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Abstract

Lung cancer is a prevalent and deadly disease, necessitating early detection and precise staging to
improve patient outcomes. While traditional diagnostic methods rely on medical imaging and expert
interpretation, the advent of deep learning, particularly convolutional neural networks (CNNs) and
auto encoders, offers an opportunity to revolutionize the diagnostic process. To effectively treat lung
cancer, screening computed tomography (CT) images for pulmonary nodules is a crucial first step. In
the past few years, machine learning has become increasingly popular for the detection, prediction,
and classification of disease, particularly for difficult tasks like the identification and detection of lung
cancer. The field of computer vision research has witnessed a significant transformation with the rise
in popularity of deep learning (DL). In this paper, we determine the improved classification accuracy
over previous methods by employing a DL for lung cancer classification. In this paper, for detecting
noncancerous and cancerous lung nodules using CT-based lung cancer image dataset consortiums
(LIDC) deep learning based auto encoders are used. We used MATLAB software to get improved
results and better accuracy. Auto encoders more advance in deep learning as they extract features by
own from images and form SoftMax layers. Performance analysis of auto encoder based deep learning
model gives superior results by both subjective and objective analysis.

Keywords: Computed Tomography (CT) image, DL, Lung Cancer, deep learning based Auto encoder,
softmax Layer.

Introduction

To predict and expose the various diseases in humans with the help of computational science, a lot
of work has been done. The aim for Lung Cancer Detection & Stages Identification using Deep
Learning is to develop a sophisticated and accurate model that can effectively detect the presence of
lung cancer and identify the stage of the disease based on medical imaging data, such as X-rays or CT
scans. The ultimate goal of this project is to significantly enhance the accuracy and efficiency of lung
cancer diagnosis and staging, leading to earlier intervention and better treatment outcomes for
individuals affected by lung cancer. Deep learning models have the potential to augment the
capabilities of healthcare providers in the fight against this deadly disease. Lung cancer remains a
pressing global health concern, with significant morbidity and mortality rates. Timely and precise
diagnosis is a pivotal factor in enhancing patient outcomes and survival rates. Traditionally, the
diagnosis of lung cancer has relied on medical imaging, such as X-rays and computed tomography
(CT) scans, coupled with manual interpretation by expert radiologists and clinicians. Lung cancer
continues to be a global health concern, representing a leading cause of cancer-related mortality
worldwide. Early detection and accurate staging of lung cancer play pivotal roles in determining
treatment strategies and significantly impacting patient outcomes. When compared to other cancers,
lung cancer is known to cause an excessive number of deaths worldwide each year, making it one of
the major causes of the rising death rate. This fatal disease is affecting both men and women. The
significance of this paper lies in its potential to revolutionize the lung cancer diagnostic process. By
reducing the scope for human error and subjectivity, we aspire to provide healthcare professionals with
a robust tool that enables early intervention and improved patient outcomes. As we proceed through
the paper, we will explore the methodology, data collection and pre-processing, model development,
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model validation, ethical considerations, and the prospects of clinical validation and integration into
existing healthcare systems. Deep learning algorithms, particularly convolutional neural networks
(CNNs), have demonstrated remarkable potential in automating image analysis and diagnosis. This
technological advancement has spurred research endeavors aimed at harnessing the power of deep
learning to improve the detection and staging of lung cancer. In our application of lung cancer detection
autoencoder based deep learning technique is introduced. Two layers of autoencoder are efficient to
get fine features from lung CT scan image. The features then forms softmax layers with different
feature layers. This paper significance lies in its potential to revolutionize the way lung cancer is
diagnosed and staged, ultimately improving patient outcomes and increasing the efficiency of
healthcare systems. In the paper, we will delve into the methodology, data collection and pre-
processing, model development, validation, and ethical considerations. Furthermore, we will explore
the prospects of clinical validation and the integration of the deep learning system into existing
healthcare infrastructure.
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Fig.1.1 Deep Learning structure with encoder and decoder
Deep learning structure has input layer, encoder , h (channel) or structure , decoder and output layer.
Autoencoder are advance branch in deep learning. Autoencoders are used with softmax layer to save
features in stack format. Then prediction is applied which compares the stack data with test features.
Softmax layer is the stack format of features.

Literature

For almost twenty years, researchers have been working in this field of lung cancer extensively.
However, because they may need additional image processing modules, like feature extraction, lung
nodule segmentation, and computed tomography image transformation, to build a whole CADe
system, earlier computer-aided detection (CADe) schemes were time-consuming and intricate. These
schemes find it challenging to handle and evaluate huge amounts of data when the number of medical
images keeps rising. Furthermore, some cutting-edge deep learning schemes might have strict database
standards. This work suggests a useful method for detecting lung nodules based on multi group patches
extracted from lung images and improved by the Frangi filter. A four-channel convolution neural
network model is designed to learn radiologists’ knowledge for four-level nodule detection by
combining two sets of images. The outcomes show how effective the multi group patch-based learning
system is at enhancing lung nodule detection performance and significantly lowering false positives
across a large volume of image data. [1]

In lung disease, the pulmonary nodule is common. The extensive use of CT technology has greatly
improved doctors' diagnostic efficiency. This paper proposes a lung segmentation method based on
morphology and image area size statistics, effectively eliminating the influence of the trachea on
pulmonary parenchyma image segmentation. We propose a technique for extracting regions of interest
(ROIs) based on circular filters and morphology that aims to preserve the integrity of the ROI form
while lowering the number of false positives. Using a convolutional neural network, we have
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successfully developed a dependable compute-assisted diagnosis application for lung nodules on CT
images. [2]

In helical computed tomography (CT) scans of the thorax we developed a fully automated
computerised method for the detection of lung nodules. On the basis of these methods, 3D and 2D
analyses can acquire image data at the time of diagnostic CT scans. To create a segmented lung volume
for additional analysis, lung segmentation is carried out section by section. Contiguous three-
dimensional structures within each thresholded lung volume are identified using an 18-point
connectivity scheme, and those which satisfy a volume criterion are chosen as initial lung nodule
candidates. For every nodule candidate, grey-level and morphological features are calculated. [3]

In clinical practice, the traditional chest radiograph is still widely used and likely will be for
some time to come. Interpretation is notoriously challenging for these. This explains why CAD for
chest radiography continues to be of interest. This survey aims to classify and provide a brief overview
of the over 150 papers that have been published in the last 30 years on computer analysis of chest
images. Future research directions are provided, along with a list of outstanding challenges. [4]

An essential component of image processing is image segmentation. In order to diagnose
unusual diseases, segmentation is widely used in the field of medical imaging. One can manually
segment the same medical images. However, when compared to manual segmentation, the accuracy
of image segmentation using segmentation algorithms is higher. A wide range of imaging modalities,
including computed tomography (CT), radiography, and magnetic resonance imaging (MRI), are
currently available for use in medical diagnosis. For the majority of subsequent image analysis tasks,
medical image segmentation is a necessary first step. While the original FCM algorithm does a good
job of segmenting images free of noise, it is not able to segment images that have been tainted by
noise, outliers, or other imaging artefacts. This paper presents a method for segmenting images using
the Modified Fuzzy C-Means (FCM) algorithm and the Fuzzy Possibility C-Means (FPCM) algorithm.

[5]

Lung cancer is a serious disease that affects humans. This study proposes a method for

detecting abnormal lung tissue growth using artificial neural networks. Manual result interpretation is
incapable of avoiding misdiagnoses. In this study, we can determine whether the lung images are
healthy or cancerous. For the different CT scanning system views, data bases have also been created,
such as sagittal, coronal, and axial. For the classification of normal images, a neural network based on
the textural characteristics of the images allows for distinguishing them from malignant ones. For
cancer detection to address this issue, Google Net and CNN deep learning algorithms have been
proposed. The VGG-16 architecture serves as the foundation for both the classifier network and the
region proposal network. In detection and classification, the algorithm achieves a precision of 98%.
[6]
From above references it is observed that in existing different machine learning techniques such as
support vector machine, k-nearest neighbour, random forest classifiers are used and other thresholding
techniques are used for prediction of lung cancer from lung CT images. The techniques used in existing
are not efficient and not giving higher accuracy so in proposed model there is implementation of
autoencoder based deep learning technique for lung cancer identification and stages classification.

Proposed Method

Proposed method is having more superior performance than state of art techniques. The flowchart
of the proposed method for lung cancer identification is shown in the figure. There are six steps in
methodology.
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Fig.1. Block Diagram for Proposed Method

Following are the steps for proposed autoencoder based deep learning method for lung cancer detection
from CT scan images.
1. Load the sample dataset of lung CT images
2. Apply auto encoder for feature extraction
3. Second auto encoder is used for deep feature extraction.
4. Save the autoencoder features in the SoftMax layer
5. Stack of soft max layer to form a deep network which is further used for prediction of lung cancer
6. Performance analysis of proposed model
Above steps are explained in detail below,
Load the sample dataset of Lung CT images

We collected a comprehensive dataset of medical images, including CT scans, coupled with patient
data. This dataset was meticulously pre-processed, ensuring consistency and high-quality input for our
deep learning model. In proposed model we have selected CT scan of lung as CT scan has more
advantages over other modalities for lung scan. It gives clearer picture of lung and different fluids.
Train an auto encoder with features of Lung CT image

In MATLAB, we designed, trained, and fine-tuned a powerful deep learning model, specifically
an autoencoder. The model was optimized for image analysis, enabling it to recognize the subtle
patterns and features indicative of lung cancer. There are two autoencoders are used in proposed model
for feature extraction of the lung CT image.
Softmax Layer

The SoftMax layer is stack of autoencoder features. The features with differences will form a new
layer. In proposed model we have normal and abnormal images so two layers will get form. One is for
normal lung Ct scan image features and another us for abnormal lung Ct scan image features.
Train the deep network

Our deep learning model was extended to not only detect lung cancer but also classify it into
various stages. This important aspect of the project has the potential to significantly impact treatment
decisions and patient care. Automating and enhancing the diagnostic process, we have the potential to
improve the lives of individuals affected by lung cancer and make a positive impact on the field of
medical imaging and healthcare.

Using softmax layer and autoencoder features combinly formed the deep learning and it is used for
classifying the new query image into normal or cancerous.
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Performance Analysis
Here the accuracy of prediction is calculated by testing multiple images. Accuracy of proposed model
is higher compare to state of art techniques.

o>

\
Nioaa ™

Result

The results of our efforts in this project are promising. The deep learning model demonstrated a
high degree of accuracy and efficiency in detecting lung cancer and classifying it into its different
stages. This innovation has the potential to substantially reduce human error and subjectivity in the
diagnostic process, ultimately leading to earlier intervention and better treatment outcomes for
patients.
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Fig.4.1 Train Deep learning for Normal or Abnormal CT lung images
There are two folders in dataset one include ‘Normal’ images and another ‘Abnormal’ images. Both
are given as input to the autoencoder based deep learning.
There are two layers of autoencoders are used
a) Autoencoder levell
b) Autoencoder level2
The softmax layer uses these autoencoder features to form a stack of autoencoder features. The
autoencoder features and softmax layer forms a deep learning model. Obtained deep learning model is
further used for prediction of lung CT image into normal and abnormal. Abnormal lung CT image
again classified into two categories as benign and malignant. Benign is the starting stage and malignant
is the higher stage.
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Fig.4.2 Selection of New Test Image for Prediction
In above window, user can select any test image for prediction. The algorithm detects the image as
either normal or abnormal and further classified into stages.
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Fig.4.3 Input Testing Image
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Above lung CT scan image is used for testing or query for prediction of nromal or abnormal. The
selcted image resized to standard size.

Input lung CT image may contain noise as well as contrast issues which can be solved using
preprocessing techniques. Preprocessing techniques helps to get lung CT image in standard format.
Lung CT image obtained from preprocesisng gives better performnace for detection as well as
prediction of lung CT scan.
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Fig.4.3 Input Testing Image
Fig. Image is converted to gray scale to reduce complexity of an image. In gray scale single pixel uses

only 8 bits while operation while in color image it uses 24 bits while operation.
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Fig.4.5 Filtered Image
The medical images may have different types of noises like gaussian noise , salt and pepper noise,
white noise etc. but most common noise is salt and pepper noise which can be removed using median
filter. Above obtained image is median filtered image.
Salt and pepper noise means mostly we can see black and white dots. Such black and white dots can

be removed by taking median of neighboring pixels to the salt or pepper. (that is 0 or 1).
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Fig.4.6 Lung Image Segmented J
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Using segmentation techniques lung image is segmented. It shows both lung cancer as well as lung

outlier.
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Fig.4.7 Detected Cancer spot using Morphological operations
Proposed method uses morphological operations such as dilation , erorsion , oprning and closing for

segmnetation of perfect lung cancer part.

The detected cancer spot is convted to bloack and white image which is segmentation results.

e Black Region: Background
e White Region : Cancerous Part

Thenafter features of white region are extracted such as are , perimerer , these features are further used

for classification.
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Time: 0:00:00
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Fig. The Dee“pilé‘arning model is predicting with 10 iterations.

There are 10 iterations used for prediction. Deep learning model with different autoencoder layers and
softmax layer are used for further prediction.
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Lung cancer type is MALIGNANT

_
Fig.4.7 Detected Type of cancer from lung CT image

Cancer is detected as Maligant cancer by proposed model.
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Fig.4.8 Percentage of classification accuracy
Performance analysis of proposed model gives accuracy of 98.8204 which is very high accuracy. And
hence proposed model works superior to existing state of art techniques.

Conclusion

In this project, we embarked on the endeavor of leveraging deep learning techniques within MATLAB
to address the critical challenge of lung cancer detection and staging. Lung cancer, a major public
health concern, demands early and accurate diagnosis for improved patient outcomes. For automatic
detection of lung cancer we used a Computer Aided Diagnosing (CAD) system. Using these we can
extract the features and generating diagnosis rules. We take multiple images to perform experiment
from the hospital. In result we see that the proposed system CAD can detect the false positive nodules
correctly. Proposed autoencoder based deep learning model gives higher accuracy of 98% which is
very higher accuracy for prediction of cancer from lung CT images.
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