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Abstract - Lung cancer is a common and life-threatening
disease with a high mortality rate all over the world.
Detecting this early plays an important role in improving
patient outcomes and reducing mortality. In recent years,
deep learning models have shown significant potential in
medical image analysis, especially in the field of cancer
detection. This paper presents a new approach for lung
cancer detection using the VGG-16 algorithm, a
convolutional neural network (CNN) architecture known for
its performance in image classification tasks. We provide a
comprehensive methodology that includes lung image pre-
processing, VGG-16 model training on an annotated lung
scan and model performance evaluation using various
metrics such as accuracy, sensitivity and specificity. In
addition, we investigate the effect of different
hyperparameters and data augmentation techniques on
model performance. Experimental results show the
effectiveness of the VGG-16 algorithm for accurate detection
of lung cancer based on medical image data. The proposed
approach holds significant promise for improving the early
diagnosis and treatment planning of patients with lung
cancer, ultimately contributing to improved clinical
outcomes and quality of life.
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1.INTRODUCTION

Bronchogenic Carcinoma is a vital global haleness
problem, requiring urgent attention due to its impact on
patient prognosis and survival rates. Timely detection is
essential, and computed tomography(CT) scans have
emerged as important diagnostic tools for lung cancer and
its stages. To address this, considerable research has
focused on lung cancer detection systems from CT images.
This project report presents our attempt to use a deep
learning model, specifically the VGG-16 algorithm, to
predict lung cancer using CT scan images. Bronchogenic
Carcinoma is the major cause of mortality related to
cancer worldwide, underscoring the need for accurate
diagnostic tools, Although CT scanning provides detailed
information, manual interpretation is time-consuming and
prone to errors. Our project uses Deep Learning to
automate and improve Bronchogenic Carcinoma detection.
The core of the solution is the VGG-16 algorithm, which is
known for its image segmentation capabilities.

Differentiation between benign and malignant lung lesions
on CT scan images can alter the clinical picture and
diagnosis. Using VGG-16, we aim to improve the
correctness and efficacy of Bronchogenic Carcinoma
detection, emerging in best fallout for patients. This report
shows how to implement our system step by step. It
focuses on classifying the CT scan images using the VGG-
16 algorithm.

1.1 Lung Cancer Detection

Lung cancer is one of the deadly and most common
cancers in the world. Early detection is critical to
improving patient outcomes and survival. Traditionally,
the detection of lung cancer was based on methods such as
chest X-ray, computed tomography (CT), and tissue
biopsy. However, these methods often require extensive
manual inspection by radiologists and may not always
detect cancer at an early stage. In recent years, interest in
using deep learning techniques for early detection and
diagnosis of lung cancer has increased. . Deep learning is a
subset of artificial intelligence (Al) that involves training
neural networks to recognize patterns and make
predictions from large amounts of data. In medical
imaging such as CT scanning and X-rays, deep learning
algorithms can help radiologists identify suspicious areas
that may indicate the presence of cancer. One of the main
advantages of deep learning for lung cancer detection is its
ability to analyze a huge number of medical images
quickly and accurately. Deep learning models can be
trained on datasets containing thousands of annotated
images, allowing them to learn complex patterns
associated with cancer lesions. These models can then be
used to analyze new images and make recommendations
to radiologists for further evaluation. Several deep
learning techniques have been developed for lung cancer
detection, including Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN). In particular,
CNNs have shown promising results in detecting lung
nodules and other abnormalities in medical images.
Designed to  automatically learn  hierarchical
representations of image features, these networks are well
suited for tasks such as lung cancer detection.

2. LITERATURE REVIEW

Recent advancements in deep learning and machine
learning have propelled significant strides in the detection
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of lung cancer, a critical area of medical research aiming
for early diagnosis and improved patient outcomes.
Noteworthy studies, such as those by Puvvada Harsha Siva
Prasad et al. [1], Dr. K. Ramanjaneyulu et al. [2], Radhika et
al. [3], and Giinaydin et al. [4], shed light on various
methodologies and techniques employed in this domain.

In their study, Radhika, P. R., Nair, R. A,, & Veena, G. [3],
conduct a comparative analysis of lung cancer detection
using machine learning algorithms. Presented at the 2019
IEEE International Conference on Electrical, Computer and
Communication Technologies (ICECCT), their work
explores different machine learning techniques for lung
cancer detection. This research provides valuable insights
into the comparative performance of various algorithms,
contributing to the ongoing efforts to identify optimal
approaches for accurate and efficient lung cancer
detection.

Similarly, Giinaydin, 0., Giinay, M., & Sengel, O. [4], present
a comparative study of lung cancer detection algorithms at
the 2019 Scientific Meeting on Electrical-Electronics &
Biomedical Engineering and Computer Science (EBBT).
Their research delves into the comparison of different
algorithms, likely including both traditional machine
learning and deep learning approaches, to evaluate their
effectiveness in lung cancer detection. Such comparative
analyses play a crucial role in benchmarking and
advancing the state-of-the-art in lung cancer detection,
aiding researchers and clinicians in identifying the most
promising methodologies for clinical application.

Collectively, these studies underscore the interdisciplinary
nature of lung cancer detection research, drawing upon
diverse methodologies and techniques from machine
learning, deep learning, and medical imaging. By
synthesizing insights from these studies, researchers are
better equipped to develop robust and accurate
algorithms for early detection and diagnosis of lung
cancer, ultimately enhancing patient care and outcomes in
the fight against this deadly disease.

3. PROBLEM IDENTIFICATION & OBJECTIVES
3.1 Problem Statement

Lung cancer remains a formidable world fitness challenge,
and timely diagnosis is pivotal for boosting patient
prognosis and survivorship. Computed Tomography scans
come into view as a critical diagnostic device for
identifying

Bronchogenic Carcinoma and its stages. Consequently,
notable research has been done to develop a system that
can predict Bronchogenic Carcinoma from Computed
Tomography scans. We are implementing a Deep learning
model to predict Bronchogenic Carcinoma using CT Scans
using VGG16 algorithm.

3.2 Existing Methodology

Exploration in lung cancer discovery has seen remarkable
progress, particularly in the bracket of lung lesions as
benign, nasty, or normal using machine literacy and deep
literacy ways. colorful studies have employed
convolutional neural networks( CNNs) similar as
CheXNet, a modified DenseNet armature, for automatic
discovery and bracket of thoracic abnormalities from
casket radiographs( Ardila et al, 2019). Li etal.( 2020)
proposed a mongrel CNN and intermittent neural
network( RNN) frame, achieving high delicacy and area
under the wind( AUC) for differencing between benign
and nasty nodes on 3D CT reviews. Transfer literacy
with pre-trained CNN models like VGG and ResNet has
also been explored for lung bump brackets, demonstrating
notable advancements in bracket performance( Zhao et al,,
2021). Likewise, Wang etal.( 2019) introduced a multi-
task deep literacy approach for contemporaneous
discovery and bracket of lung nodes on CT reviews,
showcasing superior performance in terms of delicacy
and computational effectiveness compared to single- task
models. Overall, these studies emphasize the eventuality
of deep literacy ways in perfecting individual delicacy
and case issues in lung cancer webbing and opinion.

3.3 Proposed Methodology

We used VGG-16 to detect the lung cancer for the IQ-OTH
dataset, working of model is divided into two phases

3.3.1 Data Preprocessing
Image preprocessing is a convenient technique to refine
the standards of scans and upgrade them for examination

and for additional conversion. Geometric transformations
of images like rotation, scaling, translation are done in this

phase.

A
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Fig -1: Data Preprocessing Techniques
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3.3.2 VGG Architecture

VGG-16 CNN Architecture
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Fig -2: VGG-16 Architecture

The above diagram represents VGG-16 architecture, vgg-
16 is a CNN(Convolutional Neural Network) with 16 layers
which is why it is called VGG-16. It is generally used for
large scale image Recognition.

The network's straightforward design, characterized by its
deep stack of convolutional layers with small filter sizes,
facilitates powerful feature extraction, allowing it to
capture intricate patterns in images effectively. Despite
being surpassed by more complex architectures in recent
years, VGG-16 remains a benchmark model and a
cornerstone in the development of deep learning
techniques for computer vision tasks.

The VGG-16 has a total of layers out of which 13 are
convolutional layers and remaining 3 layers are fully
connected layers. The 13 convolutional layers are again
divided into 5 blocks out of which first 2 blocks has two
3x3 convolutional layers and remaining three blocks have
three 3x3 convolutional layers, each convolution is
followed Relu activation function to introduce non
linearity and also after each convolution block max
pooling is introduced to reduce the dimensions of the
image. After the convolutional blocks it is introduced to
fully connected layers also called as the linear layer which
is used to flatten the image that is it is used to classify the
given image into a label.At last an softmax activation
function is used to produce the class probabilities.

output Shape Param #

[(None, 176, 2@8, 3)]

blockl convl (Conv2D) (None, 176, 208, 64)

blockl conv2 (Conv2D) (None, 176, 208, 64) 36928

blockl pool (MaxPooling2D) (None, 88, 104, 64) (4]

block2 convl (Conv2D) (None, 88, 1e4, 128) 73856

block2_conv2 (Conv2D) (None, 1e4, 128) 147584

block2 pool (MaxPooling2D) (MNone, 2]

block3 convl (Conv2D) (None, 295168

block3 conv2 (Conv2D) (Nene, 590080

block3 conv3 (Conv2D) (None, 590080

block3 pool (MaxPooling2D) (Mone, : 2]

Total params: 15,243,875
Trainable params: 8,163,651
Non-trainable params: 7,079,424

Fig -3: Summary of the model
3.4 Objectives

The objectives of the research paper on lung cancer
detection using the VGG-16 architecture are multifaceted.
Firstly, it aims to address the urgent need for early
detection of lung cancer, a pressing healthcare challenge
associated with high mortality rates. Leveraging deep
learning techniques, particularly the VGG-16 algorithm,
the project seeks to develop an accurate and user-friendly
system for detecting lung cancer from CT scan images.

By focusing on improving model interpretability,
enhancing image quality, and handling class imbalances
through various techniques like noise cancellation,
contrast enhancement, and oversampling, the project aims
to achieve unbiased and reliable predictions. The ultimate
goal is to create a VGG-16 system capable of accurately
detecting benign and malignant lung lesions, thereby
improving patient prognosis and treatment outcomes.
Additionally, the project aims to develop user-friendly
web applications with robust security measures for data
encryption and user authentication, ensuring compliance
with healthcare regulations while optimizing scalability
and task efficiency.

Overall, the objectives encompass advancing lung cancer
detection through innovative deep learning methodologies
and practical deployment strategies to benefit both
patients and healthcare professionals alike.
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4.SYSTEM METHODOLOGY

4.1 Flowchart

Fig -4: A flowchart representing the methodology
4.2 Dataset Creation

The dataset sourced from kaggle consists of CT scans
collected over a 3-month period in the fall of 2019. It
includes images of patients diagnosed with various stages
of lung cancer, as well as images of healthy individuals.
The slides were annotated by expert
oncologists/radiologists at the IQ-OTH / NCCD. The total
size of the dataset is 209 MB and the dataset includes
1190 CT scan slices from 110 cases classified as normal,
benign, or malignant classes. In particular, 40 cases were
malignant, 15 were benign, and 55 were normal. The scans
were originally scanned using DICOM format using
Siemens’ SOMATOM scanner. The standard protocol is 120
kV, slice thickness is 1 mm, and the window width and
center setting are specified. Each scan includes 80-200
slices representing various angles of the chest.

We have used some data preprocessing techniques to
improve the overall quality of the image before using them
for model training so that model can be more accurate
while testing.

1190 CT Scans

110 Malignant 15 Benign 55 Normal
Cases Cases Cases

Fig -5: Overview of Dataset

4.3 Model Training

The dataset is split into training, testing and validation
sets.. This distribution is crucial for training a robust
model that can accurately identify cancer as Malignant,
Benign or Normal from lung images. The initial
distribution combines the test and validation sets,
ensuring an appropriate distribution of samples into
different sets. This layered approach helps preserve the
representation of both malignant and benign cases in each
subset. During rotation, the VGG-16 architecture is used as
a powerful feature collector that exploits its ability to
capture complex patterns and features of medical images.
The model is initialized with weights pre-trained on large-
scale image datasets such as ImageNet, allowing it to learn
meaningful representations for lung cancer detection.
Fine-tuning the VGG-16 model involves updating its
parameters using back propagation and optimization
techniques. such as stochastic gradient descent (SGD) or
Adam. This process facilitates the adaptation of pre-
trained features to the specific characteristics of lung
cancer image data. In addition, data augmentation
strategies such as rotation, scaling, and translation are
applied to the training images to increase the diversity of
the dataset and improve the model's ability to generalize
to unseen data. During training, hyperparameters such as
learning. rate, set size and regularization strength are
carefully adjusted to optimize the model performance. The
training loss is iteratively monitored and minimized, while
the validation set is used to assess the generalizability of
the model and avoid overfitting. Performance metrics
including accuracy, sensitivity, specificity, and the area
under the receiver operating curve (AUC-ROC) are
calculated during training to evaluate the performance of
the model in lung cancer lesions. upon detection. This
thorough evaluation ensures that the trained model can
effectively discriminate between malignant and benign
cases.

4.4 Model Testing

The trained model is evaluated against an independent
test set to provide unbiased estimates of its performance.
This final evaluation provides important insights into the
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real-world applicability of the model and its ability to help
clinicians accurately diagnose lung cancer based on
medical imaging data. The model testing step is necessary
to evaluate the performance of the lung cancer detection
model generated by the VGG-16 algorithm. After the model
is trained, accuracy and loss metrics are visualized over
successive time periods to monitor the learning dynamics
of the model and identify potential over- or under-fitting
problems. Evaluation metrics such as accuracy and loss
are then calculated for both the training and validation
sets to measure the generalization ability of the model.
Evaluation results, including training, validation, and
accuracy on independent test sets, as well as relevant
training parameters such as image dimensions, learning
rate, and set size, are compiled to provide a
comprehensive overview of model performance. In
addition, all the time spent in the training and evaluation
processes is recorded to evaluate the effectiveness of the
calculation. In addition, a confusion matrix is created
based on the test predictions of the model, which provides
insight into the distribution of true positive, true negative,
false positive and false negative predictions in different
categories of lung images. This analysis helps identify
potential errors or deviations in model predictions and
provides valuable feedback for model refinement and
improvement. Overall, the model testing phase ensures
the readiness of the VGG-16-based lung cancer detection
model for use in clinical settings, which will help improve
diagnostic accuracy and patient care.

4.5 Output and Representations

The final accuracy and performance metrics of the model
are substantiated visually through a series of graphs and
charts, showcasing accuracy and loss metrics across
epochs for both training and testing datasets. Additionally,
confusion matrices are created to represent classification
performance on both training and testing data, providing a
clear and concise understanding of the model's behavior.
Complementing these metrics are tumor images
displaying predicted classes alongside model confidence
scores, offering valuable insights into the model's
effectiveness and emotional impact. This comprehensive
presentation not only evaluates efficacy but also facilitates
further refinement and optimization, ultimately enhancing
overall performance for end-users.

5. OVERVIEW OF TECHNOLOGIES

In our pursuit of lung cancer detection using CT scans, the
VGG16 algorithm stands as a pivotal component within the
broader landscape of machine learning and computer
vision. Anchored upon the TensorFlow framework, our
research harnesses the power of VGG16, a preeminent
convolutional neural network architecture renowned for
its effectiveness in image classification tasks. TensorFlow,
serving as the bedrock of our methodology, offers a

flexible environment conducive to the implementation and
fine-tuning of deep learning models such as VGG16. This
synergy enables the seamless integration of advanced
neural network architectures into our workflow,
facilitating the analysis of intricate patterns within CT scan
images indicative of lung cancer. Furthermore, OpenCV
assumes a central role in our research paradigm,
facilitating critical preprocessing tasks and enhancing the
interpretability of CT scan data. Through OpenCV, we
adeptly extract frames from CT scan images, enabling the
creation of comprehensive datasets essential for training
the VGG16 model. Moreover, OpenCV's rich suite of
functionalities enables seamless color space conversion
and feature manipulation, augmenting the quality and
utility of input data for subsequent analysis. In essence,
the integration of VGG16 within the TensorFlow
framework, complemented by the versatile capabilities of
OpenCV, forms the cornerstone of our approach to lung
cancer detection. Through this amalgamation of cutting-
edge algorithms and tools, our research endeavors
culminate in a robust framework capable of discerning
subtle abnormalities indicative of lung cancer within CT
scan images, thereby contributing to advancements in
early diagnosis and treatment of this devastating disease.

6. RESULTS AND DISCUSSIONS

The VGG- 16 model's performance on the IQ- OTH/ NCCD
lung cancer dataset is exhaustively presented through a
collection of visual aids. These include graphs and charts
depicting accuracy and loss metrics over epochs for both
training and testing datasets. Likewise, confusion matrices
are generated to illustrate the classification performance
of the model on both training and testing data. This
detailed representation offers precious perceptivity into
the behavior and efficacy of the VGG- 16 model on the
specified dataset.
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Fig -6: Training & Validation Accuracy per Epoch
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Fig - 12 : Prediction Result for uploaded image
7. CONCLUSION & FUTURE SCOPE

In conclusion, the utilization of VGG16 algorithm for lung
cancer detection based on CT scan images offers a
promising avenue for early diagnosis and intervention.
Through this research, it has been demonstrated that the
deep learning model can effectively analyze intricate
patterns within CT scans, distinguishing between
malignant and benign nodules with high accuracy and
efficiency. The integration of VGG16 into medical imaging
holds tremendous potential for enhancing the diagnostic
process, enabling clinicians to make more informed
decisions and improve patient outcomes.

Furthermore, the findings of this study underscore the
importance of leveraging cutting-edge technologies in the
realm of healthcare. By harnessing the power of artificial
intelligence and machine learning, we can augment the
capabilities of medical professionals, streamline diagnostic
procedures, and ultimately, save lives. However, it's
crucial to acknowledge that the development and
implementation of such algorithms necessitate rigorous
validation, continuous refinement, and adherence to
ethical guidelines to ensure their reliability and safety in
clinical practice.

Looking ahead, further research and collaboration are
needed to enhance the robustness and generalizability of
VGG16-based lung cancer detection systems. This includes
exploring larger and more diverse datasets, refining the
algorithm's architecture, and investigating potential
integration with other modalities for comprehensive

patient assessment. Ultimately, by advancing the field of
computer-aided diagnosis in oncology, we can strive
towards earlier detection, personalized treatment
strategies, and improved prognosis for individuals
affected by lung cancer. The future scope would include.

Enhanced Diagnostic Precision:

Continued refinement and validation of the
VGG16 algorithm are expected to result in
heightened sensitivity and specificity in detecting
lung cancer nodules on CT scans.

This advancement could significantly improve
diagnostic precision, leading to earlier detection
of the disease and subsequent treatment
initiation.

Facilitation of Personalized Medicine:

The deep learning capabilities of the VGG16
algorithm enable precise characterization of lung
cancer subtypes and tumor characteristics.

This could pave the way for personalized
treatment approaches tailored to individual
patients, resulting in improved therapeutic
outcomes and reduced adverse effects.

Integration into Clinical Practice:

Integration of the VGG16 algorithm into clinical
workflows has the potential to streamline
diagnostic processes for healthcare professionals.

By  automating nodule detection and
characterization tasks, clinicians can allocate
more time to patient interaction and treatment
planning, ultimately enhancing the quality of care
provided.

Expansion of Screening Programs:

The successful application of the VGG16 algorithm
in lung cancer detection could support the
expansion of population-based screening
programs.

With improved accuracy in identifying high-risk
individuals, screening efforts could be optimized
to target those most likely to benefit from early
detection, potentially reducing disease-related
mortality rates.

Catalyst for Technological Advancements:

The development and validation of the VGG16
algorithm represent a milestone in the
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intersection of artificial intelligence and medical
imaging.

This success is likely to inspire further research
and innovation in the field, driving the
development of even more sophisticated
algorithms capable of detecting various diseases
from imaging data.

Ethical Considerations and Challenges:

As the use of artificial intelligence in healthcare
continues to expand, it is essential to address
ethical considerations such as data privacy,
algorithm bias, and transparency.

Additionally, challenges related to algorithm
interpretability, regulatory compliance, and
clinician adoption may need to be navigated to
ensure the successful integration of the VGG16
algorithm into clinical practice.

Future Directions:

Future research directions may include the
exploration of multi-modal imaging approaches,
such as combining CT with other imaging
modalities or genomic data, to further enhance
diagnostic accuracy and predictive capabilities.

Longitudinal studies assessing the impact of
VGG16-based lung cancer detection on patient
outcomes and healthcare economics could
provide valuable insights into its clinical utility
and cost-effectiveness.
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