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Abstract: - The field of image segmentation basically concerns with the dividing image into its constituent objects.
It is a widely studied field so a lot of research have been conducted and many methods are proposed to provide
solution to this problem. Some of them are novel and propose a new technique and others are the modification to
improve the efficiency of the methods proposed in past. This paper discusses the core methodology proposed by
various researchers. The main purpose is to study the key mathematical equations and main steps that drives the
different methods used in the field of image segmentation. The core algorithms their main mathematical
foundation from the papers and literature of the various researchers have been put forth in this paper to look into
them on a single platform. For that different papers have been surveyed in which some of them give the novel
idea and other are the efficient extension of those novel ideas.
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1. Introduction

In the field of image processing image segmentation is widely used because of its various usages and applications.
Images can be thought as the collection of different objects taken together. To separate these objects from one
another we require image segmentation, basically image segmentation is the process of dividing image into
separate objects on the basis of some key property such that a given pixel of image can be classified to one region
to which its proximity is most [1][2]. The general idea of dividing image into region follows that the particular
region consist of homogeneous pixels and adjacent regions have different pixel value. One pixel must belong to
a particular region such that, R; intersection with R; is NULL.

When solving the problem of image segmentation some question always arise, like while portioning an image
what is the precise criterion for the good partition and what can be the efficient way to compute the partition

The most generic methods [3] used for segmentation are based on threshold. The focus is to find a point in image
which can divide the image into two parts mainly called as the foreground and background. Many algorithms have
been proposed on this strategy would be discussed later, the main concern of most of the methods is to find an
optimal threshold such that the division of the image can be done properly according to the interest. But many
problems incur due to reasons like a) No optimal pixel value exist to use as threshold. b) Sometime single threshold
value is not sufficient, so we require more than one threshold.

The region base segmentation is also quite popular in which we try to maximize the intra region relation of the
pixels and minimize the inter region relation. The region based segmentation methods basically requires seed
pixels to fetch the region of interest. These algorithm are very useful when some particular object from image is
of interest and we only want that particular region to be fetched.

Most of the image segmentation methods are interaction based i.e. they require some point of interaction with the
image [4]. This interaction can be in the form of seed input or the region of interest bases or ROI. The image
segmentation algorithms are broadly classified as region based, contour based, Graph Cut based methods, Region
growing/merging, Random walk based, super pixel based and many more. Some of these method are highly
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computing intensive but with the help of modern computing power and the parallel algorithm implementation the
task of segmentation has become attainable at most of the point.

The content of the paper is mainly dedicated in the discussion of the image segmentation methods based on the
concept of clustering, thresholding, region growing, entropy and other popular methods for handling
segmentation. With these widely used methods we also review and discuss the other methods used by various
researchers based on these techniques.
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(a) Original (b) Ground
Images truth images

Figure 1 To show the human annotated ground truth segmentation

The above figure 1 shows some of the images labelled with the ground truth [101] (Human annotations) to see
the idea of segmentation. These can also be used as the benchmark to test the result obtained from the different
segmentation algorithms.

2. Related Work
2.1 Otsu Image Segmentation (Thresholding):

Otsu algorithm is basically dividing the image into two parts ie in foreground and background on the basis of
threshold [4]. The idea of otsu is to find an optimal threshold by assigning intensity level to a certain class such
that the inter class variance is maximized. This method take account of two parameters: the probability density
function and of each class and the probability of occurrence of each class.

According to the method the classes are distinct with their intensity value if they are properly thresholded and it
uses histogram based computation which can be thought of as 1-D array.

The intensity values in images can be divided into {0,1,2............. L-1} where L is the maximum grey level. Let
the size of an image be M*N.

The frequency of the grey level with value i can be ni(humber of pixels with i intensity value). There can be

NONI nsuch values such that

M*N=no+ni+......oooiiiiiiinn, ne. (1)

The probability of i value pixel can be calculated as pi= ni/(M*N) 2
Given that

2o i = Lpi>=0 (3)
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Let select the threshold T(k)=k 0<k <L-1 which divide the image into two classes C1 and C,, where C; have [0,k]
and C; contains [k+1,L-1]

The cumulative probability that a pixel belong to class C; is P1(k) which is given by

P1(k) =Xiop: (4)

Similarly for class C;

Py =Y pi=1-P (k) (5

The Mean gray value of the pixel for class C; is
mi(k)= Y. 1, ip(i/Co)
_Zk 0 iP(C1 /D /p(Cy) (6)
= 5 2o () )
p(Ca/i)is the probability of C; given i, it is 1 because the concentration is on the values of | from C;
p(i/C1) is the probability of value i that it comes from C;
p(Cy) is the probability of class C1 which is P1(k)
similarly
Ma(k)= o ZiSda P (D) (8)
the overall mean of whole image
=Xico ip(®) ©)
the above equations can be verified by
Pimi+P2mz=my (10)
Where P1+ P> =1 (11)
To evaluate the effectiveness of the threshold at level k use the dimensionless metric
n=0%s/0%c (12)
where o%sis the between class variance
023:P1(m1- mg)2+ Pz(mZ' mg)2 (13)

One dimensional thresholding approach was [5][6] considered for segmentation of image into foreground and
background. The extension of this approach two dimensional thresholding Gong et al. [7] introduced in various
literatures helps the better segmentation.

The 2D thresholding method gives better results for the images corrupted by the noise.
the idea of this approach is to take original image f(x,y) and a neighbourhood averaged image a(x,y).
An image can be visualize as a function of :NXN—D.consider a threshold point T € D which divides the image

f(x y):{lo if f(x,y)<T

JIF F(xy) 2T a4

Let a(x,y) be the averaged image defined by the function

1 nl/2 n/2
g(x,y)——2 Z D f(x+iy+ ) (15)
j=—n/2

Where n<N

Then represent these values by pair [ f(x,y),g(x,y)] the original gray level and the averaged neighbourhood pair.
Lets consider a vector pair(S,T) in the 2D space defined as a two dimensional threshold divides the image as

¢ {IO if f(x,y)<Sandg(x,y)<T
sT ~

. (16)
I, if f(x,y)>Sandg(x,y)>T

Where 1<1p,S,Tand I <L
Let sij be the frequency pair (i,j) where f(x,y)=i and g(x,y)=j 0< sij < N2 .then the join probability can be give by
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pij=sij / N? , wherei,j=0,1........ L; (17)

L L
Z Z Pi; = 1 (18)
i=1 j=1
Now pi;j be the 2D histogram of the image Shown in figure 2
2( local
average)
1
3
T
0 2

5 [{original image)

Figure 2 2D gray level histogram

From the above figure we can see that the the 2D space gets divided into four regions by S,T .The regions near
the diagonal i.e. 0,1 is can be considered for background and foreground, the region away from the diagonal
consist of the pixels either edges or the noise.

If L be the gray level in f and g then there will be L? values in the histogram. The thresholds are then optimizes
to give a better result using two dimensional entropic thresholding. So the two dimensional thresholding method
not only gives a better segmentation but also deals with hthe problem of noise by taking it into account. The [7]
method also enhance the computation capability by using recursive structure from O(L#) [4] to O(L?).

The [8] tries to improve the 2D Otsu by using the genetic algorithm. The main aim of the paper was to optimize
the 2D Otsu and enhance the computation time. This method uses the characteristics of genetic algorithms to
optimize the threshold in 2D histogram .

Otsu Method [5] basically depend on between maximizing class variance but [9] uses an approach base on
maximizing within class variance. The approach is to minimize wihin class variance which is somehow adopted
from the statistical measure ANOVA.This method is can be considered as the variant of the otsu [2] method
proposed earlier. The methodology of the algorithm consider a set of pixels S={gi , i=0,1,........... L
|go<gi<.......... gL}, the frequency representation of the pixels is given by {hi} (histogram of image).

Take a pixel point g« divides the set S into two classes C: and C, such that Ci=(go....... o} and
C2={gk+1 ................ g|_} given thatC; — S ,Coc S,C; U C=S andC;: N C; =¢ .

For every partition
K
D h, i=1
P = LJ:O (19)
2N
j=k+1

=2

where pj is the class probability.

The mean of each class is given by
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k
Z(gjhi/pl) i=1
j=0

Hi =y L (20)
Z(gjhi/pz) i=2
j=k+1
The class variance is defined as
k , )
Z(gj_:ul) h./p,) =1
o, =141 (21)
Z(gj_ﬂz)zhi/pz) i=2
j=k+1

The otsu [5][11] strategy of defining threshold is to minimize( o, p, + o, pz) whereas the approach used in

[9] minimize the within class variance by minimizing( o, + 62) . The analyses presented in the paper is is done

by shifting a pixel from one class to another and by evaluating how the pixel basically classified nearest to the
centroid of the class from which it has low average distance.The major analysis of this research reveals that two
factors class probability and class variance plays a crucial role in determining the threshold for the segmentation.
The use of relative distance and average distance have given more accurate threshold than otsu as given in result.

A Novel method [10] which used two stage technique for the colour image segmentation was proposed based on
coarse segmentation and delicate segmentation. Coarse segmentation as the first stage uses the refined otsu [5]
algorithm. It first pre-process the image with Gaussian filter to add smoothness. The otsu [5] method use the
variance as

2 2
Where 8 (t) is the between class variance and ©T is the total variance.

To achieve better result a new factor
ne = (= )ty — 1) (53

Where #4 is the average gray level of the high region and Ho is the average gray level of the low region. Hn

and H defines the highest and lowest gray level in histogram. The idea is that higher the value of & the farther
the two classes in separation. These two factors are not sufficient to take account of the overlapping of the classes
for that a new parameter

Marea = 1 /(Sl +S, + 83) was introduced where Marea is the normalize classify area where S; is the area of
P1VP; S; and Ssrepresent the area of region VoVP, and VoVP; respectively as shown in figure 2.
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Figure 3: P1 P2 represents the peak and V represents the valley Vo is the projection of V
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If Vo and V coincide then Marea is one which shows very low overlapping, if this value is high then classes are
almost inseparable.

To ang e represents the distance of two classes where Marea s the degree of separation.. The effective threshold
is given by

7n=05% (5 +7:)109, (14 77a0ea) (9

If 7 is closer or equal to one then the background and foreground are completely separable and if it is tending to
zero the two classes are inseparable. By using the above threshold we can obtain the coarse segmentation after
which we can obtain the contour of the object.

Now after the coarse segmentation is done after that the delicate segmentation is applied. The delicate
segmentation is applied through narrow band techniques.first a mask of nxn is applied to dilate the contour
obtained in the process of coarse segmentation, the value of n can be from 3 to 7.

After this procedure the image gets divided into three parts namely foreground, background and To-be-determined
(TBD) region. Then a window of size w x w is used to scan the TBD region such that w > n so that it can
comprise all the three classes. For every pixel calculate the average of foreground and background AF and AB
respectively. Then calculate the Euler distance between the narrowband pixel and AF lets assume AIF and with
AB let us assume AIB . for the better results a laxative parameter I is defined between 0 and 1. Now the status
of the pixel is updated as

p= “object” if AIF< 1, X AIB
p= “background” if AIB <[ X AIF
p=“uncertain”  otherwise

in the above proposed method there is no need to define initial energy function, contours or labels for foreground
or background. Evey time the second stage i.e. delicate segmentation is not required , only the coarse segmentation
produces the efficient result.

2.2 Region Growing:

Region growing [4] plays a very important and key role in the field of image segmentation. The basic idea of

region growing is to merge the pixels of the image together on the basis of some given criteria. While segmenting

the image we require the homogeneous pixels to be together to form a connected region. The region grow does

the same by choosing a seed pixel from an area and the start growing in the neighbourhood region.

The generic algorithm for region growing is

1. Choose a seed pixel from the image

2. While the stopping criteria is not met

a. Check whether there exists the pixel which can merged with the existing region on the basis of some criteria(
eg. Threshold)

b. Grow the region

3. End

The neighbourhood condition while growing region is usually the eight-connectedness or the four connectedness

of the current pixel.

Some measures to be considered while using region growing

If we group the pixels into the region without taking care of the connectivity , it may lead to the wrong or

misleading results

The stopping rule plays an important role in region growing, while growing the region by adding the neighbouring

pixels on should clearly specify the stopping criteria of the algorithm.

A very famous algorithm [4] was proposed to find the different connected region in the image by providing

different colour to every region considered as blob
The following algorithm considers three pixel point arranged in angular window
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Where yc is the current pixel, yu is the upper pixel of current pixel, y. is the left pixel of the current pixel.
The algorithm proceeds as follows
Let the initial color C=1, scan the image from left to right and top to bottom

1. If f(yc)=0 the continue
a. Else
i.if(f(yu)=1 and f(y.)=0)
1. colour (yc)= colour(yu)
ii.if (f(y.)=1 and f(yu)=0)
1. colour (yc)= colour(y.)
iii.if (f(y.)=1 and f(yu)=1)
iv.begin
1. colour (yc)= colour(y.)
2. colour( yL) is equivalent to colour( yu)
v.end
vi.if (f(y.)=0 and f(yu)=0)
1. colour y,=C ; C=C+1
b. end

A new approach for region growing[14] was proposed to find the boundary of the blobs in the image. This
method uses a novel approach to define the discontinuity measures, average contrast and peripheral contrast .The
process mentioned in the paper starts like any other process by choosing a starting point or seed pixel. Lets choose
an arbitrary seed point, a boundary pixel is combined with current region if it has the highest grey level among
the neighbouring region. By doing this the pixels with high gray levels will be absorbed first. After absorbing the
all high gray level values the absorption of monotonically low and low grey level value pixels starts.

For the stopping condition of the algorithm the criteria size of region N is used which ca be simply measured by
counting the number of pixels in the mapping. According to the condition the index i of the pixel must be less
than N.

For defining average contrast and peripheral contrast some terminologies are defined. Current boundary(CB) is
the set of pixels adjacent to the current region. Internal Boundary (IB) is the set of all pixels which forms the
outermost part of the current region.

. Internal Boundary IB

Current Boundary CB

- Current Region

Figure 4: Figure to show the CB,IB, current region.

With these terminologies the average contrast is defined as for a region i it is the difference between the average
of the region pixel and the CB.
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o)=Yy - Xy,

I oin (25)
WHhere yi..ooveoieiienne, y; are the pixels from current region and Vi+1.......c.cccvverenen. yk are the pixels from CB.

The region growing will give increasing average contrast value as long as the region gets high intensity values,
when region starts growing in the background i.e. towards low intensity values the average contrast value starts
decreasing. The result of this segmentation gives the average contrast boundary (ACB).

The peripheral contrast is defined as the difference between the average of IB and the average of CB which gives
the average magnitude of the rate of change(gradient) of the pixels in CB for the growing region. This measure
is less susceptible to the noise than using simple gradient function to find the difference between the two points.
For a homogenous regions the maximal point can be obtained easily but for the noisy region there are more than
one maxima. To overcome this problem last local maxima is considered before the ACB.

A new method for region growing [16] was proposed which was closed to the use of morphological watershed.
The mechanism starts with the picking seed points which are grouped into n sets.The procedure starts with the
seeds and form the sets Az, Az.c.oovevveeirccnienene An. After allocating the pixels to one of the set some of the pixels
remains unallocated.

Let T be the collection of all unallocated pixels.

T={xeUAN() A -

Where N(x)—{Set of immediate neighbour of pixel x;.
The immediate neighbours are defined in 8-connectedness of the pixel x.

For x € T, N(x) should meet with any one of the Ai. Then the pixel belongs to any index i, i(x) €
{1,230 n} such that
N NA =g @)

A factor 0(x) was introduced to see how much x varies from its neighbours

o) =g) - o gl @
AT gAY

Where g(x) is the gray level value of the image point x. If n(x) meets with more than one region i.e. two or more

Ai ,i(X) is considered in such a way that N(x) meets Ai and o(x) is minimized. In these circumstances x can be
added to the set of boundary pixels.

A method based use the colour space Y,Cp, C; [17] was proposed to segment the images using region growing.
This is done by first changing the R,G,B colour space to the Y,Cy, C; and the seeds are selected to perform the
segmentation using region growing.

Calculate the standard deviation in 3 x 3 region of Y,Cp, C,

1 9 \2
oy = _Z(Xi _X)
V9T (29)

Where x; is the current pixel to consider
Total standard deviation is given by

O =0,+0q +0g (30)

And the normalized standard deviation
oy =0lo,, (31)
Where Cmx is the maximum standard deviation.

It defined a similarity factor of pixel with its neighbourhood

H=1-0, @31

Conditionl :By using similarity first condition for a pixel to be seed pixel candidate

The H value should be greater than threshold
Then calculate the Euclidian distance in Y,Cy, C, space of pixel to its eight connected pixels
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d = \/(Y -Y))* +(C, -C,)* +(C,-C,))*

i 2 2 2
JY“+C; +C; (32)

Fori=1,2............... 8,

8

d,.. =max(d.
TG

By using this the second condition for the see pixel is defined as

Condition 2: the Euclidian distance of seed pixel should be highest in neighbourhood less than threshold

Condition 1 checks the highest similarity to its neighbourhood and condition 2 checks that the pixel is not on the

boundary .

For the selection of the optimal threshold otsu [5] method have been used.

The main steps of the algorithm are as follows

1) Convert the image from RGB to Y, Cy,Cy

2) Seeds ae selected using automatic seed selection method

3) Apply Region growing for the segmentation

4) Apply region merging wherever required, mainly to overcome over segmentation.

The idea of distributed region growing is proposed [50] for the image segmentation for the very large size images
.This method is most suitable for the large size images captured through satellites through remote sensing. The
main strategy to solve the problem is to divide the image into tiles and then apply the segmentation algorithm
separately.

Working with the distributed region growing algorithm requires considering a lot of thins and not an easy
implementation. When the image is divided into tiles then some mechanism is required to deal with the border of
the tiles.

The problem is dealt by

1) Split the image into tiles and generate dataset which are independent
2) Segmentation algorithm is executed on each tile.
3) The neighbouring segment those touches the border are stitched efficiently

The strategy assumes that the pixels which are internal to the segments are less disturbed in comparison to those
are present on borders.

The procedure of the image division is starts with tiling the images which is based on coordinate system
independent of image boundaries. Two important benefit of this scheme is that firstly the same division method
can be applied for different images covering the same area. Secondly it provides the reproducibility.

The division of image depend on the geographical grids known as geo cells. The topmost geo cell layer comprise
of single cell i.e. whole image. The cell is the divided into four cells and each individual cell a again gets divided
into four cells. This is done recursively unless desired size is not achieved. The label of each geo cell is unique
which provide information about its position in hierarchical structure. Labelling is basically done on the basis of
z-curve ZXWY. The W again gets divided into four quadrant and labelled as WW,WX WY ,WZ and so on.
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Figure 5 (a) z curve (b) Furthur partiotion of image for next level

After the division of the image ,the execution of segmentation method on each tile is possible which is also known
as independent image segmentation. After this segmentation some post processing is required for the efficient
results. Inner segments are assumed to be properly generated, so they can be easily filtered and can be stored in
cloud repository. Te segments those touches the tile borders are required to post process to remove the
artefacts. The basic strategy of post processing used is SPP(simple post processing) which allows the segments
from adjacent tiles to merge together on the fulfill of some condition. This is simple merging process is not much
efficient For the better efficiency the hierarchical post processing technique is used. In this technique the
hierarchical level in internal segments are processed and stored. The segments those touches the tiles boundaries
are grouped together for the processing. The grouping is performed on the basis of the geo cell position with
respect to the upper level. The new label can be generated by removing the last letter for the label WXY—->WX.
This procedure reduce the artefact to a large extent. To improve the results more the Hierarchical Post processing
with re-segmentation is used. The results on very large size image are shown .

In the paper [19] flooded region growing method have been emphasised. Region growing shows two few basics
problems 1) high computational complexity 2) the algorithms are highly sequential which make them difficult to
run on parallel system because the pixels are added sequentially 3) the performance of the algorithm degrades
with the wear and blurry edges. The algorithm presents in the paper is based on the tissue like P system [20]. In
the flooding region growing method all the pixel regions grows simultaneously like flood on the basis of feature
like color, texture etc. The first stage of the algorithm started with assigning unique value to every pixel based on
their index as every pixel is treated as separate membrane. After the similarity of the pixels are determined and
the flooding of the region starts. The approach in this aper is to run the region growing method on the parallel
system for that CUDA is used.

This paper [21] presents the variants of the seeded region growing. The approach of Linear seeded Region
Growing is initially explained which talks about treating image as the combination of linear planes. After that the
concept of Quadratic seeded region growing is introduces which consider the concept of quadratic surfaces.
Original Seeded region growing methods do not take account of shape and boundary of the region which is
handled in the Stabilised seeded region growing. Many improvements for the seeded region growing have been
proposed over time [25-28] to improve the quality and the efficiency of this method. The method based on
complex texture [105] appears to be suitable for dynamic scenes. The iterative boundary based system [106]
computer to decide and limit the user input.

2.3 K-means Algorithm:

The k means algorithm [29][30] is used to divide the set of data into k clusters
Algorithm

Input:

. The initial k points chosen randomly to define initial clusters
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. The set of all data points D

Output: Set of clusters which divided into k parts.

Method:

1) Randomly choose k initial points from D as the initial centres for clusters

2) Repeat

a. Allocate each point to the cluster to which the point have maximum similarity on the basis of the mean
value of points in cluster

b. The mean value of the cluster is updated every time

3) Until no change

The square error criteria is given by

k
E=>>|p-m/ (34)

i=l peC;
Where E denotes the sum of square error, p represent the point in the space, m; is the mean of i cluster C; .

This paper [31] combines the matting with K means to improve the segmentation process. The basic idea of
matting [32-34] is to combine foreground fx and background by in some proportion

I, = f, +L-,)b, (35)
o, is the opacity of pixel range in [0,1] also known as alpha-matte.

The algorithm initially used two approach ,first use the k means segmentation and then apply closed form. The
final result is produced by combining the both approach

Methodology
Apply the k means algorithm

Take original image

K means segmentation

RGB to L* a* b*

N-colour compositing

Generate n clusters

Closed form

Detect parameter(th_alpha,windowsize,level)

Segmentation from scribble

c. Background removal

The segmentation approach proposed is the combination of various methods to produce an efficient segmentation
results [35].

The local histogram is re quantized in Np= 5*5*5=125 Descriptors bins, basically Np=g® dividing the RGB colour
cube into 125 small boxes.

Nx be the set of location x in the Nx* Ny window centered at x.

h[ ] be an array of bin descriptor [h/0],h[1]................. h{Np-1]1]

for every pixel belongs to Ny with Ry Gy Bx

k < o*|q.R, /256 |+q|q.G, / 256_|+[q.B, /256 | (36)

h[k]=h[k]+1/[Nw]? (37)

where i/ | be the bin descriptor ranges from h[0] ... ... .... h[Np-1]

After calculating the 125 bins K means algorithm [36]is applied to group them together
Segmentation map fusion.The color spaces {RGB,HSV,Y1Q,LUV } are taken into account [37]
The segmentation map fusion is the procedure considered for combining the local histograms.
For the purpose of finding the similarity bhattacharya similarity coefficient has been considered.
A normalized histogram of an image is given by

h{(nX)}u=0........ ~p-1 8t pixel location x

Refrence histogram { h*(n)}.-o...........xs-1 repesent the other cluster to be compared

Distance measure is given by

cpNOoO T
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Dy (0", h(x)) = (1= 3 A" (Mh(n; ))** (39)

To avoid the over segmentation the merging process is governed by

Dierge = Min{> D [h°(n), h'(m: X)]} (39)

Where h%(n) represents the normalized nonparametric histogram of pixels of the region which is to be merged
h'(n;x) is the normalized histogram.

Fuzzy clustering method (FCM) based on multiple spatial information have been proposed to improve the
efficiency of already used FCM [112].the paper [113] propose algorithm NCB_FCM based on FCM and make
use of comentropy mainly for the suppression of speckle noise and edge preservation. The SLIC algorithm with
the information of colour and mean distance information is used for the effective segmentation [114]. To improve
the efficiency of traditional multiphase image segmentation method it is combined with the clustering for the
optimization [115]. Fuzzy ¢ means clustering combined with morphological reconstruction to handle noise
problems [116]. The swarm optimization method combined with the clustering [117] as swarm optimization
provides the capability of global optimization and power of parallel processing. The wavelet transform which
provide the multi resolution aspect of the image combined with the clustering helps the speed up of the
segmentation process and reduce complexity [118]. Mediodshift based clustering method have been used to find
the fault area in the infrared images [119].

2.4 Snakes(Active Contour):

Active contour model [38]is defined as the energy minimization function driven by some external forces which
causes it to moves towards the lines or edges. Snakes can be used to detect edges ,lines, contours and tracking
motion.

Basic snake model is basically controlled by the image forces and external constrained forces [38][40]

Let the parameter of the snake v(s)be (x(s),y(s))

1
E:nake = .[ Esnake (V(S))ds (40)
0

1

= [ i (V($))dS + By (v($)) 5 + E g (v(5)) s (41)
0

Eint is the Internal Energy of curve due to bending

Eimage are the image forces

Econ be the External constrained force

E = (@(8) [V (S) [ +8(3) [V, (8) ) / 2 (42)

The first order term of the curve is controlled by a(s).

The second order makes the snake act like thin plate and then two can be adjusted using a(s) and S(s).

For a particular image the task of the user is to put the snake somewhere near the feature, After getting close
enough ,the energy minimization function will drive the snake all the way.

Image forces are the energy functions that drives the snake towards the features. This can be defined as the
combination of three energy functions

Eimagezwline Eline + WedgeEedge +Wterm Eterm (43)

Eiine is defined in terms of 1(x,y)

Eline :|(X,Y)

The Eiine depends on the sign of the sign of Wiine , the snake will mov either toward the light line or dark line

E.... =—|VI(X,¥) [ then the snake will move towards the large image gradient.

edge
For the smooth movement of the snake the extra smoothness is added to the image by applying gaussian filter
EIine = _(Go- *VZ I )2 (44)
Where GG is the gaussian filter with standard deviation ¢ ,[2] the maximum of this lies in the zero crossing of
G, *V2 .

This energy is added to ensure that the snake moves towards the zero crossing .
C(x,y)=G_(x*y)*1(X,y) be the smoothed image with gaussian filter.
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c,C;-2C,C.C,+C,C,
EBem = 2, ~2\32 (45)
(G +C))
By the combination of Eeqge and Eterm the snake cabe moved towards the edges or where the terminators lies.
The main problem with the snake method is that it depends on the initial contour. In this paper [41] Hough
Transform in the target area is applied for edge localization. Along with the Markov Random field the concept of
snake is used in this paper [42].the concept of game theory is also applied with the above two models.

2.5 Geodesic distance:

The concept of Geodesic distance for the segmentation [41] labels the input data to forground F and background
B. The distance is given by

D, = mind(s,x), le {F, B} (406)
SEw]
d(Sl, 52) = min Zx,y Vny 47)
C51,52

Cs, s, 18 the cost of path from s, t0 52 . The weight W depends on the local gradient in neighborhood.

Then the concept of matting is applied for the soft segmentation. The paper[42] combines the concept of Geodesic
distance with the edge information from the graph cut. The problem with only using Geodesic distance concept is
that they are bias towards the seed which minimize the path. The method of seed growing incorporated with
geodesic distance [44] helps in the better interactive image segmentation. The geodesic metric used with the
Eikonel partial differential equation framework [45] is proposed for better edge feature and curvature
regularization.

2.6 Entropy:

For the gray scale image segmentation thresholding based methods are widely used in various places. To find a
optimal threshold has been always a challenging task. Many methods have been proposed by various researchers
to solve the problem. Entropy bases methods based [46] on the randomness of the input have proven their
effectiveness in deciding the threshold for the segmentation.

For an input image with n distinct gray levels , ps, p2 ........ pn can be defined as the probability of each gray
level. Now all these probabilities for the gray levels can be divided into two probabilities distribution /........ s and
stl...... n

b1 P2 Ds
A-> — ,—.. —

P K Ps
B N Ps+1  Ps+2 p_n (48)

Th T1p, -y
where

Po=Xisipi, 1 - P =% spi (49

The entropies associated with the given distribution A,B

H(4) = =X 7/t (50)

= -y [ZLipinp ~nREL P (D

= —Pis[—HS — P InP],where Hy = — ¥{_, p; (52)
=InP +3* (53)

Similarly for another distribution B,

H(B) = - X" PilpPi (53)

i=s+lq_p " 1-p;
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Which can be evaluated same as above to

=In(1-PF)+

Hp—H.
1_

o2, where Hy = — S, pilnp; (54)

Now consider ¢ (s) be the sum of H(4) and H(B)

Hn—Hs

p(s) = % + P, +In(1-P) + T (55)
9(s) =35+ P (1= P) + 75 (56)

In order to maximize the function for discrete for discrete value s considering it a uniform distribution,

Then, P, =~ (57)

Zint )y
(s) = ln%(l - i) + " T/i-l_ n ”/n_s) (58)

n n
Which evaluates to
p(s)=In(n—s)s (59)
This can be maximized or attain a maximum value at s=(1/2)n and distribution become symmetric i.e. H(4)=H(B).

Another Entropy based segmentation [47] derived from shanon entropy [46] which is defined for some discrete
distribution p;, i=1......... N the entropy becomes

H=-YYL plogp; Tipi=1 (60)

According to the Boltzmann law with the given gray level g; of pixel i the number of ways a image | can be
created

G!
I(glﬂ g2 wovvenny gN) = PRI (61)

Where G is the total pixels in image

The problem with this law is that the pixel of image can be arranged in any order which is not possible for a given
image because the order of pixel in mage produce relevancy to image. To introduce this relevancy measure using
variance in the neighborhood of N3(3 X 3).

The entropy measures become
H=-3YLplog* (62)
1
Where
m; =1+0? (63)

- 2
gi—UN3) (64)

2 _
0 = Yien;—

bi = % (65)

For the threshold selection by considering the image relevancy mentioned above
H=-Yiifyglogs  (66)

Where

G=2Xi19:=X5=09f; (67)
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G is the total illumination in the image, n is the number of gray-levels of given image and f; provides the count
of pixels with grey-level g.

Now to divide the image into two classes the entropy of the corresponding class

— _yN _J4i gi
Ho(C) = i=1g.m log oD (68)
_ _\T g g
=—Yg=0fy PN NG (69)
_yN g g 9i
Hi(T) = Xi=q e log e (70)
_ _vyn-1 9 9
= Zg=T+1 fg 6T log 6T (71)
Where
n—1
Go(T) —ngg and G = ) gf, T3
g=T+1

By including the spatial relevance information defined above in terms of m; the entropy is not defined in terms of
histogram information

Ho(T) = Zgl/Go(Tﬂg 9 50ll)
74)
S 6T
() ==Y gi/GDiog LD (75)
i=1 ¢

For obtaining the optimum threshold we need to maximize this total segmentation entropy t
max
t=arg{y < 1oy 1(Ho(T) +Hi(T)} (76)
According to the bring instead of maximizing the sum of entropy the individual class entropy can be maximize as
much as possible. In order to do that the smaller class entropy is maximized.
max .
t=arg{) o 1o _ {MinH(T), (T} (77)
The above statement will try to provide the point where the entropy of foreground and background is nearly same.
2.7 Scissors:

This paper [53] presents an interactive tool known as intelligent scissors. Fully automating the task of
segmentation is a very hard process. Even the tracing the boundary of an object in image is not an easy process.
Live wire boundary [54] can create a boundary using the traced point on the object of interest. For the working of
the intelligent scissors Let p and g be the two adjacent or neighboring pixel points. The local cost can be
represented by /(p,q) and the various other image features f- (Laplacian zero crossing) , f; (Gradient magnitude) ,
fa (Gradient direction), f, (Edge pixel value), fi( Inside pixel value), f, (Outside pixel value) can be taken into
account. Now the local cost function can be given as,

l(p,q) = w; . (@) + wy.f3(@) + wq . fa 0, @) + w1, (@) + w;.fi(@) + w, . fo(q)
(78)

w can be defined as the corresponding weights for the different factors. The zero crossing is basically used for the
edge localization. f: is assigned zero value if the Laplacian is zero otherwise assign it the value 1.

[z can be calculated using the derivative in x and y direction i.e /, and I,
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G=JIZ+12 (79)

So the static cost function becomes

_ max(6)-G _ _ G’
fC T max (D] =1 max (G) (80)
Where G’ = G — min (G) 81)

Gradient direction f; is to determine the change in the boundary whether it is sharp or smooth. Pixel value features
(>, fi» f2), f» 1s the simple pixel scaling feature and can be calculated as

f®) = = 1(p) (82)

As the range of a typical image ranges from 0 to 255.
fi®) = 7 10 + k.D(p)) (83)

fi®) = 1(p — k-D(p)) (84)

D(p) is the unit vector of gradient direction. k can be any chosen constant.

As this paper presents an interactive tool for the image segmentation. The key addition is Laplacian-crossing
which helps the better localization of edges. The nodes can be added and removed from list in active time makes
it less expensive for computation results the improvement in the speed of interaction for the optimal path
generation.

2.8 Graphcut:

A new technique to segment the images using graphs properties is introduced [56] for the interactive segmentation
.The main task is to divide the image into background and foreground. The main advantage of the scheme is that
it provide global optimal solution using interactive segmentation.

Let P be the set of data element and N represents all the neighbourhood represented by unordered pair {p,q}.

Let A =(Ar......... Apeeenn. A ).be a binary vector ,where A, specifies the p assigns to P. Ay is either an object
point short “obj” or a background point “bkg”.

The cost function E(A)= A .R(A)+B(A) (85)

R(A)=D R, (A,) (86)
peP
{p.a¥eN
1 if A=A
oA, ,A)= P 88
(B A) {0 otherwise (®)

A20 gefines the R(A) region property versus Boundary property B(A).

The assumption for R(A) is such that penalty to assigning the pixel p to background to foreground is given.
Rp(.) can show how the p can fit into foreground or background.

B(A) tells the boundary property of segment A.

Bp.ar > 0 is the penalty for a discontinuity between p and g.

Bio.qr is large when p,q are similar(intensity perspective).

Bpq iscloseto zeroifp,q is very dissimilar.
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The graph G(V,E) consist of V as the set of all vertices and E is the set of all edges.
A cut C is the subset of E ,such that new graph G(C)=<V,E\C>

Total cost
ICEDw, (89)
ecC

W, is the non negative weight cost. The method assume that the cut of the graph can be calculated in polynomial
time.

Assume that O is the subset of all object pixel marked as foreground and K be the subset of all background
pixel marked as Background.

OcPand KcP, OnK=¢
VpeO A, =obj
vpe K A, =bkg

To segment an image into foreground or Background two additional nodes are used S is a source node for object
and T is the sink node for background.

Now set of vertices V = P U{S,T} .

The set of edges contains

The set 0 edges now contains two more type of undirected n-links (neighbourhood links) and t-links (terminal
links)

VP have two links {p,S} and {p,T}. For each neighbouring pixel N, p and g will be denoted as {p,q}
E=Nu{{p,S}{p.T}}  (90)

Now the weights of the edges

Edge Weight for

{p.a} Bipay {p.q}eN

{p.S} AR, (bkg) peP,pgOuUK
M peO
0 pekK

{p.T} AR, (0bj) peP,pegOUK
0 peO
M pekK

M =1+max > B, (92)

P
P ggp.areN

A A

Let see how C segment the image and check where C is optimal.

F be set all fesiable cuts

C cuts exactly on t-link at each P

{p,q} € C p,q aret-linked to different terminals

5197



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol.45 No. 2 (2024)

if peO then {p,T}eC
if peK then{p,S}eC

Max- flow algorithm is used for determining the minimum cut [57]in the graph.

If the minimum cut is already calculated and the new seeds are again added the new seeds are again added the
cost of two t-links are updated.

{n.S} ‘A.Rp(bkg) \M
7 | AR, (obj) E

and then compute the maximum flow to find the moment of the graph.

The problem occur here is that assigning a new weight can reduce the capacity of the link. If there is flow through
these edges then the link may break

For a new object the t-link is updated as

t-link initial cost Add New cost
{n.S} AR, (bkg) | M+ AR, (obj) | M+Cs
{p.T} AR (0bj) | M+ AR (bkg) |Cr

Rp(0bj)= -InPn(15|O)
Ro(bkg)= -InPn(Iy|K)

(p-1y)?
P exp« e ». # (©2)
dist(p,q)

The method proposed in this paper [58] uses the graph cut but with the slight modification. Instead of using some
random markings for foreground and background this method uses the polygon to make the same. After creating
the polygons the polygons are then used for foreground boundary and background boundary.

The points inside the foreground boundary are marked as F¢ and the points between foreground boundary and
background boundary are marked as Bg.

To speed up the process first watershed algorithm is applied to pre segment the image. This creates the small
regions in the image and these regions are then treated as the node for the graph for the flow network.

As foreground and background consist of many colours so there can be many classes those can be produced

FG={FGC;, FGC, FGCs..........cccee.. .. FGC}

BG={BGC,, BGC;, BGCs;.....................BGC}

t-link

R,(foreground) = min (||p - FGCk||2) /[(min (||p - FGCk||2) + min (||p - BGCk||2)] (93)

R, (background) = min (||p - BGCk||2) /[(min (||p - FGCk||2) + min (||p - BGCk||2)]
(94)

n-link
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By =1/(0+1 p—al) (95)

The idea in this paper [59] is to define a new energy term which measures the L1 distance between the object and
the background . The L1 can be maximized globally so that object and background can be separated in one cut.
The proposed method try to minimize the energy function.

E(S) = |SI.H(65) + |SI.H (65) + |8S| (96)
0% are the histogram inside the object S
6% are the histogram inside background = Q /S

Q is the set of all image pixel

H(.) is the entropy for probability distribution.

The image segmentation based on bounded box is very popular. Most of the existing techniques uses tight
bounding box for the implementation. This paper [66] introduces a new strategy Loose Cut algorithm which is
based on loosely coupled bounding box to handle the problem. The idea proposed here uses the min-max flow
algorithm for the optimization.

Graph cut basically tries to minimize the function

Ecc(X,0) = XiD(x;,0) + Xijen V(x5 x7) 7

N denotes the pixels in neighboring system

D(x;, 8) defines the labelling cost of pixel i as foreground or background on the model 6
V (x;, x;) penalized the discontinuity for the smoothness of label.

6 =My, M)

M; be the foreground gaussian mixture model,

M), be the background gaussian mixture model,

Loose Cut on the other hand uses the given energy function

E(X,0) = Egc(X,0) + BELc(X) (98)

E;c is the Grabcut Energy

E; ¢ is the energy term for increasing label consistency by keeping 8 > 0.

Now the proposed global similarity constraint assume My have Ky Gaussian components then M} contains means
pei=12,.....,K;and

M), have K, Gaussian components contain means ,uli, i=12,.....K,
For every M} the foreground components its nearest M g @ background component can be determined as
J@) = argfi i, luy — )l

So the similarity of M} Gaussian component and entire background M, can be determined as

S(M}L,M,) = (99)

et — )|
So the global global similarity function can be defined as

. k .
sim(M;, M,) = 3,7, S(M},M,)  (100)
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The similarity index needs to be less than some threshold for estimating 6.

Other Graph-cut based methods based on diffusion likelihood [102] , on the approach of two phase pixel level
segmentation [103] and GC based on Geodesic [104].

3 Evaluation Metric:
3.1 Hamming distance:
The idea [71] is based on Hamming distance of two segmentation S and R

Let Dy be the directional Hamming distance

DyS=R =) 17 0 il (101)
iR Sk#Sj,SkNri#0

| .| is the size of the set. Hamming distance for region based evaluation

Dy(S—>R)+Dy(R-S
p=1-EZDEHEED peor) (02

3.2 Local Consistency Error:

It allows refine labelling between segmentation and ground truth [72].
1
LCE(S,Rop) = min (ES,R,p),ER,S,p)}  (103)
i

E(S,R,p;) gives the level at which two segmentations agree at pixel p.
3.3 Partition distance measure:

It gives a new measure [73] given the two partition P and Q form region , the partition distance is the number of
pixels that need to be deleted from S such that P and Q become identical. ds,m (Q,P)=0 gives that no pixel need to
be deleted.

3.4 Distance Distributed Signature [71]:

_ DB (Bs' BR) + DB (BR: Bs)
CARI+1SD

b=1 (104)

Where |R| and |S| are the number of boundary points. Dg(Bs+Bg) represents the discrete function which measures
the discrepancy form Bsto Bg. Bs is the boundary point and By is the boundary ground truth.

Intersection over union: Checks for the labelled pixel correctly as forground or background compared to ground
truth

IoU =|SNG|/|S VG| (105)
Where S is the segmented image and G is the ground truth image.

3.5 Probabilistic Random Index(PRI): This method PRI [74] is evaluated as

1
PRI(Stest, {Sk}) = NN [Cijpij +(1—¢p)(- Pij)] (105)
]

)

Stest = The segmented image to be compared.

i<j
S = The ground truth image.

Nis the total pixels.

p;ij — be the random number chosen from Bernoulli Distribution.
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¢;j — pair of pixels I and j with the same label.
3.6 Variation of Information:

It is basically used for clustering application [77] but can be extended for the image segmentation.

VI(Sseg' Shum) = H(Sseg) + H(Shum) - ZI(Sseg' Shum) (106)
H and I represents the Entropy of the mutual information.

Other evaluation metrics like Modified Hausdroff Distance (MHD) [78] which calculate the displacement between
segmented and ground truth results. The Number of clicks [79] and F-Boundary Score (FB) [80] are also widely
used evaluation methods

4. Conclusion and Future Work

In this paper the ideas of segmentation from the point of view of various researchers presented by them in different
papers have been put together. By analyzing the different research paper this can be figure out that there are
various core or novel methods for the image segmentation and lot of the recent research is based on these methods.
We provide the main algorithms used by different papers and present them at a single platform. The basic key
concepts used in the algorithm proposed has been provided in simple form. This paper is basically concerned with
the state of art methods for image segmentation. Now the methods based on deep learning are widely proposed
which is the future work of this research survey.
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