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Abstract— The proposed work is to present a novel
approach for lung nodule segmentation in chest CT images
using Level Sets. The shape model is fused with the image
intensity statistical information in a variation segmentation
framework. The nodule shape model is mapped to the image
domain by a global transformation that includes
inhomogeneous scales, rotation, and translation parameters.
Transformation parameters evolve through gradient descent
optimization to handle the shape alignment process and
hence mark the boundaries of the nodule “head.” The
embedding process takes into consideration the image
intensity as well as prior shape information. A
nonparametric density estimation approach is employed to
handle the statistical intensity representation of the nodule
and background regions. The proposed technique does not
depend on nodule type or location.
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I. INTRODUCTION

Computer-aided detection (CADe) of pulmonary nodules is
critical to assisting radiologists in early identification of
lung cancer from computed tomography (CT) scans. The
early lung cancer is fully focused on the lung nodule
detection, segmentation, and classification problem is a
challenging endeavour especially. Computer vision and
machine learning approaches have been used to create
computerized methods of diagnosis, commonly called
computer-assisted diagnosis (CAD), from various imaging
modalities. In reading the chest CT, for example,
radiologists are able to differentiate changes in image
intensities or Hounsfield Units (HU) of physiological tissues
and abnormalities. Radiologists use observable shape,
intensity, texture, and size as measures of discrimination
between the anatomies of healthy lung tissues and various
abnormalities. CAD models are built to transcription the
radiologists and goal is to at enhancing the quality of the
diagnosis for early detection of lung cancer.

The various diseases associated with lungs range
from Common cold to pulmonary embolism, a block in the
artery of lungs and an inflammatory condition called
bacterial pneumonia. Nodule is an abnormality that leads to
lung cancer, characterized by a small round or oval shaped
growth on the lung that appears as a white shadow on an X-
ray or CT scan. If the growth is 3 centimeters or less, it is
called a nodule and if it is larger, it is called a mass. If the
size of the nodule is less than one inch (25mm), it is benign
(non-cancerous) and if it is greater than one inch, it is
termed malignant (cancer) . The benign nodules are smooth
and are of regular in shape, whereas the malignant type is
rough and irregularly shaped. This lung nodule obstructs the
airflow in the lungs result in breathing difficulties.

Il. OBJECTIVES

To develop efficient method to segment lung nodule
independent of nodules size or location.

In ray casting, Geometric rays are traced from the
eye of the observer to sample the light (radiance) travelling
toward the observer from the ray direction. Ray casting is
used for better and perfect computerization of image to trace
out segmentation of lung cancer nodule.

The identification of nodules and segmentation,
detection using MATLAB tool to detect disease accurately
gives final output .And it extract accurate ROI of disease
part, gives improved accuracy of detected disease in the
final output.

I1l. METHODOLOGY

A. Preprocessing:

Preprocessing consists of following steps;
1) Image enhancement.
2) Image restoration.
3) Gray scale conversion
4) Gary to Binary conversion
— In image enhancement to increase the brightness or
contrast of image.
— Inimage restoration is used for removing the noise.
—  Gray scale conversion
In photography and computing, a gray scale or
grayscale digital image is an image in which the value of
each pixel is a single sample, that is, it carries only intensity
information. Images of this sort, also known as black and
white, are composed exclusively of shades of grey, varying
from black at the weakest intensity to white at the strongest.
So the processing becomes easier.
— Gary to Binary conversion
A binary image is a digital image that have only
two likely values for each pixel. normally the two colors
used for a binary image are black and white although any
two colors can be used. The color used for the objects in the
image is the foreground color while the rest of the image is
the background color. In the document-scanning industry
this is regularly referred to as "bi-tonal™.
Binary images are as well called bi-level or two-
level. That means each pixel is stored as a single biti.e., a 0
or 1. The namesblackwhite, B&W, monochrome or
monochromatic are frequently used for this concept, but
may also allocate any images that have only one sample per
pixel, such as grayscale images. In Photoshop parlance, a
binary image is the same as an image in "Bitmap" mode.
Binary images repeatedly arise in digital image
processing as masks or as the result of certain operations
such as segmentation, thresholding, and dithering. Some
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input or output devices, such as laser printers, fax machines,
and bi-level computer displays, can only handle bi-level
images.

B. CLASSIFICATION BY (Testing and Training) SVM
(SUPPORT VECTOR MACHINE) and RAY CASTING;

SVM is a machine learning tool, based on the plan of data
classification. It performs classification by constructing an
N-dimensional hyper plane that optimally separates the data
into two categories. The separation of data can be either
linear or non-linear. Kernel function maps the training data
into a kernel space and the default kernel function is the dot
product. For non-linear cases, SVM uses a kernel function
which maps the given data into a different space; the
separations can be made even with very complex
boundaries. The different types of kernel function include
polynomial, RBF, quadratic, Multi Layer Perceptron (MLP).
Each kernel is formulated by its own parameters like v, o,
etc. By varying the parameters the performance rate of the
SVM can be measured. SVM technique for data
classification. From the literatures it is observed that the
lung nodule must be detected exactly. In this paper,
segmentation of lung nodule based on level set and
morphological operations; classification of lung nodules
using SVM is proposed.

A binary classification is used here, in which a
hyper plane classifies the given data into two different
classes; the vectors closest to the boundaries are called
support vectors and the distance between the support vectors
and hyper plane is called margin. The hyper plane divides
the data into two classes, called binary classification. The
binary value “0° denotes non-cancerous data and the value
“1* represents the cancerous data. The distance between the
hyper plane and the support vectors is called margin.

The optimal separating hyper plane between the
two classes by maximizing the margin between the classes’
closest points (Figure) the points lying on the boundaries are
called support vectors, and the center of the margin is our
optimal separating hyper plane. SVM is a machine learning
tool, based on the plan of data classification. It performs
classification by constructing an N-dimensional hyper plane
that optimally separates the data into two categories. The
separation of data can be either linear or non-linear. Kernel
function maps the training data into a kernel space and the
default kernel function is the dot product. For non-linear
cases, SVM uses a kernel function which maps the given
data into a different space; the separations can be made even
with very complicate boundaries.

The different types of kernel function consist of
polynomial, RBF (Radial Basis Function), quadratic, Multi
Layer Perceptron (MLP). Every kernel is formulated by its
have own parameters like y, o, etc. By changeable the
parameters the performance rate of the SVM can be
measured. svm (support vector machine) is used for lung
nodule segmentation and testing(training) and classification
purpose.

Separating

(‘ / Hyperplane
‘l ‘\

Support Vectors
Fig. 1. Classification by SVM

Input Image

Il

Gray scale conversion

Il

Preprocessing

!

Gray to binary

Il

Find ROI

[

Crop ROI

1l

Apply Ray casting

1

Feature extraction

1l

Apply SVM

J

output
Fig. 2: General Block Diagram

C. Lung Nodule Segmentation by Level Set:

An object region in an image is represented by its
boundaries. Region boundaries are called the shape of the
region or object. The ability to correctly represent shapes is
the main objective of shape analysis. The selection of such
representations is a key step in several medical and
computer vision applications such as registration and
segmentation. The level set function as a signed distance
map is able to capture complicated topology and
deformations. The object of interest is represented by a form
defined implicitly as a level set function. This contour has
some initialization which evolves according to a partial gap
equation to obtain the final object solution. The formulation
of the intensity segmentation process in order is as follows:

Let Q = {0, ..., Q — 1} indicate a set of gray levels g where
Q is the number of gray levels. Let _ = {X =[x, y]T: 0<x <
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X, 0 <y <Y} be a finite domain supporting the image of
interest | : < R2 — Q. Let f: Q — R be an observed
frequency distribution of gray levels q collected over the
whole image | such that Q q=0 f (q) = 1. The segmentation
process aims to partition the image into two regions: object
(inside the contour denoted by O) and background (outside
the contour denoted by B). A level set function ¢ : € R2 —
R can be defined as the minimum Euclidean distance
between the point X € and the shape boundary where a
given curve represents the shape boundaries of a certain
shape. The distance takes a negative sign outside the shape
boundaries. A curve can be initialized inside an object, then
evolves to cover the region guided by image information.
The evolving curve within the level set formulation is a
propagating front embedded as the zero level of a 3D scalar
function, ¢(X, t). To formulate the intensity segmentation
problem, we need to involve the contour representation in
the classification process. An error term can be computed by
counting the number of correctly classified pixels and then
measuring the difference with respect to the total number of
pixels. This can be done by summing up the probabilities of
the internal pixels to be object as well as the external pixels
probabilities to be classified as background. This is
measured by the term:

Error=1—m=xo / Po(X)dQ
JL

- TR / pPeiN)dQ2,
0.

plg)=moplg|O)+ g plg|B).

IV. FEATURE EXTRACTION

The features extracted from the lung images are mean,
contrast, entropy and standard deviation. Mean value
indicates the average value of all the pixels. Contrast is a
measure of the intensity between a pixel and its
neighborhood of the image.

Contrasi= Z i“j |\P("~.]')

i, j indicates the row and the column pixel

f l it ]
Standard deviation= > - R
i aq .,!v‘—_l'(.\’.—-\)
Where, x is the mean value and is the number of
elements in the sample. Entropy is a statistical measure of
randomness, used to characterize the textural properties of
input image. It is given by,
Entropy= (. *log 2(p))
Where “p” is the input image.
S

V. RESULTS

This work is validated using four different databases. The
first is the ELCAP public database (DB1), which consists of
50 sets of LDCT lung scans (30—40mA) taken at a single
breath-hold, with slice thickness 1.25 mm and resolution 0.5
mm X 0.5 mm. Locations of 397 nodules, provided by
radiologists, where used to create a database that consists of
59.12% juxta-pleural nodules, 33.95% vascularized

nodules,51.29% well-circumscribed nodules and 35.65%
pleural-tail nodules.

A subset database containing 291 nodules is used.
This database has nodules of diameter ranging from 2 mm to
5 mm. The second database (DB2) contains 108 nodules
from LDCT scans of slice thickness of 2.5 mm and a pixel
spacing of 0.72461 mm x0.72461 mm (diameter varies from
2.9 mm to 6 mm). The third database (DB3) has 28 nodules,
1.25mm and 2.5mm slice thickness, and diameter varying
from 7 mm to 20 mm. The fourth set (DB4) is a constructed
subset of the LIDC database (315 nodules of different
types and sizes). The slices are both low-dose and high-dose
CT images as well as pre and post-intravenous (1V) contrast.
This dataset also contains ground truth information obtained
from multiple radiologists. Over 1500 nodules from 1018
patients were collected and nodule information such as size
was provided

VI. CONCLUSION

We proposed a variational formulation for the lung nodules
segmentation problem using level sets. A circle prior shape
model is embedded into the image domain by means of
registration which allows the use of inhomogeneous scales.
The use of inhomogeneous scales in registering the shape
and intensity models allow the template to deform as an
adaptive ellipse to exactly fit the nodule “head” boundaries.
The registration process incorporates a prior shape model as
well as image intensity information in implicit spaces.
Despite the low quality of some of the LDCT images used in
our experimentation, the proposed approach is successful
with a rate more than 98%. The technique was also tested on
3D nodules with multiple patient follow-up scans. The
resulting nodule sizes across the scans gives a possible
indication about nodule(s) malignancy. Our results are
consistent with those of expert radiologists diagnosis.
Convex optimization will be investigated in order to have
unique solution and different initializations. Also,
automating the initialization process will be investigated.
Further extensions include incorporating 3D shape priors to
the proposed method.
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