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ABSTRACT

Color Image segmentation using Spectral clustering

Marsel, edrees
M.S. / Electrical and Computer Engineering, ALTINBAS University
Supervisor: Do¢.Dr. Oguz Bayat
Co-Supervisor:

Date: 8 / 2017

The spectral clustering has newly arise and has become one of the most common clustering
algorithms, and the learning algorithm is considered uncensored. It is easy to apply and can be
efficiently solved using standard linear algebra software. Often outweigh the normal clustering

algorithms, for example, the K-mean algorithm.

segmentation is a digital image split that is entered into several regions and re-image
representation to useful elements and more clearly for analysis. The process of color-based
segmentation is greatly influenced by the color of the space. the L*a*b color space is the best

representative of the contents of the color image.

In this dissertation, an algorithm was developed to segment the color image using L*a*b color
space and then the spectral algorithm was applied to the data to classify it. Description of shape

nor representation is an important issue both in the identification and classification of objects.

The resulting color segmentation scheme has been applied to some of the images and empiricism

data indicate a well-advanced segmentation algorithm if the coefficients are better configured.

Key words: segmentation clustering, spectral, L*a*b, image, Affinity.

Vi



1.

11
1.1.1
1.1.2
1.1.3
1.2
121
1.2.2
1.2.3
124
1.24.1
1.2.4.2
1.2.4.3
1.24.4
1.2.4.5
1.245.1
1.2.5
1.25.1
1.2.5.2
1.2.5.3
1.254
1.2.2.5
1.2.5.6
2.

2.1
2.11
2.1.2
2.2

2.3

3.

3.1
3.11
3.1.2
3.1.3
3.2
3.2.1
3.2.2
3.23
3.3

4.

4.1

TABLE OF CONTENTS

BiNAry IMAGE ..ottt ettt ettt e et et sttt sbe et e sae e n et e
GraYSCAlE IMAGE ceeeieeieeie ettt ettt bbb es st et ee e e e e eneaaeereste et saeebe st seesees
COlON IMAEE vttt ettt st ettt e eetestesbesteste st stestesteseene e e ensansensasansansensestans
IMAEE PrOCESSING ..eeneiieeeieieiee st cette e ettt st ettt st e et e sae s e te et eeasessbeeseen e eneeanee sanenes
IMage ENNANCEMENT ...oveeieie ettt ettt s e e e e e
IMAEE COMPIESSION ...ttt ettt ettt st et et et et shees et st ees st s sbeansaenaes sneeenneesseens
FaFo Yoo 1 =T T o = SRR
IMAGE SEEMENTATION .oiiiiiceicice e e e s e s e e e et e sre e e ae e
Edge-Based MEthOdS ...ttt st s e senen
Region-Based METhOdS ...ttt et st s n s e e e e e
Split / Merge APPrO@ChES ......ccceuiverieete sttt ettt evae s et s bes s eneeresnnens
REgION GroWING PrOCEAUIE ..uoovicie ettt st sttt ste e se et sr s e e seesneennens
Clustering Based MEethods .......c.ccevieiiiieie ettt err et e e st e s aes s
Y o LTt = W (U1 =T o g T RS
Application of image segmentation ... e
(@] oY T=Tox e 11 =T o1 4 To] o O
S Lol e 11 =Tt o (o] o ST
Yo Y= Tolo =4 o | o] o HS OO P PRSP
0=T 0 g To) =BT =T 0 ] 1 =TSP RIPP
SIigNAture RECOZNITION ..oiviieiie ettt s st et sn e ea e sre s eb e stesnnaenn
V= Tol YT g <INV ] o o OO TSRS
Chapter 2

COlOT SPACE oottt ettt st et et r et e e sbesbesaeab et besbe e e aesheeneensasbenbennenreetes
RGB COlON SPACE .euteeeeteete et ettt et st et ee b et e e steebeeresrsessaesbenbeeeessesbesneaesaessennesnnes
CilDLIB COIOI SPACE ..uveve ettt sttt ettt sae b eae e e er s e e aesbesaesnsarsaesbenneese stesns
Conversion between RGB and Lab cOlOr SPACE ......covevvetececieece ettt
Spectral clustering AIZOTItNM c...cviuicee et e et aer e
The Proposed Approach and its Implementation .........cccceeveeeeceeeeeeieceecee e
INItIAliZAtION ATA cvieeeecece e e enas
REAM IMAEE ittt ettt er st et b ete e e b aeb e s e e e saesbeensansessaesbenneensesteenes
Convert image from RGB t0 L¥a™D ...cevveveciiiie ettt et er s e e ere v
Reshape the COlUMNS @GN FOWS ......ooviiiiiiiee ettt et eer e b st srrennens
IMPIEMENTATION cvvivtiiieiecee ettt ettt sresbeeae b eeb e s be e e nesbesanersaesbensennes
ApPPIYINE SPECEral CIUSTEIING wovveivecee ettt eer s ben e e b b eae
=] o 1T T oY= o TSR
Chapter 3

EXperiments and RESUILS ........ceee ettt sttt r e e e st s
Conclusion and fULUFE WOTK ...ttt e se e
(@70 o Yol U] o o 0SSR

Vi



.2 TULTUIE WOTK woeeeeiceeeieee ettt seteee st teesteeetesessessasaes sataes sateessseessntesessessassesssssesssesensressnnsesns
RETEIENCES ettt ettt ettt e et e et eeate et ateseaaes st eessseseassesesstesasses stbes ssaesssesenssesanssesasnes snsnessnns
LYo 01T o | RSP RTS

viii



Figure 1.
Figure 3.
Figure 4.
Figure 8.
Figure 9.
Figure 10.
Figure 10.
Figure 11.
Figure 12.
Figure 13.
Figure 14.
Figure 15.
Figure 16.
Figure 17.
Figure 18.

Figure 19.

Figure 20.

LIST OF FIGURES

Classification of SEEMENTAtION .......ceeuiviireiriirccece e e
CIUSTEIINE vttt ettt ettt et ste st saeetesae saesaesee e e e e e s essensessensensessesens
DEEIEE IMALFIX cueeeiiee ettt ettt ettt s et s et et st eb e st st et sae e ease sreeeeenn
Flowchart of propped approach........iivneccecece e e
Input image and conVerted IMage......cccuvveeveieieie st se e
Original image and labeled iMage.....cccooe v e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ......ccoveveeerereee e e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ......cccoeeveeeeceeicceeer e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE .......cccceeeveeeeeeeeeee e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ......ccoveeeeeeeeeieeeeee e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ........ccceeeeeieeceee et
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ......cccceeeeeieeeeeeee et
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ......cccoeeveeeeeeceeee et
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE ......ccoeeveeeeeeecceee e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAGE .......oevvveveiieieerece et et v e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE .......ovvveveieeieerece et et e
(a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d)
Segmented Image (e) segmented IMAZE .......oevveveieeieerece et et

30

31

32

33

34

35

36

37

38

39



LIST OF PICTURES

Picture 1.
Picture 2.
Picture 3.
Picture 4.

REEION GIOWING ..ttt ettt ettt ettt st et sae et et st e e sheeste e saseenae saeenes
(=Y ol< I o =Y (=Y ot 4 Lo ] o FERTT RN

RGB color space ..
L*a*b color space



1. Introduction

In this chapter, we start by defining the basics of the image. image processing, image
segmentation, and applications that use image segmentation and definition of image
segmentation algorithms. As well as a brief introduction to clustering and classification of

clustering.

1.1 Image

The digital image is a digital representation (binary values zero and one) of a material object that
can be seen with the eye. The image is inserted into the computer by the digital camera or
scanner for storage or modification. The image is a two-dimensional matrix consist of height and
width. After converting the real image to the computer, it has a process called Sampling, which,

is taking a small sampling of the image of truth.

Each sample square shape is named a pixel and is considered the smallest part of the digital

image. Each pixel has only one color depending kind of the image (gray, or colored or other).

1.1.1 Binary Image

It Is an image consisting of a matrix with (m * n) a dimension. And contains only two colors (black
color and white color). Where the value of each pixel represents the color black or white. the
black color takes the value of 0 and the color of white takes the value of 1. It does not contain
any other color in this type of image. These images can be very effective in terms of storage.

Images that can be binary representation include text, fingerprints or architectural plans.

1.1.2 Grayscale image

A black-and-white image with grayscale gradients whose intensity or intensity is represented by
numbers from 0 to 255 where 0 is the bright white color and 255 is the color of the pixel is dark
black and when this image is represented on the computer Represented by equal columns and
equal rows of pixels Each pixel has 8 bytes that specify the density or intensity of 0 to 255. Such

as medicine images (X-rays), printed images of works.(Gonzalez & Woods, 2002)



1.1.3 Color image

An image is represented by a three-dimensional matrix, MxNx3, whose elements are double or
unit8. Each pixel in the image results in combining three compounds to give the right color. The
red color consists of a binary matrix (extracted from the three-dimensional matrix), with the color
value between the range [0,1] Black 0 and red 1, and between them are red, blue and green. By
combining three RGB colors from three three-dimensional arrays we get real colors. (Tarun

Kumar, 2010)

1.2 Image processing

Image processing is a way to apply some operations to an image, to get information inside the
image or to improve. It is a type of signal processing that inputs the image and the output may

be the image or properties/features associated with that image.

Nowadays, interest in image processing has increased and many techniques and algorithms have
been developed. It is the fastest growing technology. It is part of a more important field of

research within the engineering and computer sciences as well.

There are two methods used to handle images, namely analog and digital for image processing.
Analog image processing is used for print copies of printouts and images. Analysts use a different
basis of interpretation when using these visual methods. Digital image processing methods help

manipulate digital images using computers.

Before starting in image processing process the image is converted into digital format.
Digitization includes sample sampling and sample value estimation. After the image is converted
into bit information, start processing is performed. This processing technology for image

enhancement, image reconstruction, image compression or image segmentation.



1.2.1 Image Enhancement

There are many algorithms to improve images depending on purpose. One of important thing
that is purified the image from noise, which is caused by a number of reasons such as the
camera's sensitivity or during the transfer and storage of the image. The image is also improved
by reducing or blurring the image. Prior to image processing, it is important to correct and
redistribute colors and lighting. This is done in a number of ways as needed, such as evenly

dividing colors, increasing or decreasing contrast and brightness.

1.2.2 Image compression

image compression is associated with algorithms that reduce the amount of data needed to
represent an image in order to decrease its storage size. Image compression is important and
necessary since it will be difficult to share images through the Internet and will occupy images
large areas of the hard drive. Reducing the files size lets many images to be stored in a specified
amount of disk or memory space. It also reduces the time it takes to send or download images

online from web pages.

1.2.3 Image Filtering

Filtering is a method used to adjust and improve the image. By using them, for example, we can
highlight some of the characteristics of the image as edges or remove some defects such as blurry
or blurry. Simply filtering is done by passing a filter (often smaller than the size of the image) onto
the image in a certain way and collecting a hit with the image to calculate a given pixel value.

Many filters can be designed according to the desired task.
1.2.4 Image Segmentation

Image segmentation has long been known to be a difficult in image processing problem. And
there are different approaches have suggested for achieving best results. In computer vision,
partitioning is a way of dividing the image into several meaningful regions for applications such
as object tracking and understanding. (Ho & Lee, 2003)The purpose of segmentation is to simplify

and modify the image demonstration to something more important and easier to investigate.



Image segmentation is usually used to detect different objects and their edges in images. Image
segmentation is the procedure for moving a label to each pixel so that the pixel unit with similar
labels share firm visual characteristics. As mentioned earlier, there are several segmentation
methods. Figure 1. Classification of segmentation algorithms .such as edge-based, region-based,
cluster-based, and split / merge approaches. A brief description of these approaches is provided

in the following sections.(Canny, 1986)

Image segmentation
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Figure 1: Classification of segmentation



1.2.4.1 Edge-Based Methods

The edge-based image segmentation methods stand on edge detection and are a well-extended
field in image processing. Since there is often a sharp change in the intensity of the object
boundaries, these boundaries can be considered as edges. However, closed region boundaries to

detect the image objects and the detected edges are the boundaries between the objects.

Edge detection techniques have therefore been used as an essential step for other segmentation
methods. In this approach, the edges of the image are recognized and then linked to lines that
indicate the boundaries of image objects. The edges of the candidates are extracted through the
gradient threshold or the Laplacian size. The edges recognized by edge detection algorithms are
likely to be intermittent at times. To solve this problem, many evolutionary algorithms have been
proposed to detect local thin and well-maintained edges based on optimization of edge

configurations (Abood, 2013).
1.2.4.2 Region-Based Methods

In region based methods, the input image is divided into several connected regions by clustering
the adjacent pixels to near intensity levels. The objective is to detection of regions that satisfied
certain predefined homogeneity criteria. Neighboring regions are further integrated due to their
homogeneity or severity of region boundaries. And region based segmentation defined as a

technique to set the region directly.

The two main constraints to region-based segmentation are as follows:

n
R; =R
=1
where R; is connected region and j=1,2, 3, .......... , N. that means union of all regions must be
the original image R.
R; N R, = @,forj =12,3,..........,n

The second constraint means that every pixel should belong to only one specific region .(Ho &

Lee, 2003)



1.2.4.3 Split / Merge Approaches

As mentioned in the name, these segmentations approach involves two separate procedures.
The first procedure segmented the image into several of regions and then the second procedure,
some inappropriate regions are merged into the correct regions. In methods of split/ merge, an
input image is segmented into groups of homogeneous regions in advance. Then, similar
neighbor’s regions are merged for some homogenization features. In merge phase, every
inappropriate region needs to be merged with one of their neighbors. As a result, Region
Adjacency Graph is proposed to determine neighboring regions. After each merge procedure is
repeated, Region Adjacency Graph must be updated to represent the new regions and its

neighbors correctly.(Ho & Lee, 2003)

1.2.4.4 Region Growing Procedure

The growing region approach starts with one a pixel, namely a pixel seed. every one of the four
seeds (neighbor) pixels is verified with the growing area (or insert) requirement. If the condition
is done, the neighbor pixel is added into the region. The four neighbors are then examined from
newly added neighbor pixels to be inserted into the area. and this procedure continues so that
pixels are not spatially linked to a growing state. The new procedure then starts in the growing
area with a closer pixel of the image that is not already a member of the region. The process
continues until each pixel is embedded in the image in one of the growing area. For example, in
Figure 2, the growing region of the seeds has started in (A), and all pixels of the brain image can

be detected after different numbers of duplicates in (f). (Ramesh, Priya, & Arabi, 2014)



Figure 2. Region Growing for the Brain Image

1.2.4.5 Clustering Based Methods

The term “data mining” appeared in the mid-nineties in the USA which combines statistics and
database technology, artificial intelligence and machine learning. There are a lot of tools that are
used in data mining, including classification and, Clustering, Association rule learning, Regression

and automatic summarization.(Shmueli, Patel, & Bruce, 2007)

Clustering, a process to find and search for specific, meaningful and useful information within a
large size of data, and this is done by the process of linking analysis of these data and methods

of artificial intelligence to become better efficient in the process of research.(Jackson, 2002)

Clustering is the process of developing data from similar gatherings, which is a branch of data

mining. Clustering algorithm divides data sets into several clusters, as the similarities between



the points within a certain grouping larger than the similarity between two points within the
different two communities. The idea of compiling data simple in nature and very close to the
human in his way of thinking where we, whenever we deal with a large amount of data, tend to
the vast amount of data to summarize a few of the groups or categories, in order to facilitate the

process of analysis.

Does not use only to organize and classify the data, but it uses data compression and build a
model arrangement of data clustering algorithms on a large scale. If we can find clusters of data,
it is possible to build a model of the problem on the basis of those gatherings.(Geetha & MCA,
2014)

clustering is the process of dividing a specific data set into homogeneous groups based on specific
properties so that similar objects are kept in a group while different objects are in different
groups. These alone can be considered uncontrolled learning problems. It deals with finding a

structure in a set of unnamed data. (Monteiro & Villar, 2014).(Montero & Vilar, 2014)

Clustering is used majorly in the analysis of exploratory data; they have applications
automatically in any scientific field dealing with empirical data. There are different techniques

for clustering data.

Segmentation by using clustering

In these methods, the entire pixels of an image are sorted in a histogram according to their
intensity values. Then, a predefined number of clusters will be defined to split the intensity
histogram into several intervals. In this unsupervised region segmentation algorithm, pixels
which are located in the same cluster may not be adjacent. Therefore, the number of regions is
not the same as in a number of the clusters. There are deafferents kind of clustering-based

methods such as k mean method, spectral clustering method and fuzzy ¢ mean method.
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Spectral clustering

The spectral cluster can define as an algorithm to place N data sets in the N-dimensional space
in several clusters.

Each parameter is determined by its similarity, which means that points in the same group are
similar and points in different groups are different from each other.

We start the algorithm by providing data points in the graph similarity format, and then we need
to find a division of the graph so that the points within the set are similar and points between
different groups differ from each other.

Algorithm

Assume we have a group of n data points x = {x;,x,,.,.,.,X,} in R! and want to cluster them

into c clusters as following:



- . nxn . . —dist?(x;—x;) , .
Compute affinity matrix A € R defined using A = exp (T) for i #j
and A;; = 0, where dist(xi,xj) is distance between points x; and x;. g Scale parameter
and we will discuss more in detail later.

Construct degree matrix to be the diagonal matrix which defined using
Dii: Z?=1Aij

Compute the normalized Laplacian matrix, which defined using

-1 -1
L=D *A*DZ

Let e;,e,,, e. be the C eigenvectors conforming to k largest eigenvalues of Laplacian
matrix (L) and construct U = [e; ,e, ", e, ] € R®*€ via arranging the eigenvectors as
columns.

Construct matrix Y from U by renormalizing each row of U to norm 1, with

7o Ui

(g
(21 ij
Let each row of Y be points in R® and cluster by K=means.
Assign the original point x; to cluster c if and only if the corresponding row i of the matrix

T was allocated to clusterc.(Ng, Jordan, & Weiss, 2002)

Advantage and disadvantage of spectral clustering in General

e |t is simple algorithm, which can be implemented in an effective form using standard algebra

methods. It does not matter the size of the data sets.

e Do not put strong assumptions about the statistics or shape of the clusters, it can solve very

general problems as tangled spirals.

e It considers the geometric information for local data.

The algorithm can be a very powerful tool if we apply it carefully. But there are some

disadvantages that we must take in consider:

10



* We have to look at many parameters such as choosing a good similarity graph or a convenient

number of combinations. We must choose them carefully to get good results.

« If we want to use these methods with the purpose of classification, we need to re-configure the

algorithm every time we have a new point in our data set.
1.2.5 Application of image segmentation
1.2.5.1 Object detection

it can be considered the process of detecting the object from the operations of the task because
of detection of objects in the real world, for example, human faces, cars or buildings in pictures
or videos. Object detection methods often use extracted features and learning algorithms to
recognize instances of an object category. It is generally used in applications such as image
recovery, safety, monitoring, supervision, and automated vehicle parking systems. (Gossain &

Gill, 2014)
1.2.5.2 Face detection

The human face plays a dominant role in the field of human recognition among the available
biometric identifiers such as fingerprint, hand geometry, iris, keystroke, signature and voice due
to its high acceptability, universality, collectability and foolproof. each biometric has its strengths

and weakness but the choice depends upon the application. (Ajit Danti, 2012)

face detection aims to at locating, aligning and delimiting faces in images containing a single face
in frontal position. it is determined facial features only and ignores all other objects, such as like

buildings, cars, and bodies.

We can consider face detection as a custom case to detect the object class. Facial detection
algorithms were initially focused on detecting frontal human faces, while modern algorithms
were trying to solve the most difficult problem of multiple face detection.(Singla, Sharma, & LEI,

2014).

11



This is the detection of faces that rotate either along the pivot of the face to the observer (in the
rotating plane) or rotated along the vertical pivot, left and right (outside the rotating plane), or
both. The newer algorithms take into account differences in image or video through factors as

facial appearance, fret, and lighting. (Gaur & Sagar, 2014)

Figure 4. Face detection

1.2.5.3 Face Recognition

Facial recognition is facial recognition technology. It is possible to identify a person through his
face and build upon them many applications. It can be possible to call all data relating to the

person from the database via a computer program.

The importance of knowing the exact face of face-based applications such as credit card
authentication, passport identification, Internet security, criminal databases, etc. With the

12



increasing need for surveillance and security-related applications in access control, law
enforcement and information safety due to criminal activities, the face recognition has grown
dramatically and widely from pattern recognition and image analysis. The difference between
facial detection and recognition is that in detection we want to determine any face in the image,

but in recognition, we want to know the face owner.

1.2.5.4 Remote sensing

Remote sensing is simply getting small or wide information signals from an object or
phenomenon, through the use of various types real-time sensors that are wireless in nature, or
Direct or indirect connection with the target (as aircraft, spacecraft, satellites or ships). we can
be considered Practically; Remote Sensing is collecting different data signals using a set of devices
to gather information on a particular object or region. parolee monitor using ultrasonic, magnetic
detection system (MRI), positron emission tomography (PET), X-ray (X-ray) and space probes are

all examples of remote sensing. (Dewangan, 2016)

1.2.5.5 Signature Recognition
Signature Recognition is a data validation tool by signing a sample that is compared with database

records. Signatures are of a special nature because they are usually unreadable.

The purpose of recognition of the signature is recognition of the author. The scope of automatic

signature verification is divided into two parts, online signature, and offline signature.

The offline technique recognizes the person whether he/she is genuine or forged. The signatures

are taken as an image form, which is captured by any camera or a digital scanner.

The parameter is extracted with the help of surf feature extraction. The feature extraction is the

key to develop the offline signature recognition system.(Kaur & Kaur)

Signature Recognition - Signature verification and recognition are a valuable application, which
is to determine if a signature belongs to a given signer based on the image of the signature and
a few sample images of the original signatures of the signer. Handwritten signatures are
inaccurate in nature as their angles are not always sharp, the lines are not quite straight, the

curves are not necessarily smooth.

13



Moreover, lines can be drawn in different sizes and direction contrast handwriting which is often
assumed to be written on a straight-line baseline. Therefore, the handwritten signature

recognition system must take into account all these factors. (Dewangan, 2016)

1.2.5.6 Machine vision

The machine vision system allows the computer primarily to recognize and evaluate images. It is
like the voice recognition technology but uses images instead.

The system vision device usually consists of digital cameras, image processing equipment, and
software. The front camera picks up images from the environment or from a center object and
then sends them to the processing system. Depend on the design or requirement and need of
the machine vision system, the images that are captured or processed are stored accordingly.
Automated Vision System is a type of technology that enables a computing device to examine,
evaluate and determine static or animated images and guide the robot in the industry.

It is a field in computer vision which is just like a surveillance camera but provides automatic

image capture, evaluation, and processing capabilities.(Li & Zhang, 2016)

14



Chapter 2

In this chapter, we will explain in detail about RGB image color and L*a*b color space and later
about the method of conversion from RGB image color to L*a*b color space. In second section,
explain about spectral clustering algorithm in detail and was mentioned in the first chapter in

brief.

2.1 Color space

we can define as create and visualization color. as human beings, we have determined the color
of its characteristic of brightness, hue, and colorfulness. A computer may describe a color using
the amount of red, green and blue phosphorus emissions required to match the color. Printing
may produce a certain color in terms of reflection and absorption of celestial, purple, yellow and
black inks on the printing paper. Thus, the color is usually determined using three coordinates,
or parameters. These parameters describe the color position inside the color space used. They

do not tell us what color is, it depends on what color space is used.(Ford & Roberts, 1998)

And, we can describe as a collection of codes for each color. Every pixel in an image has a color
that is depicted in the color space, and this color space used to pixel labeling. There are different
approaches to describe all colors, so there are additionally unique color spaces. We will focus on

(RGB and LAB) of color spaces that related with our thesis.

2.1.1 RGB color Space

The concept of RGB (an acronym from Red, Green, and Blue) space is derived to represent color
images with their fundamental colors: red, green, and blue. The aim of the RGB color is to stick
to the principle of human vision and represent colors as a simple sum of any quantities from 0 to
1 (or from 0 to 255) of the fundamental colors. . (Gonzalez & Woods, 2002) As such it can be
represented as an ordinary cube where three of the vertices along the axes represent the primary

colors.
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Figure 5. the RGB color space

As it can be seen in Figure 5, any point inside or on the surface of the cube represents a color
with the amount of primary color components with corresponding values on the respective

axes.

The vertices (0, 0, 0) and (1, 1, 1) are special because they match to white (when the three
basic colors mixed up together in full amount) and black (absence of any of the three basic
colors). The diagonal of the cube between the vertex (0, 0, and 0) and vertex (1, 1, and 1)
represents the gray line (scale). A point on the gray line means its components (R, G, and B)
have equal values, i.e. a gray scale image can be represented on the RGB space with all its

primary color values equal.

The RGB representation only describes the chromatic values of the primary colors and their
additive combinations; however, this is not the only visual effect any color has. There are more
meaningful color features that have to be considered, like: how green is a color? Is it bright
green or dark green? Two green colors can have identical primary chromatic content but
difference in their intensity or luminance. Such features cannot be represented with their RGB
values; they require a different color space one of them being the L*a*b color space.(Gonzalez

& Woods, 2002)
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2.1.2 LAB color space

LAB color is a 3-axes system. It is contained of The L axis is vertical to the ab* axes and identifies
the darkness or lightness of the color. The axis value for the L axis ranging from 0 to 100, where
0 is “dark” and 100 is “light”. The other horizontal axes are now represented by a* and b*. These are
in right angles on each other, crossing each other in the center, which is neutral (gray, black or white).
They are based on the principal that a color cannot be both red and green, or blue and yellow. The (a*)
axis is green at one extremity (represented by -a), and red at the other (+a). The b* axis has blue at one
end (-b), and yellow (+b) at the other. The Centre of each axis is 0. A value of 0, or very low numbers
of both a* and b* will describe a neutral or near neutral. a * represents greenness to redness
with values of -128 to +127; and b * represents blueness to yellowness also with values from -

128 to +127 .(Timar, Teusdea, Bara, & Purcarea, 2011) as it can be seen in Figure 6:

White
L*=100

Yellow

Green / +b*
-a

/ hed

+a

Black
L*=0

Figure 6. The L*a*b color Space
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2.2 Conversion between RGB and Lab color space

Conversion between RGB and Lab color space in studying color perception, it was one of the
first specific mathematical defined color spaces was XYZ color space, created by International

Commission of Lighting (CIE) In 1931. (Agudo, Pardo, Sdnchez, Pérez, & Suero, 2014)

CIE XYZ may be thought of as derived parameters from CIE RGB color space, the red, green, blue
colors. CIE LAB color space is based directly on the CIE XYZ color space as an attempt to linearize
the perceptibility of color differences. The non-linear relations for L*, a*, and b* are intended to
mimic the logarithmic response of the eye. In order to convert an image from RGB color space to
CIE LAB color space (or vice versa), the CIE XYZ color space is used as an intermediate color space

at transformation phases from one color space into other .(Hanbury & Serra, 2001)

It is during conversion from RGB to XYZ that the characteristics of the image capture or display
device and the illumination conditions are considered. The conversion formulas between CIE XYZ

and RGB color spaces are as follows:

x| |X Xg Xb| R
Y e Yr Yg Yb * G
zl |z, z, z,| IB

Where

X,Y,Z are the desired CIE tri-stimulus values, R, G, B are the displayed RGB values obtained from
the transfer functions and the 3x3 matrix is the measured CIE tri-stimulus values. And
X,,Y,,Z, are the measured CIE tri-stimulus values for the red channel at maximum emission.

(Ford & Roberts, 1998)

To convert from XYZ to RGB use the inverse form of the matrix given in equation:

-1)
Rl |Xr Xg Xb X
Gl=|v. Y, Y, « |y
Bl |z, z, z, V4
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The conversion formula from the XYZ color space to the LAB color space is as follows:

ForX/X,,Y/Y, and Z/Z, all greater than 0.008856, then

Le=116"]2 _16
k = Y—n—
s00( *|% _° 1Y

* = _ = | —

“ Xn  |Va
b 200 3|Y 3| Z
y Y. |Zn.

And For X/X,,,Y /Y, and Z/Z,, is equal to or lower than 0.008856, then

L 9033(Y)
* = . —_—
Ya

Where

L *,a *, b * are the coordinates of Lab color space. X, Y, Z are tristimulus values of the test object
color stimulus considered. X,,,Y,, Z,, are tristimulus values of specified white object color

stimulus. (Kuru, 2014)
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2.3 Spectral clustering algorithm

Assume we have a group of n data points x = {x;,x5,.,.,.,X,} in R! and want to cluster them

into c clusters. Therefore, we should take processing steps as follows:

Calculate affinity matrix (Similarity matrix). It consists of similarity measures between data

points. If number of data points is ‘n’, the size of similarity matrix is ‘n x n’. The elements of
similarity matrix is given by equation:

W =[A;:i€[lin,j €[1,n]]

Where, A;j is the similarity between points x;, x; defined as in equation:

o2

—distz(xi—xj))

A=exp<

fori #j and A; =0, where dist(xi,xj) is distance between points x; and x;. o Scale

parameter. The choosing value of o is commonly done manually.

We get different results every time after the execution and this depends on o when using a new
value for o the results change. So, we cannot ignore the value of o. the relationship between c
and clusters number is that o have smaller value and that means every data have the smaller
effect on the around areas. A ;; shows to the sum of like functions who takes n data sets as the

center. The clustering result will produce many of clusters.

The most extreme case is that each data set is grouped in a row, which is useless. On the obverse,
when o pick a larger value, every data object has a greater impact on all regions. A ;; show to the
sum of the function composed by n datasets, changing slowly with a large range. In the most
extremist case, all the points are collected into one cluster. thus, to obtain clustering result as
clear as possible, it referees to/or should embody the distributed features of fundamental data.

Choosing a good value for this parameter is critical to the success of the algorithm.
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How to Choose parameters of the affinity matrix is still an open question and field of active

research. (Qin, 2014)
Calculate degree matrix

Construct the degree matrix D. degree matrix is computed from the affinity matrix (A) first by
count the degree matrix. The degree matrix is computed with all pixel, as the aggregate of all

similarity values connected to the pixel it given as:
D; -Yi-1 Ay

D is the degree of a vertex (in our search here is pixel), i and A the similarity or weight value
between pixel i with pixel j. The diagonal matrix is then constructed by taking d;; = d; and

Zero otherwise.

The degree matrix of the similarity graph is the diagonal matrix with the degrees on the diagonal.

0 0 0 d,

Figure 7. Degree Matrix
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Construct Laplacian matrix
Calculation of the Laplacian matrix normalized 'L'. by using the diagonal matrix and the affinity
matrix, a normalized, symmetric Laplacian matrix is constructed using the formula in equation

-1 -1
L=D2 xAxD?2

Extract the Eigen values and Eigen vectors
Calculates Eigen values A; and corresponding Eigen vectors x; from Laplacian matrix. In previous

step we generated a symmetric Laplacian matrix, then all Eigen values are real valued.

Then, we organize the eigenvalues in decreasingorder (4; = 1, = 13 =2. >2.=2 4, ).

Then select K largest eigen vectors, assume the value of k=5 than we select 6 eigen vectors. the
K largest eigenvectors are relevant for grouping K clusters and it is important to first identify and
remove those irrelevant / uninformative eigenvectors before performing clustering.

construct Y matrix by normalizing each element of neigvec matrix using the formula in equation:
Sij

Y; .
(Zjsf) "2

j =

Finally, apply a K-mean algorithm to a Y matrix. to clusters them into groups.
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Chapter 3

3. THE PROPOSED APPROACH AND ITS IMPLEMENTATION

In this chapter, we will display the steps to execute the proposed algorithm, which is to segment
the image using spectral clustering. The algorithm is divided into three phases are as follows:
The first stage is Initialization Data Which is, converting the color image to L*a*b color space, we
will list in detail.

The second stage is related to the application of algorithm to the data obtained from the first
stage.

The third and final stage is to display the results obtained after applying the algorithm (segment

image). Figure 8 illustrates flowchart of proposed approach.

Algorithm Description

The first step of our segmentation approach, the RGB image is taken as an input image. Then,
Next, Spatial-color compactness function is calculated for the L*a*b image. After that, the spatial
color compactness function is applied to spectral clustering. The final image is divided into

regions. Pre-processing the phase includes the following steps:
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Figure 8. Flowchart of proposed approach
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3.1 Initialization data
3.1.1 The first Step: Read Image

Reading the image and write it out into the matrix “image Matrix”. If the input image is grayscale,
the matrix has dimensionality [R x M]. For the color image is a 3 channel, and the dimensionality

of the matrix is [R x C x 3]. R is the height of the image while C is the width.
3.1.2 The second Step: Convert image from RGB color space to L*a*b color space

The previously acquired image is obtained. Start the reprocessing by converting RGB Image to L
*a * b Color Space. That means if we ignore the brightness (Luminance) of the original image.
Then, we can easily find out a color blue, pink and white color which is called as L*a*b color
space. The L*a*b* color space consists of layer L* lightness (Luminance), layer a* and b* (which
are chromatic components). All color information is stored in layers a * and b *. This requires
making a color form so that the RGB colored image is transferred to L*a*b* space function is

makefrom (), the formatting is applied later the image obtained.
3.1.3 The Third Step: reshape the columns and rows

All images were read in a three-dimensional format. decorrelation stretch has been performed
to enhance color separation. The color space was turned into Lab. the matrix values were
changed to double, and the matrix was represented to combine the columns and rows into a
single column. suppose, an image has the dimensions of 160x200x3 becomes 32,000x2. The rows
accord to point, and the columns accord to variables for input into spectral clustering. The rows
match the points, and the columns match to the variables for input into spectral clustering. Since
all wanted color information available in the (a and b) space, then, these objectives are pixels

with 'a * b ' values. [1]
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Figure 9, indicates the differences between the original input image, RGB image and converted L*a*b

color space image.

' o, l‘ i -(, i
._‘SJ'\.’.“' z ";‘,‘,’ ";".‘1, X

b"" i 8

(a) (b)

(C) (d)

Figure 9. (a and b) Original Input Image; (c and d) converted L*a*b image.
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3.2 Implementation

3.2.1 Applying Spectral clustering

The data generated by the parameters considered in the previous step is stored in the matrix
(ab). This matrix (ab) is used as input data to spectral clustering technique. The creation of the
similarity graph (or affinity matrix) is the basic phase in the spectral cluster which determines the

efficiency of the clustering technique.

then, Construct affinity matrix using Gaussian kernel function as defined in equation:

—diStZ (pl—p])>

A=exp< s

where: dist (pl-—pj) ) is the measurement of the distance between pixels and o as discussed

previously scale parameter.

Although our selection of o parameter was manual by choosing a range between (0.5 - 4) and
applying an algorithm. But this is a way to choose the value of o was by experiment and
replication (right and wrong) because the different implementation of the data (distances
between pixels) sometimes leads to not get the desired results. Using a new value for o

parameter is tedious and it takes too long to get results.

next we calculate degree matrix for every pixel as the sum of all similarity values connected to

the pixel using equation:

n
D; -2i=1 Ayj
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Then calculate Laplacian matrix using the diagonal matrix and the affinity matrix using equation:

-1 -1
L=D2 xAxD?2

Now calculate the value of the Laplacian matrix in the previous step. We have to decomposition
Laplacian matrix for getting on Eigen values and Eigen vectors.

After obtaining the values of Eigenvalue and Eigenvector. The next step is to specify a value k-
largest that is between (3, 5).

We have tried a value greater than 5 and the results were not good compared to the results when
the value was selected between (3 and 5).

Constructing the normalized matrix Y from the obtained neigvec matrix to find every element of this

matrix using the equation:

Sij

Vij=——=-
(555) "

The last step for the spectral algorithm is the application of the k-means algorithm on the Y matrix
and as a result of obtaining an index for each pixel within the Y matrix. Then move on to the next

step which is label pixel.
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3.2 .2 Labeling pixel

After obtaining the results from k-mean, and specifying each pixel to which the group belongs.

Now next step labeling each pixel. Labeled image is better intermediate representations for

regions that can be used for additional processing. The idea is to assign a unique symmetry

(integer number) to each detected region and create an image in which all pixels of a given region

has a unique value. Almost connected component operators produce this type of output.

A labeled image can be used as a type of mask to specify the pixels of a region in some operations

that calculate region characteristics, such as the area or length. And from the labeled image can

compute boundaries for Region.
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Figure 10. (a) Original Image (b) labeled image
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3.3 Experiments and Results

The algorithm was applied to many images. Experiments have been conducted on many different
types of images. All the results on the color image without converting the formula and with the

change k-mean to (3,4,5) were close and did not result in any segmentation of the objects in the

image. However, the best results were obtained from (L*a*b) color space.

Figure 11. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented
Image (e) segmented Image. The spectral clustering algorithm has been applied to the color image (RGB)

without changing to any other space and these results at kmean=3
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Figure 12. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented Image

(e) segmented Image (f) Segmented Image. The spectral clustering algorithm has been applied to the color
image (RGB) without changing to any other space and these results at kmean=4.
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Figure 13. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented

Image (e) segmented Image (f) Segmented Image (g) Segmented Image. The spectral clustering algorithm

has been applied to the color image (RGB) without changing to any other space and these results at

kmean=5.
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Figure 14. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented

Image (e) segmented Image. The spectral clustering algorithm has been applied to the color image (RGB)

after changing to (L*a*b) space and these results at kmean=3.
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Figure 15. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented Image
(e) segmented Image. The spectral clustering algorithm has been applied to the color image (RGB) without

changing to any other space and these results at kmean =3.
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(d) (e)

Figure 16. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented

Image (e) segmented Image.

The spectral clustering algorithm has been applied to the color image (RGB) after changing to (L*a*b) space

and these results at kmean=3.
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Figure 17. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented Image

(e) segmented Image. The spectral clustering algorithm has been applied to the color image (RGB) without

changing to any other space and these results at kmean =3.
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Figure 18. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented

Image (e) segmented Image.

The spectral clustering algorithm has been applied to the color image (RGB) after changing to (L*a*b) space

and these results at kmean=3.
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(d) (e)

Figure 19. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented Image
(e) segmented Image. The spectral clustering algorithm has been applied to the color image (RGB) without

changing to any other space and these results at kmean =3.
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Figure 20. (a) Original Image (b) labeled image Using cluster index (c) Segmented Image (d) Segmented

Image (e) segmented Image.

The spectral clustering algorithm has been applied to the color image (RGB) after changing to (L*a*b) space

and these results at kmean=3.
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4. Conclusion and future work

4.1 Conclusion

clustering considered as the most common techniques used in many applications such as pattern

recognition, machine learning, statistics, image processing, and data mining.

Spectral clusters are becoming increasingly widely used because they are a simple method of

cluster analysis and often outperform traditional assembly algorithms such as K-Mines.

Spectral clusters, in brief, it uses the eigenvalues of the data similarity matrix to reduce the
dimensions before clustering in lower dimensions and then we find a partition of the graph so
that the points within the set are similar and the points between the different sets are different

to each other.

In this thesis, we have developed Region image segmentation approach with a Spectral clustering
algorithm. So that the color image (RGB) is converted to (Lab) color space and then apply spectral
clustering algorithm This algorithm has been executed in MATLAB. The algorithm is efficient to
extract regions and works correctly for all kinds of color images, the experimental results

obtained from this satisfactory algorithm, giving better sets and better-segmented image.
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4.2 Future work

There are many directions for future research that we think would be interesting to follow as an
extension of the results presented:

e First: Improve the algorithm by developing the method of selecting Sigma parameters. Where
selecting the appropriate value for sigma improves the process of a calculating Affinity matrix.

e Second: Comparison of the proposed algorithm with other clustering algorithms related to
image Segmentation so that the algorithm's efficiency can be measured.

41



REFERENCES

Abood, D. Z. M. (2013). Edges Enhancement of Medical Color Images Using Add Images. IOSR Journal of
Research & Method in Education, 2(4), 52-60.

Agudo, J. E., Pardo, P. J., Sdnchez, H., Pérez, A. L., & Suero, M. |. (2014). A low-cost real color picker based
on arduino. Sensors, 14(7), 11943-11956.

Ajit Danti, H. P. S. (2012). Face Detection & Recognition.

Canny, J. (1986). A computational approach to edge detection. IEEE Transactions on pattern analysis and
machine intelligence(6), 679-698.

Dewangan, S. K. (2016). Importance & Applications of Digital Image Processing. International Journal of
Computer Science & Engineering Technology (IJCSET), 7(7), 316-320.

Ford, A., & Roberts, A. (1998). Colour space conversions. Westminster University, London, 1998, 1-31.

Gaur, D., & Sagar, R. K. (2014). An Improved Face Recognition Approach using Principal Component
Analysis. International Journal, 2(3), 667-675.

Geetha, S., & MCA, E. M. S. (2014). A survey of clustering uncertain data based probability distribution
similarity. International Journal of Computer Science and Network Security (IJCSNS), 14(9), 77.

Gonzalez, R. C., & Woods, R. E. (2002). Processing: Prentice-Hall.

Gossain, S., & Gill, J. (2014). A Novel Approach to Enhance Object Detection using Integrated Detection
Algorithms: Academic Press.

Hanbury, A., & Serra, J. (2001). Mathematical morphology in the L* a* b* colour space. Perancis: Centre
de Morphologie Mathématique Ecole des Mines de Paris.

Ho, S.-Y., & Lee, K.-Z. (2003). Design and analysis of an efficient evolutionary image segmentation
algorithm. Journal of VLSI signal processing systems for signal, image and video technology, 35(1),

29-42.

Jackson, J. (2002). Data mining; a conceptual overview. Communications of the Association for Information
Systems, 8(1), 19.

Kaur, H., & Kaur, S. Offline Hindi Signature Recognition Using Surf Feature Extraction and Neural Networks
Approach.

Kuru, K. (2014). Optimization and enhancement of H&E stained microscopical images by applying bilinear
interpolation method on lab color mode. Theoretical Biology and Medical Modelling, 11(1), 9.

Li, Y., & Zhang, C. (2016). Automated vision system for fabric defect inspection using Gabor filters and
PCNN. SpringerPlus, 5(1), 765.

Montero, P., & Vilar, J. A. (2014). Tsclust: An r package for time series clustering. Journal of.

42



Ng, A. Y., Jordan, M. I., & Weiss, Y. (2002). On spectral clustering: Analysis and an algorithm. Paper
presented at the Advances in neural information processing systems.

Qin, D. (2014). Color Image Segmentation Method Based on Improved Spectral Clustering Algorithm.
Journal of Multimedia, 9(8).

Ramesh, M., Priya, P., & Arabi, P. M. (2014). A novel approach for efficient skull stripping using
morphological reconstruction and thresholding techniques. Int. J. Res. Eng. Technology, 3, 96-101.

Saber, V. (2012). Classification of segmentation algorithms based on a low-level taxonomy. Retrieved from

Shmueli, G., Patel, N. R., & Bruce, P. C. (2007). Data mining in excel: Lecture notes and cases: Arlington,
VA: Resampling Stats, Inc.

Singla, N., Sharma, S., & LEI, B. (2014). Advanced survey on face detection techniques in image processing.
International Journal of Advanced Research in Computer Science & Technology (IJARCST), 2(1), 22-
24.

Tarun Kumar, K. V. (2010). A Theory Based on Conversion of RGB image to Gray image. International

Journal of Computer Applications (0975 — 8887), 4.

Timar, A., Teusdea, A. C., Bara, C., & Purcarea, C. (2011). THE USE OF CIE L* a* b* COLOUR SPACE FOR
SMOKED FISH MEAT CONTENT ASSESMENT. Annals of the West University of Timisoara. Physics
Series, 55, 130.

43



Appendix

Matlab Program used for implement proposed method:

% s s ju——

%1. Loading color image
I =imread('1.jpg’);
%?2. Convert color image RGB to L*a*b space color
cform = makeform('srgh2lab’);
%3. Applying L*a*b color to RGB image
Lab = applyform (l,cform);
%4. Convert to double
ab = double(Lab(:,:,2:3));
%?5. Obtaining columns and rows from Converted image
Rows = size (ab, 1);
Cols = size (ab, 2);
%6. Reshaping to combining column and rows
ab = reshape(ab, Row * Cols,2);
%?7. Choosing sigma parameter

Sigma = 2;
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%8. Computed affinity matrix
For i=1: size (ab, 1);
For j=1: size (ab, 1);
AF(i,j) = exp((-sqrt((ab(i,1) - ab(j,1))*2)/(2*sigma”2)));
End;
End;
%9. Computed degree matrix
For j=1: size (AF, 1);
D (i,i) = sum(AF(i,:));
End;
Figure, imshow (AF, [])
%10. Construct the Laplacian matrix...
For i=1: size (AF, 1)
For j=1: size (AF, 2)
A(ij) = AR(i.j) / (sart(D(i,i)) * sart(D(.j)));
End

End

%11. Eigen value decomposition
[VE, VA]=eig (A);
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%12. Select K largest Eigen vectors
k=3;
nVE = VE(:,(size(VE,1)-(k-1)): size(VE,1));
%13. Construct the normalized matrix
For i=1: size (nVE, 1)
S=sgrt (sum (nVE (i, :). *2));
S1=nVE(i,)./ S;
End
%@@@@@. Kmeans clustering
Y=nVE/S1;
%15. Clustering Y using K-mean
nClustering= 3;

% repeat the clustering to avoid local minima, number of repeating 3 times

[cluster_idx cluster_center] = kmeans(Y,nClustering,'distance’,'sqEuclidean’, ...

'Replicates’,3);

%16. Label each pixel in RGB image using Result from k-mean
Pixel label = reshape (cluster_idx,Rows,Cols);

Figure, imshow (pixel label, []), title (' label *);
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%17. Construct image that segment by color
Segmented images = cell (1, 3);
rgb_LbL = repmat (pixel label, [1 1 3]);
For C = 1: nClustering
RGBColor = I;
RGBColor (rgb_LbL ~=C) =0;
Segmented images {C} = RGBColor;
End
%18. Displaying different images that has segmented

Figure, imshow (segmented images {1}), title (‘frist cluster );
Figure, imshow (segmented images {2}), title (‘'scond cluster *);
Figure, imshow (segmented images {3}), title (‘thrid cluster ');
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