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ABSTRACT

Now —a- days liver Cancer is growing anonymously in huge rate because this
liver cancer has low survival rate even symptoms do not appear until the cancer in
the advanced stage. if disease caught late the average person survive only a
year. so we propose the cancer detection using feature extraction and
classification. In this we go with the three phases of detection processing phase,
pre-processing phase and detection phase through feature extraction and classified
using extracted features for the normal and abnormal stages of the tumor. The
diagnosis method consists of four stages, pre-processing of MRI images, feature
extraction, and classification. After pre-processing of image, the segmentation is
done with fuzzy C means clustering and levelset segmenter. also the features are
extracted based on Texture Analysis Using the Gray-Level Co-Occurrence Matrix
(GLCM). In the last stage, KNN classifier are employed to classify the Normal and

abnormal liver.
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CHAPTER-1

INTRODUCTION

1.1 INTRODUCTION
Cancer is the abnormal growth of the tissue in an organ. Liver cancer is a type of

cancer which affects the largest organ of the abdomen, liver. It is of two types
namely Primary Liver Cancer and Secondary Liver Cancer. Primary Liver Cancer
originates in the liver itself and is known as Hepatocellular Carcinoma (HCC) or
Hepatoma. Secondary Liver Cancer is a type growth of cancer cell where the

cancer cell originates from different organ and spread to liver.

The first step is to find an image to do the further processing. MRI is a high quality
imaging technique which produces the structure of human organ in more defined
manner and useful for diagnosis of diseases and Biological Research . The results
of an MRI image are greatly enhanced by automotive and accurate classification of
image. The second step includes several enhancement technique to get best
guality of the image by removing the unwanted noise from the image. The third

stage segment or detect the cancer cell using segmentation.
1.2 LIVER CANCER

Liver cancer is one of the major death factor in the world and also known as hepatic
cancer; it is a cancer which starts in the liver, and not from another organ which
ultimately travels to the liver. In other words, there may be cancers which start from
somewhere else and end up in the liver — those are not (primary) liver cancers.
Cancers that originate in the liver are known as primary liver cancers. Liver cancer
comprises of malignant hepatic tumors (growths) in or on the liver. The most
common type of liver cancer is hepatocellular carcinoma (or hepatoma or HCC),

and it tends to affect males more than females.

Early detection and accurate presentation of liver cancer is a significant issue in
practical radiology. Liver lesions refer to those abnormal tissue cell that are found in
the liver. Liver lesions are a wound or injury in the tissue areas of the body due to
harm caused by a wound or disease. These lesions can be identified in a CT scan
by a difference in pixel intensity from other regions of the liver. For proper clinical
treatment, manual segmentation of this CT scan is difficult and excessively time

consuming task. Alternatively, automatic segmentation is very challenging task,



due to numerous issues, including liver stretch over 150 slices in a CT image, poor
intensity contrast between lesions and other nearby similar tissues and indefinite

form of the lesions.

MRI scans can be very helpful in looking at liver tumors. Sometimes they can tell a
benign tumor from a malignant one. They can also be used to look at blood vessels
in and around the liver to see any blockages, and can help show if liver cancer has

spread to other parts of the body.

Like CT scans, MRI scans provide detailed images of soft tissues in the body. But
MRI scans use radio waves and strong magnets instead of x-rays. MRI scans can
be very helpful in looking at liver tumors. Sometimes they can tell a benign tumor
from a malignant one. They can also be used to look at blood vessels in and
around the liver to see any blockages, and can help show if liver cancer has spread
to other parts of the body.

1.3 HEPATOCELLULAR CARCINOMA

The most common malignant liver lesion in the setting of a chronic liver disease is
hepatocellular carcinoma (HCC); however, these patients are also at increased risk
for cholangiocarcinoma (CCA) and combined HCC-CCA. The
hepatocarcinogenesis sequence accounts for the development of HCC. As the
hepatocytes regenerate to replace cells lost to necrosis and apoptosis,
deoxyribonucleic acid (DNA) mutations cause nodules to become dysplastic and
eventually malignant. As these nodules undergo malignant transformation, tumoral
neovascularity transforms the nodule blood supply from primarily portal venous
supply to a predominantly hepatic arterial supply, and these arterial vessels are
often abnormal. This process of malignant degeneration occurs across a
continuum, and the diffuse regenerative nodularity of the liver parenchyma that
occurs during cirrhosis can make the identification of small lesions challenging if a
meticulous imaging technique is not used. The American Association for the Study
of Liver Diseases (AASLD) recommends surveillance using an ultrasound every six
months for patients with cirrhosis of any cause or for patients with chronic hepatitis
B, even without findings of cirrhosis. It is challenging to distinguish small HCC from

regenerative nodules by ultrasound. Nodules less than one cm can be followed with
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more frequent ultrasounds, but nodules that grow or measure greater than one cm
should be further characterized with contrast-enhanced cross-sectional imaging
such as MRI.

Unlike many malignancies, HCC can be diagnosed by its imaging features without
the need for histologic confirmation if an appropriate imaging technique is utilized.
The administration of intravenous contrast is critical to diagnosis, and multiple
phases of contrast timing are required for the complete characterization of the liver
mass enhancement pattern. Regenerative nodules tend to have a T1 signal
intensity similar to or brighter than the adjacent parenchyma and the T2 signal
same as the liver. The nodules are usually not well identified after contrast because
they enhance the same as the surrounding liver unless there are surrounding

fibrotic bands with delayed enhancement.
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CHAPTER 2
LITERATURE REVIEW

2.1 LITERATURE REVIEW

Patient suffering from Liver Tumors are facing a lot of difficulties and challenges
starting from day one of admission till leaving the hospital. Liver tumor ablation by
minimal invasive treatment is done by radio frequency ablation and the process of
this technique take several stages. Therefore, applying lean methodology thinking
helps cancer patient in his treatment with delivery of therapy without any delay
time, minimizing process complications, and eliminating unnecessary steps. Thus,
by applying Lean concept and Fish Bone Cause Effect study we can decrease the
Liver Tumor Ablation process from 8 days to one day, save hospital time so more

patients can be treated, saving cost and Intensive Care Unit bed availability.

In minimally invasive interventions for liver cancer treatment, image registration
is a powerful technique to align diagnostic information, such as tumors and vessels,
to the interventional images. In this paper, we investigate how the contrast-
enhanced features in computed tomography (CT) images i.e. the tumors and the
vessels, help the registration. For this, we de-enhance the contrast-enhanced CT
image (iDECT) of the liver acquired during the intervention; and then we compare
the accuracy of the registration between the diagnostic contrastenhance CT image
(dCECT) and the original interventional contrast-enhanced image (iICECT) versus
the dCECT image and the de-enhanced image (iDECT). In addition, we use a
rigidity term to improve the registration using the de-enhanced image. The method

is evaluated on 11 clinical datasets.

Directional association measured by functional dependency can answer
important questions on relationships between variables, for example, in discovery
of molecular interactions in biological systems. However, when one has no prior
information about the functional form of a directional association, there is not a
widely established statistical procedure to detect such an association.

To address this issue, here we introduce an exact functional test for directional

association by examining the strength of functional dependency. It is effective in
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promoting functional patterns by reducing statistical power on non-functional
patterns. We designed an algorithm to carry out the test using a fast branch-and-
bound strategy, which achieved a substantial speedup over brute-force
enumeration. On data from an epidemiological study of liver cancer, the test
identified the hepatitis status of a subject as the most influential risk factor among
others for the cancer phenotype. On human lung cancer transcriptome data, the
test selected 1068 transcription start sites of putative noncoding RNAs directionally
associated with lung cancers, stronger than 95% TSSs of 694 curated cancer
genes. These predictions include non-monotonic interaction patterns, to which
other routine tests were insensitive. Complementing symmetric (non-directional)
association methods such as Fisher's exact test, the exact functional test is a

unique exact statistical test for evaluating evidence for causal relationships.

Direction Liver cancer is a mass that develops in the liver tissue due to
uncontrolled cell division of the liver cells. Hepatocellular carcinoma is the
commonest type of liver cancer, others include cholangiocarcinoma and
angiosarcoma. Although this cancer type is rare, studies have shown that it has
claimed so many lives. The causes of liver cancer are directly linked to diseases
such as liver cirrhosis, hepatitis B and C. The major liver cancer therapy techniques
are tumor ablation, tumor embolization, radiotherapy, surgery, chemotherapy,
immunotherapy and targeted therapy. The choice of a particular therapy technique
depends on certain disease-related factors such as the stage of the disease, it's
severity, the extent of the damage, patient health status etc. However, other factors
are related to the therapy technique and they greatly influence the choice of
treatment option. This study focuses on the therapyrelated factors which include
survival rate, side effects, treatment duration, cost of treatment and comfortability.
The various primary liver cancer therapy techniques were evaluated based on the
above-listed factors using Fuzzy PROMETHEE decision making theory. The
ranking result showed that Tumor Ablation is the best treatment alternative for
primary liver cancer upon selected criteria and weights based on desired
application. The outcome of this study will benefit both the oncologist and the

patients while trying to choose from a variety of alternatives in different scenario.
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Predicting cancer disease state is an important problem in the cancer discovery
process. For example, discriminating between benign and malignant tumors
improves the medical diagnosis of cancer. Although technological advancing led to
the generation of data pertaining to patients with different disease states,
evaluating the prediction performance of machine learning algorithms would be an
important step. In this paper, we propose using machine learning algorithms such
as a variant of Ada Boost, deep boost, xg boost and support vector machines and
evaluate them using area under curve and accuracy on real clinical data related to
thyroid cancer, colon cancer and liver cancer. Experimental results show the good

performance of SVM.
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CHAPTER -3

PROPOSED METHOD
3.1 PROPOSED SYSTEM

The proposed approach consists of three successive stages. Firstly, image
noises removed through pre-processing stage, to improve the quality of the
input images. The second stage is feature extraction and selection through
HOG algorithm to extract the main features of the tooth object . Finally, the

KNN classifier is employed to classify the liver images as cancer or healthy.

Feature

Pre-processing — Fui?r c] extraction using _, Classificationusing | —
Input image | S EEPr E means+levelset — ¢ o
segmentation ENN
Trained dataset images

3.1 PROPOSED BLOCK DIAGRAM

3.2 SYSTEM DESIGN

In system design a general description about the module and various components
used along with their corresponding diagrammatic representation using UML are

discussed.
3.2.1 DESIGN REPRESENTATION

The design can be represented by means of UML diagrams. In this, We are going

to represent the design by using unified modeling language.
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3.2.2UNIFIED MODELLING LANGUAGE( UML)

UML is a standard language for specifying, visualizing and documenting of
software system and created by object management group (OMG) in 1997. There
are three types of modelling , structural model, behavioural model, and
architectural model. To model a system the most important aspect is to capture the
dynamic behaviour which has some internal or external factors for making the
interactions. These internal or external agents are known actors. It consists of
actors, use cases and their relationship among several other useful and important

features. The UML diagrams are,
e Flow diagram

e Component Diagram

3.2.2.1 FLOW DIAGRAM

Users are able to visualize how the system will operate, what the system will
accomplish, and how the system will be implemented is represented in figure 3.2
Flow diagram is a collective term for a diagram representing a flow or set of

dynamic relationships in a system.

Segmentation using E
Pre-Processing RCB FCmeans cl fllh‘lrll
Input Image to Cray ersi - wsing GLCM

Trained
dataset

3.2.2.1 FLOW BLOCK DIAGRAM
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3.2.2..2 COMPONENT DIAGRAM

component diagram displays the structural relationship of components of a
software system. These are mostly used when working with complex systems that

has many components such as sensor nodes, cluster head and base station.

Feature

Input Image | || Pre-processing | —p| segmentation Extraction

Matching Classification

3.2.2.2 COMPONENT BLOCK DIAGRAM

3.3 PRE-PROCESSING

This step is important as acquired image is noisy. The pre-processing includes
series of operations performed on acquired input dental image. Each of the
acquired dental images is first subjected to rgb to gray conversion . A gray image is
a digital image that has only possible values for pixel i.e. 0-255.image resized to
500*500.image is filtered using median filter. The Median Filter is a non-linear
digital filtering technique, often used to remove noise from an image or signal. Such
noise reduction is a typical pre-processing step to improve the results of later

processing (for example, edge detection on an image).
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3.3 PRE-PROCESSING DIAGRAM

3.3. 1 MEDIAN FILTER

The median filter is a non-linear digital filtering technique, often used to remove
noise from an image or signal. Such noise reduction is a typical pre-processing
step to improve the results of later processing (for example, edge detection on an

image).

The median filter is normally used to reduce noise in an image, somewhat like the
mean filter. However, it often does a better job than the mean filter of preserving
useful detail in the image.
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HOW IT WORKS:

Like the mean filter, the median filter considers each pixel in the image in turn and
looks at its nearby neighbors to decide whether or not it is representative of its
surroundings. Instead of simply replacing the pixel value with the mean of
neighboring pixel values, it replaces it with the median of those values. The median
is calculated by first sorting all the pixel values from the surrounding neighborhood
into numerical order and then replacing the pixel being considered with the middle
pixel value. (If the neighborhood under consideration contains an even number of
pixels, the average of the two middle pixel values is used.) Figure illustrates an

example calculation.

123 | 125 | 126 | 130 | 14D

Neighbourhood values:
122 | 124 | 126 | 127 | 135

- 115,119,120, 123, 124,
118 | 120 [ 150 | 125 | 134 125,126,127, 150

119 | 115 | 11% | 123 | 133

Median value: 124
111 ({11a | 110 | 120 | 130

3.3. IMEDIAN VALUES& NEIGHBOURHOOD VALUES TABLE

As can be seen, the central pixel value of 150 is rather unrepresentative of the
surrounding pixels and is replaced with the median value: 124. A 3x3 square
neighbour hood is used here larger neighbour hoods will produce more severe

smoothing.
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3.4 FUZZY C-MEANS (FCM)

Segmentation for our project is k means clustering. FC-means clustering is one of
the simplest and popular unsupervised machine learning algorithms. The 'means’ in
the FC-means refers to averaging of the data; that is, finding the centroid. Fuzzy c-
means (FCM) is a method of clustering which allows one piece of data to belong to
two or more clusters.In pattern recognition and image processing, Fuzzy C denotes
a clustering methodology that allocate a fragment of information into two or more
clusters. Many algorithms are supported fuzzy theory. Fuzzy C-explains a cluster
rule that used relationship degree to work out every datum belongs to an explicit
cluster. Fuzzy separated the ‘n’ vectors and Xr where r = 1,2,3.....n into fuzzy
cluster and evaluated every center cluster creating worth perform of non-similarity
index to realize the minimum. The selection of associate acceptable objective
function is that the key to the success of the cluster analysis and to get higher

quality cluster results.

Segmentation is an important step in many medical imaging applications and a
variety of image segmentation techniques exist. One group of segmentation
algorithms is based on clustering concepts. In this chapter we provide an
overview of several fuzzy c-means based clustering approaches and their
application to medical imaging. In particular we evaluate the conventional hard c-
means and fuzzy c-means (FCM) approches as well as three computationally
more efficient derivatives of fuzzy c-means: fast FCM with random sampling, fast

generalised FCM, and a new anisotropic mean shift based FCM.

input image conversion to feature space is applied clustering. In our case, we have
chosen fuzzy c-means clustering method, settings are in experiments section. After
these two steps (input image conversion to feature space of clustering method and

accomplishing clustering method) is accomplished next segmentation method.

Assumptions: Image transformed into feature space, number of clusters c , stop

condition €, fuzziness parameter m .

Step 1: Cluster image in feature space, with next conditions: number of clusters is

¢, fuzziness index is m and stop condition is € .
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Step 2: Repeat for each pixel aij of image | .
Step 2.1: Find out, into which cluster CA belongs pixel aij at most. Step

2.2: Find out, whether in the closest surroundings of pixel aij exists segment Rk ,

which points belong to same cluster CA .

Step 2.3: If such segment Rk exists, than pixel aij add to segment Rk , else create

new segment Rn and add pixel aij to new segment Rn .

Step 3: Merge all segments, which belong to one cluster and are neighbors. Step

4: Arrange borders of all segments.

3.4.1 LEVELSET SEGMENTATION

Level-set methods (LSM) are a conceptual framework for using level sets as a tool
for numerical analysis of surfaces and shapes. The advantage of the level-set
model is that one can perform numerical computations involving curves and
surfaces on a fixed Cartesian grid without having to parameterize these objects
(this is called the Eulerian approach). Also, the level-set method makes it very easy
to follow shapes that change topology, for example, when a shape splits in two,
develops holes, or the reverse of these operations. All these make the level-set
method a great tool for modeling time-varying objects, like inflation of an airbag, or
a drop of oil floating in water.

The figure on the right illustrates several important ideas about the level-set
method. In the upper-left corner we see a shape; that is, a bounded region with a
well-behaved boundary. Below it, the red surface is the graph of a level set function
{\displaystyle \varphi }varphi determining this shape, and the flat blue region
represents the xy plane. The boundary of the shape is then the zero-level set of
{\displaystyle \varphi }\varphi , while the shape itself is the set of points in the plane
for which {\displaystyle \varphi }\varphi is positive (interior of the shape) or zero (at
the boundary).

20
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3.4.1 LEVEL SEGEMENTATION DIAGRAM

3.4.2 THE LEVEL-SET EQUATION

If the curve {\displaystyle \Gamma }\Gamma moves in the normal direction with a
speed {\displaystyle v}v, then the level-set function {\displaystyle \varphi }varphi
satisfies the level-set equation

0
% = v|V.

Here, {\displaystyle |\cdot |}|\cdot | is the Euclidean norm (denoted customarily by
single bars in PDEs), and {\displaystyle t}t is time. This is a partial differential
equation, in particular a Hamilton—Jacobi equation, and can be solved numerically,

for example, by using finite differences on a Cartesian grid.[2][3]

The numerical solution of the level-set equation, however, requires sophisticated
techniques. Simple finite-difference methods fail quickly. Upwinding methods, such
as the Godunov method, fare better; however, the level-set method does not
guarantee the conservation of the volume and the shape of the level set in an
advection field that does conserve the shape and size, for example, uniform or
rotational velocity field. Instead, the shape of the level set may get severely

distorted, and the level set may vanish over several time steps. For this reason,
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high-order finite-difference schemes are generally required, such as high-order
essentially non-oscillatory (ENO) schemes, and even then the feasibility of long-
time simulations is questionable. Further sophisticated methods to deal with this
difficulty have been developed, e.g., combinations of the level-set method with

tracing marker particles advected by the velocity field.

3.4.3 FEATURE EXTRACTION
GLCM

In statistical texture analysis, texture features are computed from the statistical
distribution of observed combinations of intensities at specified positions relative to
each other in the image. According to the number of intensity points (pixels) in each
combination, statistics are classified into first-order, secondorder and higher-order
statistics. The Gray Level Coocurrence Matrix (GLCM) method is a way of
extracting second order statistical texture features. The approach has been used in
a number of applications, Third and higher order textures consider the relationships

among three or more pixels.

In statistical texture analysis, texture features are computed from the
statistical distribution of observed combinations of intensities at specified positions
relative to each other in the image. According to the number of intensity points
(pixels) in each combination, statistics are classified into first-order, secondorder
and higher-order statistics. The Gray Level Coocurrence Matrix (GLCM) method is
a way of extracting second order statistical texture features. The approach has
been used in a number of applications, Third and higher order textures consider the
relationships among three or more pixels. These are theoretically possible but not
commonly implemented due to calculation time and interpretation difficulty. 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 | Ax, Ay) is the relative
frequency with which two pixels, separated by a pixel distance (Ax, Ay), occur
within a given neighborhood, one with intensity i and the other with intensity .
The matrix element P (i, j | d, ©) contains the second order statistical probability

values for changes between gray levels ‘i and | at a particular displacement

distance d and at a particular angle (e). Using a large number of intensity levels G

22



implies storing a lot of temporary data, i.e. a G x G matrix for each combination of
(Ax, Ay) or (d, e). 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 O(reference pixel).

The MATLAB code used for the GLCM is
gl =imread (‘Jerry.jpg’);

w1l = rgb2gray (ql);

el = imresize (w1, [128 128]);

rl = graycomatrix (el);

disp (rl); t1 = imhist (el);

figure, imshow (el),

title (‘transformed gray Jerry .jpg in gray'); The output will be an 8*8matrix which is
a GLCM of input image.

3.4.4 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.

Ng—1Ng-1

ENTROPY = [=() j:.[}
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3.4.5 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

T T
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3.4.1 TABLE FORMULA FOR CORRELATION
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3.5 CLASSIFICATION
KNN

KNN can be used for both classification and regression predictive problems.
However, it is more widely used in classification problems in the industry. To

evaluate any technique we generally look at 3 important aspects:

1. Ease to interpret output
2. Calculation time
3. Predictive Power

3.5.1 HOW DOES THE KNN ALGORITHM WORK?

Let’s take a simple case to understand this algorithm. Following is a spread of

red circles (RC) and green squares (GS) :

@
© % o=

You intend to find out the class of the blue star (BS) . BS can either be RC or
GS and nothing else. The “K” is KNN algorithm is the nearest neighbors we
wish to take vote from. Let’s say K = 3. Hence, we will now make a circle with
BS as center just as big as to enclose only three datapoints on the plane.
Refer to following diagram for more details:

25
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= o X

The three closest points to BS is all RC. Hence, with good confidence level we

can say that the BS should belong to the class RC. Here, the choice became
very obvious as all three votes from the closest ooleanr went to RC. The
choice of the parameter K is very crucial in this algorithm. Next we will

understand what are the factors to be considered to conclude the best K.

3.5.2 HOW DO WE CHOOSE THE FACTOR K?

First let us try to understand what exactly does K influence in the algorithm. If
we see the last example, given that all the 6 training observation remain
constant, with a given K value we can make boundaries of each class. These
boundaries will segregate RC from GS. The same way, let’s try to see the
effect of value “K” on the class boundaries. Following are the different

boundaries separating the two classes with different values of K.
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3.5.2 KFACTOR DIFFERENT VALUES

If you watch carefully, you can see that the boundary becomes smoother with
increasing value of K. With K increasing to infinity it finally becomes all blue or
all red depending on the total majority. The training error rate and the
validation error rate are two parameters we need to access on different K-
value. Following is the curve for the training error rate with varying value of K :
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As you can see, the error rate at K=1 is always zero for the training sample.
This is because the closest point to any training data point is itself.Hence the
prediction is always accurate with K=1. If validation error curve would have
been similar, our choice of K would have been 1. Following is the validation

error curve with varying value of K:
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This makes the story more clear. At K=1, we were overfitting the boundaries.
Hence, error rate initially decreases and reaches a minima. After the minima
point, it then increase with increasing K. To get the optimal value of K, you
can segregate the training and validation from the initial dataset. Now plot the
validation error curve to get the optimal value of K. This value of K should be

used for all predictions.

3.5.3 BREAKING IT DOWN - PSEUDO CODE of KNN

We can implement a KNN model by following the below steps:
1. Load the data
2. Initialise the value of k

3. For getting the predicted class, iterate from 1 to total number of training

data points

1. Calculate the distance between test data and each row of
training data. Here we will use Euclidean distance as our
distance metric since it's the most popular method. The other

metrics that can be used are Chebyshev, cosine, etc.

2. Sort the calculated distances in ascending order based on

distance values
3. Get top k rows from the sorted array

4. Get the most frequent class of these rows Return the predicted

class
3.6 SUPPORT VECTOR MACHINE

Support vector machines (SVMs, also support vector networks) are
supervised learning models with associated learning algorithms that analyze data
used for classification and regression analysis. Given a set of training examples,
each marked as belonging to one or the other of two categories, an SVM training

algorithm builds a model that assigns new examples to one category or the other,
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making it a non-probabilistic binary linear classifier. An SVM model is a
representation of the examples as points in space, mapped so that the examples of
the separate categories are divided by a clear gap that is as wide as possible. New
examples are then mapped into that same space and predicted to belong to a

category based on which side of the gap they fall on.

In addition to performing linear classification, SVMs can efficiently perform a
non-linear classification using what is called the kernel trick, implicitly mapping their

inputs into high-dimensional feature spaces.

When data are not labeled, supervised learning is not possible, and an
unsupervised learning approach is required, which attempts to find natural
clustering of the data to groups, and then map new data to these formed groups.
The clustering algorithm which provides an improvement to the support vector
machines is called support vector clustering and is often used in industrial
applications either when data are not labeled or when only some data are labeled

as a preprocessing for a classification pass.
3.6.1 MOTIVATION

Classifying data is a common task in machine learning. Suppose some given
data points each belong to one of two classes, and the goal is to decide which
class a new data point will be in. In the case of support vector machines, a data
point is viewed as a p -dimensional vector (a list of p numbers), and we want to
know whether we can separate such points with a ( p — 1 ) dimensional hyperplane.
This is called a linear classifier. There are many hyper planes that might classify
the data. One reasonable choice as the best hyper plane is the one that represents
the largest separation, or margin, between the two classes. So we choose the
hyper plane so that the distance from it to the nearest data point on each side is
maximized. If such a hyper plane exists, it is known as the maximum-margin hyper
plane and the linear classifier it defines is known as a maximum margin classifier;

or equivalently, the perceptron of optimal stability.
3.6.2 DEFINITION

More formally, a support vector machine constructs a hyper plane or set of

hyper planes in a high- or infinite-dimensional space, which can be used for
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classification, regression, or other tasks. Intuitively, a good separation is achieved
by the hyper plane that has the largest distance to the nearest training-data point of
any class (so-called functional margin), since in general the larger the margin the

lower the generalization error of the classifier.

Whereas the original problem may be stated in a finite dimensional space, it
often happens that the sets to discriminate are not linearly separable in that space.
For this reason, it was proposed that the original finite-dimensional space be
mapped into a much higher-dimensional space, presumably making the separation
easier in that space. To keep the computational load reasonable, the mappings
used by SVM schemes are designed to ensure that dot products may be computed
easily in terms of the variables in the original space, by defining them in terms of a
kernel function k ( x , y ) selected to suit the problem. The hyper planes in the
higher-dimensional space are defined as the set of points whose dot product with a
vector in that space is constant. The vectors defining the hyper planes can be
chosen to be linear combinations with parameters a i of images of feature vectors x
i that occur in the data base. With this choice of a hyper plane, the points x in the
feature space that are mapped into the hyper plane are defined by the relation: i
aik(xi,x)=constant.. Notethatifk (x,y)becomes small asy grows
further away from x, each term in the sum measures the degree of closeness of the
test point x to the corresponding data base point x i. In this way, the sum of kernels
above can be used to measure the relative nearness of each test point to the data
points originating in one or the other of the sets to be discriminated. Note the fact
that the set of points x mapped into any hyper plane can be quite convoluted as a
result, allowing much more complex discrimination between sets which are not

convex at all in the original space.
SVMs can be used to solve various real world problems:

e SVMs are helpful in text and hypertext categorization as their application
can significantly reduce the need for labeled training instances in both the
standard inductive and transductive settings.

o Classification of images can also be performed using SVMs. Experimental
results show that SVMs achieve significantly higher search accuracy than

traditional query refinement schemes after just three to four rounds of
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relevance feedback. This is also true of image segmentation systems,
including those using a modified version SVM that uses the privileged
approach as suggested by Vapnik.

e Hand-written characters can be recognized using SVM.

e The SVM algorithm has been widely applied in the biological and other
sciences. They have been used to classify proteins with up to 90% of the
compounds classified correctly. Permutation tests based on SVM weights
have been suggested as a mechanism for interpretation of SVM models.
Support vector machine weights have also been used to interpret SVM
models in the past. Posthoc interpretation of support vector machine
models in order to identify features used by the model to make predictions
is a relatively new area of research with special significance in the

biological sciences.
3.6.3 PROPERTIES

SVMs belong to a family of generalized linear classifiers and can be
interpreted as an extension of the perceptron. They can also be considered a
special case of Tikhonov regularization. A special property is that they
simultaneously minimize the empirical classification error and maximize the

geometric margin; hence they are also known as maximum margin classifiers.

A comparison of the SVM to other classifiers has been made by Meyer,
Leisch and Hornik.

3.6.4 PARAMETER SELECTION

The effectiveness of SVM depends on the selection of kernel, the kernel's
parameters, and soft margin parameter C. A common choice is a Gaussian kernel,
which has a single parameter y. The best combination of C and vy is often selected
by a grid search with exponentially growing sequences of C and y, for example, C €
{2-5,2-3,...,213, 215 }. Typically, each combination of parameter choices
is checked using cross validation, and the parameters with best cross-validation
accuracy are picked. Alternatively, recent work in Bayesian optimization can be
used to select C and vy, often requiring the evaluation of far fewer parameter
combinations than grid search. The final model, which is used for testing and for
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classifying new data, is then trained on the whole training set using the selected

parameters.
3.6.5 Issues
Potential drawbacks of the SVM include the following aspects:

e Requires full labeling of input data

¢ Uncalibrated class membership probabilities

e The SVM is only directly applicable for two-class tasks. Therefore,
algorithms that reduce the multi-class task to several binary problems
have to be applied; see the multi-class SVM section.

e Parameters of a solved model are difficult to interpret.
3.6.7 EXTENSIONS
SUPPORT VECTOR CLUSTERING (SVC)

SVC is a similar method that also builds on kernel functions but is
appropriate for unsupervised learning and data-mining. It is considered a

fundamental method in data science.
MULTICLASS SVM

Multiclass SVM aims to assign labels to instances by using support vector

machines, where the labels are drawn from a finite set of several elements.

The dominant approach for doing so is to reduce the single multiclass problem into
multiple binary classification problems. Common methods for such reduction

include:

e Building binary classifiers which distinguish (i) between one of the labels
and the rest (one-versus-all) or (i) between every pair of classes (one-
versus-one). Classification of new instances for the one-versus-all case is
done by a winner-takes-all strategy, in which the classifier with the highest
output function assigns the class (it is important that the output functions
be calibrated to produce comparable scores). For the one-versus-one
approach, classification is done by a max-wins voting strategy, in which

every classifier assigns the instance to one of the two classes, then the

33



vote for the assigned class is increased by one vote, and finally the class
with the most votes determines the instance classification.
e Directed acyclic graph SVM (DAGSVM)

e Error-correcting output codes

Crammer and Singer proposed a multiclass SVM method which casts the
multiclass classification problem into a single optimization problem, rather than
decomposing it into multiple binary classification problems. See also Lee, Lin and
Wahba.

3.6.8 STRUCTURED SVM

SVMs have been generalized to structured SVMs, where the label space is

structured and of possibly infinite size.
3.6.9 IMPLEMENTATION

The parameters of the maximum-margin hyperplane are derived by solving
the optimization. There exist several specialized algorithms for quickly solving the
QP problem that arises from SVMs, mostly relying on heuristics for breaking the

problem down into smaller, more-manageable chunks.

Another approach is to use an interior point method that uses Newton-like
iterations to find a solution of the Karush—Kuhn—Tucker conditions of the primal and
dual problems. Instead of solving a sequence of broken down problems, this
approach directly solves the problem altogether. To avoid solving a linear system
involving the large kernel matrix, a low rank approximation to the matrix is often

used in the kernel trick.

Another common method is Platt's sequential minimal optimization (SMO)
algorithm, which breaks the problem down into 2-dimensional sub-problems that
are solved analytically, eliminating the need for a numerical optimization algorithm
and matrix storage. This algorithm is conceptually simple, easy to implement,

generally faster, and has better scaling properties for difficult SVM problems.

The special case of linear support vector machines can be solved more
efficiently by the same kind of algorithms used to optimize its close cousin, logistic

regression; this class of algorithms includes sub-gradient descent (e.g., PEGASOS)
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and coordinate descent (e.g., LIBLINEAR). LIBLINEAR has some attractive training
time properties. Each convergence iteration takes time linear in the time taken to
read the train data and the iterations also have a Q-Linear Convergence property,
making the algorithm extremely fast.

The general kernel SVMs can also be solved more efficiently using sub-
gradient descent (e.g. P-pack SVM), especially when parallelization is allowed.

Kernel SVMs are available in many machine learning toolkits, including
LIBSVM, MATLAB, SAS, SVM light, Shogun, Shark, J Kernel Machines, Open CV
and others.
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CHAPTER-4

SOFTWARE

4.1 SYSTEM REQUIREMENTS FOR MATLAB
Operating Systems

Windows 10

Windows 8.1

Windows 8

Windows 7 Service Pack 1

Windows Server 2016

Windows Server 2012

Windows Server 2008 R2 Service Pack 1
Processors

Any Intel or AMD x86-64 processor

AV X2 instruction set support is recommended
With Polyspace, 4 cores is recommended

Disk Space

2 GB for MATLAB only,

4—-6 GB for a typical installation.

RAM

2 GB

With Simulink, 4 GB is required

With Polyspace, 4 GB per core is recommended

4.2 Graphics
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No specific graphics card is required.

Hardware accelerated graphics card supporting OpenGL 3.3 with 1GB GPU

memory is recommended.

4.2 MATLAB
What Is MATLAB?

MATLAB is a high-performance language for technical computing. It
integrates computation, visualization, and programming in an easy-to-use
environment where problems and solutions are expressed in familiar mathematical
notation. Typical uses include:

*Math and computation

*Algorithm development

*Modeling, simulation, and prototyping
*Data analysis, exploration, and visualization
*Scientific and engineering graphics

*Application development, including graphical user interface building

MATLAB is an interactive system whose basic data element is an array that
does not require dimensioning. This allows you to solve many technical computing
problems, especially those with matrix and vector formulations, in a fraction of the
time it would take to write a program in a scalar noninteractive language such as C

or Fortran.

The name MATLAB stands for matrix laboratory. MATLAB was originally
written to provide easy access to matrix software developed by the LINPACK and
EISPACK projects. Today, MATLAB uses software developed by the LAPACK and
ARPACK projects, which together represent the state-of-the-art in software for
matrix computation. MATLAB has evolved over a period of years with input from
many users. In university environments, it is the standard instructional tool for
introductory and advanced courses in mathematics, engineering, and science. In
industry, MATLAB is the tool of choice for high-productivity research, development,

and analysis.

37



4.2.1TOOLBOXES

MATLAB features a family of application-specific solutions called toolboxes.
Very important to most users of MATLAB, toolboxes allow you to learn and apply
specialized technology. Toolboxes are comprehensive collections of MATLAB
functions (M-files) that extend the MATLAB environment to solve
particular classes of problems. Areas in which toolboxes are available include
signal processing, control systems, neural networks, fuzzy logic, wavelets,

simulation, and many others.

4.2.2 THE MATLAB SYSTEM

The MATLAB system consists of five main parts:

4.2.3 DEVELOPMENT ENVIRONMENT

This is the set of tools and facilities that help you use MATLAB functions and
files. Many of these tools are graphical user interfaces.

It includes the MATLAB desktop and Command Window, a command

history, and browsers for viewing help, the workspace, files, and the search path.

4.2.4 THE MATLAB MATHEMATICAL FUNCTION LIBRARY

This is a vast collection of computational algorithms ranging from elementary
functions like sum, sine, cosine, and complex arithmetic, to more sophisticated
functions like matrix inverse, matrix eigenvalues, Bessel functions, and fast Fourier

transforms.

4.2.5 THE MATLAB LANGUAGE

This is a high-level matrix/array language with control flow statements,
functions, data structures, input/output, and object-oriented programming features.
It allows both “programming in the small” to rapidly create quick and dirty throw-
away programs, and “programming in the large” to create complete large and

complex application programs.

4.2.6 HANDLE GRAPHICS®

38



This is the MATLAB graphics system. It includes high-level commands for
two-dimensional and three-dimensional data visualization, image processing,
animation, and presentation graphics. It also includes low-level commands that
allow you to fully customize the appearance of graphics as well as to build

complete graphical user interfaces on your MATLAB applications.

4.3 THE MATLAB APPLICATION PROGRAM INTERFACE (API).
This is a library that allows you to write C and Fortran programs that interact with
MATLAB. It include facilities for calling routines from MATLAB (dynamic linking),

calling MATLAB as a computational engine, and for reading and writing MAT -files.

4.3.1 IMAGE PROCESSING IN MATLAB

Images and pictures. As we mentioned in the preface, human beings are
predominantly visual creatures: we rely heavily on our vision to make sense of the
world around us. We not only look at things to identify and classify them, but we
can scan for di_erences, and obtain an overall rough _feeling_ for a scene with a
quick glance. Humans have evolved very precise visual skills: we can identify a
face in an instant; we can differentiate colours; we can process a large amount of

visual information very quickly.

However, the world is in constant motion: stare at something for long enough
and it will change in some way. Even a large solid structure, like a building or a
mountain, will change its appearance depending on the time of day (day or night);
amount of sunlight (clear or cloudy), or various shadows falling upon it. We are
concerned with single images: snapshots, if you like, of a visual scene. Although
image processing can deal with changing scenes, we shall not discuss it in any
detail in this text.

For our purposes, an image is a single picture which represents something.
It may be a picture of a person, of people or animals, or of an outdoor scene, or a
microphotograph of an electronic component, or the result of medical imaging.

Even if the picture is not immediately recognizable, it will not be just a random blur.
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4.4 IMAGE PROCESSING

Image processing involves changing the nature of an image in order to either
1. improve its pictorial information for human interpretation,

2. render it more suitable for autonomous machine perception.

We shall be concerned with digital image processing, which involves using a
computer to change the nature of a digital image (see below). It is necessary to
realize that these two aspects represent two separate but equally important aspects
of image processing. A procedure which satisfies condition,

(1) A procedure which makes an image look better may be the very worst
procedure for satisfying condition
(2). Humans like their images to be sharp, clear and detailed; machines prefer their

images to be simple and uncluttered.

4.4.1 Some applications

Image processing has an enormous range of applications; almost every area
of science and technology can make use of image processing methods. Here is a
short list just to give some indication of the range of image processing applications.

1. Medicine
Inspection and interpretation of images obtained from X-rays, MRI or CAT scans,

analysis of cell images, of chromosome karyotypes.

2. Agriculture

Satellite/aerial views of land, for example to determine how much land is being
used for different purposes, or to investigate the suitability of different regions for
different crops ,inspection of fruit and vegetables distinguishing good and fresh

produce from old.

3 Industry
Automatic inspection of items on a production line,

inspection of paper samples.
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CHAPTER-5

5.1 OUTPUTS
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FUZZY SEGMENTATION
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CHAPTER 6

CONCLUSION
The segmentation method presented in this paper is one of the flexibly
methods for segmentation. fcMeans and watershed segmentation is comparatively
more clear than thresholding segmentation.. In this case also we find infected area.
Cancerous region is separated from healthy liver by the method of segmentation.

The unique features of the segmented images were extracted using GLCM.

Features are contrast, correlation, Energy, Homogenity, Std Deviation. On that
features knn used to classify. In short the development of knn used is an entirely
different from normal algorithms used for learning and knn used provides a new

insight into this learning
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