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Abstract: In this paper, we present a novel technique called spatial
kernel fuzzy clustering with adaptive level set approach for Qil
spill image segmentation. The proposed method is diversified into
two stages; in the first stage the input is pre-processing by Spatial
Kernel Fuzzy C-Means clustering (KFCM) to improve the
clustering efficiency and less sensitive to noise. In the second
stage, it necessary to use thelevel set method to refine the previous
stage segmentation results. The performance of the level set
segmentation is subjected to proper initialization and optimal
formation of directing parameters. The controlling parameters of
level set evolution are also projected after the results of kernel
fuzzy clustering. The proposed method, spatial kernel fuzzy
adaptive level set algorithm is enhanced the local minima
problem. Such developments enable level set handling and more
strong segmentation. The results confirm its effectiveness for oil
spill images over the conventional CV model i.e number of
iterations, Computational time and PSNR

Keywords: Oil Spill Image Segmentation, adaptive Level set
Equation, spatial kernel fuzzy clustering.

. INTRODUCTION

A wel-studied problem in computer vision is the
fundamental task of segmenting or partitioning an image
into digoint regions with applications ranging from
medica image analysis, quality control, or military
surveillance and tracking. Although the genera
segmentation problem involves separating N distinct
partitions, a piecewise assumption of two sets is
generally made. That is, the image is assumed to be
comprised of two homogeneous regions, often referred
to as “Object” and “Background”. The goal of
segmentation is to accurately capture these regions.
Specificaly, the use of active contours has been proven
to be quite successful in accomplishing this task. [1-6]
There are many advantages of region-based approaches
when compared to edge-based methods including
robustness against initial curve placement and
insensitivity to image noise.
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However, techniques that attempt to model regions using
global satistics are usualy not ideal for segmenting
heterogeneous objects. In cases where the object to be
segmented cannot be easily distinguished in terms of
global satistics, region-based active contours may lead
to erroneous segmentations. The construction of this
image causes it to be segmented improperly by a
standard region-based agorithm, but correctly by an
edge-based algorithm. Heterogeneous objects frequently
occur in natural and medical imagery. To accurately
segment these objects, a new class of active contour
energies should be considered which utilizes local
information, but also incorporates the benefits of
region-based techniques. Segmentation is to Partition an
image into digoint, connected components that are
homogeneous w.r.t. intensity, texture or certain
probabilistic measures.

Active contour Method is evolving contours towards
boundaries of interest by designed forces (e.g. edge,
region Information or prior knowledge). Active contour
models have a consistent mathematical description; their
solutions satisfy certain minimum principles.

Edge based Rely on edge information (high
magnitude of image gradient) Limitation — sensitive to
noise, artifacts, may leak through gaps on boundary
Region based: Make use of information on regiona
statistics from image intensities. Limitation — high noise

level, intensity homogeneity, complex intensity
distribution Combination of edge based and region
based.

There are two well-established concepts in image

segmentation: pixel classification and tracking variational
boundary [7]. The first one assumes that the pixels in
each subclass have nearly constant intensities, which is
true for the anatomica structures with similar
physiological properties. Such agorithms may detect

multiple components concurrently, but they are
susceptible  to  environmental noise and image
inhomogeneity. In contrast, methods that track

variational boundaries make use of both intensity and
gpatial information. Therefore, a subclass has to be
homogeneous and enclosed in a specific variational
boundary. When applied to oil spill image
segmentation, neither of them is universaly robust due
to intrinsic noise and artifacts [7-11].

In this paper, we propose a kernel fuzzy clustering
with adaptive level set algorithm for oil spill image
segmentation.
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The new algorithm is significantly improved in the
following aspects. Firstly, kernel fuzzy clustering
incorporates spatial information during an adaptive
optimization, which eliminates the intermediate
morphological operations. Secondly, the controlling
parameters of adaptive level set segmentation are now
derived from the results of kernel fuzzy clustering
directly.

Thirdly, a new strategy, directed by kernel fuzzy
clustering, is proposed to regularize adaptive level set
evolution, which is different from other methods.
Finaly, we aso verified the kernel fuzzy adaptive level
set algorithm on oil spill images.

Spillage of oil either in oceans by illegal discharges

from ships may shows adverse effects on the natura
resources, marine environment and the economic health
of the area a stake. Thus, there should be an
operational process to detect, track, and monitor oil
spills and to predict their drift. Synthetic Aperture
Radar (SAR) is the most efficient satellite sensor for
oil spill monitoring of the world’s oceans.
The dark areas in the SAR images are the areas
indicating oil spills because the oil dampens the
capillary waves on the sea surface. The presence of the
glitter induces speckle in SAR is not only reduces the
interpreter’s ability to resolve fine detail, but also
makes automatic segmentation of such images difficult.
Segmentation of such images using conventional level
set methods makes the process cumbersome and may
lead to improper results. In this paper we considered
such kind of images as test images for segmentation
using Adaptive level set method with Spatiadl KFCM
clustering.
This paper will be organized as follows. Section Il will
give information regarding spatia  kernd  fuzzy
clustering Section 1Il is about Adaptive levelset
background ie Previous work done by C-V modd.
Section 1V gives the detailed information about our
proposed agorithm. In section V experimental results
and discussion and finally section VI depicts the conclusion
of thisresearch work are given below.

1. SPATIAL KFCM CLUSTERING

A. Introduction

In fuzzy clustering, the centroid and the scope of each
subclass are estimated adaptively in order to minimize a
pre-defined cost function .It is here by appropriate to take
fuzzy clustering as a kind of adaptive thresholding. Kernel
Fuzzy C means (KFCM) is one of the most popular
algorithms in fuzzy clustering, and has been widely applied
to medical problems[12-16].

The classicd FCM and KFCM algorithms originate
from the k-means algorithm seeks to assign N objects, based
on their attributes, into k clusters (K<N). For medica image
segmentation, N equal s the number of image pixels Nx x Ny.
The desired results include the centroid of each cluster and
the affiliations of N objects. Standard k-means clustering
attempts to minimize the cost function

KN 2
J =ZZ”|n_Vm” J

m=1 n=1

Where in is the specific image pixel, V,, is the centroid of
the mth cluster and |||| denotes the norm. The ideal results

of k-means algorithm maximize the inter-cluster variations,
but minimize the intra—cluster ones.

In k-means clustering, every object is limited to one and
only one of k clusters. In contrast, an FCM tilizes a

membership function 4, to indicate the degree of
membership of the nth object to the mth cluster, which is
justifiable for medical image segmentation as physiological
tissues are usually not homogeneous. The cost function in an
KFCM issimilar to eq. (1)
Jm(U ,V) EZZ Z uif(l— k(Xk WV, )) .................... )]
i-1 k-1

Minimizing Eq. under the constraint of, U,,m>1. we
have

_ 1/(m-1)
u, = WKV ®

> (WK (x, v )™

j=1

Here we now utilize the Gaussian kernel function for
straight forwardness. If we use additional kernel functions,
there will be corresponding modificationsin Eq. (3) and (4)
In fact, We can be analyzed as kernel-induced new metric in
the data space, which is defined as the following

d(x, y)a|¢(x) - 4(y) = V20-K(x, y)) ....... (5)
And it can be proven that d(x, y)is defined in Eq. (5) isa
metric in the original space in case that K(X, y)tak&easthe
Gaussian kernel function. the data point X, is capable with
an additiona weight K(X,,V,), which measures the
similarity between X, and V; and when X, is an outlier i.e.,

X, isfar from the other data points, then K(Xk Y )wiII be

very small, so the weighted sum of data points shall be more
strong.

The full explanation of KFCM agorithm is as
follows:

B. KFCM Algorithm:
Step 1: Select initial class prototype{\/i }iC:l.

Step 2: Update all membershipsU,, with Eg. (3).

Step 3: Obtain the prototype of clusters in the forms of
weighted average with Eq. (12).
Step 4: Repeat step 2-3 till termination. The termination

criterion is [V, —Vyq | < €

Where |||| is the Euclidean norm.
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V isthe vector of cluster centers & isasmall number that
can be set by user (here & =0.01).

Where I(>1) is a parameter controlling the fuzziness of the
resultant segmentation. The membership functions are
subjected to the following constraints:

C N
>t =300, <L 1, >0 (6)
n=1

m=1
The membership functions g4, and the centroids V, are
updated iteratively.

_ 1/(m-1)
Uy = 0(1/(1 K™ @
> W= K(x,v )"
N]:l
2 Higl

V= ®)

Dty
n=1

The standard FCM and KFCM algorithms is optimized when
pixels close to their centroid are assigned high membership
values, while those that are far away are assigned low
values.

One of the problems of standard FCM and KFCM
algorithms in image segmentation is the lack of spatial
information [21, 22].Since image noise and artifacts often
impair the performance of FCM segmentation, it would be
attractive to incorporate spatial information into an KFCM.
Cai et a. [5] proposed a generalized KFCM algorithm that
adopts similarity factor to incorporate loca intensity and
gpatia information. In contrast to the above preparatory
weighting, it is also possible to utilize morphological
operations to apply spatial restrictions at the post-processing
stage [9].

C. Incorporating Spatial Information in KFCM

Clustering

Chuang et a. [17] proposed another spatial KFCM algorithm
in which spatial information can be incorporated into fuzzy
member- ship functions directly using

Phd
L N 9)

k C
Z H; E h?(
k=1

Where p and q are two parameters controlling the respective
contribution. The variable N, includes spatial information

by

Where N, denotes a local window centered on the image
pixel n. The weighted 4, are the centroid V, are updated as
usual according to egs. (4) and (5).

1. LITERATUREON LEVEL SETS

The level set method was initiated by Dervieux and
Thomasset [11][12] in the late 1970s, but their work did not
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draw much attention. Later in 1987 Osher and Sethian [10],
came up with the idea of tracking moving interfaces which
became well known and had an impact in various domains
such as computational geometry, fluid dynamics, image
processing and computer vision. It can be used efficiently to
address the problem of curve or surface propagéation in an
implicit manner. The central idea is represent the evolving
contour using a signed function, where its zero level
corresponds to the actual contour. Then, according to the
motion equation of the contour, one can easily derive a
similar flow for the implicit surface when applied to the zero
level set. The basic and most versatile level set models are
represented in proceeding topics

Chan Vese (C-V) model

Chan and Vese presented model a special case of
Mumford-Shah functional. Let | be the given image with ¢,
and c, the mean intensities inside and outside the contour
respectively. For agivenimage I(x,y) inthedomain Q. Let C
be the evolving curvein Q driven by the inward and outward
forces acting with reference to object as shown in figure 1.
The level set function ¢ will have the value greater than

zero inside the curve, less than zero when it is outside and it
is zero on the curve C.

Outside ¢ <0

Outside ¢ <0

Figure.1l Curve’ C’ propagating in directions as
represented with arrows
1 inside(c)
#(X,y)=9-1 outside(c)
0 otherwise

The C-V modd is formulated by minimizing energy
functional and by adding some regularizing terms is as
follows.

E(Q.6.0) =4[, [1(xy)—c[ dxy
(1)
+/72J.

2
outside(c) |I xy)- C2| dxdy, xyeQ
Cisthe evolving curve and can be represented as¢ . Keeping
¢ fixed and minimizing the energy E(c,,C,,¢#) with respect

to the constants ¢; and c,, it is easy to express these
congtants as the function of ¢ by

X yeQ

iside(c) |

[, (% ¥)-H(#)dxay
[ H(#)axdy

o (%) (1-H(g)) ccly
J,(1-H ) axdy

c(g) =

C,(4) =
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Where H (¢) the Heaviside function isis given as

(1 if¢=0
H(¢)—{0’ if $<0

Heaviside function H(¢) is greater than zero then the
curve has nonempty interior in Q and 1-H(¢) is greater
than zero for the curve nonempty exterior in Q. By including
the length and area energy termsin the Eq. 6 and solving for
minimizing them the corresponding variational level set
formulation is

o¢ V¢ 2 2

= =5(¢) uV(—J—v—ﬂl 1-¢) +4(1-¢) | (13

Where 4,4,,u and v are fixed parameters such that
A, A, >0 and ,v>0. And g, v are used for controlling
the smoothness of zero level set and increasing the
propagation speed respectively.

V is gradient operator and o(¢) is the Dirac function given
as

5() = d% H)

V. PROPOSED SPATIAL KFCM WITH LEVEL SET

Both Spatidl KFCM agorithm and adaptive level set
approach that can be applied to problems of any dimension.
However, if we constrain them to satellite images it is
possible to take advantage of the specific circumstances for
better performance.

The proposed new version kernel fuzzy clustering with
adaptive level set approach is there by proposed for an
automated medical image segmentation.. It begins with
spatial kernel fuzzy clustering, whose results are utilized to
initiate adaptive level set segmentation, estimate controlling
parameters and regularize level set evolution The new
version kernel fuzzy adaptive level set approach automates
the initialization and parameter configuration of the level set
segmentation, using spatial fuzzy clustering. It employs an
KFCM with spatial restrictions to determine the approximate
contours of interest in aimage. The enhanced adaptive level
set function can accommodate KFCM results directly for
evolution[18-21].

Suppose the component of interest in an KFCM results is

R =t ,n=X*N, +y
It is then convenient to initiate the level set function as

& (X, y)=—4(05-B) .coooviiiii (14)

Where ¢ is a constant regulating the Dirac function
[17,23]. The Dirac function is then defined as follows:

S ()= 15
‘9() {1[1+cos(7rx/g)],x<g (15)

2¢

Bk is a binary image obtained from
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WherebO(g(O’l)) is ian iadjustable ithreshold iBenefitted
ifrom ispatial ifuzzy iclustering, iBk ican iin isome isense
iapproximate ithe icomponent iof iinterest, iwhich ican ibe
ireadily iadjusted iby ibO0.

Itiisiattractive ito idetermine ithese icontrolling iparameters
iadaptively ifor ithe ispecific imedical iimage. iGiven ithe
iinitial ilevel iset ifunction ifO ifrom ispatial ikernel ifuzzy
iclustering iasiin iEQ.(19),it iis iconvenient ito iestimate ithe

ilengthi| iand itheiareai @ iby
| = j S(B)AIXAY ..o (17)
1

o= j H () AXAY ..o (18)
1

Where the Heaviside function H (¢, ) is

__ {1,4=0

H (¢O) _ {0,¢0<0

We observe that level set evolution will be faster if the
component of interest islarge. In this case, the ratio

c=all ., (20)

will aso belarge. It is there by reasonable to assign the
time step 7 as ¢ in the proposed special kernel fuzzy

adaptive levelset agorithm. The penalty coefficient £ will
be set as

The new specia kernel fuzzy levelset algorithm takes the
degree of member- ship of each image pixel 4, as the

distance to the specific component of interest Rk. An
enhanced balloon force is proposed here to pull or push the
dynamic interface adaptively towards the object of interest:

G(R)=1-2R ..o, (22)
The resultant balloon force G(R,)(e[—L1]) is a matrix

with a variable pulling or pushing force at each image pixel.
In other words, the levelset function will be attracted
towards the object of interest regardless its initial position.
Then, the evolutionary equation (Eq.(15)) is transformed

into
cf(g,qﬁ)=ﬂ5¢div(g%)+gG(Rk)5¢ ........ 23

V. SIMULATION RESULTSAND DISCUSION

The experiments and performance evaluation were carried
on ail spill images from different modalities. The proposed
method spatial KFCM with adaptive level set segmentation
was implemented with MATLAB 2019b.

The experimental results were obtained by oil spill images
for segmentation using spatial kernel fuzzy clustering
algorithm.

From figures 1 to 5 and figures 6 to 10 shows the simulation
results on Image 1 and 2 respectively using SKFCM
clustering method, assuming the input index number is 2,
after it shows the two types of clustering segmented images
with 200 iterations.
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Simulation results on Image 1:

Original Image Index No: 1

(i

Figure (1): Spatial KFCM clustering with assuming
index number 2 (a) Original Oil spill image (b)
First clustering index no.1 (c) Second clustering

index number 2

Index No: 2

Figure 2.Previous M ethod (CV model) for 200 iterations,
red color indicates the final segmentation.

Figure 3.Segmented regions of O|I sp|II image for
previous method (CV M odel).

Figure 4. Proposed M ethod for 200 iterations (magenta
indicates the initial segmentation, red color indicates the
final adaptive level set segmentation

Figure 5. Segmented regions of Oil spill image for
proposed method.
Simulation Results on Image 2:
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Index No: 1

Index No: 2

Original Qilspill image

Figure 6. Spatial KFCM clustering with assuming index
number 2 (a) Original Oil spill image (b) First clustering
index no.1 (c) Second clustering index number 2

Figure 7. Previous M ethod for 200 iterations, red color
indicates the final segmentation (CV Modél)

Figure 8. Segmented regions of Qil sb‘ill irﬁagefor
previous method (CV M odel).

Figure 9. Proposed M ethod for 200 iter ations (magenta
indicates the initial segmentation, red color indicatesthe
final adaptive level set segmentation
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Figure 10.Segmented regions of Oil spill image for

proposed
Table |I: Performance table of existing C-V Model
Images Previous method
(CV Model)

Computationa | lterations PSNR(dB)

| time Index 1 | Index 2
Image 1 | 10.78sec 200 0.869 0.866
Image 2 | 12.68sec 200 3.246 3.129

Table 11: Comparative analysis of proposed method

Images Proposed Method
(SKFCM with adaptive level set)
Computationa | lterations PSNR(dB)
| time Index 1 | Index 2
Image 1l | 8.06sec 200 4.8469 48771
Image 2 | 9.86sec 200 6.3473 6.4239

VI. CONCLUSION

In this paper, we proposed a hovel approach called Spatial
KFCM with Level Set Evolution for robust and automatic
segmentation of oil spillsregions.

This image segmentation model has been successfully
implemented on the images of NASA earth observatory
Images, which are available open source dataset and results
reveal the less computational time, speed and accuracy of
convergence by re-initialization free level set method. The
sample images of Oil spills under consideration appear as
consisting of regions with homogeneous intensities appearing
asablend of dark aress.

The adaptive level set evolution process based on the
SKFCM clustering performed and gives the good
segmentation results leading to the identification of the
regions indicating spillage with great accuracy and
profoundness leading over existing active contour model.
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