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Abstract: The complications that occurred in remote
sensing image information and analysis algorithms growth
of a large scale image segmentation haven't kept a place
with the requirement for the methods which to develop the
final accuracy of object detection as well as the recognition.
Traditional Level set segmentation methods which are
Chan-Vese (CV), Image and Vision Computing (IVC) 2010,
ACM with SBGFRLS, and Online Region-Based ACM
(ORACM) are suffered from more amounts of time
complexity, as well as low segmentation accuracy due to
large intensity homogeneities and the noise at which the
region based segmentation is impossible. So this is the
reason, we proposed a navel hybrid methodology called
adaptive particle swarm optimization (PSO) based Fuzzy
K-Means clustering algorithm. The proposed approach is
diversified into two stages; in stage one, pre-processing the
input image to improve the clustering efficiency and
overcome the obstacles present in traditional methods by
using particle swarm optimization (PSO) and Adaptive Fuzzy
K-means clustering algorithm. With the help of the PSO
algorithm, we get the "optimum" pixels values are extracted
from the input SAR images, these optimum values are
automatically acted as clusters centers for Adaptive Fuzzy
K-Means Clustering instead of random initialization from
the original image. The preprocessing segmentation result
improved the clustering efficiency but suffers from few
drawbacks such as boundary leakages and outliers even
particle Swarm optimization is used. To overcome the above
drawbacks post-processing is needed to facilitate the
superior segmentation results with the help of the level set
method. It utilizes an efficient curve deformation driven by
external and internal forces to capture the important
structures (usual edges) in an image. The combined
approach of both pre-processing and post-processing which
is called Particle Swarm Optimization based Adaptive
Fuzzy-K-Means (AFKM) clustering via the level set method.
The proposed approach is successfully implemented on large
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scale remote sensing imagery and the dataset are taken
from the open-source NASA earth observatory database for
segmenting the oil dlicker creeps, oil dlicker regions,
typhoon, soulnik and the Gulf of Alaska, etc. So here in
this, the proposed new method had feasibility and efficiency
which could attain the high accurate segmentation results
when compared with the traditional level set methods.

Keywords. Remote Sensing Images, Image Segmentation,
Adaptive Fuzzy-k-Means clustering, and Fast Level Set
Method.

. INTRODUCTION

Study and analysis of earth observation images like ail
spills, cyclones, fire and still more.is one of the major tasks
were it consists of segmentation of an image, enhancement,
and representation, etc. So here, the work is done on the
segmentation of oil dicker creeps image, typhoon soulik
image, oil dick Image and Gulf of Alaska image which
were taken from the NASA earth observatory database.
Attainingthe data about an object without considering the
physical information of an object and thus in contrast to
onsite observation which had been done only by remote
sensing. In numerous fields, remote sensing is utilized,
along with the geography, land surveying as well as Earth
Science disciplines.

Depending on the propagated signas like
Electro-magnetic radiation at present remote sensing- term
denotes the utilization of technologies like satellite
depending on the sensor to classify and sense the objects
like surfaces, atmosphere, and oceans on earth. The
classifications of remote sensing are of two types. The
foremost one is the "active remote sensing”, where the
signal is emitted through the satellite or an aircraft were the
object reflections are detected by a sensor. The next type of
remote sensing classification is "passive remote sensing” at
which the sensor is used to detect the sunlight reflection
[1-2].

Recently in image segmentation, the applications of
remote sensing aong with object detection as well as image
classification were involved in research progress. In
computer vison and image processing “Image
Segmentation” plays avital role. During the segmentation of
remote sensing images, a group of pixels that represents
similar will be in the same region at the same time the
dissimilar pixels are in different regions.

Among numerous segmentation strategies, for the most
part, we go over clustering analysis. A few changed
clustering algorithms had acquainted and demonstrated to be
active for image segmentation.
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In remote sensing images, clustering precision can be
explicitly updated or created by the procedure known as a
"particle swarm advancement PSO" were the noise present
in images could likewise be diminished. In 1995, PSO [10]
was presented by the Russell Eberhart furthermore with
James Kennedy. Originally, these two were started
emerging computer simulation software of birds flocking
running around the nourishment sources, at that point prior
appreciated how their algorithm will get dealt with
optimized issues. The technique can be applied to optimized
issues of huge measurements, regularly delivering
prominent arrangements more quickly than elective
methodologies and it has a low convergence rate in an
iterative procedure.

Mostly the significant difficulties in image analysis are
image segmentation. For different applications, numerous
segmentation algorithms have been presented and created.
Now and again inadmissible outcomes have been
experienced, for several existing segmentation algorithms
such as thresholding region growing and clustering
techniques. Here we propose a new kind of clustering
methodfor efficient segmentation of regions present in large
scale remote sensing images. So the proposed method i.e.,
Adaptive Fuzzy K-Means clustering which improves the
clustering efficiency at the same time boundary leakages
which are present during the clustering process. To
overcome the difficulties raised during the clustering
process we do introduce a new level set formulation for
accurate as well as robust segmentation and aso the
boundary leakages are reduced by L SF [5-6].This paper had
systematized as follows: Materids and methods are
discussed in chapter 2.A modified version of the level set
method are proposed in chapter3. A detailed explanation of
the experimental results is discussed in chapter 4. Finally,
conclusions are presented in chapter 5.

Il. MATERIALSAND METHODS

Based on the literature review on existing level set methods
such as IVC 2010, Chan-Vese (C-V) model, ACM with
SBGFRLS, ORACM. These methods suffered from few
limitations such as slow and complex, weak edge leaking
and poor segmentation results with illumination changes.
Improper image acquisitions like inadequate illumination
conditions can aso lead to poor image segmentation.
Though Geodesic ACM was successful in getting improved
image segmentation for the images which are having sharp
edges, they have the following drawbacks such as unstable
evolution, requires periodic re-initialization, Balloon or
pressure force causes boundary |eakage, dow evolution due
to smaller time step.

The performance of active contour models can be improved
further by introducing selective additional pre-processing
techniques such as one possible way is the combined
approach introduced that is fuzzy C-means and K-Means
clustering agorithms treated as Adaptive Fuzzy-K-Means
(FKM) clustering and a new energy function defined for
evolving level sets in the post-processing. With this,
accurate image segmentation is possible even for the images
captured under any illumination conditions. The proposed
work focuses on developing improved image segmentation
method based on level sets by Pre-processing the images for
better results with existing techniques. Employing a
Clustering, the method image segmentation is to segregate
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an image into various regions with an end goa that each
area is homogeneous by using the clustering techniques. So,
here in this, we use a clustering technique which is given
below [4]:

e Adaptive Fuzzy K-means Clustering Algorithm
(AFKM) section 2.2.

2.1 Determining Optimum Pixels with PSO algorithm:

In the year 1995 Kennedy along with Eberhart [7]
remained charged to have an improvement in PSO by the
scavenging behavior of gatherings of fowls aongside
schools of a fish. Each particle has its area just as velocity,
at which a quality addresses the elements of a decision in
the present accentuation alongside the improvement vector
for the accompanying cycle, independently. A velocity
moreover the situation of each particle as necessities be
assortments to the data which is participated in every
particle in the present cycle. Every particle can record the
individual and resuscitate through cycles or by following a
system. The overall best-shared characteristic was described
by taking a gander at the individual best acknowledgment of
everything being equal. The interest system of PSO
incorporates seeing the new velocity remembering the
ultimate objective to have figuring of a position which is
another at the accompanying technique according to the
velocity which is remarkable of each particle -(Vi), the

individual best commonality of each particle -( X (i) ), and

the worldwide best nature of each particles-( Xg ). The basic

Step is to instate the particle swarm and besides consolidate
particle velocity and position in the space looking. A while
later, find out the wellbeing of the particle swarm to revive
the individual best acknowledgment of each particle and
also the overal best nature of each particle. The most
crucia planning step isto calculate the novel velocity just as
the area of each particle in the accompanying technique by
using the conditions (1) and (2).
Vig (G +D =W v (8) + ¢ 1 (X 0 (8) — X4 (t) +

C,fl, (ng (tl) —Xiq (tl)))

V.4 (t,) Represents velocity value of O, Dimension” of Iy,

@

particlein an t,, iteration.
Variable X (t1) represents location of 0, -dimension ifi,,

particlein t, - iteration.
VariableW shows weight of inertia
C, is for self-cognition acceleration co-efficient; C, -
social-cognition acceleration co-efficient.
Xa (t+2) = Xiq (t) + Vig (t,+2) 2
Equation (2) shows a new location of each particle is
refreshed using a first position alongside the new velocity

by a condition (1).At which ' and additionally 2 were
produced independently. The scope of uniform appropriated
arbitrary numbers are (0, 1). The flowchart of the PSO
algorithm [35] clarified in the below figure.
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Fig.1. Flowchart representation for PSO algorithm

2.2 Adaptive Fuzzy K-means Clustering Algorithm
(AFKM):

In this method, image segmentation applies to genera
images. It is best suited for medical, remote sensing as well
asmicroscopic images that are captured by the electronic
products. This algorithm gives better quality and the
adaptive clustering procedure when compared with the other
conventional methods or clustering methods [40].

2.2.1 iAlgorithm iSteps ifor iFuzzy iK-means iClustering
iAlgorithm

FKM clustering algorithm incorporates both the K-Means
and Fuzzy C-Means clustering agorithm. The
implementation of the proposed method is explained by
considering an image that is a digital one with R*S pixels
(the number of rows is denoted by R and number of
columns is denoted by S) which had to be clustered into NC
clusters. Consider an assumed pixel p(x,y) and ¢j as a jth
center. For K-means depending upon the Euclidean
distance, a group of the data was assigned to the closest
center. Each position center is calculated by an equation
given below

1
c,=—2>.2 pkxy) ©)
ncj XeC; yec;
Wherex=1,23,................ $=1,23,........... ,R;
i=1,2,3....,nc

Similarly in FCM, allocating the data member consecutively
to greater than one class this process is depended on a
membership function given below.
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M "kp(x,y) =1
M ™ jp(x,y) = 0; forp(x,y) = k (5)
0y = O

From the above equation the distance from the point (x, y) to

the present j cluster center isdip(xvy) .The distance from the
. . d

point (x, y) to the other k cluster centersis ) Severa

centers are represented by n; .Integer is m: m>1 determines
degree of afuzziness.

In proposed method AFKM algorithm, at certain esteem
all centers were initialized. So to ensure a better clustering
method equation (3) will be no more to update the center.
Hence due to this, we utilize the fuzziness and its belonging
concepts in the proposed method. So here in this, a

m
membership function M7 ip(x.y) is determined with the
help of equation (4&5).To attain a good process of
clustering some changes were did in AFKM algorithm. The

degree of belongingness Bi is calculated for every cluster
after specifying the membership to al the individua data.
When the degree of belongingness is higher, then it shows a
strong relationship between the center and its” members at
which it ensures an improved clustering data. The degree of
belongingness equation is as below:
B o ®)
I m
M ip(x.y)

To progress the clustering method, we need to update the
degree of the membership function. The esteem of

m
iP&Y) js modified in an iteration accordingly as

(M%) =M Ty TAMT

ip(xy) 7)
M™ '
At which, (Mo Represents a  new
AM™
membership. P&Y) js defined as:
m —
AM oy = 2(C;)(8)) ®)

& _is a constant designed with a value between 0 and 1. €
Valueis calculated by using an equation

e =B,-B; ©

B, Degree of belongingness representation.
Lastly, the novel center positions of total current clusters are
calculated depending on optimized or novel membership

mip(x.y) 1 d 0 ) function as

M7 jpx,y) = ———;i >0,V], p(x,y, mooy
& Doy 2 e Z Z(Mjp(x,y)) p(x,y)
Z( q ) o L 10)
k=1 Skp(xy) j Z Z (M m )

ip(x.y)
(4) XeC; Yeg;
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The process is repeated until the values of all the centers are
no longer discrepancy.

1. PROPOSED METHOD

The proposed method diversified into two stages, which is
called pre-processing and post-processing an input image.
So here, in the pre-processing by using a new hybrid
approach of conventional clustering is proposed, which is
caled Adaptive Fuzzy-K-Means (AFKM) clustering for
improves the clustering efficiency. The detailed description
of pre-processing is discussed in section 3. In the later stage,
which is called Post-processing by using the adaptive level
Set method, it is necessary to remove the outliers, boundary
leakages, and to get the smoothed segmentation image. A
brief explanation and mathematical implementation to level
set in the below section 4.1

3.1 Implementation to Fast Level Set Approach

In post-processing we use the level set method, to overcome
the obstacles which are present in the pre-processing. It is
necessary to initialize the contour on AFKM clustered
image instead of the original input image. In traditional
level set methods, with the help of two components which
are caled data term as well as regularization term, curve
evolution is controlled [17]. Data term attracts a curve
towards the boundary at the same time the second one is to
regulate the regularity of a curve. Now, let us discuss first
the algorithm which had been proposed with a proposed data
term later the implementation of the proposed algorithm had
been elaborated.

The Chan-Vese (C-V) Energy functiona F(Cl’c2’c)
is defined as below:

F(c/.c,,c) = u.Length(c) + 4, J' ‘l - —Cl"z

inside(c)

2

+4, J‘ ‘Ifkm_czl‘ dxdy

outside(c)
(11)
Length(c): length of the curve C, it treats as a regularizing
term in order to have a smooth evolving level curve. The
parameters p > 0, A1, A2 > O represent the weighting
co-efficient to control the level set curve. The mean
intensities c1’ and ¢2 of an image-Ifkm, which evolve the
curve inside as well as the outside in an image. The LSM
energy function defined in eq.(11) is shown below:

2 =6 N BUTP )~ A0+

(12)

From the above equation (12) we say that, Level set function
¢, is designed based on ‘signed distance function’ (SDF),
Dirac delta function de (o), Artificial time‘t’, Level mean
curvature is div (Vo/|Vo|),u*div (Vo/|Vo|) e (9) - mean
curvature-based regularization term which are attained by
minimizing a function p Length(c) in an above.
Chan-Vese (CV) model had become popular in the
processing of remote-sensing images. From equation (12)
we have five constraints, (e, pu, A1, A2, At) need to be tuned
before it can be used effectively. In [18-22] the methods
with fewer constraints are advantageous. Accordingly, we
intend to simplify the few constraints in the CV prototype.
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Let we consider p = 0; A1 = A2 = A and then the equation
(12) could be re-written as below:

0 o o
%2 6 (A=) &)
In an equation (13) the optima of a time step for the
numerical system had to fulfill the Courant-Friedrichs
—Lewy condition i.e., time step needs to be a minute. By
alocating 1 = 0 we could discard the mean curvature-based
regularization term, thus allowing the utilization of
relatively large time steps to expedite the proposed method.
Also, it is reasonable to have L =A1 =A2 why because we
had assumed that, boundaries in between the object as well
as the background regions are clear [23-28].

V2l —C—C
In (€= )2 ppan—Cs CZ)from equation (13) right-hand
side represents the real effective part .The data term

21, —C,—C.
(21— €= Co) was the sign that can be utilized to
regulate the direction of a propagating level curve.

(13)

€©-Co) the term could be eliminated due to the
insignificant contribution. Besides it is feasible to substitute
de (9) with [Vo|. Depending on &l these procedures, the
following were very much simpler region-based level set
formulawhich could be achieved as:

% = ﬂ(2| Afkm_Cll_Czl) |V¢|

In an eguation (42), a larger esteem of a A could
expedite alevel curve evolution. To decrease the number of
constraints we increase, this prototype by utilizing a larger
time step ‘At’ instead of larger “A’. Therefore, we remove
the ‘A’ directly in the equation (14).

(14

The definition of C’landcz is same as in the
equation (12). To attain the stable results, we standardize the
21, —C,—C.
dataterm( Afkm 1 2)
written as below [39]:

%: 2|Afkm_Cll_C2'
ot max(2l ye—¢—C,|)

S0, the proposed formula can be

Vel

(15

Here Clandcz are the mean intensities, which is defined as

the following
D o (% Y)-H (@)l -
q(inside) - J‘Q H (¢)dxdy
. [ V(% Y)(1- H(g)) dxdly
C2(0uts'de) =

[, (1-H(#)dxay

Equations (14) and (15) are the final level set equations,
which is utilized only one parameter that is time step ‘At’,
which gives faster curve evolution on adaptive
Fuzzy-K-Means clustered images. The proposed fast level
set method is well suitable for the accurate and robust
segmentation of oil dicker creeps image, typhoon soulik
image, oil slick image as well as Flood water images which
were  shown in  the
experimental results.
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Fig. 2. Flow chart for the proposed Adaptive Fuzzy-K-Means Level Set Method

IV. RESULTS AND CONSIDERATIONS

The suggested proposed agorithm is implemented on
remote sensing images for the segmentation of oil dlicker
creeps image, typhoon soulik image, the oil dick image and
Gulf of Alaska image. The proposed results are analyzed
and compared with IVC 2010, Chan-Vese (CV), ACM with
SBGFRLS, Online Region-Based ACM (ORACM). The
conventional methods 1VC 2010 which is proposed by
Kahu Zhang, Chan-Vese, ACM with SBGFRLS, ORACM
with the selective local or a global segmentation fails to
detect the segmentation accuracy (SA) based on Dice
similarity index, Jaccard similarity index, True Negative
Fraction, False Negative Fraction, regions and boundaries of
a remote)sensing image (oil slicker creeps image, typhoon
soulik image, the oil slick image and Gulf of Alaskaimage)
due to improper choosing of controlling parameters and
energy function defined in the conventional methods. To
overcome the above-mentioned difficulties we were
proposing a new improved Fast Level Set method for
getting a superior segmented accuracy depending on the
Dice similarity index, Jaccard similarity index, True
Negative Fraction and False Negative Fraction, along with
less computational time. Experimental simulation is
performed on four different remote sensing images as
shown in figure 3, which depicts the results of
pre-processing input images by using Fuzzy-k-means
clustering and initialize contour on it.

The proposed algorithm presented here in this paper is
compared with the models which were widely used see
figure 4, such as Chan-Vese (CV), ACM with SBGFRLS,
Online Region-Based ACM (ORACM) methods in terms of
an Area covered, Effective Area, less CPU time and Area
error from remote sensing images. Similarly, figure 5 shows
the final level set contour evolution by the proposed method
and its segmenting regions respectively. Our proposed
level-set method segmenting the regions accurately and
effectively when compared with conventional methods .The
database was taken from the
https://earthobservatory.nasa.gov/images  and NASA
database. These images are remodified to 256x256 for the
contour evolution of both proposed and traditional methods
for preprocessed images. Initial contours for al four images
are considered as sguare-shaped initial contour functions
well-defined from 10 to (N-100)" pixels of an NxN size
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input image. A final contour evolution to the desired output
has taken within the range of 50 — 120 iterations with less
CPU time. Existing level set methods fail to identify the
proper edges, regions and boundaries of images for the
evolution of the level set contour C. Figure 6, depicts the
performance graph of existing and proposed methods in
terms of area errors of four different Images respectively. It
shows clearly, the proposed method area error would be less
compared to al the four existing methods.

The proposed final fast level set segmentation results
covered the maximum segmented area when compared with
conventional models. The performance parameters of
conventional models were tabulated in table 1 and our
proposed model was tabulated in table 2 and table 3
respectively. A pixel-based quantifiable evaluation method
is used. In this evaluation, the proposed method made a
comparison between the final segmented image ‘P’ and the
ground truth image ’Q’. The following parameters were
used; Dice Similarity Index, Jaccard Similarity Index, True
Positive Fraction - (TPF), True Negative Fraction - (TNF),
False Positive Fraction - (FPF) and False Negative Fraction
- (FNF) [45] defined as.

2lPAQ| PO
ce= Jaccard = -2
Pl T ROq a8)
TPF=P0Q7NF=; P-Q (19)
Q Q
rPE=P-Q . ENF= Q-P (20)
Q Q

Note: The parameters like Dice similarity coefficient (DS),
Jaccard dsimilarity coefficient (JS), TPF,TNF,FPF,FNF
which we considered in our proposed method, the better
performance can be achieved by Dice similarity index
Jaccard similarity index, True Positive Fraction, True
Negative Fraction for higher values. Moreover, for higher
values of False Positive Fraction, False Negative Fraction it
leads to the worst performance. Based on the
above-mentioned information, the Dice similarity index,
Jaccard similarity index,
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True Negative Fraction and False NegativeFraction of the
proposed method gives improved results when compared
with the conventional methods.

From the tables 1, 2, and 3 the proposed method is faster,
accurate and superior for detection of boundaries, regions,
edges in remote sensing images based on Dice similarity
coefficient (DS), Jaccard similarity coefficient (JS), True

Negative Fraction (TNF) and False Negative Fraction
(FNF). Here the agorithms are performed under MATLAB
R2017a 64 b in Windows 8 OS with a MacBook Pro of
Intel(R) Core(TM) i5-3210M CPU @ 2.50 GHz, 4 GB
RAM. An amount of a CPU time is consumed by each
algorithm had recorded.

Simulation results of pre-processing by using adaptive Fuzzy K Means Clustering and Contour Initialization on it:

Column-1

Column-4

o (b)

(b) (b)
initial contour initial contour initial contour initial contour
250 250 250 250
200 200 20 200
150 150 150 150
100 100 100 100
50 50 50 50
50 100 150 200 250 50 100 180 200 250 50100 150 200 250 50100 150 200 250
© © © ©

Figure 3 shows the results of pre-processing on SAR images by using Adaptive Fuzzy K means clustering. First row

shows the original SAR images which istaken from the NASA earth observatory data set and Second row showsthe

corresponding clustered results by using adaptive Fuzzy K means and finally, the last row depictstheinitialization of
contour on pre-processed results (means second row images).
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Simulation Results of Existing aswell as proposed methods on different SAR images:

Column-1 i __Column-2 Column-3 Column-4

= _—

Figured.Simulation results on different SAR Images, first row showsthat original SAR images such as column 1,
column 2, column 3 and column 4 are oil dicker creeps, Typhoon soulik, Oil spill and Gulf of Alaska rage images
respectively. Similarly Second row, third row and fourth rows depicts the smulation segmentation results of Existing
Level Set methods such as|VC 2010, Chan-Vese (CV) ,ACM with SBGFRLS, , Online Region Based ACM
(ORACM) modd respectively. Finally, the last row shows the final segmentation results of the proposed adaptive
Fuzzy K-Means Level Set method.
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Column-1

Column-2

(h)

Figure 5 depicts the final segmentation regions are extracted
by using proposed method, first row images shows the final
contour evolution on pre-processed images and last row

shows the corresponding segmentation regions by final level
set evolution are extracted objects such as oil dicker, ail
spills, typhoon soulik and Gulf of Alaska.

Table 1. Performance of Conventional Methods on SAR imagesin terms of DS, JS, TPF, FNF and Elapsed time.

cﬁ\rlgrae Actual Area SA Elapsed
SNo | Images Method Area error | DS | JS | TPF | FNF ap
d (mm?) (mm?) (%) Time(s)
(mm?)
IVC 2010 44032 55696 11664 0.88 | 0.79 | 0.791 | 0.209 88 82.4546
Oil Chan-Vese 10926 55696 44770 0.21 | 0.19 | 0.196 | 0.080 21 50.9249
1 slicker ACM with
creeps SBGERLS 22148 55696 33548 0.44 | 0.39 | 0.398 | 0.602 44 90.2614
image ORACM 19761 55696 35935 0.39 | 0.35 | 0.355 | 0.645 39 1.8835
1VC 2010 37853 55696 17843 0.75 | 0.67 | 0.679 | 0.320 75 19.3317
Typhoon Chan-Vese 10 55696 55686 0(')(;0 06?_0 0'?_00 0.999 0.;) 3 74.8366
2| sodlik e
image SBGERLS 29468 55696 26228 059 | 052 | 0.529 | 0.470 59 94,9321
ORACM 26863 55696 28833 053 | 048 | 0482 | 0517 53 2.3432
1VC 2010 35304 55696 20392 0.70 | 0.63 | 0.633 | 0.366 70 21.605709
Chan-Vese 25 55696 55671 06%0 06(310 0'(2100 0.999 | 0.08 42.7014
3 | Ol slick ey with
image SBGFRLS 15465 55696 40231 0.31 | 0.27 | 0.277 | 0.722 31 157.8172
ORACM | 23301 | 55696 | 32395 | 0.46 | 0.41 | 0.418 | 0581 | 46 | L%°%
IVC 2010 16709 55696 38987 0.46 | 0.30 | 0.301 0.69 46 6.81147
Chan-Vese 2 55696 55694 7.18 | 3.59 | 3.590 0.99 718 192.3958
Gulf of ACM with
4
Alaska SBGERLS 26813 55696 28883 0.65 | 048 | 0.481 0.51 65 32.9007
ORACM 26496 55696 29200 064 | 047 | 0471 0.52 64 3.0518
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Table 2: Performance of proposed method on SAR images in terms of Area Covered by final contour, Area error and
final cluster centersrespectively.

Final cluster centers

S.No | Areacovered | Actual Area Areaerror
mages
Ccl Cc2
. Oil S"iﬂ]‘gggreeps 1021113 | 1672374 | 45850mm? | 55696 mm? 9846 mn?
Typhoon soulik 53.2994 190.2392 | 39514mm? | 55696 mm? 16,182 mmm?
2 image
3 Oil dick image | 138.6437 | 1857085 | 42649 mm? | 55696 mm? 13,047 mm2
4 Gulf of Alaska 58.8028 | 217.3925 32359mm?2 55696 mm? 23227 mm?

Tablei3: iPerformanceiof iproposed imethod ion iSAR iimagesiin itermsiof iDS, iJS, iTNF, iFNF iand iElapsed itime.

Dice Jaccard Segmentation ,
S.No I mages Similarity Similarity TPF FNF Accuracy Elaps?g)ﬂme
J (DS) 39 (%)
Oil dlicker
1 creeps 0.91 0.82 0.823 0.176 91 8.0777
image
Typhoon
5 soulik 0.79 0.70 0.709 0.290 79 10.2870
image
3 O; Imi:;( 0.85 0.76 0.765 0.23 85 10.5511
. outor 0.73 0.58 0583 | 0417 73 12.40474
6 x104
51— == Proposed Method —
= = =|VC2010
C-V Model
A N ACM WITH SBFGFRLS |
Seaan e ORACM -

............
—————— L,
L
e -

................

Area Error

1 1.5 2 25 3 35 4
SAR Images

Figure 6. Shows the Performance graph of Existing and Proposed methodsin terms of area error of four different
Images
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Optimized Level Set Method for Segmentation of SAR Images using Adaptive Fuzzy-K-Means Clustering

V. CONCLUSION

Adaptive Fuzzy K-Means clustering using fast level set

method is presented in this paper for efficient segmentation
of remote sensing images such as oil dicker, oil spills
images etc. This method is used to improve the clustering
efficiency and information of mutualy loca as well as
non-local are included into the AFKM objective utility
which is modified by distance metric. By incorporating
FCM and K-Means clustering in the pre-processing which is
treated as Fuzzy-K-Means Clustering. Later stage, it is
necessary to use post-processing via level set evolution for
rejection of outliers, edge and boundary |eakage problemsin
the pre-processing. The segmentation accuracy is measured
based on similarity metrics such as Dice Similarity, Jaccard
similarity, True Negative Fraction and False Negative
Fraction. The proposed method was superior and more
robustness over existing level set methods.
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