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Abstract: Lung cancer is one of the leading causes of cancer-related deaths worldwide, and early
detection plays a critical role in improving survival rates. Traditional diagnostic methods rely heavily
on radiologists and invasive procedures, making the process time-consuming and error-prone. This
paper presents OncoSense Al, a deep learning-based system designed for automated lung cancer
detection, classification, stage prediction, and risk assessment using CT scan images.
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1. INTRODUCTION

Lung cancer remains one of the most critical health challenges worldwide, contributing significantly to
cancer-related mortality. Early detection plays a crucial role in improving survival rates; however,
conventional diagnostic procedures largely depend on manual interpretation of CT scan images by
radiologists. This process is not only time-consuming but also prone to variability and human error,
especially in detecting small or early-stage tumors.

Additionally, invasive diagnostic methods such as biopsies introduce further risks and delays in treatment
planning.

With the rapid advancement of artificial intelligence, deep learning techniques have emerged as powerful
tools in medical image analysis. Convolutional Neural Networks (CNNs), in particular, have
demonstrated exceptional performance in extracting complex spatial features from imaging data, enabling
automated disease detection with high accuracy. Recent developments in transfer learning models, such
as EfficientNet, have further improved classification performance while maintaining computational
efficiency, making them highly suitable for medical applications.

Despite these advancements, many existing systems are limited to basic classification tasks and lack
interpretability, which is a critical requirement in healthcare. Medical professionals need transparent and
explainable results to trust Al-based predictions. Furthermore, most research models are not designed for
real-world deployment, lacking user-friendly interfaces and integration capabilities.

To address these challenges, this paper presents OncoSense Al, an intelligent deep learning-based system
for lung cancer detection and analysis using CT scan images. The system utilizes the EfficientNet
architecture for accurate classification of lung cancer types and incorporates additional modules for stage
prediction and risk assessment. To enhance interpretability, Grad-CAM-based explainable Al is employed
to generate visual heatmaps that highlightimportant regions in CT scans influencing the model’s
decisions.
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In addition to predictive capabilities, the proposed system is implemented as a Flask-based web
application, allowing users to upload CT scan images and receive results in an accessible and user-
friendly manner. The system also generates automated

diagnostic reports, making it suitable for practical use in clinical and remote healthcare environments.

Unlike traditional approaches, the proposed system integrates detection, classification, visualization, and
reporting into a unified platform. This end-to-endsolution not only improves diagnostic efficiency but
also supports healthcare professionals in making faster and more informed decisions.

2. LITERATURE SURVEY

The The development of automated medical imaging systems for lung cancer detection has gained
significant attention in recent years due to the increasing need for early diagnosis, improved
accuracy, and reduced dependency on manual analysis. Researchers have focused on leveraging
deep learning techniques, advanced neural network architectures, and explainable Al methods to
enhance diagnostic performance and reliability. This section reviews recent research contributions
related to lung cancer detection, particularly focusing on deep learning models, medical image
classification, and interpretability techniques.

From the reviewed literature, the following key observations can be made:

* Deep learning models, especially Convolutional Neural Networks (CNNSs), are highly effective for
lung cancer detection using CT scan images.

* Advanced architectures such as EfficientNet improve classification accuracy while maintaining
computational efficiency.

* Explainable Al techniques like Grad-CAM play a crucial role in improving transparency and trust
in medical diagnosis systems.

* Most existing studies focus primarily on detection and classification, with limited attention to
stage prediction and risk assessment.

» Multimodal approaches provide comprehensive analysis but are often complex and difficult to
deploy in real-world healthcare systems.

* There is a lack of integrated, user-friendly systems that combine detection, explainability, and
deployment into a single platform.

* Real-time implementation and practical usability remain challenges in many existing research
solutions.

This highlights the need for an end-to-end, deployable system like OncoSense Al that integrates
accurate classification, explainability, and practical healthcare application.

3. PROPOSED SYSTEM

The proposed system is an OncoSense Al-based lung cancer detection platform designed to ensure
accurate diagnosis, efficient analysis, and reliable prediction through automated processing of CT
scan images. The system leverages deep learning techniques to perform detection, classification,
stage prediction, and risk assessment, reducing dependency on manual interpretation and improving
overall diagnostic efficiency.

In this system, CT scan images are acquired either from medical datasets or through user input via a
web-based interface. These images undergo preprocessing steps such as resizing, normalization,
and data augmentation to maintain consistency and enhance model performance. The processed
data is then converted into tensors and passed to a pre-trained EfficientNet model, which performs
feature extraction and classification.
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Fig 3.1: System Architecture of OncoSense Al Framework

The system follows a layered architecture to ensure modularity and scalability. It includes multiple
functional layers:

* Data Input Layer for acquiring CT scan images

* Processing Layer for preprocessing and transformation

* Model Layer for deep learning-based classification using EfficientNet

* Visualization Layer for generating Grad-CAM heatmaps

* Output Layer for displaying results and generating automated reports

The core analysis module performs multiple operations, including:

* Detection of lung cancer presence

* Classification into types such as Adenocarcinoma, Squamous Cell Carcinoma, Large Cell
Carcinoma, and Normal

» Stage prediction of cancer progression

* Risk assessment for patients

Grad-CAM visualization is integrated into the system to highlight important regions in CT scan
images, improving interpretability and building trust in Al-based predictions.

The system provides results through a user-friendly web interface, where users can view predictions
and download automated diagnostic reports in PDF format.
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Advantages of the proposed system architecture:

* High accuracy using EfficientNet deep learning model
* Explainable Al through Grad-CAM visualization

» Automated detection and classification of lung cancer

» User-friendly and accessible web-based interface

* Scalable and extensible design for future enhancements

The proposed system offers an integrated, efficient, and practical solution for lung cancer diagnosis
by combining deep learning, explainable Al, and real-world deployment capabilities.

4. IMPLEMENTATION

The Image Data Preprocessing Objective:

Prepare CT scan images for efficient and accurate deep learning analysis.

Execution Logic:

Load CT scan images — resize to 224x224 — normalize pixel values — apply data augmentation —
convert images into tensors

Algorithms Used & Detailed Explanation:

» Image Normalization:

CT scan images contain pixel intensity values that may vary widely. Normalization scales these values
(typically between 0 and 1), ensuring that all images have a consistent range. This helps the EfficientNet
model process the data more effectively, improves convergence speed during training, and avoids bias
toward high-intensity regions.

+ Data Augmentation:
Since medical datasets are often limited, augmentation techniques such as rotation, horizontal flipping,
and zooming are applied to generate multiple variations of the same image. This helps the model learn
generalized features rather than memorizing specific patterns, thereby reducing overfitting and improving
performance on unseen data.

« Tensor Conversion:
After preprocessing, images are converted into tensor format so that they can be processed by the deep
learning framework. This step ensures compatibility with PyTorch operations and enables efficient batch
processing.
Output:
A standardized and enhanced dataset ready for model training and inference

Step 1: Cancer Detection and Classification Objective:

Detect the presence of lung cancer and classify its type using CT scan images.
Computation Logic:

Input image — convolutional feature extraction — deep feature learning — classification
Algorithms Used & Detailed Explanation:

» Convolutional Neural Network (CNN): CNN acts as the backbone for feature extraction. The
convolution layers scan the CT image using filters to detect important patterns such as edges,
textures, and abnormal tissue structures. Pooling layers reduce dimensionality while preserving
important features. This hierarchical feature extraction allows the system to identify complex
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patterns associated with lung cancer.

» EfficientNet(Transfer-Learning): EfficientNetis used as the primary
classification model. Instead of training a model from scratch, a pre-trained EfficientNet (trained
on large datasets) is fine-tuned using lung CT images. It uses compound scaling to balance depth,
width, and resolution, enabling high accuracy with fewer parameters.

In this system, EfficientNet:
e Takes preprocessed CT images as input
e Extracts high-level features through deep layers
e Applies fully connected layers for classification
e Outputs probability scores for each class The image is classified into:
e Adenocarcinoma
e Sguamous Cell Carcinoma
e Large Cell Carcinoma

e Normal

Step 2: Stage Prediction Objective:

Estimate the stage or severity level of lung cancer.

Computation Logic:

Use classification output + extracted features — apply decision-based staging
Algorithms Used & Detailed Explanation:

» Feature-Based Decision Logic: The system analyzes features extracted by EfficientNet such as
intensity distribution and abnormal region patterns. These features are used to infer the extent of
tumor spread.

« Threshold-Based Classification:

Predefined thresholds are applied to prediction probabilities and feature values. For example,
higher malignancy probability and stronger abnormal feature presence indicate advanced stages.
Based on these thresholds, the system categorizes the cancer into different severity levels.

This approach provides a simplified but effective staging mechanism in the absence of full clinical data.

Step 3: Risk Assessment Objective:

Evaluate the risk level associated with the detected condition.
Computation Logic:

Combine classification confidence + stage prediction — assign risk level

Algorithms Used & Detailed Explanation:

» Probability-Based Risk Scoring: The output of EfficientNet provides probability scores for
each class. A higher probability for malignant classes indicates a higher likelihood of cancer
presence. This score is directly used as a key factor in determining risk.

Rule-Based Classification:
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Logical rules are applied to combine stage and probability scores. For example:
e High probability + advanced stage — HIGH risk

e Moderate probability — MEDIUM risk

e [ ow probability — LOW risk

This ensures that the system provides meaningful and interpretable risk levels.
Step 4: Explainable Al (Grad-CAM) Objective:

Provide visual explanations for the model’s predictions.
Computation Logic:

Compute gradients — map importance — generate heatmap — overlay on image
Algorithms Used & Detailed Explanation:

* Grad-CAM (Gradient-weighted Class Activation Mapping):

Grad-CAM is used to understand which parts of the CT image influenced the model’s decision. It works
by computing the gradients of the predicted class with respect to the final convolutional layer.
Step-by-step:

1. Forward pass through EfficientNet to get prediction

2. Backpropagate gradients from the predicted class

3. ldentify important feature maps

4. Generate a heatmap highlighting critical regions
5. Overlay heatmap on original CT image

The highlighted regions (usually in red) indicate tumor or abnormal areas, allowing doctors to visually
verify the prediction and increasing trust in the Al system.
System Implementation Features

EfficientNet-based deep learning model for high accuracy

CNN-based feature extraction for medical imaging
Grad-CAM for explainable Al visualization
Automated cancer detection, staging, and risk prediction

Flask-based web application for user interaction

+ PDF diagnostic report generation for medical use

5. RESULTS

The proposed OncoSense Al system demonstrates strong performance in lung cancer detection,
classification, and analysis using CT scan images. The results are presented through system outputs,
visualization modules, and user interface screens, highlighting the effectiveness of the model and the
practical usability of the system.

The system is deployed as a Flask-based web application that allows users to upload CT scan images for
analysis. The interface is designed to be simple and user-friendly, enabling users to easily upload images
and obtain predictions with a single click.
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This ensures accessibility for both technical and non- technical users, making the system practical for
real- world healthcare environments.
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FIG 5.1 : Web Application Interface for CT Scan Upload

The system provides a detailed prediction summary through the web interface, including cancer detection
results, subtype classification, confidence score, stage prediction, and survival indicators. The Grad-CAM
heatmap is displayed alongside the original CT scan, highlighting the regions that influenced the model’s
decision. This visualization helps in improving interpretability and allows users to verify the prediction
results effectively.
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FIG 5.2 : Prediction Summary and Heatmap Visualization

The system generates an automated diagnostic report in PDF format containing key medical insights such
as cancer detection status, confidence level, estimated stage, and risk indicators. The report also includes
both the original CT scan image and the Grad-CAM heatmap for visual validation. The generated report
ensures that all critical information is presented in a structured and easy-to-understand format, making it
suitable for medical reference and documentation.
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FIG 5.3 : Al-Generated Diagnostic Report

6. CONCLUSION

In conclusion, this paper presented OncoSense Al, a deep learning-based framework for
automated lung cancer detection, classification, stage prediction, and risk assessment using CT
scan images. The system effectively analyzes medical imaging data to extract meaningful
insights related to cancer identification, severity estimation, and patient risk evaluation. By
leveraging advanced models such as EfficientNet and incorporating explainable Al techniques
like Grad-CAM, the proposed approach overcomes the limitations of traditional manual
diagnostic methods and enhances both accuracy and reliability in medical image analysis. The
experimental results demonstrate strong classification performance and the ability to distinguish
between multiple types of lung cancer, while Grad-CAM visualizations improve transparency by
highlighting critical tumor regions. Furthermore, the inclusion of stage prediction and risk
assessment modules provides deeper clinical insights, making the system more comprehensive.
The integration of a Flask-based web application ensures accessibility and ease of use, allowing
users to upload CT scan images and receive instant predictions along with automated reports.
Overall, the proposed system offers a scalable, efficient, and practical solution for real-world
healthcare applications, supporting medical professionals in early diagnosis, informed decision-
making, and improved patient outcomes while reducing reliance on manual analysis.
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