 

(XAI) strategies can boost adoption and trust in 

medical practice. Additionally, increasing the 

training dataset's diversity to encompass a wider 

range of demographics, imaging conditions, and 
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medical variances would enhance the model's 

robustness and generalization, guaranteeing 

reliable performance in actual healthcare 

settings.. 
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