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ABSTRACT

The development in the segmentation of object from the images and video has reached to the
great height .Image segmentation has been widely used to split image into smaller parts so
that useful information can be derived from them. This subject has drawn a lot of attention
because of its useful applications and also because it gives a wide range of ideas that are still
be explored more. Segmentation is the process of splitting the image into smaller regions.
Auto-segmentation can be used in detecting the objects and the further results can be used for
many purposes like clustering , marketing purpose , medical purpose .Over the past years,
many segmentation Algorithms have been introduced in order to retrieve the useful data.

In this thesis , we have proposed a new approach for auto-segmentation using mean —shift
Algorithm to probe further in this arena. We have used different datasets including Drive
Dataset and Berkeley Dataset to test our approach. In this, we came to know that the auto-
segmentation algorithm gives better results at high value of entropy.
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| ntroduction



1.1 Evolution

Asweareliving inthe eraof 21 century, we require the different methods to split the image . so, that
the processing can be applied effectively in order to retrieve any information from the images .
Segmentation is atechnique by which we can subdivide the image in small regions or images . The
result obtained can be used for medical purpose like detecting cancer in brain etc, clustering purpose
etc. It basicaly cluster the data into groups which are similar in whole image . Many algorithms
were developed for segmentation and clustering.

Images are said to one of the most important part in human life as it is used to share the
information and sending it to the other person . There has been many development in research of
image segmentation , enhancement , edge detection in the last decades. There are many applications
of image segmentation which is used for medical purpose . Many algorithms were proposed for co-
clustering in medical images[1] . Some of the co-clustering techniques are based on bacterial
foraging [1]

There are different methods are used for segmentation purpose . and Many papers are proposed on
thisimage segmentation .

(1) k- means clustering

(2) Region growing clustering

(3) A Diffusion Approach to Seeded Image Segmentation

(4) C- meansagorithm

Many work has done on different algorithms . The image segmentation can be used for the

multichannel images.

I mage Segmentation can be classified on two different aspects of images

(1) Differencesin Intensities

In this case, the intensities of the pixels are compared with its neighbouring pixels intensity . The point
where the intensity difference occur that means the segment of image changes and itsis used in case
of edge detection method

(2) Similaritiesin Regions
The image is divided into regions that are smilar with set of criteria .It includes the thresholding,
region growing, region splitting and merging.



1.2 Different Method for | mage Segmentation :

Image segmentation can be done on different methods as explained in [2]

(a) Image Segmentation based on edge detection —

In this image segmentation is done on the basis of difference in contrast and where there is change in
intensity the edge is detected . There may be alot of edges present in the image and that edges may
be discontinuous in nature .

If there is any object in the image then there will be closed edge around the boundary of the object .
Thresholding technique is based on image space regionsi.e. on characteristics of image

(b) Image Segmentation based on Thresholding —

This method is used where there is object of light color with dark background . Thresholding
technique is based on image space regions . Thre sholding operation convert a multilevel image into a
gray channel imagei.e,, it is done for choosing a proper threshold T, it divide the pixels of image into
several different regions and separate the light and more useful objects from background. Any pixel
(x, y) is considered as a part of object if itsintensity exceed or is in the range of the threshold value
i.e. f(x, y)=T, otherwise the pixel belong to background . We have two type of thresholding in image
1., local and globa thresholding . When the value of threshoding is kept same it is know as global
thresholding , otherwise known as local thresholding .

(c) Image Segmentation based on region growing —
Thisis one of the simplest segmentation method in which the image is splitted into different region
and then region growing concept is applied . and after applying the method the segmentation we start

merging the region with similar values of intensities .

(d) Image Segmentation based on Clustering —
In this we basically start clustering the image on the basis of similarities in value of pixels and start

making the clusters and after that we make he cluster with similar value of pixel values.

1.3 The Aim of Segmentation

The aim of segmentation isto divide the image into small parts so that the required information from
the image can be retrieved. In this, we separate the homogenous group of data from the image and
separate the unuseful information . In this, we cluster the same kind of data . and find the equally
likely modes .



1.4 Defectsin Segmentation

There are the different methods available for image segmentation. Every methods have its benefitsi.e
some image segmentation techniques show good results for particular type of input images. Severa
algorithms and technologies has been developed but every algorithm have its specific application
depending on input type of data.

Some Algorithms give better results for color image as input and some give better result for gray
scale images.

1.5 Applications of Segmentation :

It isavigorous algorithm that has alot of practical applications particularly in the computer vision
field . An image can be represented by different regions. The regions are further differentiated by
multiple dimensions. The following are the applications of mean shift which help to obtain the

required results.

Clustering
The most important application of Mean Shift is clustering. The fact that Mean Shift is non-

paramteric and does not make assumptions about the number of clusters or the shape of the cluster

makes it a superlative method for handling clusters of arbitrary shape and number.

The stationary points obtained help in assessing the density function. All points associated with the

same stationary point belong to the same cluster.

Computer Vision Applications

Mean Shift is used in multiple tasks in Computer Vision like segmentation, tracking, discontinuity

preserving smoothing etc. For more details see [2],[8].

Marketing

To find the similar group of customer in market .

M edical
To extract the required segment of the image for medical purpose .

Insurance

To cluster the customersand to identify the frauds .
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2.1 Image Segmentation Techniques

Segmentation is one of the image processing technique by which we can retrieve information from
image . It is an area of research in academics and industry . A large number of segmentation
algorithms have proposed in past years .Some image segmentation methods uses different algorithms
. Some agorithms uses region growing for color image segmentation [3] . for the segmentation ,
different approaches are used like wrapper based approach [4] have also been used . For segmentation
of images different operators can be used like sobel operator [5] which also explain about maximum
entropy. Juyong Zhang et. al[6] gave a diffusion approach used in image segmentation [6]. Image
Segmentation include Edge detection based method[9], Region growing Methods [10].

Image segmentation has been widely applied in biomedical imaging and the am is to divide the image
into smaller segments by using graph partitioning which is more effective for image segmentation [7]
. There are also some approaches in which the user only give resolution as input only [8]. There has
been alot of development done in image segmentation field but still it can be explored more . The
colour information is used to create histograms and where there is change in intensity of pixel values

the histogram shows the change in intensity .

We aso prove the convergence for discrete data for mean-shift procedure to the nearest stationary

point [12] . Its main application to find the modes of density.

Asexplained in [12] ,there are some low level and high level tasks are required for the segmentation .
If the result of low level is hot correct then it may be misleading and will not produce the appropriate
results . This algorithm do the two main tasks , persevering the discontinuity smoothing and image
segmentation .The approach in [12] explain that low level should provide the enough representation
of input and the feature extraction can be controlled by changing the parameters in input values . It
provides the results for both color image and gray scale image. By putting the significant features
together, It provide the excellent tolerance to noise level which can midead the results . The
disadvantage of the algorithm can be avoided by adding the appropriate parameters from the input
domain .

As per the fuzzy co-clustering agorithms [1], is proposed for medical images. This agorithm
basically works on segmenting the required region in histo-pathological images which consist of
groups of similar cells indicating some form of abnormality in the animal tissue. This algorithm
relies on improved colour clustering results when [1] algorithm is applied as compared to the other

conventional clustering techniques.



In this different type of lesion have extracted from the images . In this , objective function is
optimized by bacterial foraging algorithm which gives more specific values to the parameters
involved . The agorithm produces more accurate and form distinct co-clusters depending on the
membership values . In agorithm [1] is used for colour segmentation of the medical images to
detect dark and bright lesions. This algorithm is independent of shapes as, it is color based method .
The results are quite good but for the computational complexity and the number of iterations
involved.

The algorithm [1] isineffective for the segmentation of colour medical images using CILELAB
features.

The algorithm is used successfully to detect the lesions even in not so distinct background. The
number of clusters present in the images is judged by the validity function. The main advantage of
this algorithm is that it can delineate clusters based on feature membership function by the use of

rank and the corresponding centroids which identify particular shades of colour.

Thereisan algorithm[1] Fuzzy Co-Clustering of medical images using bacterial foraging . Thisisa
modification of the Fuzzy Clustering for Categorical Multivariate date (FCCM) algorithm termed as
dasia Fuzzy Co-Clustering Algorithm for Images (FCCI) psilais proposed for clustering of medical
images. The main work isto segment regions of interest in histo-pathol ogical images which consist of
groups of similar cellsindicating some form of abnormality in the animal tissue. In these proposed
method relies on improved color clustering results when FCCI is applied on images as compared to
the conventional clustering techniques. The method a so categorizes different types of lesions based
on the co-clustering results. The objective function is optimized using the bacterial foraging algorithm
which gives image specific values to the parametersinvolved in the algorithm. The color
segmentation results are found to be more accurate, producing well formed and valid clusters having
Idquocrisppsila val ues of membership function with lesser number of iterations. The algorithm results

in distinct co-clusters ranked in the order of their memberships.



2.2 Mean-Shift Algorithm

This algorithm is used to find the densest region among the distribution of data. The main task in
the algorithm is to find modes of equally likely hood in the distribution of data. In this, a kernel is
selected where the distribution of datais more . After that it find the centroid or centre of mass and it
shift towards the direction of maximum increase in density. It propagates smilarly for the all
distribution of data until it finds the mode of distribution.

2.3 Bandwidth selection in M ean-shift Algorithm

There are two method for selecting the bandwidth in mean-shift i.e fixed bandwidth and variable
bandwidth . The variable bandwidth shows the superiority over the fixed bandwidth. When there is
fixed bandwidth , then the effectiveness and correctness cannot be checked .By fixing the value of
mean-shift ,the optimum value of bandwidth cannot be found where it shows the better results .[13] .
We obtain the best equally likelihood modes using variable bandwidth.

There are many peoplewho fix the bandwidth at 0.8 and obtained the results for the same bandwidth
[14] but some people optimized the bandwidth to obtain the better results .

There is some cases in mean shift-based approach for local bandwidth selection in the multimodal,
multivariate case where we found that the variable bandwidth is used. It is found that the best
bandwidth maximizes the objective function[15] . There are some applications of Mean Shift
algorithm such as object tracking , image and video segmentation which need a variable bandwidth
for their application [16] .
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M ean —shift Mode:

It locates the densest region among the whole distribution, thereforeit is known as Mode seeking
Algorithm.

Mean Shift Algorithm ;
It is a tool of finding modes in set of data samples. It can be used for PDF (Probability Density

Function .In this, agorithm find the region of high density of distribution and it find the centroid or
centre of mass of that distribution . It shift to centre of mass and similarly do again and again, to find
the densest regions of the given distribution. It basically separate the clusters present in the Thisis
proved for discrete data the convergence of recursive Mean —Shift procedure to the nearest stationary
point of underlying density function . It performs two vision tasks, discontinuity preserving smoothing
and image segmentation.

It includes the various terms which are explained bel ow:

M ean-Shift Vector :

It’s toward the direction of maximum increase of density, Data Point & approximate the location of

Mean of data. It basically in the direction of density estimated . It computes the density iteratively.

Task:
Estimate the exact location of mean of data by determining the shift vector from the initial mean.

M(y):HZx}—yo Where y, = Initial estimate value
i=1

M ean-Shift (Weighted) :
Welights are determined using kernels(Masks) : Uniform , Gaussian or Epanechnikov

2 W (o)X
Mh(yo) = I:ril;x - yo

D> wi(Y,)

i=1
n,: No of data pointsO
y, : Initial mean Location
x : Data points
h: Kernel Radius



The steps involved in the Mean-Shift algorithm:

(a) Find the densest region of distribution.

(b) Find Centriod or Centre of Mass.

(c) Then shift to the centre of mass and similarly do again and again , as to find densest
region.

(d) This shows how the mean is shifting

Parametric Densty Estimation (PDF(x))

Data points are sampled from underlying PDF(x)

~(x-m)?
PDF ()= ce >

Kernd Dendity Estimation

A function of some finite number of data points x,........ WX,
l n
P(x) == k(x-X)
i=1

Different type of kernels

(i) Epanechniknov Kernel

c(1—|x|2) x| <1
0 Otherwise

(if) Uniform Kernel
c [q<1

K, (X) =
o) {O Otherwise

(iii) Normal Kernel

Ky (X) :c.exp(_?l|x|2j

10



Relation between kernel Density Estimati

on and M eanshift

Radially symmetric kernd

K (x) = ck(|X|") where k= Profile

P9 = > kx-x[)

Kernel Density Estimate

VP(X) :%Zn:Vk(”x—)g”Z)
VP =3 263 (x-X)K (fx-x[)

vk (¥)=9(x)

1. < 1. <
VP(x):EZCZﬂI)ﬁg(”X—>g||2)—EZCZ_l:xg(||x—>g||2)

1, o | x9(x=x[" }
VP(x) == 2¢Y g(lx—x|)| 2221«
gty S
Cn
VP(X)=EZVI§
Cn
VP(X):EZgi

)

11



n

%G

VP(X) =| =—-X

2.9

.vmm=%igxwm

Therefore, Meanshift Can be expressed as

VP(X)

n

C
n;gi

m(x) =

12
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We have proposed the Auto-segmentation using Mean-shift Algorithm , one of the modified

version of Mean-Shift algorithm

These algorithm are modified in different aspects:
e We have passed the images
e Mean-shift agorithm is applied on the image.
e Segmentation of image is performed.

4.1 Automization of M ean-Shift

In the automization of Mean-Shift the program isautomized and it includes the following steps
Initialize search with BW= 0.01, clusters= 02
REPEAT

Find mean-shift modes

Find entropy of modes as per formula

le_z_pllog B ) 9)
i1
H, :Z—pie*’* ........................................ (10)
=

These equations are provided in  [16]

UNTIL max-limit of BW= 1.5 clusters = 10 is reached for small increment of BW = 0.01, cluster =

1

14



4.2 Proposed Algorithm:

In this, we proposed an agorithm by using mean shift mode algorithm and we apply the

algorithm on the image data which has been applied on linear data earlier .

These algorithmsinclude the following steps:

(i) Initialy imageisread.

(i) To apply the code , we convert the image into one —dimensional array .After converting into
one dimensiona array ,the mean shift mode agorithm is applied on the that one-dimensional
image .

(iii) In this step, the result obtained after applying the mean-shift algorithm. We just pass that
result obtain in order to compare with the ground truth .

(iv) For comparing the images with ground truth, we convert the both ground truth result and

results obtained into one —d and then compare the image.

(v) After comparing the image we calculate the precision , recall and f-score value for that

images

By applying the algorithm, we came to know that it shows better results .

15
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Intially , Meansshift algorithm is used to cluster the linear data and it form the cluster and
separate the data using the algorithm .

(@ On Linear Data

We have applied the mean shift mode code on linear data and we found that the data get
separated on the basis of different 1abel . In this, the clusters are formed on the basis of seeds
and the one cluster get merged with other cluster in order to obtain the single cluster on the
basis of the |abel

Result :
> [ab,c]=findModes(pts,2,.1)

Visiting cluster 1
Merged cluster 1 with 1
Merged cluster 2 with 1
a= 100.9998 101.9998
b=1

c= 1 1 1 1 1

» [ab,c]=findModes(pts,3,.1)

Visiting cluster 1
Merged cluster 1 with 1
Merged cluster 2 with 1
Merged cluster 3 with 1
a= 2.6412 2.9200
b= 1
c= 1 1 1 1 1

> [ab,c]=findModes(pts,4,.1)

Visiting cluster 1
Merged cluster 1 with 1
Merged cluster 2 with 1
Merged cluster 4 with 1
Visiting cluster 3
Merged cluster 3 with 3

a= 2.6405 29192
100.9998 101.9998
b= 0.6000
0.4000
c= 1 1 2 2 1

17



(b) On Image Data

This findmodes function shows different result for different value of points, and no of seeds and
threshold .

Points are provided by reading the image using imread function

Image is kept same for different value of no seeds and threshold values.

RESULTSOF MEAN-SHIFT FOR DIFFERENT IMAGES
1.[ab,c]=findModes(pts,2,.2);

Output :
)| Figure1 — O
File Edi Viev Inse Too Deskh Windc Hel File Edr Viev Inse Too Deskh Windc Hel

NEdS kRO L- ~ NEde | A’AD L

In this case the two value of c =1, 2 is created .

2. [ab,c]=findModes(pts,2,.3);

)| Figuel - DT
File Edr Viev Inse Too Deskti Windc Hel File Edr Viev Inse Too Desktr Windc Hel -~

Ude | h|REKDL- 7 Dode | RO MA- 7

18



3. [ab,c ]= findModes(pts,2,.4);

)| Figuel - B
File Edr Viev Inse Too Deskb Windc Hel ~ File Edi Viev Inse Too Desktr Windc Hel ~

Odde |h|RRTA- » IDSHL | KM|RAKAD AL >

In this case the two value of c =1, 2 is created

4. [a,b,c ]=findModes(pts,2,.6);

= Figure1 - O
Fili Edi Viev Inse Too Deskt Windc Hel ~ Fil: Edi Viev Inse Too Desktr Windc Hel ~

DEde | ARG L- » JUSHe | K |RQTHL-

In this case thetwo value of c =1, 2 is created

5. [ab,c ]= findModes(pts,2,.7);

)] Figue1 - ©
File Edi Viev Inse Too Deskti Windc Hel ~ Fils Edi Viev Inse Too Desktr Windc Hel ~

Oadde | h|RK&L A » = R

19



6. [ab,c]=findModes(pts,2,.12);

"B Figure1 - F
. File Edr Viev Inse Too Deskt Windc Hel ~

File Edi Viev Inse Too Desktr Windc Hel

EEODERETE Y A

Udde k| RKDA- ”

7.[ab,c ]= findModes(pts,2,.25);

F':H: Edi Viev Inse Too Deskth Windc Hel

<} Figure2 - ©

File Edi Viev Inse Too Desktr Winde Hel ~

Odde |k |RKOML- 7

EERIDER A

8.[a,b,c ]= findModes(pts,2,.30);

-, | Figure1 - ©

File Edi Viev Inse Teoo Deskb Windc Hel

File Edi Viev Inse Too Deskt Windc Hel ~

FEE RN A

Ocdde [ h|RKXTL- ~

20



9.[ab,c ]= findModes(pts,2,.60);

-) ] Figuel1 - O
Fili Edi Viev Inse Too Deskti Windc Hel ~ File Edi Viev Inse Too Deskt Windc Hel

Ugdde | | R&AL AL- > 0SHe | L |AKDAL- »

10. [a,b,c ]= findM odes(pts,3,.3);

)| Figure2 - ©

Fili Edr Viev Inse Too Desktr Windc Hel ~ Fili Edr Viev Inse Too Desktr Windc Hel ~

DEde| A0 L- ) DESHe | KRR DL- »

In this case the two value of c =1, 2 is created

11. [ab,c]=findModes(pts,3,.4);

)| Figue1 - F
File Edi Viev Inse Too Desktr Windc Hel File Edi Viev Inse Too Desktr Windc Hel

Odde | | AT A "OSHe | K |RRAOA- *

In this case thetwo value of c =1, 2,3 is created

21



12. [ab,c]=findModes(pts,3,.5);

- | Figuel1 - F
] Fil: Edi Viev Inse Too Deskh Windc Hel = File Edi Viev Inse Too Desktr Windc Hel ~

NESHS | B R0 L- » JDEES | KR L-

In this case the two value of c =1, 2,3 is created

13. [a,b,c ]=findModes(pts,3,.6);

)| Figue2 - ©

File Edr Viev Inse Too Deskti Windc Hel File Edi Viev Inse Too Deskt Windc Hel

Nade |k [RaGL- "JDEdS [k [ARGL- »

In this case the two value of c =1, 2 is created

14. [ab,c ]=findModes(pts,3,.7);

I =
- Figure1 - E )| Figure2 - F
- File Edr Viev Inse Too Desktr Windc Hel Fili Edr Viev Inse Too Deskt Windc Hel

DEHde ARV AL- ” DSBS (K |RRAOL-

In this case thetwo value of c =1, 2 ,3is created

22



15. [ab,c]=findModes(pts,3,.8);

- | Figue1 - DO
] Fili Edi Vier Inse Too Deskt Windc Hel =~ Fil: Edr Viev Inse Too Deskt Windc Hel ~

NS | LIRAKROHA- » JLUSHS | K |RROA- »

In this case the two value of c =1, 2 is created

16. [ab,c]=findModes(pts,3,.9);

<) Figue1 - FE
Filk Edi Viev Inse Too Deskt Windc Hel File Edi Viev Inse Too Deskt Windc Hel

DEade | h|AR&AOLL- "DCHe | |RQDAL- 7

In this case thetwo value of c =1, 2 ,3is created

17. [ab,c ]= findModes(pts,3,.10);

)] Figure2 - ©
Fils Edr Viev Inse Too Desktr Windc Hel ¥ Fils Edr Viev Inse Too Desktr Windc Hel

Odde | h|RRDL- "fOESHe (B |RKDAL- »

In this casethetwo valueof c =1, 2 ,3is created

23



18. [ab,c]=findModes(pts,3,.20);

- | Figure1 - FE

Fili Edi Yiev Inse Too Deskt Windc Hel ~ File Edi Viev Inse Too Deskt Winde Hel

NEdL b |ATL- "OEHS|K[NRTL-

In this case thetwo valueof c =1, 2,3 is created

19. [ab,c]=findModes(pts,3,.30);

- | Figure1 - ©
. Fili Edi Viev Inse Too Desktr Windec Hel ~ Fili Edi Viev Inse Too Desktr Winde Hel ~

Ddde | h|AKOL- »LOSHe | K |AQKOL- ”

In thiscase thetwo valueof c =1, 2,3 is created

20. [ab,c]=findModes(pts,3,.40);

- Figure1 - O
. Fili Edi Viev Inse Too Deskt Windc Hel =~ File Edi Viev Inse Too Desktr Windc Hel ~

DEede h|AQ0L "JOEES [ K [ARQDL- »

In this case thetwo value of c =1, 2 is created

24



21. [ab,c]= findModes(pts,3,.60);

)| Figure1 - ©

File Edi Viev Inse Toe Deskt Windc Hel File Edi Viev Inse Too Deskt Windc Hel -~

SEF ISR FEFE RS T

In this case thetwo value of c =1, 2 ,3is created
22. [ab,c]= findModes(pts,3,.90);

)] Figure1 - B

File Edi Viev Inse Too Desktr Windc Hel ~ File Edi Viev Inse Teo Desktr Windec Hel

AEERIEREEE A FEFEIN R P

In thiscase thetwo valueof c =1, 2,3 is created

23.[ab,c ]= findModes(pts,3,.200);

I
.- | Figure1 - ©

File Edi Viev Inse Too Deskbh Windc Hel File Edi Viev Inse Too Deskt Windc Hel ~

Ocde MRG0 L- "POSHe | K |RRAOA- ~

In this case thetwo valueof c =1, 2 ,3is created

25



24. [ab,c]=findModes(pts,3,.300);

)| Figue1 - H
File Edi Viev Inse Tec Deskb Windc Hel File Edi Viev Inse Too Desktr Windc Hel

AE DI A FEFE NI T

In this case thetwo value of c =1, 2 iscreated

25. [ab,c]= findM odes(pts,3,.400);

<) Figue1 - ©
File Edr Viev Inse Too Deskt Windc Hel Fils Edr Viev Inse Too Deskt Windc Hel ~

NEEdS | L RRTL "DEdS b [RATL- ~

In this case thetwo value of c =1, 2 iscreated
26. [ab,c]= findModes(pts,3,.700);

<) Figure1 - E
File Edr Viev lnse Too Deskt Windc Hel File Edr Viev Inse Too Desktr Winde Hel

NEde| kR0 L > NEdS |3 [RTL- »

In this case thetwo value of c =1, 2,3 is created

26



27. [ab,c]= findModes(pts,4,.3);

)| Figure1 - ©
File Edir Wiev Inse Too Desktr Windc Hel ~ Fili Edi Viev Inse Too Deskt Windc Hel

OdHde h|R&EKTA- "0 | K |KKTA- ~

In this case the two value of c =1, 2,3,4 is created

28. [a,b,c ]= findM odes(pts,4,.90);

- Figure1 - O
. File Edi Viev Inse Too Deskti Windc Hel ~ File Edr Viev Inse Too Deskti Windc Hel

DS LARTDL- "JDSEHS M RKTL-

In thiscase thetwo valueof c =1, 2,3 is created

29. [ab,c ]= findModes(pts,4,.400);

- Figure1 - U
. File Edi Viev Inse Too Deskt Windc Hel File Edr Viev Inse Too Deskt Windc Hel

NEde AT L "JOEHS[KARDL- >

In thiscasethetwo valueof c=1, 2,3 ,4iscreate



30. [ab,c]=findModes(pts,5,.100);

<) Figue1 - F
File Edi Viev Inse Too Deskt Windc Hel File Edi Viev Inse Too Deskt Winde Hel

DESHe| AR DL- "JOCHe | KRR D A

»»

In this case thetwo valueof c=1, 2 ,3is created

31.[a,b,c ]= findM odes(pts,6,.100);

- | Figure1 - ©
. File Edi Viev Inse Too Deskt Windc Hel =~ File Edi Yiev Inse Too Deskh Windc Hel

DEde | h|ARRLL- »JDGHe |k [RA T A

¥

In this case thetwo value of c =1, 2,3,4,5,6,7 is created
32. [ab,c]= findModes(pts,7,.100);

<] Figure1 - O

File Edi Vier Inse Too Deskt Windc Hel ~ File Edr Viev Inse Too Desktr Windc Hel ~

eI R FEFE R

In this casethetwo valueof c =1, 2,3,4,5 is created
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32. [ab,c]=findModes(pts,7,.100);

)] Figue1 - [
File Edi Viev Inse Too Deskh Windc Hel = File Edi Viev Inse Tooc Deskt Windc Hel

N b |AADL- »DEHS K [AKNDAL- >

(c) On Drive Datatabase

When the findmodes function is used on drive database with different value of data

1. [ab,c ]= findModes(pts,4,.4);

- Figue1 - O
. Fil: Edi Vier Inse Too Deskt Windc Hel =~ Fili Edr Viev Inse Too Desktr Windc Hel ~

DRk’ TL- "[ODEEE R [AQTL-

2. [ab,c ]= findModes(pts,5,.6);

3] Figure1 - B
File Edr Viev Inse Too Desktr Windc Hel Fil: Edi Viev Inse Too Deskt Windc Hel ~

Dode | kR0 L- "INSHS | M|ANTL- »
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3. [ab,c]=findModes(pts,3,0.8);

)] Figure1 - B
Fili Edi Viev Inse Too Deskt Windc Hel File Edr Viev Inse Tooc Deskb Windc Hel

DSBS M RADL- »LSHe |k |KRKTAL- 7

The best result for drive datasets are obtained at threshold value of 0.8 bandwidth which is the
optimum value of bandwidth for the drive database. and this shows that the extraction of required
information is maximum at this value of bandwidth . As, this shows the better results at bandwidth of
0.8 therefore, it isthe optimum value of bandwidth for this database .

d) Red.m fileiscompiled to extract thered component and variousresults
are obtained for different value of seeds and threshold

Thisisthe result of red.m

1. [ab,c]=findModes(pts,3,.009);

- | Figure1 - O )| Figure2 - ©E
. Fils Edi Viev Inse Too Deskt Windc Hel ~ File Edi Viev Inse Too Deskt Windc Hel ~

DEWs|h|Sa0L " [DEES|hARTL >

Minvaueof cisl &3
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2.[ab,c = findModes(pts,330,.0009);

[ Figure1 - & )] Figure2 - = “
File Edi Viev Inse Too Deskt Windc Hel ~ File Edi Viev Inse Tooc Deskt Winde Hel ~

Odde | k| RKOA- O H2 | K |RKTAL- »

Minvaueof cis2and 41

2. [a,b,c ]= findM odes(pts,5000,.0009);

< Figure1 - F
Fils Edi Viev Inse Too Deskb Windc Hel ~ File Edi Viev Inse Too Deskt Windc Hel

DEde | h|RQTL- »JOSdS | B |RKOA- ~

3. [a,b,c ]= findM odes(pts,10000,.0009);

)] Figure1 - ©

File Edi Viev Inse Too Deskb Windc Hel = File Edi Viev Inse Too Deskt Windc Hel ~

DEde |k AKTL- O He | K |RROAL- >

Minvaueof cisl &71
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When it is compared for different value for different value of D .

1.

[a,b,c ]= findM odes(pts,3,.009);
FOR D==1

<) Figure1 - [F
-Filt Edi Viev Inse Too Deskt Windc Hel ‘!-

DEdS[h[RQDL- »

3] Figure1 - F
Fili Edr Viev Inse Too Deskt Windc Hel

j'jH-&Li k.t\-_\-{n‘?ﬁ' >

SE1=1

)| Figue2 - O ) Figure3d - B
File Edi Viev Inse Too Deskt Winde Hel File Edi Viev Inse Too Deskb Windc Hel ~

NEEdS MR TL- » | DA M [RTL-

Figue2 - O ) Figure3 - O MESN

File Edi Viev Inse Too Deskh Windc Hel | File Edi Viev Inse Too Deskti Windc Hel ‘N|

NEdS kA0 L- JRSES [ L [RRLL- 7|

2. [a,b,c]= findM odes(pts,3,.0009);

D==2,SE1-1

-3 Figure 1 - ':'

File Edi Viev Inse Too Deskt Windc Hel ~

EEERIDEEE A

)] Figure2 - B )| Figure2 - ©
File Edi Viev Inse Too Deskt Windc Hel File Edi Viev Inse Too Deskt Windc Hel ~

DEW8(h[A8TL > DEES[R RO ~
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D==1,SE1=1
)] Figure2 = B - )] Figure1 - O -] Figue3 - O©
Filt Edi Vie. Inse Too Deskh Windc Hel File Edi View Inse Too Deskt Winde Hel File Edr Viev Inse Too Desktr Windc Hel

NEds R84 "|DEde|r[8aGL » DEES[R[ARTL- ~

3. [ab,c ]= findModes(pts,330,.008);

) )] Figue2 - © )| Figue3 - O
File Edi Vie Inse Too Deskt Windc Hel ~ | File Edi Viev Inse Too Deskti Windc Hel ~ Fils Edi View Inse Too Deskt Windc

DA [R R0 L "|DEES[R[ARTL- » DO |RRRTL

3] ! [+ Figue2 - H© -3 Figue3 - F
| File Edi Viev Inse Too Deskt Windc Hel ~ N File Edi Vie Inse Too Deskti Winde Hel File Edi Viev Inse Too Desktr Windc Hel

NEae s 8a04 "|OaEs 8804 » DGES[KAAAL ~
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D==13,SE1-1

- Figure2 = ©
File Edi Wiev Inse Teoo Deskt Windc Hel Fils Edir Viev Inse Too Deskb Windc Hel ~

SH[R[RTL- " OSHS B ARG L-

2. [a,b,c ]= findModes(pts,330,.008);

D==5 , SE1=0
Figue1 - © )] Figure2 - F

File Edi Viev Inse Too Desktr Windc Hel ~ File Edi Viev Inse Too Desktr Windc Hel

;:I j IH -.;2‘3 % l+"\ iy 'ST? ﬁf & % :'i_ll ﬁ H q:ta % H, _:\.- iﬂ-? df = 2

D==6 ,SE1=4
)] Figure 1 - O )] Figure2 - H
File Edi Viev Inse Too Deskth Windc Hel ~  File Edi Viev Inse Too Deskti Winde Hel =~

DOk RQ0L- > OGHS MR TL-

-] Figure3 - H©
File Edi Viev Inse Too Deskb Winde Hel ~

j .j lﬂ dl? % | '+.\ -_'\ {ﬂ? ﬁ = i

3] Figure3 - O
File Edi Viev Inse Too Deskb Windc Hel

j ‘_?, H u.}ﬂ % .+l\- ._'\- {n-? ﬂ T 2

) Figure3 - O
File Edi Viev Inse Too Deskt Winde Hel

FEFDIDEEE P A
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D==1, SE1=0
Figure1 - B Figue2 - U )] Figure2 - ©
File Edr Viev Inse Too Deskh Windc Hel File Edi Viev Inse Too Deskt Windc Hel =~ File Edi Viev Inse Too Desktr Winde Hel

DEES B AT L » DEES ARG L- > DAL [R[RAO L~

D==2,,SE1=3
n Figure1 - B <3 Figure2 - E Figure3 - F
File Edi Viev Inse Too Desktr Windc Hel ~ File Edir Viev Inse Too Desktr Windc Hel ~ File Edi Viev Inse Too Deskt Windc Hel

NEES B[R0 L "JDEES[R[R2TL- > DAES R[N TL- ~

D==4,SE1=0
4] Figure1 - © N | ) Figure3 - ©
File Edi Viev Inse Too Desktr Windc Hel Fili Edr Viev Inse Too Deskt Windc Hel ~

Dede W ARANL- "JLUOESHS | K |RADHA- ~
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D==7,SE1=0
.- | Figure1 - F <) Figure2 - B n .
File Edi Viev Inse Too Deskt Windc Hel File Edi Viev Inse Too Deskt Winde Hel ~ File Edi Viev Inse Too Desktr Windc Hel |

DEHS (kR TL- > DSHS R RRTL- *DEES [ R0 £ ]

D==8,SE1=0
)] Figure1 - & <) Figure2 - F <) ] Figure3 - H
File Edi Viev Inse Too Deskt Windc Hel File Edr Viev Inse Toe Deskb Windc Hel ~ File Edi Viev Inse Too Deskb Windc Hel

NDEede | k|R&QAWHL- » DEEHE  h|READAL- 7| DEHS | h|RADHL- >

D==8,SE1=3 o
)] Figure1 - O ) ‘Figure2 - 2. Figure3 - F
File Edi View Inse Too Deskt Windc Hel File Edi View Inse Too Deskt Winde Hel ~ || Edi Viev Inse Too Deskt Winde Hel

D& k| & &40 42 - ._'i_?Hqéz | & _'\‘Eﬂ?ff' ”l_?H-.;% I3 | % _\{ﬂ-?ﬁf' =l
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D==9,SE1=1
File Edi Viev Inse Too Deskh Windc Hel ~

Dede | k| RKDA- *

Figue1 - B

D==10,SE1=3
n Figue 1 - = HEM
File Edi Viev Inse Teo Deskt Windc Hel ~ .

jjh‘qﬁ! [% +\. _\{fr?ﬁ, »_l

D==11,SE1=3
File Edi Viev Inse Too Deskt Windc Hel ~

EEFDDEEN Y A

|

File Edi Viev Inse Too Deskt Windc Hel ~

.j _ai H &‘3 k = {ﬂ-? tfe i i

Figure 2 -

O

File Edi Viev Inse Too Deskb Windc Hel ~

SEERIDREYTE

Figure2 -
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Fil

SEEEIE

Figure2 =

Edi Viev Inse Teo Deskt Winde Hel
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a Figwe3 - o MEM|

| Filc Edi Vie Inse Too Deskb Windc Hel ~

BEEE
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|
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Figure3 -
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D==12,SE1=3
]

|

o B Figure 2

Figure 1

2 Figures = O WESN

Eile Edi Vier -Insé Too Deskti Winde File Edi Viev Inse Too Desktr Winde Hel =

r—‘i—?'ﬂ&ti h y '_\{ﬂ?ﬁe _'Jjﬂ“‘é‘! % 5 _\é.ﬂ-?j{'

»

File Edr Viev Inse Too Deskt Windc Hel ~

Iy

»»

ol i % G0 oh-

D==13,SE1=2
Figure1 - F Figure2 - F Figure3 - O
File Edr Viev Inse Too Desktt Windc Hel File Edi Viev Inse Too Deskt Windc Hel =~ File Edi Viev Inse Too Deskb Windc Hel ~
_'*I‘_:;Hq\j s -f\d-_.\{f'r?’f', = J_’iae\ﬁ B '+.\'—_\{ﬂ-?£/:.v = :_']a‘aé I +'\_:-L.§fr?de' =
D==14,SE1=15
)| Figure1 - © )| Figure2 - [ !l Figure3 - U “
File Edi Viev Inse Too Desktr Windc Hel File Edi View Inse Too Desktr Windc Hel File Edi Viev Inse T-oo Desktr Windc Hel
DEES MAROL- » DEEL R0 L- DAL (K [RRT L~

In thiscase, we extracted some of al color components (Red, Green, Blue) .
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CIELAB

Thisisasoacolour mode inwhich L ,A ,B are different components of theimage. The vertical L *
axis represents Lightness, ranging from 0-100. These are at right angles to each other and cross each
other in the centre, which is neutral (grey, black or white). They are based on the principa that a
colour cannot beboth red and green, or blueand yellow. Thea*axis isgreen 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 theother. The centre of each axis is0. A value of 0, or very low numbers of both a and b*

will describe a neutral or near neutral .

In theory there are no maximum values of a* and b*, but in practice they are usually numbered from -
128to +127 (256 levels).

The different components are extracted as follow
cform = makecform('srgh2lab’);

T = applycform(A ,cform);

%figure, imshow(T);

L=T(,:, 1); % Extract the L image.
A_cie=T(, :, 2); % Extract the A image.
B=T(,:, 3); % Extract the B image.

Then this A component is passed through the code to obtain the result

In thiswework on A instead of R component .
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CIELAB RESULTS :

Results for Different value of D in CIELAB
[a,b,c ]= findModes(pts,330,.008);

1.
D==2, SE1=0
)] Figuel - D )] Figue2 - D
File Edi View Inse Too Deskti Windc Hel Filc Edr View Inse Too Deskti Windc Hel ' Vie Inse Too Deskty Windc Hel
DEES R 04- » DAES [0 4- * [0ade k[ GL- |
2.
D==1, SE1=0

) Figue1 - B )| Figue2 - O )] Figue3 - F
File Edl Viev Inse Too Deskt Windc Hel L] File Edl Viev Inse Too Desktr Windc Hel ~ File Edi Viev Inse Too Deskt Windc Hel =

DEEL R0 L- 7 DAL R’V L- 7| DSHS [ [A’TL- »

- Figure2 - E <) Figue3d - B
File Edi Vie Inse Too Deskti Windc Hel ™[ File Ed| Viev Inse Too Deskt Windc Hel -~ File Edi Viev Inse Too Deskt Windc Hel ~

DB [k [Ra0L- "JDEEdR RO L- > DA B[RRI L- ~
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By applying the different operations on images , we found that the results obtained by A components
of CIELAB are much better than rgb model and blood vessels are more visible than vessels extracted
by rgb model . so , after working on different values of seeds and threshold we can say that cielab is
much better than RGB .

(f) Retinal Blood Vessdl Extraction
The code contain three file defect,vessel extract,main file . and different result is obtain for different

value of thresholds.

> For the Threshold value =5

Fie Edit View Insert Tools Desktop Window Help ]

EE DRI P ALY

Input Imzge Extracted Blooc Vessels
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> For the Threshold value = 4

Fle Edit View Inset Tools Desctop Window Help k]

SEO 5 NGB 7 "1 3 EDD

Input Imzge Extracted Blood Vzssels

» For the Threshold value =10

File Edit View Insert Tools Desktop Window Help

T = \ TR /@D @EI@

Input Image Extracted Blood Vessels

The above results show that the extraction is better in case of low value of threshold .
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(g) Mean-shift codeisapplied on Berkeley ssgmentation dataset

In this the mean-shiftcodeis applied on Berkeley dataset on 100 images and then obtained result is
then compared with ground truth .

In this the mean-shift codeis applied on the original image of dataset after obtaining the result canny
edge detection method is applied on the image then the result is compared with the ground truth .

Then, the value of precision and recall and fscore is calculated

Using the formula

Pre=t /(t,+f));
Rec=t,/(t, + f,);

fscore=2( Pre* Rec)/ Pre+ Rec);

In this case the entropy of the imageis also calculated and it has been observed that the segmentation

results are much better for low value of entropy .

In this , we have calculated the values of Precision , Recision and f-score at different threshold
Vaues and we found that the segmentation results are much better at the value 0.8 instead of

other values.

Results obtained after applying the results on 100 images used in Berkeley data set and then values

are obtained and some of results are shown in table.

The table showing the result obtained after applying the pure MeanShift algorithm code on the

different imagesis shown below .
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Table4.1

] NO OF | ORIGINAL IMAGE RESULT CANNY Pre,rec,fs | Pre,rec,fscore Prerec,fsc | Prerec,f | Pregre
IMAGES core 2 ore SCore c.fscor

1 3 4 e

5
1. 100098.jpe 0.8647, 0.8738 0.9077 0.9645 0.9061
T T 0.8712, 0.8792 0.5123 0.9664 | 0.5018
0.7533 0.7689 0.8280 0.9320 0.8253
2. 112082 jpg 0.9337 0.9409 09379 0.9394 0.9400
0.9032 0.9134 0.9092 0.9112 09121
0.8433 0.8595 0.8527 0.8560 0.8574
3. 227092 jpg 0.9535 0.8725 0.9430 0.9430 0.9491
09328 0.8225 0.9181 0.9293 0.9266
(0.BBo4 07177 0.8567 0.8837 0.8794
4. 0.9575 09598 09526 | 0.9494
0.9360 09393 0.9288 | 09420
0.58962 09015 0.8848 | 0.8773
L 0.2088 0.9089 09399 0.9071 09043
0.8670 0.8670 09109 0.8546 0.8514
0.7880 0.7880 0.8562 0.7843 07794
6. 0.5858 09213 0.9162 | 09022
0.8383 0.8866 0.8795 0.8504
0.7426 0.8167 0.8058 0.7762




T 23084.jpg 0.9427 0.9500 0.9141 | 09403
0.9165 09289 08766 | 09131
0.8639 08806 08012 | 08585
8 35070 )pg 0.9386 05354 09357 | 09353
0.9114 09089 09073 | 09068
0.8554 0.8482 0.848%9 | 08481
Q. 0.9056 09249 09145 | 09119
0.8647 0.8913 0.8765 | 0.8733
0.7830 08233 0.8020 | 07964
10 0.9510 0.5453 0.9520 | 0.9446
0.9301 09221 09315 09211
0.8846 08716 0.8867 | 0.8701
1 0.9328 0.5555 0.9316 | 0.9048
0.9012 09338 0.8995 | 0.8620
0.8406 0.8923 0.8380 | 07799
12 62095 jpg 0.9451 09318 09473 | 09471
0.5209 0.5023 05235 | 09237
0.8703 0.8408 08753 | 08748

45




15 0.9331 09165 0.9358 | 09567
09014 08779 09052 | 09353

0.8411 0.8046 0.8471 | 0.8948

14, 0.5280 05441 0.9280 | 09349
0.8977 09200 0.8977 | 09073

0.8331 0.8685 0.8331 | 08483

15; 163014 jpg 0.9291 09307 09274 | 09236
0.8975 0.8998 0.8953 | 08899

0.8339 0.8374 0.8303 | 0.B219

16. 0.9212 09571 09450 | 09571
0.8876 05378 09293 | 09378

0.8176 0.8975 08791 | 08975

17. 0.9439 09534 05401 | 09254
0.9186 09251 09133 | 0.8929

0.8544 08885 0.8586 | 0.8263

18. 0.9274 0.8453 08822 | 09139
0.8939 07834 0.8314 | 08749

0.8250 0.6627 0.7334 | 0.7936
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19, 0.9439 09222 09484 0.9095 | 0.8946
0.5154 0.8893 09257 0.8725 | 0.8518
0.8678 0.8201 0.8779 0.7935 | 0.7620
20. 09541 0.9409 0.9448 09419 | 09323
0.9315 09123 09180 0.9138 | 0.9000
T 0.8883 0.8584 0.8674 0.8607 | 0.8350
N
o . athiingg
21. | 376001 pg
. Im | 0.8516 | 0.8570 0.8727 | 0.8881 | 0.8830
s 0.8430 | 0.7966 0.8127 | 0.8383 | 0.8313
o ¢ 0.7517 | 0.6827 0.7133 | 0.7445 | 0.7341
22. | 353013.jpg 0.5421 | 0.9485 0.9368 | 0.9371 | 0.9193
0.5145 | 0.9237 0.5069 | 0.9073 | 0.8182
0.8615 | 0.8762 0.8455 | 0.8502 | 0.8110
23. 0.5495 | 0.9515 0.9509 | 0.9256 | 0.9453
0.9238 | 0.9266 0.9258 | 0.8949 | 0.9234
0.8771 | 0.8817 0.8803 | 0.831%9 | 0.8766
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74| 66053.p2 0.9457 | 0.8431 | 0.9255 | 0.9124 | 0.8271
0.9228 | 0.9191 | 0.8950 | 0.8771 | 0.8970
0.6727 | 0.8668 | 0.8283 | 0.B003 | D.8316
25.
0.9508 | 0.5024 | 0.9075 | 0.9487 | 0.9061
0.9583 | 0.8167 | 0.9211 | 0.9566 | 0.9199
0.5111 | 0.8272 | 0.8359 | 0.9076 | 0.8335
Z6. 05410 | 0.5145 | 0.9116 | 0.9276 | 0.9183 ||
0.9157 | 0.8776 | 0.8736 | 0.B956 | 0.BE23
0.8625 | 0.8026 | 0.7963 | 0.B307 | 0.B106
77. | 35058 jpg 059426 | 0.5346 | 0.8407 | 0.9436 | 0.9436
0.9162 | 0.8050 | 0.8135 | 0.8176 | 0.9176
0.8636 | 0.8458 | 0.8522 | 0.8659 | 0.8659
41025.jpg
0.9260 | 0.89472 | 0.9549 | 0.9255 | 0.9255
28 0.8511 | 0.89214 | 0.8326 | 0.8904 | D.B904
0.8251 | 0.8727 | 0.8305 | 0.8240 | 0.8240

48




0.954E | 0.8931 | 0.9474 | 0.9507 | 0.9268
0.5341 | 0.B4B6 | 0.9235 | 0.9282 | 0.8847
0.8918 | 0.757% | 0.8748 | 0.8824 | 0.8282
108082 jpg
09573 | 0.8512 | 0.9508 | 0.9501 | 0.9559
09369 | 0.9282 | 0.9276 | 0.9266 | 0.9345
0.8960 | 0.882% | 0D.BB1% | 0.8803 | 0.888%
09603 | 0.9557 | 0.9602 | 0.9584 | 0.9559
05403 | 0.8395 | 0.5402 | 0.93%0 | 0.8339
0.9030 | 0.9016 | 0.9027 | 0.0009 | 0.8927
TE1079 jpg 05342 | 0.9347 | 0.8341 | 0.8354 | 0.8354
05044 | 09050 | 0.9042 | 0.9060 | 0.9060
0.8449 | 0.8460 | 0.B446 | 0.8474 | 0.8474
05345 | 0.0492 | 0.9401 | 0.9151 | 0.9090
0.9062 | 0.9268 | 0.9140 | 0.8851 | 0.8713
0.8468 | 0.8797 | 0.8593 | 0.8136 | 0.7920
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271031.jpg

|
0.9667 | 0.9670 | 0.9587 | 0.9671 | 0.9670
05520 | 0.9524 | 0.9406 | 0.8525 | 0.9523
0.9202 | 0.9210 | 0.9018 | 0.9212 | 0.9208

176038, jpg 0.9576 | 0.708 | 0.9576 | 0.8576 | 0.8529 ||
0.9382 | 09572 | 0.9381 | 0.9382 | 0.9315
0.8984 | 0.9293 | 0.8983 | 0.B984 | 0.BE77

35010pg 0.500% | 0.5063 | 0.B855 | 0.BE55 | 0.8867
0.8577 | 0.8651 | 0.8367 | 0.8367 | D.B384
07728 | 0.7840 | 07405 | 0.7405 | 0.7434
0.8948 | 0.8995 | 0.9134 | 0.9447 | 0.8300
0.8450 | 0.8525 | 0.8720 | 0.5169 | 0.8384
0.7570 | 0.7669 | 0.7965 | 0.8662 | 0.7471
0.8906 | 0.8315 | 0.8974 | 0.8319 | 0.9353
0.8479 | 0.5036 | 0.8565 | 0.5036 | 0.3082
0.7552 | 0.8421 | 0.7960 | 0.8421 | 0.84%4
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35. | 138078.pg

09516 | 0.5476 | 0.9519 | 0.5518 | 0.8829

0.9288 | 0.5231 | 0.9293 | 0.5292 | 0.B335

0.8839 | 0.B747 | 0.8846 | 0.B844 | 0.7359

40. | 37073.jpg 0.8575 | 0.9514 | 0.9007 | 0.5754 | 0.8963
0.8566 | 0.5304 | 0.B610 | 0.5643 | 0.8551

0.7688 | 0.BB51 | 0.7755 | 0.9406 | 0.7661

B6075.jpg 09536 | 0.9554 | 0.9372 | 0.5550 | 0.9557
09332 | 0.9358 | 0.9103 | 0.9351 | 0.9362

0.88B95 | 0.8941 | 0.8531 | 0.B930 | 0.8947
09328 | 0.5198 | 0.9261 | 0.5382 | 0.9309
0.9028 | 0.8847 | 0.B933 | 0.9103 | 0.9001
0.8422 | 0.B138 | 0.8273 | 0.B540 | 0.B380
0.9484 | 0.5496 | 0.9503 | 0.5476 | 0.9449
09266 | 0.5283 | 0.9293 | 0.5254 | 0.9218
0.B788 | 0.B815 | 0.BB32 | 0.B769 | 0.B710
0.9514 | 0.5420 | 0.9420 | 0.9504 | 0.9473
0.5297 | 0.5165 0.9219 | 0.9283 | 0.9238
0.BB45 | 0.B633 0.8720 | 0.BB22 | 0.8751
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5. | 376043 jpg 05484 | 0.9432 | 0.9215 | 0.9485 | 0.9318
el A 0.9244 | 0.9154 | 0.8844 |0.9236 | 0.8990
£ ! 0.8777 | 08634 | 0.8150 | 0.8764 | 0.8377
2.
97033.jpg 0.9477 | 0.9160 | 0.9425 | 0.9159 | 0.9170
0.5230 | 0.8782 | 0.9155 | 0.8781 | 0.8796
0.8747 | 0.8044 | 0.8628 | 0.8043 | 0.8085
0.5431 | 0.9477 | 0.9525 | 0.9320 | 0.9433
0.9171 | 0.8237 | 0.9305 | 0.9015 | 0.9174
0.8649 | 0.8754 | 0.8862 | 0.8401 | 0.8654
0.5547 | 0.9457 | 0.5576 | 0.5451 | 0.5506
0.9345 | 0.5217 | 0.9386 | 0.9209 | 0.9286
0.8922 | 0.8716 | 0.898S | 0.8703 | 0.8827
13 | 365025 jpg 0.540Z | 0.5348 | 0.9198 | 0.5198 | 0.9397
0.5140 | 0.5066 | 0.8858 | 0.8857 | 0.8133
0.8593 | 0.B475 | 0.8148 | 0.8147 | 0.8583
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50. | 15088.jpg 09501 [ D.9557 | 0.9604 | 0.9620 | 0.5621
E‘l’_ 0.9413 | 0.9420 | 0.9431 | 0.9453 | 0.9455
| 5 0.5028 | 0.9040 | 0.9057 | 0.9093 | 0.9096
0.9555 | D.9463 | 0.9453 | 0.9455 | 0.B608
0.9346 | 0.9215 | 0.9257 | 0.9203 | D.8165
0.8030 | 0.8720 | 0.8787 | 0.8701 | 0.7102
0.9418 | 0.5404 | 0.9115 | 0.3045 | 0.5023
00148 | 0.9128 | 0.8723 | 0.8628 | 0.8597
0.8616 | D.8584 | 0.7951 | 0.7805 | 0.7757

43074 jpg
09518 | 0.9534 | 0.0408 | 0.9499 | 0.9490
08201 [ 0.5312 | 0.9262 | 0.9263 | 0.9263
0.BB43 | 0.8878 | 0.8797 | 0.B79% | 0.8799
54. | 78013 jpg 0.00E8 | 0.8306 | 0.9175 | 0.5044 | 0.9127
b 0.8713 | 0.8469 | 0.BB32 | 0.BE54 | 0.B765
07918 | 0.7543 | 0.B103 | 0.7827 | 0.8000
55. D.5470 | 0.5151 | 0.5111 | 0.B541 | 0.8541
009228 | 0.8781 | 0.B727 | 0.B496 | 0.B496
0.8740 | 0.8038 | 0.7950 | 0.7597 | 0.7597
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0.2465 | 0.0446 0.9165 | 0.5266 | 0.9266
GE. 0.9222 | 091585 0.BBO3 | 0.BG42 | 0.8542
W 0.872%9 | O.BEBE 0.BDET | 0.B28B6 | 0.B2BE
57. 0.9287 | 0.9034 0.9456 | 0.5357 | 0.9484
0.8844 | 08587 09186 | 0.9043 | 0.9277
0.8307 | 0.7757 0.8686 | 0.B461 | 0O.B750
58. 0.9347 | 0.9392 0.9159 | 0.52B5 | 0.9306
0.9062 | 0.9125 0.BBOZ | D.BS76 | 0.9005
0.B469 | O.B571 0.BDE1 | 0.B334 | 0.B380
&g, 0.9381 | 0.9523 0.0495 | 0.9433 | 0.9521
09113 | 09312 09272 | 0.9186 | 09309
08550 | 08868 0.BB0O3 | 0.B66S | 0.BBEZ

60. | 196073 pg
0.9614 | 0.962¢6 0.9692 | 0.9685 | 0.968%
09451 | 05469 09561 | 0.9556 | 0.9556
09086 | 0.9115 09266 | 0.9259 | 09259
B1. | 225017 jpe 0.9506 | 0.9439 08475 | 0.9396 | 0.9327
0.9264 | 0.9168 0.9225 | 0.9105 | 0.9005
0.BBOT | 0.8654 0.8744 | 0.8555 | 0.8400
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62. | 260058.jpg 0.5294 | 0.5326 | 0.9665 | 0.5490 | 0.953%
0.8991 | 05035 | 0.9513 | 0.5264 | 0.9333
0.8356 | 0.8427 | 0.9195 | 0.B791 | 0.BG02
63. 0.8972 | 0.9102 | 0.BBZ2 | 0.5072 | 0.9022
0.8582 | 0.8754 | 0.B384 | 0.B714 | 0.B648
0.7700 | 0.7968 | 0.7396 | 0.7906 | 0.7B02
64,
0.9287 | 0.5421 | 0.9433 | 0.5425 | 0.5429
0.B546 | 0.913% | 0.9157 | 0.5150 | 0.9150
0.E308 | 0.8609 | 0.BB3E | 0.B6Z7 | 0.BB27
B5. 0.9425 | 0.5023 | 0.9343 | 0.9405 | 0.9137
08607 | 0.B556 | 0.9013 | 0.9102 | 0.B717
0.7798 | 0.7720 | 0.B421 | 0.8560 | 0.7964
B6. | 118035.jpg
09422 | 09471 | 0.9067 | 0.9515 | 0.9356
0.9171 | 0.9238 | 0.Be82 | 0.9031 | 0.9078
0.8641 | 0.B745 | 0.7872 | 0.8851 | 0.B9B4

55




E7. 0.5411 | 0.9422 | 0.9422 | 0.9211 | 0.9253
0.8135 | 0.3150 | 0.9150 | 0.8853 | 0.8911
0.8587 | 0.B621 | 0.8622 | 0.B155 | 0.8246
BE. | 46076.ps 08435 | 0.9352 | 0.8333 | 0.9303 | 0.9406
0.9197 | 0.5077 | 0.5050 | 0.5009 | 0.9152
0.8680 | 0D.B485 | 0.8445 | 0.8381 | 0.8608
£2.
0.8425 | 0.8267 | 0.9452 | 0.9382 | 0.8835
0.9163 | 0.8341 | 0.9258 | 0.9102 | 0.8431
0.8636 | 0.8285 | 0.B787 | 0.8539 | 0.7500
70.
0.9451 | 0.8322 | 0.9505 | 0.8542 | 0.8220
0.9208 | 0.9028 | 0.9284 | 0.9337 | 0.8887
0.8702 | 0.8416 | 0.8824 | 0.8510 | 0.8183
71. | 118020jps
0.9421 | 0.9362 | 0.8924 | 0.9137 | 0.9145
0.8154 | 0.8070 | 0.8485 | 0.8756 | 0.8768
0.8623 | 0.8481 | 0.7554 | 0.8000 | 0.8018
72, 0.8861 | 0.B750 | 0.8401 | 0.6221 | 0.8221 ||
0.8380 | 0.8242 | 0.5132 | 0.8880 | 0.888D
0.7435 | 0.7212 | 0.8585 | 0.8180 | 0.8188
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73. | 135069.ipg
0.9547 | 0.9658 | 0.9657 | 0.9657 | 0.9657
0.9494 | 0.9509 | 0.9509 | 0.9509 | 0.9509
0.9159 | 0.9184 | 0.9183 | 0.9183 | 0.9182
74,
0.9416 | 0.8819 | 0.9429 | 0.9429 | 0.9261
0.9146 | 0.8321 | 0.9165 | 0.9165 | 0.8927
0.8612 | 0.7338 | 0.8642 | 0.8642 | 0.B268
75. 0.5396 | 0.9495 | 0.8174 | 0.9151 | 0.9257
0.9113 | 0.9254 | 0.8801 | 0.B76B | 0.8917
0.8563 | 0.8787 | 0.8074 | 0.8023 | 0.8255
O
76. | 167083.jpg D0.8586 | 0.5150 | 0.8578 | 0.8563 | 0.9589
0.8390 | 0.8773 | 0.9378 | 0.9357 | 0.9334
0.9001 | 0.8027 | 0.8983 | 0.8948 | 0.5008
77.
0.9467 | 0.9574 | 0.9428 | 0.9428 | 0.9428
08212 | 0.9367 | 0.9197 | 0.9157 | 0.8157
0.8721 | 0.8267 | 0.8634 | 0.8634 | 0.8634
7E. 0.9455 | 0.8325 | 0.9458 | 0.9450 | 0.9032
0.3228 | 0.5042 | 0.9226 | 0.9271 | 0.8645
0.8728 | 0.8432 | 0.8726 | 0.8798 | 0.7808
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175032.jpg
79.
0.9197 | 0.9383 | 0.8778 | 0.9427 | 0.9176
0.8803 | 0.8086 | 0.8218 | 0.9135 | 0.E772
0.8096 | 0.8534 | 0.7214 | 0.8612 | 0.8049
BO. | 182053.pg
0.9395 | 0.9419 | 0.8977 | 0.8946 | 0.9419
0.2116 | 0.8151 | 0.8537 | 0.8494 | 0.8151
0.8564 | 0.8619 | 0.7664 | 0.7599 | 0.B61G
E1. | 208070.jpg 0.8395 | 0.8865 | 0.B822 | 0.9195 | 0.8195
0.2099 | 0.8356 | 0.8298 | 0.2104 | 0.8814
0.8548 | 0.7407 | 0.7321 | 0.8814 | 0.8104
0.3506 | 0.9439 | 0.3479 | 0.5396 | 0.9327
0.8273 | 0.8178 | 0.9234 | 0.3116 | 0.9018
B2 0.8815 | 0.B663 | 0.8753 | 0.8565 | 0.8411
£3. 0.8323 | 0.9379 | 0.9213 | 0.5262 | 0.9262
0.3028 | 0.5106 | 0.B876 | 0.E044 | 0.8944
0.8417 | 0.8540 | 0.8178 | 0.8284 | 0.8284
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0.9476 | 09464 | 0:9491 | 09527 | 0.9722
0.9221 | 0.9204 | 0.9244 | 0.9296 | 0.9582
0.8738 | 0.8711 | 0.8774 | 0.8856 | 0.8315
ES.

0.9473 | 0.9463 | 0.9463 | 0.9429 | 0.5445
0.8228 | 05214 | 0.9213 | 0.9166 | 0.9188
0.8741 | 0.8718 | 0.8718 | 0.8643 | 0.8677
E6. 0.8574 | 0.5256 | 0.5486 | 0.9118 | 0.9226
0.8547 | 0.8988 | 0.9254 | 0.8742 | 0.8889
0.7670 | 0.8355 | 0.8779 | 07972 | 0.8201
g7. 0.5465 | 0.940% | 0.5485 | 0.9155 | 0.8252
09228 | 0.9150 | 0.9256 | 0.8798 | 0.8931
0.8735 | 0.850% | 0.877% | 0.8054 | 0.8282

€B. | 41004 jpg
09426 | 0.9332 | 0.5449 | 09418 | 0.8381
; 09172 | 0.8041 | 0.9205 | 0.9161 | 0.8123
- 0.8545 | 0.8437 | 0.869E | 0.8528 | 0.8567

ES. | 41033.jpg
0.5458 | 0.9430 | 0.8517 | 0.9430 | 0.8359
09227 | 0.8172 | 0.9295 | 0.9172 | 0.8071
0.8737 | 0.8650 | 0.B245 | 0.8650 | 0.8489
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183055 jpg 0.9545 | 0.8941 | 0.9555 | 0.9558 | 0.9445
0.9342 | 08510 | 0.8357 | 0.9360 | 0.9207
0.8517 | 0.7609 | 0.8941 | 0.8946 | 0.8700
51 | 241004 jpe
0.5302 | 0.9493 | 0.8317 | 0.8311 | 0.9317
05011 | 09275 | 0.9031 | 0.9023 | 0.9031
0.8382 | 0.8804 | 0.8415 | D.8401 | D.8414
52 | 31108LipE
0.5296 | 0.9280 | 0.9744 | 0.9362 | 0.9315
0.8495 | 0.8923 | 0.9057 | 0.9041 | D.8979
0.8317 | 0.8281 | 0.9361 | 0.B465 | 0.8367
53,
0.9208 | 0.0430 | 0.0451 | 09203 | 0.9335
0.8862 | 0.9186 | 0.9202 | 0.8855 | 0.9038
0.8160 | 08671 | 0.8697 | 0.8149 | 0.8438
3. | 388016.jpg
- : 05010 | 0.9582 | 0.9321 | 0.9134 | 0.8086
0.8550 | 0.9388 | 0.5018 | 0.6759 | 0.8557
07740 | 0.8996 | 0.8405 | 0.8000 | 0.7683
==
|
35 [ 135037.jpg
0.9553 | 0.9614 | 0.9508 | 0.9520 | 0.9102
09408 | 0.9438 | 0.9288 | 0.9305 | 0.8725
02025 | 00074 | o.8231 | 0.88se | 07241
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106020.jpg 0.8532 | 0.9532 | 0.9431 | 0.9432 | D.9388

- 0.8300 | 08316 | 0.9154 | 0.9156 | 0.5093
0.8865 | 0.8880 | 0.8633 | 0.8636 | 0.8537
0.9478 | 0.9348 | 0.9126 | 0.8958 | 0.9360
0.3240 | 0.5058 | 0.8750 | 0.8521 | 0.8075
0.8757 | D.8467 | 0.7986 | 0.7633 | 0.8495
0.9184 | 0.9317 | 0.9311 | 0.9345 | 08397
0.8835 | 0.9022 | 0.5013 | 0.9080 | D.9132
0.8118 | 0.8406 | 0.8383 | 0.8466 | 0.8581

52059 jpg
0.9566 | 0.8472 | 0.9554 | 0.8414 | 0.8332
0.9364 | 0.5228 | 0.9346 | 0.9147 | 08031
0.8958 | 0.8741 | 0.8929 | 0.8611 | 0.8428
0.3343 | 0.9420 | 0.9599 | 0.9563 | 0.9275
0.8053 | 0.9160 | 0.9415 | 0.9363 | 0.8858
0.8458 | 0.B628 | 0.9038 | 0.8953 | 0.8308
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Results of improved M ean-Shift :

The table given below shows the result of improved Mean-shift Algorithm .

(i) Result of Auto-Segmentation Using Shannon Entropy shown below in table 4.2

Table4.2
[0 | CRIGINALIMARE RESULT CANNY PR,RE,F5 | PR,RE,F5 | FR,RE,FS | PR,RE,FS | PR,RE,F5 | BW CLUSTER
. i 2 3 4 5
OF
Ik
AG
ES
1. D.241E 02404 0.9115 02046 09023 Llﬂ.lA-ClD'r 10
D.9ESE 0.2E42 0.5740 0.97ET 09725 ?.[CI.CIBDD} 10
D.82E3 08253 0.BEETE 0.EE5] 0.BE775 3|Cl.990€l| 10
4[0.3200) 10
5{0.5500) 10
rE D.EBEL 0.E75D 02401 05221 096521 1[0 0100} o
O.57TE Q.5757 0.o00E 0.SEE 05835 2(0.0100) i0
D.B555 0.E53E 08314 0.2078 0.B55E8 3|CI.CIEOEII 10
40,0400} 10
5{0.0200) 10
3. D.8581 085587 05604 08620 08521 1.|-{ZI.CI1.IE|C|,L E
08527 08522 05015 05527 05507 2[0.0500'; 10
09521 08522 0.9523 0.9550 09531 3|CI.OE{OI )
4{0. 2000} 7
5{0.0700) 7
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4. [ 1s021 02411 |09z [ 0o422 [0.8211 | 092s3 | 1o.0800) El
0.084E | OL9E3E | 0.5E20 | 0.8777 | 09765 | 2{0.0400) El
09268 | 09271 | 09253 | 0.9006 | 0.9036 | 3{0.1700) ]
{0,000} ]
5{0. 1700} E
5 [ 22013 059555 | 08463 | 0.8483 | 0.8455 | O.B6SE | 1[0.2%00) 10
J 09934 | 09020 | 0.9B31 | 0.9BD6 | 0.9657 | 2(0.2800) 10
05452 | 09387 | 09388 | 0.8356 | 0.B434 | 3{0.0300) 10
4{0.0500) 10
5{0.7000) 10
6. 05372 [ 09427 [ 05500 |0.5141 | 05303 | 1(L2300) 10
09875 | 009672 | 09867 | 0.57%2 | 0.98e4 | 2{0.6600) 10
05254 | 09305 | 05374 | 0BS5S0 | 08274 | 3L 1a00) 10
{0, 2000) 10
5{0.4200) 10
F 35008 0.950E | 03024 | 0.0075 | 0.04BE | 0.BBE7 | 1[0.1000) 10
. 09010 | 09627 | 09793 | 09019 | 09736 | 2{0.4400) 10
{3 gé 1‘545 0.5422 |0.BBGE | O.BEBE | 0.8423 | 0.BG3Z | 3{0.0400) 10
E'%"; = C/ 4{0.0500} 10

L ]
;"‘%-f‘ 5{0.1300) i0

g N

3 0.6009 | 0.0063 | 0.B855 | O.BBS5 | 0.8667 | 1[0.6800] 10
0.570% | 09778 | 09655 |09771 | 05716 | 2(0.2000) 10
0.E747 | 0.BBEZ | 0.B549 | 0.BES2 | 08616 | 3{0.1300) 10
4[0.0%00) 10
5[0.0200) 10
EY 0.5426 | 0.9346 | 0.8407 | 0.5436 | 0.8436 | 1{0.0100] B
0.8E75 | 0.8857 |0.8866 09834 |0.eEES | 2{0.0100) B
0.9308 | 0.9212 |0.9280 (09336 |o0g5327 | Ho.ozo0) B
4[0.0500) ]
5[0.2100) 7
10, 05353 | 05386 | 0835 | 09357 |0.98353 | 1{0.5300] ]
0.9851 | 0.98L | 0.8858 | 0.985% | O.3625 | 2(0.1500) g
0.9214 | 09274 | 08220 (09235 |o0e1ss | 3{0.1300) 10
4{0. 7000} z
50,5400 g
11 0.EG4% | O.B8G5 | 0.8134 | 0.8447 | 0.FDO0 | 1[0.1700) 10
0.9566 | 0.59774 | 0.8659 | 095B11 | 08585 | 2(0.5800) 10
0.ES7E | 0.E7o2 | 0.BB22 (09260 | 08530 | 3{o.0500) E
{0, 1500} 10
5(0.0300) g
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1z | 38082 08235 | 05056 | 0.9248 | 0.5145 | 05118 | 1]L.3500) 10
08860 |o09882 |ooEs |ooeo | cmEso | 2f1.zo00) 10
08107 |o08%as |oowz |osser | csmsz | 3f0.2s00) 10
4[1.1800] 10
5[0.5100] 10
1= 08426 | 05332 | 00498 | 00418 | 0.8381 | 1|0.5100] 0
%@ e g 0.8857 |o0.9857 |osoesr |osoest | omerr | 2f0.0700) 10
Tl il 0.8318 |o09186 |05343 |osesz | oszFs | 3(0.0zon) 10
\\;_.._-;f“r 3 4{0.1100] 10
= =[0.0300] 10
o
Y 08260 | 0.8472 | 0.5538 | 0.5255 | 0.5255 | L]0.5400] 10
08797 |o9sso |ooes | ooves | csves | 2f1.4i00) 10
0.8083 |09330 |o0o447 |oo0ss | csoss | 3jo.z7on) :]
4{1.1000} 10
50,8500 10
1= 08455 | 09430 | 0.5517 | 0.0430 | 05358 | 1]0.0600] B
e ﬁ,J::.vg 02004 |o9%00 |o0oozo |osoe7r | csesT | 2jososoo) 10
g ﬁg‘f‘; 08378 |09336 |0oas0 | 05314 | oo2e3 | 3{0.1s00) 10
& fﬁ%ﬁﬁf‘h 4{0.1000] =l
] 1
S | |3
15, | 42078 08526 | 09510 | 0.8453 | 0.5520 | 0.834% E]
o o, 02950 |09549 |0osss |oooas | osmao 9
ot 08475 |o09457 |0o3ms |osas7 | 0os3s 3
P 10
II{!;-’P 10
T il
17 08518 | 0.0534 | 0.0458 | 0.0450 | 0.845%8 ]
05867 |o0o9873 |o0oESE |oses2 | 0.sESL 10
08420 |o09am13 |oouot |os3ss | osssy 9
8
10
1% 08435 | 0.9352 | 0.5333 | 0.8303 | 0.5306 | L0.0300] ]
02909 |o09505 |0sSss4 | 09%0E | o0ss0s | 2[o.0z00) 10
08353 | 09263 | 05225 | 08217 |083t8 | 3(0.0200) 10
4{0.0500] 10
5{0.0500) 10
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15 | 48055 0.8451 | 08322 | 00505 | 08542 | 0.8220 | 1]0.1100] 10
0.9010 | 0.0BED | 0.0047 | 00035 | 0.2BE0 | 2[0.B200) 10
00356 |08210 |00449 | 09461 | 0.2090 | 3{1.3000) 10
4{0.5800) 10
5[1.2600} 10
20. 08574 | 08328 | 0.0555 | 0.8315 | O.8048 | 1]0.0700) 10
0.9205 |0.8670 |0.5%0E | 0855 | 0.8620 | 2(0.4500) 10
0.8484 | 0.2207 |0.0467 |o0.oi01 | 0.BBES | 3(0.4500) E
af0.4400} 10
5[0.2400) 7
21 0.0471 | 0.2451 | 0.031F | 0.8473 | 0.8471 | 1[0.0200) 10
0.8BBS | 0.26S4 | 0.0BA5 | 09913 | 0.8673 | 2(0.0100) L
0.9356 |0.0351 |0.0175 |o0e301 | 0.e351 | 3{0.0300) 10
af0.0100} &
5[0.0300) 10
P2 0.0535 | 0.8584 | 0.8372 | 0.0550 | 0.0557 | 1]0.1400) o
09829 | 09845 | 08245 |09935 |0.09810 | 2(0.1100) 10
02458 | 02502 | 00292 | o0.odEE | 09471 | 3{0.0400) 10
4[0.0500) o
5[0.0700) 10
23. | 7e053 0.9548 | 0.6231 | 0.8474 | 0.9507 | 0.9127 | 1[0.0400] 10
09807 | 09667 | 0.0B48 | 00005 | 0.0810 | 2{0.0100) o
08448 | 08652 | 08320 |0o416 | 0BS54 | 3{0.440D) 10
4{0.0100) 10
5[0.1600} 10
24 D.G0BE | 0.B205 | 0.8157 | D.0043 | 0.5127 | 1[0.0500) 0
05756 | 0.8728 |0.8806 | 0.980E | 0.9763 | 2([0.0%00) 10
0.8875 | 0.8664 | 0.6257 | 0.BETL | 0.B210 | 3{1.000D) 10
4[1.3300} 10
5[0, 1200} 10
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5. 0.8425 | 092657 | 0.8482 | 08362 | O.BESS | 1{0.B400) 10
0.9890 | 09837 |0.9596 | 09860 | 0.9778 | 2{0.4300) 10
0.8322 |09115 |0.935d4 | 08250 | 0.BEST | 3{1.1000} 10
4{1.0200) 10
5{1.4700} 10
25. | E9072 06326 | 0.01%8 | 0.9261 | 0.8382 | 0.5308 | 1{0.0400}) 10
Mﬁ% 0.8830 | 09812 | 0.9777 | 0.8B6L | 0.9B47 | 2(0.0500} 10
@;‘ =2 08170 | 09026 |0.9054 |08251 |0.8167 | 3{0.1000) 10
i f\ﬁ}iﬁ 4{0.5300) 10
"?-"t‘%ﬁ 5[0, 1600} 10
27. 0.8566 | 09472 | 0.9554 | 0.8414 | 0.8332 | 1{0.0100) [
5 F e 0.8876 |O0SETE |0.9858 | 0887 | 0.8855 | 2{0.1B0O) 10
| 0.8448 | 09356 | 0.0457 | 08301 | 0.8197 | 3{0.1400} ]
?”rj"% af0. 1600} 10
Faaer 5{0.0400)
28, 0.8477 | 0.9160 | 0.5425 | 0.0158 [ 08170 | 1{0.2100) 10 |
0.9ERY | 0.9ELE | 09801 | 09788 | 0.e7eL | Z{0.0500) 10
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In this ,we apply the code on the input image and aobtain the result and after this we apply the canny
method on the image and after that we take complement of the last obtain image .Now, we pass the
image and compare the complemented image with available five ground truths by converting the
complemented image and ground truth into one — directional image . After that we calculate the

precision, recall and fscore value by using the respective formulae for the same .

Pre=t /(t,+f));
Rec=t, /(t, + f,);

fscore= 2( Pre* Rec)/ Pre+ Rec);

Table4.4

Mean F-score of 100 images for all Non-Extensive and Shannon Entropy .

Different Methods Mean F-Score
Mean-Shift with bandwidth fixed to 0.8 0.8448
Automated Mean-Shift using Shannon Entropy 0.8550

Automated Mean-Shift using Non-Extensive 0.9222
Entropy

By looking at the results obtained, we came to know that the Non-Extensive entropy is better than
other . It could be because Non-Extensive Entropy is non additive Entropy .so, Non-Extensive
Entropy can identify the correlated information content and reduces the number of overal clusters.

It happens because Shannon is additive and it add all the clusters as well but its result not get
influenced by some value of clusters asit include thelog initsformula.

H,=—> plogp

i=1

In case of Non-Extensive Entrophy , it add up for al clusters but its result get affected by some

value of clustersasit includes exponential initsformula.

n

H, :z_pleﬂ)'

i=1
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There are some cases which shows that the Automated MeanShift using Non-Extensive Entropy is
better than other two methods .

In case of image 25058.jpg , when we apply the automated code it is found that in case of
Automated MeanShift using Shannon Entropy , it visit the all 10 clusters and sums them up and
calculate the entropy where as in other case, it visit only 2 clusters and sums them up and calculate
the entropy . Results of Non Extensive Entropy are good in visualization than other . It is found that
Non-Extensive Entropy (0.9408) is higher than Shannon Entropy(0.90100) due to which results of

segmentation came better.

After applying the program on image 15088.jpg , it is found that in case of Automated MeanShift
using Shannon Entropy , it visit the al 7 clusters and sums them up and calculate the entropy
where as in other case, it visit only 8 clusters and sums them up and calculate the entropy . It is
found that Non-Extensive Entropy (0.9592) is higher than Shannon Entropy(0.9529) and

segmentation results are better.

For the image 22013.jpg , when we apply the program for Automated MeanShift using Shannon
Entropy , it visit theal 10 clusters and sums them up and calculate the entropy where as in other
case, it visit only 4 clusters and sums them up and calculate the entropy . It is found that Non-
Extensive Entropy (0.9220) is higher than Shannon Entropy(0.95291) due to which results of

segmentation came better.

When took the image 35008.jpg , and applied the concept and it is found that in case of Automated
MeanShift using Shannon Entropy , it visit the all 10 clusters and sums them up and calculate the
entropy where as in other case, it visit only 2 clusters and sums them up and calculate the entropy .
It is found that Non-Extensive Entropy (0.9068) is higher than Shannon Entropy(0.9046) due to

which results of segmentation came better.

In case of image 35010.jpg , it is found that in case of Automated MeanShift using Shannon
Entropy , it visit theal 10 clusters and sums them up and calculate the entropy where as in other
case, it visit only 2 clusters and sums them up and calculate the entropy . It is found that Non-
Extensive Entropy (0.87124) is higher than Shannon Entropy(0.86852) due to which results of

segmentation came  better.
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In case of image 35058.jpg , it is found that in case of Automated MeanShift using Shannon
Entropy , it visit the all 8 clusters and sums them up and calculate the entropy where as in other
case, it visit only 3 clusters and sums them up and calculate the entropy for the same . It is found
that Non-Extensive Entropy (0.9311) is higher than Shannon Entropy(0.9292) which satisfies our

concept .

For image 118020 .jpg , it isfound that in case of Automated MeanShift using Shannon Entropy , it
visit theall 10 clusters and sums them up and calculate the entropy where as in other case, it visit
only 2 clusters and sums them up and calculate the entropy . It is found that Non-Extensive Entropy

(0.9063) is higher than Shannon Entropy(0.9036) due to which results of segmentation came better.

In case of image 118035.jpg , on passing it in the code of Automated MeanShift using Shannon
Entropy , it visit theal 9 clusters and sums them up and calculate the entropy where as in other
case, it visit only 5 clusters and sums them up and calculate the entropy . It is found that Non-

Extensive Entropy (0.9307) is higher than Shannon Entropy(0.9283) supports the segmentation .

In case of image 124084.jpg , it is found that in case of Automated MeanShift using Shannon
Entropy , it visit theal 9 clusters and sums them up and calculate the entropy where as in other
case, it visit only 2 clusters and sums them up and calculate the entropy . It is found that Non-
Extensive Entropy (0.9154) is higher than Shannon Entropy(0.9001) due to which results of
segmentation came better.

In case of image 353013.jpg , it is found that in case of Automated MeanShift using Shannon
Entropy , it visit theal 9 clusters and sums them up and calculate the entropy where as in other
case, it visit only 3 clusters and sums them up and calculate the entropy . It is found that Non-
Extensive Entropy (0.9275) is higher than Shannon Entropy(0.9239) due to which results of
segmentation came better.

In case of image 302003.jpg , it is found that in case of Automated MeanShift using Shannon
Entropy , it visit theal 10 clusters and sums them up and calculate the entropy where as in other
case, it visit only 3 clusters and sums them up and calculate the entropy . It is found that Non-
Extensive Entropy (0.88306) is higher than Shannon Entropy(0.87864) due to which results of
segmentation came better.
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The results obtained by using Automated Meanshift on variable bandwidth of 0.01 to 1.5 and
different results are obtained . In this we found the modes successfully .
To execute the code , we have used the matlab 2013 for making the code to run successfully .

The configuration of the system used is 4gb Ram , i5 processor .
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Conclusion
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After implementing the code for the different value of bandwidth in different methods , we came to
know that the Mean shift with bandwidth fixed to 0.8 shows the good results instead of other
bandwidth and shows the good segmentation of image , whereas it doesnot show good results on
other value of bandwidth . In this case, we used the brute force technique to obtain the correct value
of bandwidth .i.e. 0.8.

After that we executed the Auto-Segmentation using Shannon and Non-Extensive entropy we get
the segmented image which better in visualization . In this, we took the image and apply the code
and calculate the precision, recall and f-score for five different ground truth and came to know that it
show the better value of f-score which proves that our results are better for wide range of bandwidth
and clusters instead of fixed value of bandwidth of 0.8 . Non —Extensive visits the less number of
cluster whereas Shannon entropy takes the more number of clusters.In this, Auto-Segmentation using
Non-Extensive entropy shows better value of f-score and it could be because it is non-additive
whereas Shannon is additive Entropy . Among the three methods applied in this, Auto-Segmentation
using Non-Extensive Entropy shows the higher value of f-score which shows that the result is better
than other methods .

As far Auto-Segmentation using Mean-Shift method has proved to be great tool for accessing
information of importance . The result obtained provide us with a good value of Precision , Recall ,
F-score . This also compares the result obtained with algorithm with different available ground truth

and shows that we improvise the Mean-Shift Algorithm to some extent .
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