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ABSTRACT
Lung cancer is a type of cancer that begins in the lungs. Lung cancer is the leading cause of cancer deaths in many
countries, among both men and women. People who smoke have the greatest risk of lung cancer, though lung cancer
can also occur in people who have never smoked. The general prognosis of lung cancer is poor because doctors tend
not to find the disease until it is at an advanced stage. Tumors can be benign or malignant. Benign tumors usually
can be removed and do not spread to other parts of the body. Malignant tumorsenter into the bloodstream or
lymphatic system and then spread to other sites in the body. Therefore it is very important to find the cancer affected
lung region in the earlier stage. By using Linear Iterative Clustering the noise is removed and the color base is
provided. In the segmentation process the cancer affected left bottom area is detected and segmented by using
Adjustable surface normal overlapping and in classification Advanced Grey Wolf Optimization is used. In this research
paper performance output is calculated in the cancer affected area with 100% precision, sensitivity and with best
accuracy.

Keywords: Improved Simple Linear Iterative Clustering (ISLIC), Histogram equalization, Adjustable surface normal
overlap, A-GWO

INTRODUCTION
Lung cancer is one of the leading causes of death in
USA, Europe and India. Surgery, radiation therapy,
and chemotherapy are used in the treatment of lung
carcinoma. In spite of that, the five-year survival rate
for all stages combined is only 14%. However, early
detection helps significantly, it is reported that the
survival rate for early-stage localized cancer (stage I)
is 49%.CT is considered to be the most accurate
imaging modality available for early detection and
diagnosis of lung cancer. It allows detecting
pathological deposits as small as 1mm in diameter.
These deposits are called lung nodules. Lymph node
involvement from metastasis is particularly a relevant
prognostic factor in lung cancer. The same as with
tumor size, the greater the number of lymph nodes
affected correlates with their spread to other regions
and a poorer prognosis. The effort put into studying
lymph nodes obtained through surgery using new
techniques is to optimize the yield of the specimens
and to increase the possibility of a cure by
establishing a treatment in line with disease staging.
As per the statistics of American Cancer Society, lung
cancer is the major cause of the cancer related death
in USA. The estimates of new cases and deaths in
2012 are 2, 26,160 and 1, 60,340 respectively. In
2013 the estimated new cases and deaths are 2,
28,190 and 1, 59,480 [1] respectively. In India
approximately 63,000 lung cancer cases are
reported every year. The image processing

mechanism is widely used in several areas for
improving the earlier detection of cancer nodules.
Medical images play a very important role in
detection and diagnosis of numerous diseases. Here
in the preprocessing step the Simple Linear Iterative
Clustering method is used which produces a regular
lattice and cost low computational complexity, which
are the desirable properties for the subsequent
applications.

Literature Survey
In cancerous cells the DNA which is present in every
cell is not repaired after damage rather these cells
grow and form new abnormal cells[1][4][12]. Among
many other cancers, Lung cancer is an aggressive
and heterogeneous disease and is the leading cause
of cancer related deaths resulting in more deaths
than other cancers combined. When a person has
lung cancer, then they have abnormal cells[3][5] that
cluster together to form a tumor (nodule). Not all
tumors are cancerous[9][13]. These non- cancerous
tumors are called benignnodules. The other
cancerous nodules that grow without order, control
and obliterate the healthy lung tissues around them
are called malignant nodules[6][8]. Lung cancer is
classified into two types[10][18] (i) Small Cell Lung
Cancer (SCLC) which constitutes 10% to 15% of all
lung cancers and (ii) Non-Small Cell Lung Cancer
(NSCLC) which shares 80% to 90% of lung cancers.A
Computer Aided Detection System (CAD)[12][14][9]
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is one of the principal research streams in medical
imaging and diagnostic radiology. A well-developed
CAD helps in processing image for detection and
extraction of abnormalities and also aids in
classification of image features between normal and
abnormal[15][19]. A CAD system is instrumental in
reducing the number of false negative diagnosis
[3][22].The success of a CAD system is measured in
terms of accuracy in diagnosis, speed and its degree
of automation. Computer aided diagnosis[23][25]
based on artificial neural network is used in the
classification of the lung cancer [1][6][19]. The
features used for the classification are the area,
perimeter and the shape. The maximum classification
obtained is 90%. For the classification few methods
based on the content based Image Retrieval (CBIR)
[11][17][21] have been reported. An open source
pulmonary nodule image retrieval framework[2] is
proposed. Here the system extracts the images of the
individual nodules from the LIDC collection and
calculates the Haralick co-occurrence[23], Gabor
filters and Markov random field features [16][27] of
the nodules. The distance measure is used for the
retrieval such as the Euclidean, Manhattan and
Chebychev. The maximum retrieval rate obtained is
to be 88%.A CBIR [3][16][19] system is used in the
mammogram images. The shape and margin
features are extracted from the images and the
retrieval is done by the Euclidean distance. Here the
average retrieval rate is about 90%. Few methods
based on fuzzy logic have been reported in the
classification problems. A classifier has been
developed for extracting the fuzzy rules from the
texture segmented regions from the HRCT images
[4][14][16] of lung cancer patients. A Fuzzy Inference
System (FIS) has been constructed starting from the
feature extraction procedure applied on the
overlapping regions[17][23] from the same organs
and deriving simple if-then rules for the classification.
Here the proposed method has been tested on 138
regions extracted from the CT scan images acquired
from the patients with lung cancer and obtained a
sensitivity of 94%. Another type called Fuzzy[21][27]
bean based classifier, which is a supervised learning
method[8][20][24]and with proper optimization
scheme promising result were covered. Differential
evolution algorithm[14][18][28] was used in
optimizing the required parameters. Classifier was
applied to diagnosis of liver dis order with
73.9%classification accuracy. For detection few
methods based on the genetic algorithm [5][17] has
been reported. A new approach has been introduced
by using the genetic algorithm for improving
semantic image segmentation system[21][26].
Experiments were conducted and evaluated
extensively on benchmark data set for segmentation
of 21 objects. For estimating the right number of
segments a new method has been used for the
automatic segmentation[11][22][30] of human
normal and abnormal images. In this method[28] it

has been tried to change the FCM method as a
fitness function for the combination of it in genetic
algorithm to do the image segmentation more
accurately. The results shows that the proposed
method[24][29] has a significant improvement in the
accuracy of image segmentation in comparison to
the similar methods.

Image Acquisition
To design a CAD for lung nodule detection system,
CT images are well preferred as offers visualization
of low contrast or small volume nodules by
diminishing the slice thickness. Lung CT images can
be acquired from publicly available databases
namely Early Lung Cancer Action Program (ELCAP),
Lung Image Database Consortium (LIDC) or Medical
Image Database. As per the literature there are other
imaging techniques and many private databases
used by the researchers, which are obtained from
private hospitals.

Block Diagram Explanation
The below given figure.1 describes the block
diagram of Pulmonary node Detection of Lung
Cancer. The first step consists of the image
acquisition. Here the input image is taken as an input
from the Dataset. Next step is the image Pre-
Processing. Here the noise is removed by using
Simple Linear Iterative Clustering method with the
help of Histogram Equalization. In the next step
Segmentation process is done. Here in the Lung, it
detects if there is any cancer affected juxa vascular is
there or not is segmented. The next step is the
Feature Extraction. Here Adjustable Surface normal
overlap is used. Here performance output is
calculated. And then the classification is done by
Improved Grey Wolf Optimization is done with the
help of SVM.

Preprocessing
Pre-processing is a common name for operations
with images at the lowest level of abstraction both
input and output are intensity images. These iconic
images are of the same kind as the original data
captured by the sensor, with an intensity image
usually represented by a matrix of image function
values (brightness).The aim of pre-processing is an
improvement of the image data that suppresses
unwilling distortions or enhances some image
features important for further processing, although
geometric transformations of images are classified
among pre-processing methods here since similar
techniques are used. Since the Digital Imaging and
Communications in Medicine (DICOM) images with
noise uses the reconstruction method to enhance
resolution denoising these original images is
necessary. In the below given figure 2(a) the image is
taken as an input. It consists of noise, external noise
and so on. The histogram is calculated in the fig
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2(b). Here all the intensity is not equal. More
variation can be seen in the histogram. Therefore it is

important to remove the noise.

Block Diagram

Figure.1 Block Diagram

Figure 2: Input Images
Preprocessing of an image refers to the procedure of enhancing the quality and interpretability of the input
lung image by reducing the noise and unwanted artifact.

a) Input Image b) Histogram Graph

Improved Simple Linear Iterative
Clustering Method

lim

Adjustable normal surface overlap
GLCM(Grey level Co-occurrence Matrix)

SVM(Support Vector Machine)
Improved Grey Wolf Optimization

Image Acquisition
Image Pre-Processing
Segmentation

Feature Extraction
Classification

Input Image
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Histogram Equalization (HE)
Histogram Equalization (HE) is a very popular technique for improving image contrast. Previously, this image
contrast enhancement technique has been applied to the image of man and the natural scenery with good
results. HE is a process that changing the distribution of gray scale value in an image so that it becomes
uniform. The goal is to obtain a uniform spread of the histogram so that each gray scale value has a relatively
equal number of pixels. Flattening histogram obtained by changing the gray scale of a pixel (r) with the new
one gray scale (s) with a transformation function T. Mathematically can be written by the equation: s = T (r). r
can be recovered from s with inverse transformation is shown in the equation (1)

= (s) (1)
Where 0<s<1. The equation used to calculate the HE is shown in the equation (2):

= round ( ( , ) (2)

Where:
Ci = the cumulative distribution of ith grayscale from original image
round = rounding to the nearest value
K0 = gray level value from histogram equalization
w = width of the image
l = height of the image
This method is also useful for images with both background and foreground are bright or both dark.

Particularly, this method provides a better view of the x-ray image in the biomedical world, producing clear
and detail of the images.

In the below given figure 3(a) the pre-processing is done and the histogram equalization is calculated
in the fig 3(b). Here the intensity or the pixel is of mostly

equal.
Figure 3:Preprocessed image

Improved simple Linear Iterative Clustering Method
Simple Linear Iterative Clustering (SLIC) algorithm is
increasingly applied to different kinds of image
processing because of its excellent perceptually
meaningful characteristics.For superpixels to be
useful they must be fast, easy to use, and produce
high quality segmentations. Among all the superpixel
algorithms, the Simple Linear Iterative Clustering
(SLIC)method is widely adopted due to its practicality.
However, the resultant superpixels sometimes do not
well adhere to the edges. Here an Improved Simple
Linear Iterative Clustering method is used to solve the
problem. For many vision tasks, compact and highly
uniform superpixels that respect image boundaries,
such as those generated by SLIC are desirable. Our
approach generates superpixels by clustering pixels
based on their color similarity and proximity in the
image plane. This is done in the five-dimensional
[labxy] space, where [lab] is the pixel color vector in

CIELAB color space, which is widely considered as
perceptually uniform for small color distances, and xy
is the pixel position. While the maximum possible
distance between two colors in the CIELAB space is
limited, the spatial distance in the xy plane depends
on the image size. It is not possible to simply use the
Euclidean distance in this 5D space without
normalizing the spatial distances. In order to cluster
pixels in this 5D space, we therefore introduce a new
distance measure that considers superpixel size.
Using it, we enforce color similarity as well as pixel
proximity in this 5D space such that the expected
cluster sizes and their spatial extent are
approximately equal.
Distance Measure
SLIC takes a desired number of approximately
equally-sized superpixels K as input. So each
superpixels will have approximately N/K pixels.
Hence, for equally sized superpixels, there would be

a) Preprocessed Image b) Histogram Graph
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a superpixel center at every grid interval S =
√(N/K)K superpixel cluster centers Ck = [lk, ak, bk,
xk, yk] with k = [1, K] at regular grid intervals S are
chosen. Since the spatial extent of any cluster is
approximately S2, it can be assumed that pixels
associated with this cluster lie within 2S x 2S area
around the superpixel center in the xy
plane.Euclidean distances in CIELAB colorspace are
meaningful for small distances. If spatial pixel
distances exceed this perceptual color distance limit,
then they begin to outweigh pixel color similarities.
Distance measure Ds is shown in the equation (4).
dlab = √( (lk - li)

2 + (ak - ai)
2 + (bk - bi)

2 )
(3)

dxy = √( (xk - xi)
2 + (yk - yi)

2 )
(4)

Ds = dlab + (m / S)* dxy

(5)
where Ds is the sum of the lab distance and the xy
plane distance normalized by the grid interval S. A
variable m is introduced in Ds allowing us to control
the compactness of superpixel. The greater the
value of m, the more spatial proximity is
emphasized and the more compact the cluster. This
value can be in the range [1, 20]. Authors of the
algorithm have chosen m=10.
Algorithm
Simple Linear Iterative Clustering is the state of the
art algorithm to segment superpixels which doesn’t
require much computational power. It begins by
sampling K regularly spaced cluster centers and

moving them to seed locations corresponding to the
lowest gradient position in a 3 × 3 neighborhood.
This is done to avoid placing them at an edge and
to reduce the chances of choosing a noisy pixel.
Image gradients are computed is shown in the
equation (6)
G(x, y) = || I(x + 1, y) − I(x − 1, y) ||2 + || I(x, y
+ 1) − I(x, y − 1) ||2 (6)
Where I(x, y) is the lab vector corresponding to the
pixel at position (x, y). This takes into account both
color and intensity information.Each pixel in the
image is associated with the nearest cluster center
whose search area overlaps this pixel. After all the
pixels are associated with the nearest cluster center,
a new center is computed as the average labxy
vector of all the pixels belonging to the cluster. At
the end of this process, a few stray labels may
remain, that is, a few pixels in the vicinity of a larger
segment having the same label but not connected
to it. It enforces connectivity in the last step of the
algorithm by relabeling disjoint segments with the
labels of the largest neighbouring cluster. In the
below given figure 4(a)(b) the Advanced Simple
Linear Iterative Technique is applied to the pre-
processed image. Here the color base is of White,
Black and Grey. Based on the intensity value or the
pixel (0-255) range is calculated. If the pixel value
is of 0, it represents black. If the pixel value is 255,
it is considered as white. In between pixel value is of
grey in color. After calculating the pixel value, the
mean value is calculated.

LIC output image Histogram graph

Figure 4:Color base image by applying ILIC technique

Segmentation
Image segmentation is a technique of partitioning an
image in to multiple regions of the lung refers to the
process of extracting the lung region from other
anatomical parts of the body in chest CT images.
This process plays a vital role in nodule detection by
improving accuracy and precision that helps in early
diagnosis of lung cancer. An accurate segmentation
will reduce the computational cost of detection. In CT
image of a lung, the anatomical structures that may
require segmentation are lungs themselves, the
airways, the vessels, lung lobes. Segmentation is a

complex activity due to pulmonary structures of
similar densities namely arteries, veins, bronchioles
and different scanners used. Numerous publications
have addressed the issue of segmentation of lungs.
The proposed techniques are measures with respect
to accuracy, processing time and level of
automation.
Adjustable Surface Normal Overlap
We developed a novel computer-aided detection
(CAD) algorithm called the surface normal overlap
method that we applied to colonic polyp detection
and lung nodule detection in helical computed
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tomography (CT) images. It is able to achieve 100%
sensitivity. The adjustable surface normal overlap
step is critical for detecting lesions. Generally
speaking, both colonic polyps and lung nodules tend
to have some convex regions on their surfaces and
thus, the inward pointing surface normal vectors,
near these features tend to intersect or nearly
intersect within the tissue. Pulmonary vessels in the
lungs and haustral folds in the colon also have
convex surfaces, but since they have a dominant
curvature along a single direction (as opposed to
high curvature in two directions as is common on the
surfaces of polyps and nodules), the score for vessels
and folds is generally less than that for nodules and
polyps. Providing robustness to variations from
perfectly spherical objects is critical to the success of

this algorithm in real patient data. Our algorithm
provides robustness both in the radial direction
(objects with non-constant distance from surface
points to center) and in the transverse direction
(objects with non-uniform magnitude of curvature).
Robustness in the radial direction is provided by the
fact that normal vectors can intersect at different
distances from the surface, thus allowing many non-
spherical but roughly globular objects to have a
significant response. In the below given figure
5(a)(b), the left bottom cancer affected area is found
in the lung. Clear detection of cancer affected area
in the lung is very important to find out in the earlier
detection. Here clearly the cancer affected lung area
is detected. The segmented image is shown in the
figure 5(b).

Segmentation Image Juxa Vascular region
Figure 5: Segmented image

Feature Extraction
Feature extraction describes the relevant shape
information contained in a pattern so that the task of
classifying the pattern is made easy by a formal
procedure. In pattern recognition and in image
processing, feature extraction is a special form of
dimensionality reduction. The main goal of feature
extraction is to obtain the most relevant information
from the original data and represent that information
in a lower dimensionality space. Feature extraction is
an important step in the construction of any pattern
classification and aims at the extraction of the
relevant information that characterizes each class. In
this process relevant features are extracted from
objects/ alphabets to form feature vectors. These
feature vectors are then used by classifiers to
recognize the input unit with target output unit.
GLCM (Gray Level Co-Occurrence Matrix)
Gray Level Co-Occurrence Matrix (GLCM) has
proved to be a popular statistical method of
extracting textural feature from images. Gray Level
Co-occurrence Matrix is a tabulation of how often
different combinations of pixel brightness values
occur in an image. GLCM contains the information
about the positions of pixel having similar gray level
values. GLCM calculation units receive pairs of gray
level values as input.A GLCM is a matrix where the

number of rows and columns is equal to the number
of gray levels, G, in the image. The matrix element P
(i, j | ∆x, ∆y) is the relative frequency with which two
pixels, separated by a pixel distance (∆x, ∆y), occur
within a given neighborhood, one with intensity ‘i’
and the other with intensity ‘j’. The matrix element P
(i, j | d, ө) contains the second order statistical
probability values for changes between gray levels ‘i’
and ‘j’ at a particular displacement distance d and at
a particular angle (ө). Using a large number of
intensity levels G implies storing a lot of temporary
data, i.e. a G × G matrix for each combination of
(∆x, ∆y) or (d, ө). Due to their large dimensionality,
the GLCM’s are very sensitive to the size of the
texture samples on which they are estimated. Thus,
the number of gray levels is often reduced. GLCM
matrix formulation can be explained with the
example illustrated in fig 2.1 for four different gray
levels. Here one pixel offset is used (a reference pixel
and its immediate neighbour). If the window is large
enough, using a larger offset is possible. The top left
cell will be filled with the number of times the
combination 0,0 occurs, i.e. how many time within
the image area a pixel with grey level 0 (neighbour
pixel) falls to the right of another pixel with grey level
0(reference pixel).
Angular Second Moment
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Angular Second Moment is also known as Uniformity
or Energy. It is the sum of squares of entries in the
GLCMAngular Second Moment measures the image
homogeneity. Angular Second Moment is high when
image has very good homogeneity or when pixels
are very similar is shown in the equation (7)

ASM = ∑ ∑ ,
(7)

Where i, j are the spatial coordinates of the function
p (i, j), Ng is gray tone.

Entropy
Entropy shows the amount of information of the
image that is needed for the image compression.
Entropy measures the loss of information or message
in a transmitted signal and also measures the image
information, is shown in the equation (8)
Entropy = ∑ ∑ − , ∗ ,

(8)

Correlation
Correlation measures the linear dependency of grey
levels of neighboring pixels.Digital Image Correlation
is an optical method that employs tracking & image
registration techniques for accurate 2D and 3D
measurements of changes in images. This is often
used to measure deformation, displacement, strain
and optical flow, but it is widely applied in many
areas of science and engineering. One very common
application is for measuring the motion of an optical
mouse, is shown in the equation (9)

Correlation =∑ ∑ ( , ) ( , )
(9)

Classification
After the candidate nodules are detected and false
positives are reduced, the resultant set of nodules
must be classified to be benign or malignant ones.
Most of the pulmonary nodules are benign but they
may represent an early stage of lung cancer. Early
detection of a malignant (cancerous) nodule
increases the survival rate of the diseased. Many
Computer Aided Diagnosis (CADx) systems have
been developed that differentiate malignant lesions
from benign ones, and also gives the insight into the
proximity of detected nodule to be malignant.
Svm (Support Vector Machine)
Support Vector Machines (SVM) are supervised
learning models with associated
learning algorithms that analyze data used
for classification. A support vector machine constructs
a hyperplane or set of hyperplanes in a high- or
infinite-dimensional space, which can be used
for classification, regression, or other tasks like
outliers detection. The main contributions are as
follows:

(1) In order to improve the generalization ability of
the SVM model, the GWO algorithm is used to
optimize the key parameters of the SVM.
(2) The initial population of the original GWO
algorithm is generated randomly, thereby improving
the convergence speed and better solution ability of
the algorithm.
(3) The proposed Improved GWO-SVM model can
get better classification accuracy, and the recognition
accuracy is better than support vector machine
model based on the original GWO, SVM model
based on grid search and ELM or the other methods.
And the proposed method is achieved precisely
classify to the color difference classification problems
of printing and dyeing products.
The problem of data classification in SVM can be
described as the system generates a hyperplane and
continuously adjusts the plane until the point
belonging to the two types in data set is located on
the two side of the hyperplane, and the distance
about the point of sample set to the classification
plane is as large as possible. In the sample space,
the classification of hyperplanes is shown in the
equation (10)

x + b = 0
(10)

where, ω (ω ; ω ; ;ω = ⋯ 12 d) is a normal vector,
which determines the direction of the hyperplane;
b is a displacement term, which determines the
distance between the hyperplane and the origin.
Suppose the hyperplane can correctly classify the
training samples.
That is, for (x, y) D, ii∈ if y 1 i = + , is there ωx b 0 T
i + > ; If, y 1 i = − then there is ωx b 0 T i + < .
Order is shown in the equation (11){ + ≥ 1, = +1+ ≤ −1, = −1

(11)
These training samples are nearest to the hyperplane
that are called "support vectors", and the sum of the
distance between the two dissimilar support vectors
to the hyperplane can be expressed as:

M= || ||
(12)

And it is called "margin". In order to find the partition
hyperplane with the maximum margin, namely, it is
to find the constraint parameters ω and b, only to
make ‖ω‖−1 maximum, which is equivalent to make
the ‖ω‖2 minimal. For support vector machines in
linear and non-separable cases, is shown in the
equation (13)min , || || + C ∑

(13)
s.t ( + b) ≥ 1- , ≥0, i=1,2,..m

(14)
Where C is a predefined balance parameter

to balance empirical risk and structural risk.
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Improved grey wolf optimization algorithm
GWO algorithm was simulation about social
hierarchy and group hunting behavior of grey wolf
population, through tracking, encircling, hunting,
attacking of wolf population and other processes to
achieve the optimization of intelligent algorithm. The
Improved GWO algorithm has the advantages of
simple principle, few parameters to be adjusted,
easily to implement and strong capability to global
search. The GWO algorithm is used to optimize the
continuous function, the number of grey wolves is set
to N, and the solution search space is set to d
dimension. The location of the i wolf is defined in the
d dimension space, and α is the current best
individual in the grey wolf population, β and δ are
individual grey wolves whose fitness value rank in
second and third, respectively. The global optimal
solution of the optimization problem is the location of
the final prey.
In the GWO algorithm, it is necessary to determine

the distance between the individual and the prey is
shown in the equation (15)

D = |C. (t) – X(t) |
(15)

Where X (t p ) represents the location of the prey at
the time of t-th generation;
X(t) represents the location of the grey wolf individual
at the time of t-th generation; Constant C is the
swing factor is shown in the equation (16)

C=2 (16)
Where, r1 is a random number from 0 to 1. The
position updating formula of grey wolf is shown in
the equation (17)
X(t+1) = (t) – A.D

(17)
Where, A is the convergence factor is shown in the
equation (18)
A = 2 – a

(18)
Where r2 is a random number from 0 to 1, while, a
linearly decreases from 2 to 0 as the number of
iterations increases.
In order to simulate the hunting behavior of the grey
wolf, suppose α wolf, β wolf and δ wolf have a better
understanding to the location of the prey, so the grey
wolf population can use the position of the three to
decide the location of the prey. When the wolves get
the prey location information, leader wolf α
command β and δ to hunt. The grey wolf population
to update its position according to the location
information of α, β and δ wolf are is shown in the
equation

= | . (t) – X(t)
(19)
= | . (t) – X(t) |

(20)
= | . (t) – X(t) |

(21)
= - .
(22)

= - .
(23)

= - .
(24)

(t+1) =
(25)

Where, according to the formula (19)–(224), the
distance between the individual in the population
and the α wolf, β wolf and δ wolf is calculated, and
the distance and direction of the individual moving to
the prey are determined by the formula (25). The
optimization process of GWO algorithm is that a
group of gray wolves in the search space randomly is
generated, in the process of evolution, the position of
the prey is evaluated and located by α, β and δ wolf,
and the rest of individual in the group to calculate
the distance between themselves and their prey, they
complete the omni-directional proximity,
encirclement, attack, and so on, and finally capture
the prey. Here a dataset consisting of 40 images
were taken into consideration. Each image is made
to run and the performance output is calculated.
These values are linked with the SVM classifier and
the confusion matrix is got as a result. The confusion
matrix is shown in the below given figure In the
below given figure 6, the performance is calculated
and the confusion matrix is calculated by using
GLCM. The values are linked with the SVM classifier.
The values such as the True Positive (TP) is of 20,
True Negative (TN) is of 0, False positive (FP) is of 1
and the False Negative (FN) is of 19.

Conclusion
As earlier the cancer affected area is detected, the
treatment can be taken and cured. Now a days,
more techniques were found out in the lung cancer
detection, in this research the cancer affected area is
clearly detected. Best performance is calculated in
the output with 97.5% accuracy, 100% sensitivity and
precision, 95% specificity. Till now, in the before
research 95.4% accuracy is only calculated. But in
this research 97.5% accuracy is got in the output.
Therefore this research will be very usefull in the
earlier detection of cancer in the lung nodule with
best accuracy. Future research aims to develop
hybrid artificial intelligence techniques employing the
following genetic algorithms; hybrid of fuzzy
inference system (FIS), Ant Colony Optimization
(ACO). Looking forward to conduct further
experiments and then to test this algorithm on a
large dataset having different pathologies. In-depth
technical analysis, researches, investigations and
implementations carried out in the area of Detection
of pulmonary nodule in lung cancer have promoted
the scope for further research. Although the obtained
results demonstrated here provide the effectiveness of
the proposed methods, there is still a lot of scope for
improvement in the earlier detection of Lung Cancer
and their types. Future work will propose the
implementation of this approach and at the end, we
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can better give global diagnostics for any given
method.

Figure 6: Confusion Matrix
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