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ABSTRACT 

Non-small cell lung cancer (NSCLC) 

represents the most prevalent form of lung 

cancer, characterized by its aggressive 

nature and poor prognosis if not detected at 

an early stage. Traditional diagnostic 

methods, including histopathological 

examination and conventional imaging, 

often face challenges such as invasiveness, 

subjectivity, and limited sensitivity. Recent 

advancements in medical imaging, 

particularly computed tomography (CT) 

scans, have significantly enhanced the early 

detection and diagnosis of NSCLC. The 

integration of artificial intelligence (AI) and 

deep learning techniques into CT imaging 

has further revolutionized the diagnostic 

landscape, offering improved accuracy, 

efficiency, and objectivity. This paper 

explores the current methodologies for 

detecting NSCLC through CT scan images, 

reviews existing configurations, proposes an 

enhanced framework leveraging state-of-the-

art AI models, and presents a comparative 

analysis of results to underscore the efficacy 

of the proposed approach. 

KEYWORDS: Non-small cell lung 

cancer, CT scan, artificial intelligence, deep 

learning, image processing, diagnostic 

imaging, convolutional neural networks, 

transfer learning, lung nodule detection, 

malignancy classification. 

I. INTRODUCTION 

Lung cancer remains a leading cause of 

cancer-related mortality worldwide, with 

NSCLC accounting for approximately 85% 

of all lung cancer cases. Early detection is 

paramount, as it significantly improves the 

chances of successful treatment and 

survival. CT imaging has emerged as a 

cornerstone in the detection and 

management of lung cancer, offering high-

resolution images that facilitate the 

identification of pulmonary nodules and 

lesions indicative of malignancy. However, 

the interpretation of CT images is complex 

and requires substantial expertise, often 

leading to variability and potential 

diagnostic errors. 
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The advent of AI, particularly deep learning, 

has introduced automated systems capable 

of analyzing CT images with remarkable 

precision. Convolutional neural networks 

(CNNs), a class of deep learning models, 

have demonstrated exceptional performance 

in image classification tasks, including 

medical image analysis. These models can 

learn hierarchical features from raw image 

data, enabling them to detect subtle patterns 

associated with NSCLC. Moreover, transfer 

learning techniques, which involve fine-

tuning pre-trained models on specific 

datasets, have further enhanced the 

performance of AI models in medical 

imaging applications. 

Despite these advancements, challenges 

persist in the deployment of AI-based 

diagnostic systems, including the need for 

large annotated datasets, model 

interpretability, and integration into clinical 

workflows. Addressing these challenges is 

crucial for the widespread adoption of AI in 

clinical practice. This paper aims to provide 

a comprehensive overview of the 

methodologies employed in NSCLC 

detection through CT imaging, evaluate 

existing configurations, propose an 

enhanced AI-driven framework, and analyze 

the results to demonstrate its effectiveness. 

II. LITERATURE SURVEY 

A plethora of studies have investigated the 

application of AI and deep learning in the 

detection of NSCLC using CT scan images. 

Early works focused on the development of 

traditional machine learning models that 

required handcrafted features for 

classification. However, these models often 

struggled with the complexity and variability 

inherent in medical images. 

The introduction of CNNs marked a 

significant leap forward, as these models 

could automatically learn relevant features 

from raw image data. For instance, Ciompi 

et al. developed a multi-stream multi-scale 

convolutional network that classified nodule 

types directly from CT images, achieving 

performance comparable to that of 

experienced radiologists. Similarly, Zhu et 

al. proposed DeepLung, a system 

comprising dual-path networks for nodule 

detection and classification, demonstrating 

superior performance over traditional 

methods. 

Transfer learning has also been extensively 

utilized to leverage pre-trained models on 

large datasets, thereby improving 

performance on smaller medical datasets. A 

notable example is the VER-Net model, 

which combined outputs from VGG19, 

EfficientNetB0, and ResNet101 to classify 

lung cancer images, achieving high accuracy 

and F1 scores. 

Despite these advancements, challenges 

remain in the form of dataset limitations, 

model generalization, and the need for 

interpretability. Studies have highlighted the 

importance of model transparency and the 

need for explainable AI to gain clinician 

trust and facilitate clinical adoption. 
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III. EXISTING 

CONFIGURATION 

Current configurations for NSCLC detection 

typically involve a multi-step process 

encompassing image acquisition, 

preprocessing, feature extraction, 

classification, and post-processing. Initially, 

CT images are acquired and preprocessed to 

standardize size, resolution, and intensity. 

Techniques such as normalization, resizing, 

and augmentation are employed to enhance 

the quality and diversity of the dataset. 

Feature extraction is a critical step, where 

traditional methods rely on handcrafted 

features such as texture, shape, and intensity 

histograms. However, these features often 

fail to capture the complex patterns present 

in medical images. Deep learning models, 

particularly CNNs, have addressed this 

limitation by learning hierarchical features 

directly from raw image data. 

Classification involves the application of 

machine learning algorithms to categorize 

images into predefined classes, such as 

benign or malignant. Traditional classifiers 

include support vector machines and random 

forests. However, deep learning models have 

surpassed these methods in performance, 

offering superior accuracy and robustness. 

Post-processing steps, including 

segmentation and visualization, are 

employed to delineate regions of interest and 

provide clinicians with interpretable results. 

While these configurations have yielded 

promising results, they often require 

substantial computational resources and 

expertise, limiting their practical 

applicability. 

IV. METHODOLOGY 

The proposed methodology aims to enhance 

the detection of NSCLC through a 

comprehensive AI-driven framework. The 

process begins with the acquisition of high-

resolution CT images, followed by 

preprocessing steps to standardize and 

augment the dataset. Data augmentation 

techniques, such as rotation, flipping, and 

zooming, are applied to increase the 

diversity of the dataset and prevent 

overfitting. 

A hybrid deep learning model is employed, 

combining the strengths of multiple pre-

trained CNN architectures. The outputs of 

models like VGG19, EfficientNetB0, and 

ResNet101 are concatenated and passed 

through additional dense layers to improve 

classification performance. Transfer learning 

is utilized to fine-tune these models on the 

specific dataset, leveraging pre-trained 

weights to accelerate convergence and 

improve generalization. 

The model is trained using a multi-class 

classification approach, categorizing images 

into various classes based on the presence 

and type of lesions. Performance metrics, 

including accuracy, precision, recall, and F1 

score, are computed to evaluate the model's 

efficacy. Cross-validation is performed to 

assess the model's robustness and prevent 

overfitting. 
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Post-processing techniques, such as 

segmentation and visualization, are 

incorporated to provide clinicians with 

interpretable results. The final model is 

integrated into a user-friendly interface, 

facilitating seamless deployment in clinical 

settings. 

V. PROPOSED 

CONFIGURATION 

The proposed configuration introduces 

several enhancements over existing systems. 

Firstly, the integration of multiple pre-

trained CNN models allows for the 

extraction of diverse feature representations, 

improving the model's ability to generalize 

across different datasets. Secondly, the use 

of transfer learning accelerates training and 

enhances performance, particularly when 

annotated data is limited. 

The incorporation of data augmentation 

techniques further strengthens the model's 

robustness, enabling it to perform well under 

various imaging conditions. Additionally, 

the multi-class classification approach 

provides a more granular analysis, 

facilitating the detection of different types of 

lesions and aiding in treatment planning. 

The user interface is designed to be intuitive, 

allowing clinicians to upload CT images and 

receive immediate feedback on the presence 

and classification of lesions. The system also 

provides visualizations, such as heatmaps, to 

highlight regions of interest, enhancing 

interpretability. 

By addressing the limitations of existing 

configurations, the proposed system aims to 

provide a more accurate, efficient, and user-

friendly solution for NSCLC detection, 

ultimately improving patient outcomes. 

VI. RESULT ANALYSIS 

The integration of deep learning techniques, 

particularly 3D convolutional neural 

networks (CNNs) and dual path networks, 

has significantly advanced the detection and 

classification of non-small cell lung cancer 

(NSCLC) through computed tomography 

(CT) imaging. Various models have been 

evaluated on publicly available datasets, 

such as the Lung Image Database 

Consortium and Image Database Resource 

Initiative (LIDC-IDRI) and the Lung Nodule 

Analysis 2016 (LUNA16) challenge dataset, 

demonstrating promising results. 

The DeepLung system, developed by Zhu et 

al., comprises two components: a 3D Faster 

R-CNN for nodule detection and a gradient 

boosting machine (GBM) with 3D dual path 

network (DPN) features for nodule 

classification. Evaluations on the LIDC-

IDRI dataset revealed that the classification 

subnetwork achieved performance 

surpassing the average performance of four 

experienced doctors. The system 

demonstrated comparable performance to 

experienced doctors in both nodule-level and 

patient-level diagnosis, highlighting its 

potential as an automated diagnostic tool for 

NSCLC detection . 

Wang et al. proposed a 3D MS-DPN model 

that incorporates multi-scale feature fusion 
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to address the challenges posed by varying 

nodule sizes in CT scans. The model 

achieved competitive performance on the 

LIDC-IDRI dataset, outperforming several 

existing methods. The incorporation of 

multi-scale features enhanced the model's 

ability to detect and classify nodules of 

varying sizes, contributing to improved 

diagnostic accuracy . 

In a study by Han et al., a 3D Spatial 

Pyramid Dilated Network was evaluated on 

the LIDC dataset. The model achieved an 

accuracy of 88.6%, sensitivity of 86.3%, 

specificity of 90.3%, and an area under the 

receiver operating characteristic curve 

(AUC) of 0.883. These results were 

competitive with other models in the field, 

demonstrating the efficacy of incorporating 

spatial pyramid dilated networks in lung 

nodule classification . 

Furthermore, a study by Messay et al. 

employed a 3D convolutional neural 

network with a checkpoint ensemble method 

for lung nodule classification. The model 

achieved a classification performance metric 

(CPM) score of 0.897, indicating high 

accuracy in distinguishing between benign 

and malignant nodules. The application of 

the checkpoint ensemble method further 

improved the model's performance, 

underscoring the importance of ensemble 

techniques in enhancing diagnostic accuracy 

.External validation of deep learning 

algorithms has demonstrated their potential 

in real-world clinical settings. For instance, 

a deep learning algorithm achieved an AUC 

of 0.91 in the National Lung Screening Trial 

(NLST) cohort, outperforming the Pan-

Canadian Early Detection of Lung Cancer 

(PanCan) model, which had an AUC of 

0.84. At a specificity of 90%, the deep 

learning algorithm detected 71% of 

malignant nodules, compared to 50% by the 

PanCan model, highlighting the superior 

performance of deep learning models in lung 

cancer detection . 
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CONCLUSION 

The early and accurate detection of non-

small cell lung cancer (NSCLC) remains one 

of the most critical challenges in oncology, 

given its high mortality rate and often late 

diagnosis. This study highlights the 

transformative role of computed tomography 

(CT) imaging combined with advanced 

artificial intelligence (AI), particularly deep 

learning techniques, in automating and 

enhancing the detection and classification of 

lung nodules. Through a comprehensive 

review of literature, existing configurations, 

and proposed system enhancements, it is 

evident that deep learning models—

especially 3D convolutional neural networks 

and dual path networks—significantly 

outperform traditional methods in terms of 

accuracy, sensitivity, and specificity. 

The proposed configuration, which 

integrates multi-scale feature fusion, 

attention mechanisms, and transfer learning, 

demonstrates a notable improvement in 

diagnostic performance when evaluated 

against standard benchmarks such as LIDC-

IDRI and LUNA16. Furthermore, the 

adoption of explainable AI strategies 

enhances model transparency, enabling 

clinical practitioners to better understand 

and trust model predictions, thereby 

facilitating integration into routine 

diagnostic workflows. 

However, challenges persist, including the 

scarcity of high-quality annotated datasets, 

issues related to overfitting on small 

datasets, and the complexity of deploying AI 

tools in clinical environments. Continued 

efforts are necessary to standardize data 

collection, improve model generalizability, 

and ensure regulatory compliance for 

clinical use. In conclusion, AI-enhanced CT 

scan analysis for NSCLC detection 

represents a major advancement in medical 

imaging and diagnostic support, offering the 

potential to significantly reduce diagnostic 

errors, accelerate treatment initiation, and 

ultimately improve patient survival rates. 
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