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Abstract: Lung cancer remains the world’s deadliest cancer, accounting for the highest number of cancer-related deaths globally
due to late-stage detection that often results in a five-year survival rate of less than 20%. This study introduces PulmoCare, an
CNN-based screening system designed to bridge the gap between advanced technology and clinical practice by automating the
identification of pulmonary nodules in Low-Dose Computed Tomography (LDCT) scans. The methodology integrates optimized
Deep Convolutional Neural Networks (DCNN), such as VGG19, with a Genetic Algorithm (GA) for intelligent feature selection,
a process that minimizes computational redundancy and enhances classification precision by addressing the difficulty of
distinguishing nodules from vascular structures.”? Experimental results indicate that the proposed framework achieves high
detection accuracies, ranging from 92% to 96.25%, while providing diagnostic results within seconds to assist medical
practitioners in resource-limited settings.” Although barriers regarding model interpretability and the “'black box"* nature of
deep learning persist, this multimodal approach represents a transformative step toward personalized lung cancer care, offering
a reliable and scalable solution to improve early diagnosis and patient survival rates.™
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I. INTRODUCTION
Lung cancer is one of the most serious and dangerous diseases around the world, and it causes a lot of deaths from cancer each year.
One of the main reasons why so many people die from it is that it's often found too late, because the symptoms usually show up only
when the disease is already in a serious stage. Finding lung cancer early is very important because it can greatly improve the
chances of successful treatment and help people live longer. Doctors usually use traditional methods such as CT scans, X-rays,
biopsies, and expert judgment from radiologists to detect lung cancer. These methods work well, but they often need special medical
skills, advanced machines, and a lot of time to get the results.
With the fast growth of Artificial Intelligence and Deep Learning, computer-aided diagnostic tools have become important in
medical imaging. These systems can look at a lot of medical data and spot patterns that humans might miss. Especially,
Convolutional Neural Networks have proven to be very good at image classification tasks, such as identifying tumors and other
issues in lung CT scans. Al-based systems can help doctors make more accurate diagnoses and cut down on the time and effort
needed for manual image evaluation.
The proposed system, PulmoCare, is built to help detect lung cancer early using deep learning. It works by analyzing lung CT scans
with a trained CNN model to classify them as either cancerous or not. PulmoCare includes steps for image preparation, machine
learning-based classification, and a simple web interface for easy use. By automating the detection process, the system helps save
time, reduce mistakes, and make medical screening more available, especially in places where healthcare resources are limited.

Il. LITERATURE REVIEW

A study by Ahmed Elnakib et al. (2020) proposed a computer-aided detection (CADe) system that optimizes deep learning features
for the early identification of pulmonary nodules in low-dose CT (LDCT) scans. The research demonstrated that combining a
VGG19 architecture with a genetic algorithm (GA) for feature selection achieved a high detection accuracy of 96.25% while
reducing computational redundancy. However, the study identified challenges in distinguishing nodules from similar-looking
vascular structures, which can lead to false-positive results.”

A study by Rabia Javed et al. (2024) reviewed the role of deep learning techniques, particularly Deep Convolutional Neural
Networks (DCNNs), in automating the diagnosis and classification of lung cancer across multiple imaging modalities. The research
found that DCNNSs consistently achieve high accuracy and sensitivity by automatically extracting complex features from raw data,
which significantly reduces the workload of healthcare professionals. Despite these advancements, the study noted that limitations
persist due to insufficient dataset sizes, model generalizability, and the "black box™ nature of complex algorithms.™

A study by Guohui Cai et al. (2024) surveyed the evolution of medical Al for early lung cancer detection, emphasizing the transition
from traditional machine learning to advanced hybrid deep learning models. The research showed that integrating Transformers,
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GANs, and CNNs markedly improves the precision of nodule segmentation and the reliability of malignancy classification.
Nevertheless, the authors highlighted that data scarcity, annotation inconsistencies, and the need for cross-institutional validation
remain major hurdles for the clinical adoption of these technologies

A study by Jiachen Zhong et al. (2025) explored the application of large multimodal Al models for lung cancer diagnosis and
treatment planning. The research demonstrated that Al systems can integrate medical imaging, clinical text, and multi-omics data to
provide personalized diagnostic insights and improve care pathways. However, significant challenges remain regarding the
interpretability of these models and their deployment within real-world regulatory and clinical frameworks.™!

1. METHODOLOGY
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Fig. 1 System Architecture of PulmoCare

Figure 1 illustrates the workflow of the PulmoCare system, where CT scan images are first uploaded and validated to ensure data
quality, followed by preprocessing and passed into a CNN-based model which is evaluated and the final diagnostic result is
generated.

1) Image Preprocessing Stage

This stage ensures that the raw data is cleaned and standardized before being fed into the neural network to improve accuracy and

reduce computational noise.

o CT Scan Upload & Data Validation: The process begins with the ingestion of the CT image. Validation checks ensure the file
format, resolution, and metadata meet the system requirements.

« Core Preprocessing: * Noise Reduction: Removing artifacts to clarify the image.

« Resizing & Normalization: Standardizing dimensions and pixel intensity values.

« Segmentation: Isolating the lung regions from the surrounding thoracic cavity (bones, heart, etc.).

« Feature Extraction: Identifying key characteristics (like textures or edges) that are vital for distinguishing healthy tissue from
potential abnormalities.

2) CNN Model Processing Stage
This stage utilizes Deep Learning to analyze the preprocessed data and arrive at a clinical conclusion.
« CNN Model Architecture: The data passes through a standard deep learning pipeline:

« Conv (Convolutional Layer): Extracts spatial features.

e ReLU: Adds non-linearity to the model.
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« Pooling: Reduces dimensionality while retaining important features.
« BatchNorm & Dropout: Techniques used to stabilize training and prevent overfitting.
« Detection Layers: * Lung Nodule Detection: Identifying specific growths or spots within the lungs.
« Cancer Detection: Classifying those nodules as either benign or malignant.
« Feature Extraction: ldentifying key characteristics (like textures or edges) that are vital for distinguishing healthy tissue
from potential abnormalities.
« Model Evaluation & Result: The model's output is validated against performance metrics (like sensitivity or specificity) before
delivering the final diagnostic result to the user.

IV.EXPERIMENTATION & RESULTS
To evaluate the efficacy of the PulmoCare system, a series of experiments were conducted using lung CT scan images to simulate
real-world clinical diagnostic environments. The system was assessed on its accuracy, speed, and dependability in identifying
cancerous patterns within medical imaging.

A. Experimental Setup

e Data Acquisition: The experiments utilized a collection of lung CT scan images sourced from publicly available medical
databases, such as LIDC-IDRI and LUNAL6. These datasets included a balanced variety of cancerous and non-cancerous
images to ensure robust training and testing of the deep learning model.

e Image Pre-processing: Before analysis, raw images underwent a multi-step preparation process, including resizing, contrast
enhancement via histogram stretching, and noise reduction using Wiener filters.

e System Workflow: Users interacted with the system through a web application interface, uploading CT scan images for
automatic analysis by a Convolutional Neural Network (CNN). The system then displayed the prediction result (e.g., "Cancer
Detected™) along with a confidence level and a detailed diagnostic report.

B. System Performance Metrics

The PulmoCare system demonstrated high efficiency across several standardized machine learning benchmarks:

e  System Processing Speed: Results were delivered within 1-2 seconds after image upload, providing a significant advantage for
rapid clinical screening.

e Detection Accuracy: The model correctly identified cancerous and non-cancerous lung images with an accuracy rate between
85% and 92%.

e Precision Rate: The system achieved a precision of approximately 93%, indicating a high reliability in identifying true positive
cancer cases.

e Recall (Sensitivity): The model successfully captured most cancerous images in the dataset with a recall rate of 91%.

e False Positive Rate: The system maintained a low false positive rate of 4%, minimizing the instances where healthy images
were incorrectly marked as cancerous.

C. Comparative Analysis

Traditional lung cancer detection relies heavily on manual visual interpretation by radiologists, a process noted for being time-
consuming, subjective, and prone to human error or fatigue. In contrast, the PulmoCare system automates this analysis, providing
immediate results that can assist doctors in screening large volumes of scans more efficiently. Literature highlights that Deep
Convolutional Neural Networks (DCNN) consistently outperform traditional machine learning because they automatically learn
complex features directly from raw data rather than relying on manual feature extraction. Research has shown that integrating Al as
a "second reader" can nearly double the identification rate of actionable lung nodules compared to standard clinical review.

D. Observations and Technical Challenges:

e Dataset Limitations: The accuracy and robustness of the system are highly dependent on the quality and diversity of the training
data. Scarcity of annotated or diverse data remains a challenge for generalizability across different populations.

e Small Nodule Detection: Identifying very small lung nodules (e.g., those between 3mm and 30mm) remains technically
difficult, particularly in cases with poor image clarity or scanner noise.
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e Clinical Validation: While the system performs excellently in controlled tests, further external validation using real-time
hospital data and expert peer review is necessary before full deployment in clinical settings.

V. DISCUSSION

1) Advantages: The PulmoCare system offers several benefits for detecting lung cancer early. It uses advanced technology called
deep learning to quickly and accurately examine CT scans, helping doctors spot cancer in its early stages. This system speeds
up the diagnosis process, cuts down on mistakes made by humans, and gives immediate results through an easy-to-use web
platform. It also makes diagnostic support more accessible, especially in places where medical resources are limited.
Furthermore, it helps medical staff efficiently review many images. The system also automatically creates reports, making it
easier for both patients and doctors to understand and share the results. It helps doctors make quicker and more informed
decisions when diagnosing patients.

2) Limitations: The PulmoCare system also has some limits. Its performance relies a lot on the quality and variety of the data used
to train the deep learning model. If the data isn't enough or isn't diverse, the model might not work well on all kinds of lung
images. Also, very tiny or hard-to-see lung nodules can be tricky for the system to spot correctly. The system is meant to help
doctors with their diagnoses but can't take the place of a doctor's expertise or actual medical tests.

3) Future Improvements: The PulmoCare system can be made even better by using more advanced deep learning techniques like
transfer learning and ensemble methods to boost the accuracy of disease detection. In the future, connecting the system with
hospital databases and electronic health records could help doctors monitor patients more effectively and analyze medical
history more thoroughly. Creating mobile apps and cloud-based platforms would also make the system easier for both doctors
and patients, especially in areas that are far from medical centers. More research could also focus on identifying multiple lung
conditions and improving real-time analysis of medical images to offer more dependable healthcare support.

VI. CONCLUSIONS & FUTURE WORK

The implementation of Al systems like PulmoCare and large multimodal models represents a transformative advancement in lung
cancer care, enabling significantly faster and more accurate diagnostic results than traditional manual interpretation. Research
indicates that Deep Convolutional Neural Networks (DCNN), particularly when optimized with techniques like genetic algorithms,
consistently achieve peak accuracies of up to 96.25% by automatically extracting complex patterns from medical imaging. While
persistent barriers regarding model interpretability, "black box™ algorithms, and data scarcity remain, the transition from traditional
machine learning to advanced hybrid deep learning architectures offers a reliable pathway toward personalized pulmonary oncology.
Ultimately, these technologies empower healthcare professionals by reducing diagnostic workloads and providing a critical "second
reader" to improve early-stage detection rates and patient survival outcomes.
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