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Abstract

This paper presents a new methodology for the atidection of complex radar images. The approachudes the edge
improvisation algorithm and followed with edge d¢i@n. The nature of complex radar images made edgencement part
before the edge detection as the data is highlgrbgeneous in nature. Thus, the use of discretelatransform in the edge
improvisation algorithm is justified. Then regiomaded active contour model is used as edge deteatgwrithm. The paper
proposes the distribution fitting energy with adbwet function and neighborhood means and varisre variables. The
performance is tested by applying it on differemages and the results are been analyzed.
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1. INTRODUCTION

Image processing is a rapidly emergent area of coenp
science. Its growth has been uplifted by technohgi
achievements in digital imaging, computer processonrd
mass storage devices. The flexibility and affortigbiof
various streams are now made path to digital system
Examples are medicine, remote sensing and security
monitoring etc.., and the other sources also predusge
amount of digital image data day to day, which carever

be examined manually. Digital image processing is
concerned primarily to extract useful informatiororf
images. Ideally, this is done by computers, witthelior no
human intervention. Image processing algorithms rnay
placed at three levels. At the lowest level ares¢ho
techniques which deal directly with the raw, polssitoisy
pixel values, with denoising and edge detectiomdpgjood
examples. In the middle are algorithms which wiliow
level results for further means, such as segmentaind
edge linking. At the highest level are those meshathich
attempt to extract semantic meaning from the infdrom
provided by the lower levels.

Synthetic aperture radar (SAR) has great eases&roation
during the day as well night. This property made 8AR
more superior than the optical space borne semsatsaany
other, as it has continuous observation over eattich is
independent of sun light. Apart from the merits thisual
perception of SAR data for an inexperienced vieiserery
difficult and cannot distinguish the meaningfulala®o, the
image processing techniques are used for the dxinaof
useful data. The available general methods caninetthe
better image result compared to optical space bsemsor
images. Hence, some particular algorithms aretstithake
use for the analysis of complex radar data. Nowkee
detection techniques are essentially in two padgee
improvisation and detection. An edge enhancemeaslis
critical in providing intensive detection rates rimultiscale

images. There are many methods used for denoising
normally such as Sobel filter [1], Prewitt filter2][
morphological operators etc.., but they are nottaphe
mark in synthetic aperture image applications. Thidue to

the presence of speckle noise, termed as multipleaoise

like pattern [3] in SAR images which made this phas
critical. The paper gives the new approach for ¢dge
enrichment of SAR images by the application of wdise
wavelet transforms for the increased efficiencynthbe
existing conventional methods to extract the infation.

There are different models for the edge detectibitkvcan
are having easy in application and low computati@ost.
As they are not quit efficient in the case of SARages as it
is having discontinuities of edges. The robust meéth
proposed in this paper is base on region basegeambntour
model. This algorithm using region based model dgee
based model as it has better performance in theepee of
noise and weak edge. Finally the successive usiaedfoth
proposed algorithms will tackle the subpixel leg#flciency
and robust even in the presence of multiplicativese
pattern in the images.

2. REVIEW OF SAR IMAGES

The design of SAR and its associated applicatiores a
growing exponentially since 1950’s from the dayl|®diley

of the “Good year Aircraft Corporation”, observetht a
one to one communication exists between track é¢oates

of a reflecting object and the instantaneous Dapgléng

of the signal to the radar by the object. By hiaatosion it
made the spurt path to performance of the reatageradar
(RAR) design.

In 1990’s the significant expansion of SAR missiawih
the launch of five earth oriented SAR satellitesngl with
other two more Shuttle Imaging Radar missions atiro
are still in use and in progress for improving theace
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observation. The new sensors have improved resaluti

all dimensions, spatial resolution with reducedepigizes,
sequential resolution with shorter repeat times spekctral
resolution with increased number of spectral baBgghese
new specifications, new challenges have appearéed T
colossal amount of remote sensing data raises new
computational issues. These applications are abbess
can achieve new results like change detection, ralatu
disaster monitoring, landscape planning, biomass
measurement detection of oil slicks. These advarces
especially true for Synthetic Aperture Radar (SABj)sors,
with high resolution capablility.SAR images arefidiflt to
interpret and new difficulties arose with the irase of
spatial resolution.

The representation of SAR image can be explainethen
basics convolution of the complex reflectivity ataa(t,n)
with the impulse response of the SAR systegtr, ) [3].

1)

Wheret andn are the azimuth and the space coordinates,
respectively, in use to define the coordinate systd a
SAR image. The SAR system impulse respongen), the
SAR data pixels are the low pass-filtered [4] vamnsof the
complex local scattering properties may be intdguteas a
bidimensional low pass filter, in such a way thaté local
support of this filter determines the spatial ratoh of the
SAR image. The SAR imaging process indicated bycéh)
simplify by a mathematical model that considersdirity
and Born approximation [5].

“ (TJ]) = a(T:n)*H O(Tvn)

N

H(tn) = Z o (T M) * Ky (m 1)

k=1

()

Where ot,n) is the complex reflectivity of the "k
individual scattering within the resolution cells/Aspeckle
represent one of the major defaults for the acoésseful
information form SAR images. This can be filtereefdre
the actual processing of the SAR images but wita th
conventional methods the speckle produces over
segmentation even though they are able to smoa@tkkp
This leads to the unnecessary date present inrtfeegsed
images as this results will be having poor spatiall
resolution. There are different speckle filters ethiare
proposed in different literature, the commonly useel Lee
filter [6], the gamma filter [7] and the frost &t [8]. In this
paper we will be using one among the above mentione
filters along with the Sobel operator.

3. GENERALISED EDGE
ALGORITHM

IMPROVISATION

As we seen that the SAR image has multiscale natnee
combination of N individual scatter produces theckbe
noise within the resolution cell which can be cdeséd as
the pixel level (i.e., which is significantly a sknacale)
spatial varying characteristic. For the justifioati of
multiscale approach, the product model [9] fornediza
multiresolution notation stating intensity | as

I= wxn )

Where | is mean intensity, x is the texture random vagabl
and n is the speckle is also a random variablexdkraare
considered statistically self-determining. Thus) €Bables
the identification of different ranges of scales,irs order to
analyze SAR this approach is most reliable. Aswheelets
transforms allow the time-frequency localizatiancan also
be used as the multiscale differential operator].[The
Algorithm for edge improvisation in SAR images pospd
in this paper relies on the difference of behadtimg the
wavelet scales of the speckle in face of the eddées
discontinuities are highlighted by the wavelet sfanm and
they tend to persist over scales. Simultaneousystieckle
is progressively smoothening; it is almost spatiall
uncorrelated between scales (see Fig. 1).

i
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Fig-1. Simulated speckle signal is obtained through the
application of Haar mother wavelet.

A. ALGORITHM OF GENERALIZED EDGE
IMPROVISATION

The algorithm is proposed for various images ighee one
dimensional or two dimensional. The size of thedeiw is
also not concern for the application of this altjori.

Stepl: The image is first initialized, which has to be
enhanced the distributions of scales are observed the
color bar. Some of the images are not smooth aed dot
monotonically progresses from dark to light. Thypd of
indexed image is not suitable for direct wavelet
decomposition with the toolbox and needs to be
preprocessed. To convert the RGB images into a-ggale
intensity image, using the standard perceptual htiigs
functions for the three-color components. Then,veonthe
gray-scale intensity image back to a gray-scale=xed
image with desired distinct levels and create a new
colormap.

Step2: In SAR processing the application of logarithmic
operation is used for the minimization of dynanaoge of
multiplicative speckle. The multiplicative noisamisformed
in this method is additive and signal independént, its
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probability density distribution is approximatelgken as
Gaussian [11].

Step3: Generally the Haar transform is the oldest and

simplest of all the wavelet transforms. Owing te ibw

computing capability, the Haar transform has beerinin

used for pattern recognition and image procesditance,
two dimensional signal and image processing israa af
efficient applications of Haar transforms due tceith
wavelet-like structure. Moreover, wavelets are aered as
a generalization of the Haar functions and tramsforSuch
a transform is also well suited in communicatiochteology
for data processing, multiplexing and digital filteg.

The wavelet transform can be expressed as

a

b
wab = f(x)\/%t/f‘ (=) ax @

The Haar wavelet is defined as

W) A

1

1/2 1

~+ Vv

v
Fig-2. The graphical representation of Haar wavelet.

Hence, in the wavelet transform of the logarithnthef SAR
signal, the influence of the speckle is low sinds i
contribution in each of the semi intervals countesawith
the other, if we assume that the speckle is honwmen
through the observed scene. ie., the speckledn lérger
intervals that obtained through the applicatiorlagfarithm
by the assumption of homogeneity made its valuethan
range very low and it can be taken as approximately.

Step4: Let us consider the subbands obtained through the

application of wavelet transform: 1D wavelet tramsf has
two frequency bands and the 2D wavelet transforsfbar
bands for each level of decomposition. In 2D transfone
band has the low pass filtered image and the rélsbevin
transformed in three orientations as horizontattie& and
diagonal respectively. As the wavelets maximizeg th
discontinuities in the edges so, by taking the hitsosalue
of the subbands (i.e., H,V&D) the maximum valuestud
each band can be enhanced by applying normalizeditime
maximum.

Step5: Than by considering the pixel level local maxima i
the each subband in the neighborhood of the disuotyt

and multiplying these smallest
discontinuities can be minimized and the speckletha
resolution cell will un-correlated which is divergeto the

resolution cells the

intrascale combination with the useful data andetihges are
enhanced in each direction. This process is cawigdfor

the different levels of scales.

The algorithm is preformed for the predefined numobg
iteration as the higher iterations of the algorithmay

produce the thick edges. Compared to the otheresdional

methods such as Sobel gradient method the resdisnsin

the figure (3) have reviled the good and much igfit
method for the edge improvisation by the applicatif

proposed method.

@ (b)

(©) (d)
Fig-3. The result of the simulated images (a) it is the
original image. (b) Result of Sobel gradient metHadl, (d)
the result of proposed algorithm in second andlthir
iteration. (Image is taken from Google SAR images
courtesy).

As iteration count increases the edge will be mihtner
than they appear, so the better implementationhef t
method for various images may be differ from one to
another. The discussion on results can be elalibiatihe
result section.

4. EDGE DETECTION WITH REGION-BASED
MODELS

Image segmentation is the one of the essential ipatie
scenario of image processing. There is been a gtady
especially in this class of area. An entrenchexksclof
methods is active contour models, which have beielyw
used in image segmentation with promising resulise
models can achieve subpixel accuracy and providsotm
contours. Active contour models can be mostly aaiegd
into two models: edge-based models [12] and rebased
models [13].Edge-based models uses image grad@nt t
direct curve evolution, which are generally sewmsito noise
and weak edges [14]. Instead of utilizing imagedgmat,
region-based models usually intend to identify gwegion
of interest by using a convinced region descripsoich as
intensity, texture or motion, to guide contour [1bherefore
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region-based models generally have better perfocenam
the presence of image noise and weak object boiesdan
practice, intensity inhomogeneities occur in maggl world
images acquired with different modalities [16]. Esially, it
is frequently seen in medical images and multidtgsm
images.

Once the improvisation algorithm estimation has nbee
obtained, a final step of edge detection is requtce build

an unsupervised algorithm. In our model, the image
intensities are described by standard normal Higion
with diverse means and variances. The paper prepthse
distribution fitting energy with a level set furmti and
neighborhood means and variances as variablesefdngy
minimization is achieved by an interleaved levelt se
evolution and estimation of intensity means andaveres in

an iterative process. The means and variances of
neighboring intensities are considered as spatiaiying
functions to handle noise of spatially varying sg#n (i.e.,
multiplicative noise). Then the new approach to 8%&R
images with multiplicative noise like pattern gives
comparatively better results than the geodesicvecti
contours which are driven by the edge based mddgl [

Chan and Vese [18] developed a mean curvature lfsed
level set implementation of a specific case of Mhenford
Shah energy functional, where the mean intensitythef
pixels inside and outside the curve are used ama@oth
approximation of the image but they are not optimarthe
case of non homogeneous intensity images. So, by
considering the LBF model proposed by C.Li [19] ebhis
approximate the intensities inside and outsideciwetour.
The LBF model cannot provide the required inforimatior

the perfect segmentation in the presence of heaiserand
intensity. So, by taking the input image from theowee
proposed algorithm speckle noise and the intensity
inhomogeneities can be avoid as possible as maxiamon
the intensity can be taken from the normal prolitgbil
distribution.

The energy function can be written as

Ef(dp,c1,¢0) = A [ [ Ko(x — y)p1x1(y) H(d(y)) dy dx
4 [ [ Kol = o)1 - HOOM dydx (5)

Where A4, A, v, 4 are weighting positive constant, is
kernel function with a localization property that Kx-y)
and the ¢ C2 are the two regions in the image domain C,
the local point x with a curvature of r. The kerfigiction is
considered with the fixed. The two regions are considered
as they are having mean and variance are spatiatlying
and defined as; ;> within the regions concern to local of x.
As the smoothing functions are defined in the Vesd
Chan model [20] and C.Li [21] as
L) = v[|[VH($())| dx (6)
Where ¢ is level set function, the Ldy) is penalizing the
length and for smooth contour propagation. The leeqed

level set evolution is from a distance function][2&ich is
for the accurate execution is given as

D() = 15 (V)| — 1)? dx )

Input imaar

Definep, n, i=1,0

»

A L
Evaluating mean,
variance,(d¢) / dt)

i++

Yes

Ifi<n

A

Resul

Fig-4. Flow chart for edge detection algorithm.

The energy function is considered after includihg both
smoothing and distance functions is

®

This model is different from the C.Li and Chan Vesewe
have taken the different distribution and alsodpelication

of method for specified images. The method is most
complimentary with the iterative process done imiows
steps shown in the flow chart as follows.

F(, ¢y, ¢2) = Ee(d, 1, ¢3) + L(d) + D(P)

5.RESULTS

The application of algorithms is absolutely givese t
expected results for the costal line detection AR3mages
as shown in figure. 5(a)&(b). The simulation isfpemed in
desktop of 2.8 GHz processor with 2 GB ram in MatLa
2009 software.
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Fig-5. (a) the simulated image of detected edges by
application of algorithm proposed for edge detectb SAR
images.

Fig-5. (b) the simulated image of extracted & detec
edges by the application of both algorithms progc

CONCLUSION

This paper ismainly focus on one of the problem gent
occurs in the SAR date and the detection of costaeh
boundaries of images for the application of renssgsing
The results are also good compared with other ndsteact
as Sobel gradient method and geodesitive contours. A
“snakes” are not so significant in detecting edgésost
discontinuously formed with the application of whai
transforms. So, the region based approach is niiggble
method for the detection of edges in multiplicativeised
images. The work can be further extended on 3D image:
also for target and remote sensing application$ wibre
reliability.
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