
DEEP LEARNING-BASED LUNG CANCER IMAGE 
ANALYSIS AND CLASSIFICATION USING 
CONVOLUTIONAL NEURAL NETWORKS 

GNANAVEL R 

Master of Computer Applications, Nehru Institute of Information Technology and Management, Tamil Nadu, 
India . Reg. No: 721524622021 | Batch: 2024 –2026 – AUTHOR –Mrs. C. Meera Bai MCA, Asst Professor 
[Department of computer Applications] 

--------------------------------------------------------------------------------------------------------------------------- 

Abstract: Lung cancer is one of the leading causes of cancer-related deaths worldwide, where early and accurate 
diagnosis plays a crucial role in improving patient survival. This project presents a deep learning-based lung 
cancer image analysis system that automatically classifies lung tissue images into six categories: Adenocarcinoma, 
Benign, Large Cell Carcinoma, Malignant, Normal, and Squamous Cell Carcinoma. The proposed system 
employs a Convolutional Neural Network (CNN) built using TensorFlow and Keras to learn discriminative image 
features from histopathological lung cancer images. The dataset is divided into training, validation, and testing 
subsets, and image augmentation techniques such as rotation, zooming, and horizontal flipping are applied to 
improve model generalization and reduce overfitting. The CNN architecture consists of multiple convolutional 
and max-pooling layers, followed by fully connected layers with dropout regularization. The model is trained 
using the Adam optimizer with categorical cross-entropy loss, while Early Stopping and Model Checkpoint 
techniques are used to obtain the best-performing model. A user-friendly web application is developed using the 
Flask framework to enable real-time image analysis. Users can upload a lung tissue image, after which the trained 
model predicts the corresponding cancer type along with the confidence score for each class. The application also 
provides a graphical visualization of prediction probabilities, making the results more interpretable and easier to 
understand. The proposed system demonstrates the potential of artificial intelligence in assisting medical 
professionals by providing fast, reliable, and automated preliminary diagnosis of lung cancer from medical 
images. This approach can reduce diagnostic time, support clinical decision-making, and contribute to early 
detection, ultimately improving healthcare outcomes. 
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I.  INTRODUCTION 

Lung cancer is one of the most serious and life-
threatening diseases worldwide, accounting for a 
significant number of cancer-related deaths each year. 
The disease occurs due to the uncontrolled growth of 
abnormal cells in the lungs and is broadly classified 
into different types based on the characteristics of the 
cancer cells. Early detection and accurate 
classification of lung cancer are essential for effective 
treatment planning and improving patient survival 
rates. However, manual diagnosis of medical images 
requires experienced pathologists, is time-consuming, 
and is prone to inter-observer variability. 

Recent advancements in Artificial Intelligence (AI) 
and Deep Learning have transformed the field of 
medical image analysis by enabling computers to 
automatically detect and classify diseases with high 
accuracy. Among various deep learning techniques, 
Convolutional Neural Networks (CNNs) have shown 
exceptional performance in image classification tasks 
because of their ability to automatically extract 
important features from images without manual 
feature engineering. 

This project proposes a deep learning-based lung 
cancer image analysis system using a CNN model 

developed with TensorFlow and Keras. The system is 
trained on histopathological lung tissue images that are 
categorized into six classes: Adenocarcinoma, Benign, 
Large Cell Carcinoma, Malignant, Normal, and 
Squamous Cell Carcinoma. To improve the model's 
robustness and generalization capability, image 
preprocessing and augmentation techniques such as 
rescaling, rotation, zooming, and horizontal flipping 
are applied during training. 

A web-based application is developed using the Flask 
framework to provide an interactive interface for users. 
The application allows users to upload a lung tissue 
image, after which the trained CNN model predicts the 
corresponding class and displays the confidence score 
for each category. In addition, the system visualizes 
the probability distribution of the predictions, making 
the results more understandable and supporting 
informed decision-making. 

The proposed system demonstrates how deep learning 
can assist healthcare professionals by providing fast, 
consistent, and automated preliminary diagnosis of 
lung cancer. Although it is not intended to replace 
medical experts, it serves as an intelligent decision-
support tool that can reduce diagnostic time, improve 
efficiency, and contribute to the early detection of lung 



cancer, ultimately enhancing patient care and 
treatment outcomes. 

 

II.  OBJECTIVES 

The main objective of this project is to develop a deep 
learning-based lung cancer image analysis system that 
can accurately classify histopathological lung images 
into different categories and assist in the early 
detection of lung cancer. The specific objectives of the 
project are: 

• To develop a Convolutional Neural Network 
(CNN) model for automated classification of lung 
cancer images. 

• To classify lung tissue images into six categories: 
Adenocarcinoma, Benign, Large Cell Carcinoma, 
Malignant, Normal, and Squamous Cell 
Carcinoma. 

• To preprocess and augment the image dataset 
using techniques such as image rescaling, 
rotation, zooming, and horizontal flipping to 
improve model performance and generalization. 

• To train, validate, and test the CNN model using 
TensorFlow and Keras for accurate image 
classification. 

• To reduce overfitting by incorporating dropout 
regularization and Early Stopping during model 
training. 

• To develop a user-friendly web application using 
the Flask framework that enables users to upload 
lung tissue images for analysis. 

• To display the predicted lung cancer category 
along with the confidence score and probability 
distribution for all classes. 

• To provide a fast, reliable, and automated 
decision-support system that can assist healthcare 
professionals in preliminary lung cancer 
diagnosis. 

• To demonstrate the effectiveness of deep learning 
techniques in medical image analysis for 
improving diagnostic accuracy and reducing 
diagnosis time. 

III.  EXISTING SYSTEM 

The traditional diagnosis of lung cancer primarily 
relies on the manual examination of medical images 
and histopathological tissue samples by experienced 
pathologists and radiologists. This process involves 
visually inspecting the images to identify abnormal 
cell structures and determine the type and severity of 
lung cancer. Although this method is widely practiced, 
it is time-consuming, requires specialized expertise, 
and may be affected by human error and differences in 
interpretation among medical professionals. 

Several computer-aided diagnosis (CAD) systems 
have been developed to assist clinicians in detecting 
lung cancer. However, many of these systems depend 
on handcrafted feature extraction techniques, where 
image features such as texture, shape, and intensity are 
manually designed before classification. These 
conventional machine learning methods often require 
extensive preprocessing and expert knowledge, and 
their performance may decrease when dealing with 
large and complex medical image datasets. 

Limitations of the Existing System 

The existing lung cancer diagnosis methods have 
several limitations that affect the speed, consistency, 
and accuracy of diagnosis. The major drawbacks are: 

• Manual diagnosis is time-consuming, labor-
intensive, and depends heavily on the experience 
and expertise of medical specialists. 

• Human interpretation may lead to inconsistent or 
inaccurate results. 

• Traditional machine learning approaches require 
manual feature extraction, which is complex and 
time-intensive. 

• Conventional methods may not achieve high 
accuracy for complex histopathological images 
and may not accurately classify multiple types of 
lung cancer. 

• Processing large volumes of medical images is 
difficult and inefficient, and many existing 
systems provide limited visualization and 
confidence information for predictions. 

• The diagnosis process can be delayed, postponing 
treatment and reducing the chances of successful 
patient outcomes. 

• Many existing methods have limited scalability 
and require significant human intervention. 

IV.  PROPOSED SYSTEM 

The proposed system is a deep learning-based lung 
cancer image analysis application that automatically 
classifies histopathological lung tissue images into six 
categories using a Convolutional Neural Network 
(CNN). The system is designed to provide fast, 
accurate, and reliable preliminary diagnosis by 
learning complex image features directly from the 
dataset without requiring manual feature extraction. 

The dataset is divided into training, validation, and 
testing sets to ensure effective model development and 
evaluation. During training, image preprocessing and 
data augmentation techniques such as rescaling, 
rotation, zooming, and horizontal flipping are applied 
to improve the model's generalization capability and 
reduce overfitting. 

A CNN model is developed using TensorFlow and 
Keras with multiple convolutional and max-pooling 



layers followed by fully connected layers and dropout 
regularization. The model is trained using the Adam 
optimizer with categorical cross-entropy loss. Early 
Stopping and Model Checkpoint techniques are 
employed to prevent overfitting and save the best-
performing model. 

A web-based application is implemented using the 
Flask framework to provide an easy-to-use interface. 
Users can upload a lung tissue image, and the trained 
CNN model predicts the corresponding class among 
Adenocarcinoma, Benign, Large Cell Carcinoma, 
Malignant, Normal, and Squamous Cell Carcinoma. 
The application also displays the prediction 
confidence score and a probability distribution chart 
for all classes, making the results more interpretable. 

The proposed system serves as an intelligent decision-
support tool for healthcare professionals by providing 
automated image classification, reducing diagnosis 
time, improving consistency, and supporting the early 
detection of lung cancer. 

V.  ADVANTAGES OF THE PROPOSED 
SYSTEM 

• Provides fast and automated classification of lung 
cancer images. 

• Eliminates the need for manual feature extraction 
by automatically learning image features using a 
Convolutional Neural Network (CNN). 

• Classifies lung tissue images into six different 
categories with high accuracy. 

• Improves model performance through image 
preprocessing and data augmentation techniques. 

• Reduces overfitting by using dropout 
regularization and Early Stopping during training. 

• Generates prediction confidence scores and 
displays the probability distribution of all classes 
for improved decision support. 

• Offers a user-friendly web interface developed 
using Flask for easy image upload and analysis. 

• Reduces diagnosis time and supports early 
detection of lung cancer. 

• Assists healthcare professionals by providing 
consistent and reliable preliminary diagnostic 
results. 

• Can process multiple images efficiently, making 
it suitable for large-scale medical image analysis. 

• Provides a scalable and cost-effective solution 
that can be enhanced with more data and advanced 
deep learning models in the future. 

VI.  ALGORITHM USED 

Convolutional Neural Network (CNN) 

The proposed system uses a Convolutional Neural 
Network (CNN) for the automatic classification of 
lung histopathological images. CNN is a deep learning 
algorithm specifically designed for image processing 
tasks. It automatically extracts important features from 
images through convolution operations, eliminating 
the need for manual feature extraction. 

Algorithm Steps 

• Step 1: Collect and organize the lung 
histopathological image dataset into training, 
validation, and testing folders. 

• Step 2: Preprocess the images by resizing them to 
128 × 128 pixels and normalizing the pixel values 
to the range 0–1. 

• Step 3: Apply data augmentation techniques such 
as rotation, zooming, and horizontal flipping to 
improve the model's generalization capability. 

• Step 4: Feed the preprocessed images into the 
CNN model. 

• Step 5: Perform feature extraction using multiple 
convolutional layers with ReLU activation. 

• Step 6: Reduce the feature map dimensions using 
Max Pooling layers while retaining important 
image features. 

• Step 7: Flatten the extracted feature maps into a 
one-dimensional feature vector. 

• Step 8: Pass the feature vector through fully 
connected (Dense) layers and apply Dropout to 
reduce overfitting. 

• Step 9: Use the Softmax activation function in the 
output layer to classify the image into one of the 
six classes: Adenocarcinoma, Benign, Large Cell 
Carcinoma, Malignant, Normal, and Squamous 
Cell Carcinoma. 

• Step 10: Train the model using the Adam 
Optimizer and Categorical Cross-Entropy Loss 
function. 

• Step 11: Monitor the validation performance 
using Early Stopping and save the best model 
using Model Checkpoint. 

• Step 12: During prediction, the trained model 
receives an uploaded image, computes the 
probability of each class, identifies the class with 
the highest probability, and displays the predicted 
class along with the confidence score and 
probability distribution. 

Advantages of CNN 

• Automatically extracts image features without 
manual intervention. 

• Provides high accuracy in image classification 
tasks. 

• Reduces human effort in feature engineering. 



• Learns complex patterns from medical images. 

• Suitable for real-time medical image diagnosis. 

• Can be extended to classify additional disease 
categories with more training data. 

VII.  RESULTS AND DISCUSSION 

The proposed lung cancer image analysis system was 
successfully developed using a Convolutional Neural 
Network (CNN) implemented with TensorFlow and 
Keras. The model was trained on a dataset of 
histopathological lung tissue images consisting of six 
classes: Adenocarcinoma, Benign, Large Cell 
Carcinoma, Malignant, Normal, and Squamous Cell 
Carcinoma. The dataset was divided into training, 
validation, and testing sets to ensure proper evaluation 
of the model. 

Image preprocessing techniques such as rescaling and 
data augmentation, including rotation, zooming, and 
horizontal flipping, were applied during training to 
improve the model's generalization capability. Early 
Stopping and Model Checkpoint were used to prevent 
overfitting and preserve the best-performing model. 

The trained model demonstrated effective 
classification performance on the test dataset. The 
training and validation accuracy increased steadily 
over successive epochs, while the corresponding loss 
values decreased, indicating successful learning and 
convergence of the CNN model. The final model was 
evaluated using the test dataset, and the overall 
classification accuracy was calculated to assess its 
performance. 

A Flask-based web application was developed to 
provide an interactive interface for real-time 
prediction. Users can upload a lung tissue image, and 
the system predicts the corresponding lung cancer 
category along with the confidence score. The 
application also generates a probability distribution 
chart showing the prediction confidence for all six 
classes, making the results easier to interpret. 

The experimental results indicate that the proposed 
system can accurately classify lung cancer images and 
provide fast, automated preliminary diagnosis. The 
integration of deep learning with a web-based interface 
demonstrates the practical applicability of the system 
in assisting healthcare professionals. Although the 
system is intended as a decision-support tool rather 
than a replacement for medical experts, it has the 
potential to reduce diagnostic time, improve 
consistency, and support the early detection of lung 
cancer. 

Overall, the proposed system achieved reliable 
performance and demonstrates the effectiveness of 
Convolutional Neural Networks in medical image 
classification. Future improvements can include the 
use of larger datasets, advanced deep learning 

architectures, and explainable AI techniques to further 
enhance prediction accuracy and clinical usability. 
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VIII.  CONCLUSION 

This project successfully developed a deep learning-
based lung cancer image analysis system using a 
Convolutional Neural Network (CNN) for the 
automated classification of histopathological lung 
tissue images. The proposed model was implemented 
using TensorFlow and Keras and trained to classify 
images into six categories: Adenocarcinoma, Benign, 
Large Cell Carcinoma, Malignant, Normal, and 
Squamous Cell Carcinoma. Image preprocessing and 
data augmentation techniques were applied to improve 
the model's performance and generalization capability, 



while Early Stopping and Model Checkpoint were 
used to obtain the best-performing model. 

A user-friendly web application was developed using 
the Flask framework, enabling users to upload lung 
tissue images and receive instant predictions along 
with confidence scores and probability distribution 
charts. This provides an intuitive interface for 
automated image analysis and supports easier 
interpretation of the model's predictions. 

The experimental results demonstrate that the 
proposed CNN-based system is capable of accurately 
classifying lung cancer images and can serve as an 
effective decision-support tool for healthcare 
professionals. By reducing diagnosis time, improving 
consistency, and assisting in the early detection of lung 
cancer, the system has the potential to enhance clinical 
workflows and improve patient outcomes. Although 
the system is not intended to replace medical experts, 
it can provide reliable preliminary analysis to support 
informed medical decision-making. 

In the future, the system can be further enhanced by 
training on larger and more diverse datasets, adopting 
advanced deep learning architectures such as transfer 
learning and attention-based models, integrating 
explainable AI techniques for better model 
interpretability, and deploying the application on cloud 
or mobile platforms for real-time clinical use. These 
improvements can further increase the accuracy, 
robustness, and practical applicability of the proposed 
system. 
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