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Abstract- Nowadays Lung cancer has become huge threat in
human life there are many stages of lung cancer, lung cancer
is one of the common types causing very high mortality rate
over worldwide. the best way of protection from lung cancer is
its early detection and prediction. the detection of lung cancer
in early stage is a challenging problem, due to the structure of
the corona virus, where utmost of the viruses is overlapped
with each other. it is a computational procedure that sort
images into groups according to their similarities. in this
histogram equalization is used for preprocessing of the images
and feature extraction process and support vector machine
classifier to check the condition of a patient in its early stage
whether it is normal or abnormal stage. the performance is
based on the correct and incorrect classification of the
classifier.
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I. INTRODUCTION

The CORONA Virus Disease (LUNG CANCER) is a
pulmonary disease brought about by Severe Acute Respiratory
Syndrome Tumor 2 (SARS-CoV-2).This epidemic has already
caused a significant loss of life.The World Health
Organization (WHO) continuously monitors and publishes all
reports of outbreaks of this disease in different countries. This
LUNG CANCER is a respiratory ailment and to a greater
extent spread through droplets in air. The infection is
transmitted predominantly via close contact and by means of
respiratory droplets delivered when an individual coughs or
sneezes. The virus is spread mainly by close contact and
through airborne droplets released when coughing or sneezing.
The signs of this virus include fever, wheezing, and coughing
Breathing difficulties are a sign of possible pneumonia and
need immediate clinical attention.. No antibody or explicit
treatment for LUNG CANCER contamination is available.
Infected patients are housed in isolation wards at emergency
clinics. Although spread may be possible before symptoms
manifest, it is most likely when people are ill. For 72 hours,
the infection might remain on surfaces.
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Symptoms of LUNG CANCER start to appear somewhere in
between the range of 2 to 14 days, with a mean of 7 days. The
standard technique for analysis is by real time Reverse
Transcription Polymerase Chain  Reaction (RT-PCR)
performed on a nasopharyngeal swab sample. The same
disease can also be identified using a combination of
symptoms, risk factors, and a chest CT showing pneumonia-
related highlights. Many studies are conducted worldwide to
address the pandemic scenario. Many researches are carried
out across the globe to handle the pandemic scenario. Many
deep leaning models are proposed to predict the LUNG
CANCER symptoms at the earliest to control the spread. To
further accelerate the prediction process, we suggest layering a
transfer learning model over the deep learning model.

Il. METHODOLOGY FOR LUNG CANCER
DETECTION

The methodology adopted in this project was
carriedoutinfivestepswhichareshownwiththehelpofaflowcharti
nFig.1. Each step of the flowchart is explained below.
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Fig.1 Methodology Block Diagram

Data collection

The CT images of lungs acquired from the hospital
database are shown in Fig.2. We will analyze how this
algorithm helps us to distinguish between cancerous and non-
cancerous images.

Fig.2. a.non-cancerous image b.Cancerous image
Pre-processing

Pre-processing includes following steps
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Fig.2Pre-processingflowdiagram

i. Input image

Input Image Here, the input image is a JPEG chest
CT image containing the tumor the first image picked out of
the file with the string filename. To proceed with further
processing, the user must choose the necessary lung CT scan
image. Then
each image is resized to 256*256.

ii. Median filtering

The input image is in RGB format. In order to keep
processing it, it is first turned into a grayscale image. Then
Medianfilter of mask size 3*3 is used to remove noise because
it is one of the best methods to remove the noise from the CT
images since these images usually contain artifacts or noise
due to patient movements.

3)Post Processing
Post-processing includes following steps:
1) Lung Segmentation:

In this module we segment left and right lung from
the CTimage. We have first selected the CT image's seed
point. We discovered the image's intensity value from that
point. We contrast the intensity values of the current and
adjacent pixels. It will separate the lungs from the original
image if the values of the neighbouring pixels are similar to
the seed value. From the CT picture, these similarity pixels
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will be separated. The last pixel is reached by continuing this
technique. The segmentation of the lungs will come last. The
chosen threshold value ranges from 0 to 180.

2) Lobe Segmentation

Image segmentation often involves the use of
watershed transformation. However, due to over segmentation
and sensitivity to noise, its utility for automatic medical
picture segmentation has been restricted. Using prior shape
information has showed robust improvements to medical
image segmentation algorithms. We suggest a unique
technique that makes use of prior knowledge of shape and
appearance to improve watershed segmentation. In watershed,
internal markers to obtain watershed lines of the gradient ofthe
image to be segmented Use the watershed lines you obtained
as outside markers. Each individual internal marker and a
portion of the background are present in each zone delineated
by the external markers Regions lacking markers are permitted
to combine in watershed.

3)Feature Extraction

In this procedure, GLCM is used to extract a total of
12 textural features from all of the photos in the database
(Gray level cooccurrence matrix). The GLCM matrix only
sums the instances in which a pixel in the input image with
value | occurred in the given spatial relationship to a pixel
with value j. Calculations of texture features employ the
information in the GLCM to provide a measurement of the
intensity variation at the target pixel. These GLCM features
calculated forsome of the images are shown in following
images:

The raw information gleaned from the MRI scanner
is the original MRI image. It includes details on the density
and distribution of hydrogen atoms in the tissues of the body.
A computer processes this data to produce a visual picture of
the body's interior organs shown in Fig 3.1
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Original MRI image

Fig.3.1. ORIGINAL MRI IMAGE

It involves a number of processes that are performed
on the original image to raise its quality, highlight particular
details, or eliminate noise or artifacts. This involves dividing
the image into separate areas or objects depending on features
like colour or texture shown in Fig 3.2

Fig.3.2. Preprocessed image

A binary image is one that consists of pixels that can
have one of exactly two colors, usually black and white.
Digital image processing frequently uses binary images as
masks, thresholds, and dithering. A 33 window of the image is
used by a whole class of binary image operations. Binary
images are produced from color images by segmentation as
shown as Fig3.3
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binary image

Fig 3.3. BINARY IMAGE

Early detection and treatment of cancer spots is important,
as they have the potential to progress to invasive cancer if left
untreated. Treatment options for cancer spots depend on the
type and location of the lesion, as well as the individual's
overall health and medical history. Because Treatment may
include surgical removal of the abnormal cells, radiation
therapy, or chemotherapy. Shown in Fig 3.4

Fig.3.4. Cancer spot

Cancer spot images are usually compared using a
process called image analysis or computer-aided detection
(CAD). This involves the use of specialized software that can
detect and analyse features of the images, such as size, shape,
texture, and contrast. The software can compare the features of
the cancer spot images with a database of known cancerous
and non-cancerous images to determine the likelihood of
malignancy shown in Fig3.5
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Fig.3.5Cancer Spot image comparison

SVM (Support Vector Machine) bar graph using a tool
Python’s Matplotlib library. Use the performance metrics as
the y-axis values and the performance categories (such as
accuracy, precision, recall) as the x-axis categories.

Customize the graph: Customize the graph with labels, colors,
and other features to make it clear and visually appealing. The
resulting bar graph can provide a clear visual representation of
the performance of your SVM model for cancer detection,
making it easier to compare and interpret the results shown in
fig 3.6
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RESULTS AND DISCUSION would be GLCM (Gray Level
Co-occurrence Matrix) Features. It is

Contrast: When contrast is injected into the bloodstream prior
to a CT scan, it can help to differentiate between different
types of tissues within the lung.

Correlation: correlation extraction in lung cancer detection is
the use of texture analysis. Texture analysis involves
analyzing the patterns and features within an image to identify
areas that may indicate the presence of cancerous tissue.
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Energy: By analyzing the differences in energy absorption
between the two sets of images, DECT can help to
differentiate between different types of tissues within the lung,
including cancerous tissue. DECT can be used to identify
areas of contrast uptake.

Homogeneity: Homogeneity extraction can be used to
identify areas of the image that have similar pixel or intensity
values, which may indicate the presence of cancerous tissue.

Mean: Mean extraction involves calculating the average pixel
intensity or voxel value within a certain region of interest
(ROI) inan image

Standard Deviation and variance: standard deviation
extraction can be used to identify areas of the image that have
higher or lower variation in pixel intensities or voxel values,
which may indicate the presence of cancerous tissue.

Entropy: Entropy extraction can be used to identify areas of
the image that have higher or lower entropy, which may
indicate the presence of cancerous tissue.

RMS (Root Mean Square): RMS extraction can be used to
identify areas of the image that have higher or lower RMS
values, which may indicate the presence of cancerous tissue.
Smoothness: It can be used to identify areas of the image that
have higher or lower smoothness, which may indicate the
presence of cancerous tissue.

Kurtosis: It is a statistical measure that describes the
distribution of pixel intensities or voxel values within an
image.

Skewness: It can be used to identify areas of the image that
have higher or lower skewness, which may indicate the

presence of cancerous tissue.

In_difference: identify the differences of the images.
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Result and Discussion

GLCM Features:

1.Contraszt; 0.210872

2.Comelation; 0174263

3 Energy: 0949358

4. Homogeneity: 0984462

B Mean: 0002792
£.Standard_Deviation: 0055693

¥ Entropy:0.544E83

8 RAMS:0.059761

9 WVariance:0.003572

10.5mocthness: 0981737

11 Kurtosiz 112 908263

12 Skewnezs:B 897886

13in_diff:-4.195739
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Fig 3.7. Final output

IV. CONCLUSION

This research was completed with good background
knowledge of corona virus detection systems using computer
intelligence  Successfully developed a solution using
ASM/ACM, Triple Modular Redundancy (TMR) and image
processing techniques. A user has only to select the digital CT
image as input and system will show suspicious areas of the
lungs image and the presence of lung nodules. It is considered
only the visible area of the Lungs image for the nodule
detection
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