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Abstract
In this modern era the clinical laboratory has greater attention to produce an accurate result for every test particularly in the area of lung
tumour. The lung tumour is very essential to detect as well as to follow the treatment of many diseases like benign, malignant etc. This
paper is focusing on the segmentation part to find the juxta vascular region. For finding the juxta vascular region in lung three stages are
used. First stage is the image acquisition here input lung image is read and then resized. Second stage is the image pre-processing here
improved linear iterative clustering technique is used .Third stage is the segmentation here the adjustable surface normal overlap is used.
While using the above stages the output for juxta vascular region in the segmentation part is segmented clearly.
The juxta vascular region is not clearly found in the previous paper. The research gap for this paper is to find the juxta vascular region in
the lung. This juxta vascular region is present in the right side of the lung. Using the Adjustable Surface Normal Overlap (ASNO)
segmentation the juxta vascular region is segmented clearly.
Keywords: Lung tumour, improved linear iterative clustering, adjustable surface normal overlap, JUXTA vascular region.

1. Introduction
2. Related Work
A small plug on the lung is identified as pulmonary nodules. Lung
nodes is an unimportant masses of tissue in the lung and are quite
common. A pulmonary nodules look like round, white glooms on
the Computerized Tomography (CT) scan. To detect whether it is
tumorous or not further scans are used CT scan, Positron Emission
Tomography(PET) scan, Bronchoscopy or tissue biopsy etc. By
using the CT scan we get a clear image for nodule and size, shape
and location for nodules. If the nodule is lesser and flat then the
doctor will check the monitor whether the size and shapes are
changing or not, if it is changing then repeat the CT scan for
sometimes at fixed intervals. The Lung cancer is the second most
commonly diagnosed cancer and the lung is a most frequent site
of metastasis from other cancers that manifest as pulmonary
nodules. The Chest computed tomography (CT) is the most
sensitive diagnostic imaging modality for the detection of lung
cancer and the resolution of any equivocal abnormalities detected
on chest radiographs. Recently, CT techniques have been applied
to screening for the detection of the lung cancer in high-risk
populations and have been shown to be promising for detection of
early lung cancers. Lung nodules are generally nearby 5
millimetres to 30 millimetres in size. And a bigger lung nodule, is
30 millimetres in size, this is said to be malignant. The hazard for
cancer upsurges when: a nodule is bulky, the node look like a
pointed surface, a chain-smoker, agene of lung tumour, a history
of chronic obstructive lung disease, over age 60.

JaspinderKaur et.al used various Computer Aided Diagnosis
(CAD) systems for the early diagnose of lung tumour [1]. J. M.
Kuhnigk et.al have some limits and problems to segment and
classify the lung nodule in these systems which include[2]1)
pulmonary vessel segmentation and voxel classification is fully
needed, which is repeatedly a difficult process and sensitive to the
certain threshold and X. Zhou et.al 2) inaccuracy in relating
Hough transform to identify curved surfaces [3] and also S. Saita
et.al 3) inability of detecting abnormal lung arrangements [4].
Omnia Elsayed et.al proposed three step to detect the lung nodule
the first step is the pre-processing here changing the pixel values
into Hounsfield units and then relating a region growing method.
Second step starts with thresholding and the lung image is
segmented by Hessian method for vascular tree segmentation.
And the third step is the classification here using these linear
classifier, quadratic classifier, Parzen classifier, and Neural
Network classifier the lung nodules is classified [5].[6] In the
initial stage the lung cancer is very hard to classify by
Smritikushwaha and P.Maya using the fuzzy C-means clustering
analysis the lung nodule is segmented after that using DWT and
MWT transforms the feature is extracted and by SVM
classification the four kinds of lung nodules, i.e., wellcircumscribed, vascular-ized, juxta-pleural and pleural-tail is
classified. And by using LBP the cancer cell is detected.
A review paper of Rotem Golan et.al proposed a backpropagation algorithm to train the Convolutional Neural Network
for differentiating the size and shape of the lung nodule and also
to extract volumetric feature from the input lung image [7].A.
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Mangalakshmi et.al proposed a contextual analysis to merger the
lung nodule and adjacent anatomical structures. There are three
main stages in this system (i) To build concentric multilevel
partition an adaptive patch-based division is used (ii) To combine
intensity, texture, and gradient information a new feature set is
planned for feature description and (iii) And the classifier used
here is the contextual latent semantic based classifier [8].
Tao Zhou et.al presented a paper to classify the lung nodules.
Firstly, CT image is analysed using 42 dimensional feature.
Secondly, based on feature level fusion these features are
condensed for five eras with roughest. Thirdly, using SVM
classification a grid optimization model optimized to classify the
pulmonary nodules [9].
I. Mary SajinSanju and Sonali Singh proposed a different method
of classification, segmentation and detection techniques to find the
lung nodules. Initially the pre-processing technique to remove the
Gaussian noise the Gaussian filter is used. Secondly, Otsu
thresholding is applied to segment the Region of Interest (ROI).
Lastly, the Support Vector Machine (SVM) is applied which will
classify the extracted feature vectors. Based on the second order
grey level co-occurrence matrix features the SVM will classify the
images into normal or abnormal [10].A review paper
RabiaNaseem et.al proposed an automated method to classify the
lung nodules. Using the false positive reduction the lung nodule is
classified as normal and abnormal region [11].
Qaisar Abbas proposed a deep learning algorithm to classify the
lung nodule. Without doing pre or post-processing steps a
Multilayer combination of the Convolutional Neural Network
(CNN), Recurrent Neural Networks (RNNs) and soft max linear
classifiers are integrated to develop the Lung-Deep. Compared to
the use of manual segmentation in this study done by a
professional radiologist. Hence, the development of this CAD tool
for pattern classification is having a great clinical importance and
it assists radiologists to better identify the lung-related disease
[12].YenyYim et.al proposed three steps to extract the lung
nodule. Firstly, by an inverse seeded region growing the lungs and
airways are extracted. Secondly, using three-dimensional region
growing the trachea and large airways are outlined from the lungs.
Thirdly, by subtracting the first two steps accurate lung area
borders are obtained [13].
The earlier CAD systems [14]-[21],[26]-[28] based on three steps,
i.e. Segmentation, feature extraction, the collection of most
projecting features and the last step is to classify these
discriminative features for recognition of lung disease. A sum of
supervised FP reduction techniques have been reported for the
characterization of INCs, such as Linear Discriminant Analysis
(LDA) [22], [23], artiﬁcial neural network (ANN) [24], [21]–[23].
Study by Jiang and colleagues had systematically examined and
comparatively analysed the alteration of DNA methylation at
genome and gene levels in Xuanwei lung cancer tissues, as well as
BaP-treated cells and mouse samples [25].
This paper is mainly focusing only on the pre-processing and
segmentation step.
The main contribution of this paper is to follow the below
techniques:
i) The existing pre-processing technique Gaussian filter
here the noises are not clearly remove so far another
technique improved linear iterative clustering is used.
ii) Improved Linear Iterative Clustering is a new technique
to improve the quality of the image and to enhance the
image.
iii) Some segmentation technique is depending only on the
number of clusters, region of interest etc. (i.e. Otsu
thresholding) so new technique is used i.e. Adjustable
Surface Normal Overlap.
iv) Adjustable Surface Normal Overlap is the new technique
here each lesion is viewed clearly to find the juxta
vascular region.
The organization of the paper is as follows: Section I emphasizes
introduction and the studies of several researches papers, section
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II explains the methodology, section IV states the obtained
simulation results and their discussion and section V concludes
the paper.

3. Steps to Segment the JUXTA Vascular
Region
The aim of the futuretechnique is to categorise the regular and
irregular cell in lung nodules. It mainly consists of five stages:
Image acquisition, image pre-processing, segmentation, feature
extraction and classification. The first stage is the image
acquisition here the input image is taken from the LIDC (Lung
Image Database Consortium) database. The second stage is the
image pre-processing here Improved Linear Iterative Clustering
(ILIC) method is used to section the lung region. The third stage is
the segmentation here the lung tumour is segmented using the
Adjustable Surface Normal Overlap (ASNO). The fourth stage is
the feature extraction here two features are used: GLCM and FOS
.And the fifth stage is the classification here the lung nodule is
classified using novel GWO based SVM.

Block Diagram

Figure 1: Block diagram for segment the JUXTA vascular region

This paper is focusing on pre-processing and segmentation which
is highlighted in the figure 1.

1. Image Acquisition
Image acquisition is the process of retrieving image from an
imaging modality. The main work of image acquisition is to read
and resize the input lung image. The input lung image is taken
from the LIDC (Lung Image Database Consortium)Computerized
Tomography CT scan images are better able to show contrast
difference among nodules and adjacent organs.

2. Image Pre-Processing
The main purpose of the image pre-processing is not simply the
elimination of the unwanted noise and background information
but also the alteration of the image pixel values. The histogram
equalization techniques used for enhancing the images are of two
types via frequency domain and spatial domain. It considerably
improves the perception and interpretability of the image
boundaries for human viewers. One of the frequency domain
techniques is histogram equalization and it is used to improve the
contrast of the images.
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Histogram equalization is a method to process images in order to
adjust the contrast of an image by modifying the intensity
distribution of the histogram. The objective of this technique is to
give a linear trend to the cumulative probability function
associated to the image.
In the Improved Linear Iteration Clustering (ILIC) algorithm,
the super pixels are equally sized. To section the lung area super
pixel is applied. While using the Improved Linear Iterative
Clustering algorithm cluster boundaries of the pixels among the
super-pixels is considered by an integer 0 and the additional
information of the pixels indicate that it energies to the particular
super-pixels. For every pixel, it may possibly be collected by their
neighbours which have the related grey values. The parallel
connection of the super-pixels is calculated, and the result is
formed as a parallel matrix. At last it is done based on the colour
such as black, white and grey.
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Mean
The mean contributes the normal grey level of all area and it is
useful only as anunevenhint of intensity not really texture.
Mean is shown in equation 1
1

Mean 𝜇𝑖 =

𝑁

∑𝑁
𝑗−1 𝑓𝑖𝑗

(1)

Standard Deviation
Standard deviation is used for depicting the gap of the enhanced
image. Standard deviation is shown in equation 2
2

1

1
2

SD = σi =(N ∑N
j−1(fij − μi ) )

(2)

Skewness
An amount of irregularity of the grey levels about the sample
mean is known as Skewness as shown in equation 3
Figure 2: Block diagram of image pre-processing

Figure 2 shows the block diagram pre-processed image of the lung
tumour using Improved Linear Iterative Clustering.

3. Segmentation
In segmentation the nodule is segmented using the Adjustable
Surface Normal Overlap. Initially detection of lung tumours
(observable on chest radiographs as nodules) may increase the
patients, but the nodule detection problem is a complicated task. It
is somewhat low-contrast with white circular objects in the lung
region. To differentiate true nodules from shadows, vessels, and
ribs there is a trouble in the CAD system.
The Adjustable Surface Normal Overlap (ASNO) is critical for
segmenting the lung nodules. Each layer is accumulated a score
related to the number of surface normal that pass through or near
it. Generally 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 lung.

𝑆𝑘 (𝑋) = (

1
Σ(𝑓(𝑥, 𝑦) − 𝑀3
)
𝑚×𝑛
𝑆𝐷3

(3)

(d)Kurtosis
Kurtosis is a measure of how outlier-prone a distribution is. It
describes the contour of the tail of the histogram. For the random
variable𝑋, the Kurtosis is denoted as 𝐾𝑢𝑟𝑡 (𝑋) and it is shown in
equation 4
𝐾𝑢𝑟𝑡 (𝑋) = (

1
Σ(𝑓(𝑥, 𝑦) − 𝑀4
)
𝑚×𝑛
𝑆𝐷4

(4)

Entropy
The measure of uncertainty in the image grey levels is recognised
as entropy. The entropy is considered to describe the randomness
of the textural image and is shown in equation 5
𝐸

𝑚−1 𝑛−1

= − ∑ ∑ 𝑓(𝑥, 𝑦) log 2 𝑓(𝑥, 𝑦)

(5)

𝑥=0 𝑦=0

Figure 3: Block diagram of segmentation

Figure 3 shows the block diagram of segmentation using
Adjustable Surface Normal Overlap to find the Juxta Vascular
Region.

4. Feature Extraction
i) FOS Features







FOS feature is a Histogram based features
The histogram-based features used here is the first order
statistics.
It consists of Mean, Variance, Skewness and Kurtosis.
Let z be a random variable indicating the image grey
levels and p(zi), i = 0,1,2,3,…….L-1, be the resultant
histogram.
Where L is the number of different gray levels.
Using the above mentioned histogram the features are
calculated.

Where
N is the total number of pixels in the image.

(ii) GLCM
GLCM stands for Grey Level Co-occurrence Matrix. GLCM is a
fixed statistical device for removing second order texture
information from the lung image. The sum of rows and columns is
equivalent to the number of individual grey levels in the GLCM
matrix.

Energy
The sum of squared GLCM elements is known as energy. The
other name of energy is regularity. The method pixel pair
duplication is also known as as textural uniformity. It detects
disarrays in textures. And it is shown in equation 6
𝑚−1 𝑛−1

𝐸𝑛 = √ ∑ ∑ 𝑓 2 (𝑥, 𝑦)
𝑥=0 𝑦=0

(6)
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Contrast

B. Experimental Result

An amount of intensity of a pixel is known as Contrast. And its
neighbour is over the image, which is shown in equation 7

The following stages shows the result of the input lung image
from the LIDC database. They are: image acquisition, image preprocessing and segmentation.

First stage is the image acquisition here the input image
is read and then resized.

Second stage is the image pre-processing here the
improved linear iterative clustering technique is done and
it is based on color.

Third stage is the adjustable surface normal overlap here
each and every lesion is segmented to find the juxta
vascular region.

𝑚−1 𝑛−1

𝐶𝑜𝑛 = ∑ ∑(𝑥 − 𝑦)2 𝑓(𝑥, 𝑦)

(7)

𝑥=0 𝑦=0

Correlation
The spatial dependencies between the pixels are described in the
Correlation feature and it is shown in equation 8
𝐶𝑜𝑟𝑟 =

𝑛−1
∑𝑚−1
𝑥=0 ∑𝑦=0(𝑥, 𝑦)𝑓(𝑥, 𝑦) − 𝑀𝑥 𝑀𝑦
𝜎𝑥 𝜎𝑦

(8)

Stage 1: Image Acquisition
In image acquisition the input lung image is taken from the LIDC
database. After taking the database the image is read and then
resized.

Inverse Difference Moment (IDM) or Homogeneity:
A measure of incomplete homogeneity of an image is known as
Inverse Difference Moment. And is shown in equation 9
𝑚−1 𝑛−1

𝐼𝐷𝑀 = ∑ ∑
𝑥=0 𝑦=0

1
𝑓(𝑥, 𝑦)
1 + (𝑥 − 𝑦)2

(9)

5. Novel GWO Based SVM
SVM stands for Support Vector Machine. Support vector
machines is a supervised learning representations for analysing
data and recognizing patterns, used for classification. The GWO
algorithm is deployed to choose near optimal combinations and a
set of approximately optimal weights for the training set of
images. Moreover, it is active to optimize the SVM parameter in
the classification process.
GWO-SVM is an optimized based classification works on the
hunting strategy of grey wolves and their leadership quality.
According to leadership and hunting strategy, the grey wolves are
divided into four divisions such as alpha, beta, delta and omega.
The algorithm is implemented based on hunting, searching for
prey, encircling prey, and attacking prey of wolf behaviour. The
SVM is optimized by the GWO algorithm. The exploration and
exploitation allows the classifier to share the information through
the search space with sudden jump in promising area. The locally
optimal solution is avoided by using several candidate solutions.
The circle shaped solution searching is obtained for higher
dimensions of search space.The algorithm gives the solved and
optimized parameters and provides a clear optimized value for the
SVM classifier.

Figure 4: Input lung image from the LIDC database

Figure 4shows the input lung image from the Lung Image
Database Consortium (LIDC) database and it is read and then
resized.

Stage 2: Image Pre-processing
The pre-processing technique is the improved linear iterative
clustering technique. Here the input is given to a pre-processing
technique their histogram is done .After that the histogram is
given to the histogram equalization of the input image it is based
on the intensity value. Next the histogram equalization output is
given to the improved linear iterative clustering technique their
clustering is based on the color i.e. white, black and grey. While
using this technique the image is enhanced and improved the
quality of the image.

4. Result and Discussion
In this section the result and discussion is focusing only on the
image pre-processing and segmentation techniques. The input
lung image is taken from Lung Image Database Consortium
(LIDC) database, to segment the juxta vascular region .The input
lung image is pre-processed by using clustering methods as
improved linear iterative clustering. To segment the lung an
adjustable surface normal overlap on the CAD system is used.

A. Software Description
Figure 5: Histogram of the input image

The result is simulated by using MATLAB 2016a software.
MATLAB code is inserted with statistical and image processing
tools. The input lung image of 40 patients obtained from LIDC
database are analysed and examined to obtain the segmentation
results of the proposed system.
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Figure 6: Histogram equalization of the input image based on the intensity
value
Figure 9: Adjustable surface normal overlap

Figure 9 shows that the each lesion is viewed based on the
adjustable surface normal overlap. For segmenting the juxta
vascular region we do the adjustable surface normal overlap
technique.

Figure 7: Histogram equalization of the image

Figure 5, 6 and 7 shows the output of the histogram equalization
of the input lung image. Here the figure 6 gives the histogram
equalization of the input image which is based on the intensity
value.

Figure 10: Output of the JUXTA vascular region

Figure 10 shows output of juxta vascular regionusing the
Adjustable Surface Normal Overlapeach and every lesion is
segmented. The juxta vascular region based on the segmentation
technique. Adjustable surface normal overlap technique is
identifying the tumour cell and segment the cell.[33]

5. Conclusion

Figure 8: Output of improved linear iterative clustering

Figure 8 shows the output of the improved linear iterative
clustering technique here the image is enhanced and the quality of
the image is improved based on the color i.e. White, black and
grey.

In this paper the input lung image is taken from the Lung Image
Database Consortium (LIDC) database. At first the input lung
image is given to the image acquisition their lung image is read
and then resized. The resized image is then given to preprocessing technique. The pre-processing is done by histogram
equalization technique and improved linear iterative clustering
technique their image is enhanced and it improves the quality of
the image. The pre-processed image is given to the segmentation
technique as Adjustable surface normal overlap. Using the
Adjustable surface normal overlap technique the juxta vascular
region is segmented. We conclude that our segmentation
technique gives the high accuracy to the classification.

Stage 3: Segmentation
After image pre-processing the pre-processed image is given to
the segmentation technique (adjustable surface normal overlap) to
segment the tumour. While using these technique each and every
lesion is viewed clearly.
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