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Jl,uali(> scsment.idion Is there in a need in SAR
(arpet detection. In this paper, the

utilized with region of interest and
Jfd sepmentation technique in SAR images. The

N Uiwr filter exhibits both linear and nonlinear
This filter compensates for (he hlurrinc due f«

W consenes the edges svhich arc mainly used

,4 ™ 1 Aesirinus objects with the gross represcnlafion
# inerest. The niter is defined both for edne
~*<ilrt**itb speeW\e noise cancellation in SAR imaecs
orfeilures from bvo different types of mlilti "

n Itd laidti-ehjinnel filters, in general provides
virdralkatiiinofS \R images. The experimental results
.ibt Ik proposed boundarj based and ROI fcchnloije
A~ 1kSiR image nh/fc the opted filter prcsci™Ps

e 2P oprialc

tnd noise remosal. The fusion performanre

JT. . and

. INTRODUCNON

h\t! aoMiniagc of the S\ nihctic Aperture

tMasses can be acquired beUcr because o le

of'maging c\cn in case ol adverse meteoro
mioncnalclv ihc poor quality of some SAK

Ar:.Msn diTicut to extract information and even
"ipid. a positioning of the detection J

: - touredl disadvantage o f having mullipliealiv ¢
adlyzing SAR images, complication is made

, my.e?voofspockic. which appears as strong intensity
C\nin zones oi homogeneous rptlcctivilv \ih

""*>gucsha\ebcen proposed for redi

Medoicss of the acighbourhoo nicanf
acuedin adaptive speckle i 1 n
oUW s, . these methods_ien®

....... fcaturcs._ rcauc™”"';,

ckai. fo?_ this reason, it i must be
heradar estimation methods winch

;' "liotrdricai variations and to dcgi*
P This paper proposes )
whichisappiied to SAK ”  ~ _
two passes. Vhe iirsl convuns

low yesolution estimation of
2010 IKKK

bound-ir:. n, .
------- - .liv ™%eend concerns segmentation of boundary

?Qﬁg)\”s at high resolution. Vhe r is intended in ttic
0 ing fonn; Section 2 deals With the  resioration
techniques. Section L

.segmentation. Sectiorgi Ré@l§_W|th the methods used for

(wiener with ROl and “]%’er (S:tigf gmmwumm
experimental results of t . p

. . e p{moceedlngs. The paper
comprises of observations qor ure K and notential
conclusion. Wor poterti

n.  IMAGHRISIORATION TIXINIQUYS

Speckle noise occurs in all coherent imaging svsicirs.
IZxamplcs like Ultrasound. SAR (Synthetic Aperture
Radar).I-:ffcct of interference of energy from randomly
distributed scatters and it is tex) small to be resolved by the
imaging system. It happens when object roughress is of the
order of the incident radiation's wavelength. To reduce the
multiplicative noise, blind deconvolution is one solution [1Of
Here in this paper image restoration is handled with three
inters which arc .shown in figurol.

Inverse filter -Inverse filler is a fonn ofhigh pass filer 117).
Il responds very badly to any noise that is present in the
image because noise lends to be high frequency. U is only
line in noiseless ease.

Wiener filter -1 he Wiener filtering also called regularized
inverse filler is a linear estimation of the original image 1ISj.
It rcmov'cs the additive noise and inverts the blurring
simultaneously. .
Lucy Richardson filter - lucy-Richardson dcnoising
accounts ©N photon counting noise with a Poisson
distribution. This algorithm goncratcs a restored  image
through an iterativc method and addresses complex imagc

restoration f

gedde e of
Fidiiro 1 i) Oirginvi ) ATl i ige—e
eano a(xyvallfl G0 o g)( I)rwersenf]lllerl(md) I\%\(Ieenerﬁllerte) l.uov
Kidutfibon filler
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iU 0 -n .miiciitaiion , ach is made
dlrLd'crio K AN I ﬁexgballercal ' purpos

needed doma.nKJ_ ~_ One of 1

c-pmQOTtaiion [1'11":" N
, ™ -monstrated in 9,100 of interest (ROIj) <s
K.onofi nt e r e st a region m an

j|-(-,,ies the region[4].
removes from a

j components (objects) that hm"c
ptr~od neighborhood) pi.ds. prodneng

the process
imagc.xvhereabinao im s/

Connected
S ta

another binarv'image 0,,.0n crowing is ontof the
Region s™”* " - “';,ncn?otion mclhods and il

AjrScd™:fon?:nhe pixc-hascd image
*“ gmenlaiions because i. involves the sciccuon ot mmal

WsTpiroich 10 oegmenlation examines Che neighboring
., of the initial “seed points™ and determines il the pixel
should be added to the seed point or not [14]. The process is
iterated as same as data clustering.
Boundary based method - 'Lhis method traces the exterior
boundaries of objects, as well as boundaries of holes irisme

these objects, in the binary image. ~

Figure2 (a) Onginal image (b) Region of interest method (c) t7?
Connected components method (d) Region growing method (e) Boundary'
Based method

IV. Proposed Method AH
known are
support or segmentation wth r tta S n"® i .

i it AT oMUl seems to jeint

effort is been validntmi u - !
.menls. The important

T Prospective. Tliis
rind objective

work is it obtains promisingS L 'fo? sl r

-superior target detection. Wie™e do

application of the Wjener ffiltor < is an
‘nherent in deconvolution 11X0 - -~ ™M problems
' "attempting to minimize the imnad nr 1" domain.

impact ofdeconvoluted noise at

{requencies which have a poor
Wiener deconvolution liltcr provides
most easily described in the frequency do™aj” L.

l//(/)' )AN {f)
whore
C,(f) and l(fare the Fourier tm nsfim Al
respectively at frequency f.
e S(0 is the mean power spectral
signal x(t)

N (O is the mean power spectral

»  the superscript *denotes complex’ conjiteMH *

To overcome some of the limitations
methods for classification and segmentation,.b o S ~ 3
methods arc often used to look for cxplich |
boundaries between regions corresponding to difFcrewl-f*
types. It is necessary to distinguish the irsice wwr!
outside of the edge, the Laplacian operator can bc/™.'»

two dimensions, the Laplacian operator is definedask 1
q2 N2

= ax dy 1
I'hese two methods are best fitted for S'R
segmentation even ROI competes with them N

Boundary based pushes the drawbacks thet is eniz
by Region based methods even it has its own unigees

®

Figure 3.  (a) Filtered liraoge (wiener) (b) Region of interest nikiikdt
_Connected components method (d) Region growing rethod
y Based method

0) © (f

""" The subjective experiments itself states thalhe

\5 coupling method shows the improvised outoone i.
principled manner.

V.

RES'crLTS AND Findings

It is important when evaluating the pert’YF»
algorithm to have a priori knowledge on . d

application it is addressing. The relative i
different methods and proposed method

eommpared using the MSE criterion, PSN graoce
elapsed time. Two more parameter like ~iL2>
difference and image fidelity also i@
effer, Tike pawarmance of each teor & |
unigiieness amil linawits on the talken aatril"™

Figure 4,5,6 demonstrates the PNTIVYrjective
deconvolution filters for above said
Figure 7 estimates the concert ot sv-

reviewed for this work.



r*jlurc 6  (0) Mean Stjuarc error rate
oK

4. 5. 6 slates the comparison of decom uliilion in
ifC manner which depicts the necessity ol wienci lor
itation methods.

liliurc X  After filtering the imai>- (a) Sij’nnl W>noix- r.moibi IVak Sif.nal
1o noise i.itio (ct Mean Sgiii.ire t rior

Irom ilie experimental results hiuher PSNRs and
enhanced visual eminence is lakeit into account lor provinii
the proposed method. I'igurc 8 is the objective evaluation of
the proposed methods. Ihc observation from it explains that
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tn conditions in the lakes and men;

k- in tK Bivic> ofCljmjMc change and CiloKi!

Sartcfthe imafo”~sw imprent the possibilitiCN lor

Wifiorinn of »oc i\ my ventr large areas Numerous

rflfdkes hint #iKmn d.ivUfKSttion ba”d on texture features can

» Mf the pftdxion rf w irtopretstion. Iliis paper present.s a

Wxhn sOmv of im.)" processing on the ice patterns in

HTtit apenure radar ( imagerx, Ilcre. analvsis is done on

I prrhyinaocc of icxu” features derived from the gras-lexcl

[mOcurgrfKt mi«rix Kapron oihancemcnt nKthods, Ihc

j2crinoi.»I*<m  ahilitx the proposed method for tc.Murc

iTTprstatron tx cxamirusShd compared b> objective parameters.

AN nprrinx-nts arc cMr7I1®cd on several S\R images to provide

tf>er *  sms ot the revulls This experiment concludes that the

/mptecn™niw” in representing ice tcx.iure is one that

(mih/rs the output tk-m ~ from fusion of filter and smooth hv
lof u.sing tv<h kvecifiClrid median filters.

fcvuire, SA
ishtx Metrics

| ifters. letrtunc 1xlraction. Image

IfM i?omcnov

of the man<« ptxfbki”~ with Svnibclic Apenure Radar (SAR)
,m Ixthat an ima”M xd tm) omlain erKrg> rclkctcd from
Idiacv-m ‘hjects cauxini™sx s*Mrcklcd-filled imager). Even in
\% Si>w e f&r ao e»erg\ return should be excreted.
oerpv trswn adliaecnt t and duticf areas oxer irtto the
ANPED0- area catojnqul;\. led shadow area. The noi*> shadow
(t-xIxx cd™c dettxniun'~Sr Even fewa humen obsenver, the
Adpe mav be dilTicull tor ie. A secoftd problem the SAR'
Jaxagm rs.that mwv.suffl™" fe ihe exMi ~ ioouksn
[xiiS* making evalaationycll' fisc rKiiifls dfiTtotrfl. Ihe fottlS of tIx
[escirrih  v*ork here these twi.. jpcoWETOS by
I'mv’Hfiflig a cuenhined v”~aac fesf tlk” A \R iipoi
ijdini an approadi I® tw fexbxe 8|jna«iiwWfi

.arr' Mon - n*Sf difi‘al arpr«fiMil» «i{hr

1 .r cii'-vo'i'n use
mx s Twr OF &*Tr Knixi
be,r tNs wdver .ifv|* ft* daw 6» Ni»
wiesfdiie til rcp-jbii'k st aarvM  te iIAIVWEN, j*
Xifr-res pux sfcrUic ;vtr

16-17.2010, Iti~
fiflOrt

Il S\R im.iycs|S] Ihis hciucfortti reduces the image cxnttm
which lekis to direct ncgutice cliccl on texture based anaK-sis.

solve the problem of noise SAR im.iges. 1 liisiivn of kuan a
mcdi.in niter is proposes! and then segmentation is done us.
texture basetl lechimtues Ihis increases the ncccl lor prof
selection of filter aiivl siruHitliiiu', tcehninucs to avoid maximv
degraci.itioii ol imai;es|,!||n] Here the clTeei of kii.in filler w
median smoothing is tned on the SAK im.tgcs lor hetlcr text!
ciassilication liie expertise to categon/c ice lcxftire m S

imagerv is extremelv siiMiilicant in aiulvsis. d.issilieation. ,
inlegirelation Statistical texture analvsis is ccrtnpar.itive!) be'
then the aiialcsis based on mlimisic graj Iccclslll lew w
proves that textural ine.isiiantenls provide belter descriptors

ice emers. but on lilcTature a need lor K:iter preprocce

nicthiK! is rciliiircd lieneeforlli.

A\ cc>mprcliensive experiment is earned out here band on
evaluation parameters ;ukl cliiarililiablc incirus (17| si his v
evaluates the objective parameters and emplua/cs the nee
preproex’ssing  eomhination  melhoJ-.  lor teviure h
dassiricalion. lhis paper miriKluces a ikw appro,leh. w
incorporates the kuan filler and snuHitliiinr teetinii’'uc (me
altogether, to achieve the goal of smoothing imilorm area-
preserv ing the edges. Ihe paper o, stniciurcd as Seetiiin 2
with the image preprocessing s.elieme with snbieeti'.c evali
process. Section 3 comprises ilh- texture kiscvl le.iture extra
Sedion 4 converses the comp.irison ol rdtcrifi'.; meiliids ,ii
expcrimenlal results of the approach  the pajKr end.
refft"ks «t possible future work m llnv awva and
cxKichHtons.

2 IM\fli: I Nil \N< fM fM

Syfrthcfrc Apenure Radar (SAKi takes advantage ol lonj
duraclai«liex of raJar Mgnais and ihc

mifrn~ian proommg capabilits ot riHidcrn digilal cicctrc
pr«rkk Im[* re*obi»M» inw i|*. Physical paranvtcrs rel
the effthl surface atui xmotphcTc behave dilkretulv
obfen”d «t dfffertnt npxc-fime K«ie». Monitoring teef
ciihef remoie ar gfour»»M»ied, nHv on the prmeif
Atervtkxtt n laod o*ver will muU in axicwrcni change
fifoaure of the tAeicied kmd mtrface. The scairat

itKSIt i« Hrpoily tlgwtdcnt on the procuring pr
flwwy fIf fpdmeefe oorwciim. image dau
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i-v Icliril") ofini '«-< lor

,,,,30 enh ccmenl >rro « ‘JN Ud nois easin
Lh ane (1) cnloung ounTigt- I fiin ﬁ(
uman V|ch|n ‘lof- oxanlplcs ol umnal

..d and W«.Ti»s»d
opcr.nions. 1* - " " ~ ' A ' gjhrncc iHc SAR image. In thi®
,h” contras! range arc N ~shariniess (ainnunt ol blur

- pi_'

\arious .areas ot tlie image.

2.1. Proposed Knliancemenl method
The pnncip.ll ohjeetbe Ave"

?mdt'spcclk obSat [6]. During this

~Aunbmes of .he image arc mcxiified. Ihe choice ° n
the ivai thev arc inodif.cd arc specific to a given task. ~5orcO cr
observer-specific faciors such as the human visua and llle
obscncr's experience \\ill introduce a great deal ol subjectiv t®
into the choice of image enhancement methods. Based on the
image data representation space hero image enhancement
techniques arc divided into two processes, hirslly. images were
"ocessed according to a lllleriiig approach. Ihc Kuan lilter is
used pnmanl} to filter speckled radar data. It is designed to
smooth out noise while retaining edges or shape features in the
image, Kuan filter also smoothes the image without removing
edges or sharp fe.atures in the imagcs[3J. It is only applicable for
radar intensity image. Kuan filter first transforms the
multiplicative noise model into a signal-dependent additive noise
model[8]. Then the minimum mean square error criterion is
applied to the model. 'llie resulting filter has tlie same form as the
Lee filter but with a dilTcrent weighting function as the Kuan filter
made no approximation to the original modell3]. The resulting
images were then filtered again with median filter to achieve
further smoothing.

It IS a nonlinear operation used in smoothing to reduce speckle
noise It is more cfiective than convolution when the goal is to
.nuilaneously reduce noise and preserve edges.

Subj..ah«so,s,Km ,«,s used .0 evuluuic i],e piciurc quuliiv
Ol la S.\R images However careful subjective assessments of
qualu, ore c,peri,,e,,ully d.llicull and Icnglhv n,d

design process. As of it obicctive m 'nc r
also carried and the r«uhs are camlcTTI

performance evaluation. section 4 m

Figure 1 Preprocessing rcsults(a) Originii! tangt (h) Fixmi i
(c) Filtered +Smoothed image

In the figure 1, Ihc b.nckground is smooth; there b vitn
variation in the gray-lcvcl values. In the fortground ihes»&|
contours of the icc exhibit more texture. In these eqerind
images, foreground pi.xcls have more variabilit) and

range values c.nn be achieved. Fusion process nokestecte* |
contours of the icc area more visible. Tliis anahsis ittel!;je«/
quantify intuitive qualities described by terms such o5 t«”
smooth, silky, or bumpy as a function of the s'itidl vat.«imi
pixel intensities. In this sense, the roughness or bumpincawfe
to variations in the intensity values i.e gray levels. Thissti™
source therefore will yield belter results in texture ssteettjpm

3. TEXTURE BASED SEGMENT.VTION

Several robust segmentation schemes for S.\R images hoe
proposed over the last few years There are two
methods (1) edge detection and (2) region cowir?>=  *
compute an edge strength map using the muUiresolulw
/li'erages (ROA) operator. 'Noxt is 1%
thresholding method, Ihe over-segmentation
thresholding the basin dynamics. All I

corresponding to dilTercnl thresholds may be j
hierarchically in an edge dynamic,s image, h' la
significant edges, we must in many eases set |
threshold and thus accept the detection ot n

well. In the final step, we reduce the
merging adjacent regions whose nictui
dilTeroiu according to likelihoodnilio e
textured zones. These criteria allow us to ¢



fil merging regions that arc visinK diiVerent 11~
bell suited for applications uhich need a mrtii.
hs, efjclassi/icaiion. The order in uh.Jh die lecions
m a gaMt mnucncc on the niial result More .
on tcduiv based segmental,on.uhieh ;s a *-, K
f that recpines no time-consnmme son,,,,. ,*

nTallon is il pailitioning ol an image into regions,

HHh coniams a sing.le texture distinct from its
j7] MatlKitUiMicalis. imago segmentation can he

is or more basic local pallems that are

tifciiodic manner. lexture can also be termed as a
Ims been scaled down to nicjvsure the \arialion of the
surface, quanlifsing properties .such as smoothness,
repularit>15] It's oflcn used as a region descriptor
Umlssis and computer vision. The tlircc principal
isesi to describe texture arc slatislical. structural and
NinShtislical techniques charactcri/c  texture b> the
of the gray levels of the points comprising a

A cally. these properties arc computed from the gras
or gray level co-cK-currcnce matrix of the surface
iecliniqucs charactcri/c texture as being composed of
I'|liiwHi'cs called "lcxels" ftexlurc dements), that arc
imngcd on a surface according to some rules. llicsc
Jb~ally defined by grammars of various tvpcs. Spectral
ibc h.iscd on properties of the | ouricr spectrum and
jjhickel periivdicitv of the gray levels of a surl'acc by
;. liigh<ncrgv peaks in the spcclrum. It is a spatial
eating what, apart from color and the level of gray,
the visual homogeneity of a given zone of an

VW' ' texture segmentation or texture
£ Jd.iscd on the pixel values tliat provides standard statistical
E'4*ilMrofl2). These statistics can charactcri/c the texture of an
n biOitsc the) provide infomtalion about the local variability
P ‘«ffhcmtewiv values of pixels in an image. .Similarly, calailating
S deviation of pixels in a ncigliborhofxi can indic.ttc the

of variability of pixel values in that region. This proves
fiwtefcwKcd results can be given by texture segmentation than
% thcWlier intrinsic methods.

manck K\ ,MT"\TION

I, “vtant when evaluating the

. pnon knowledge on . from the
J.w«ddR5diinf. "The performance expansion v

if Qttsnatic determination of objective nnssibilily t*

> Dtan”sun of coded images and also from ~~ . Qualil)
escotwive adjustmenls to improve or optimize itv . o3

, to . tfeahvd quality of service.The relative

* "Mifertr* methods were evaluated and compared usi ~ .,

- «riteict. PSNR dilTcrence effectively. 'lic J; .

“HRRFQUe has its own uniqueness and meritson tle * ¢
mn« fij«: 2 »d r,gl- 3 JcnK. .«rolcs UJ
«tiua»on of kuan filler and kuan combined with sni>o
P~ tomancf for above said subjective estimation.

"rSn&NIR*
i g iooq7 i fttri
| tel'iillnijs j Wiidfifi

FiRUrc 2: PrcproccwinR objective cvaliwtion (a) Original Imaje
(b) I'ilUercd ImaRctc) Httercil 4+ Smoothed image

Mean Square lirror:

MSI; measures the average of the square ofthe "error." Ihc error
1s the amount by which the estimator dillcrs from the giianlilv lo
be estimated. The difference occurs because of randomness or
because the estimator docs not take into account tor the
inibrmation that could produce a more acCTiratc estimate

Peak Signal to Noise Ratio.

PSNR =W\og" -~ N @)
MSE

Peak signal-to-noisc ratio, often abbreviated PSNR. is an
engineering term for the ratio between tlic maximum possible
power of a signal and the power of corrupting noise that aflecis
the lldelitv of its rcprescnlaiion.

mfo achieve the best image quality, noise and artilaets are
generally removed at the cost of a loss of details gcner.iimg the
blur effect. To control and quantify the emergence ol the blur
cficct, blur metrics hits been taken here for objective cvsiluation of
the filtered images. By associating lhc blur cliccl with these
PSNR and MSP. metrics the presence of noise can be evaluated
objectively liiiscd on the observation the proposed is

clislingiiish then the classical liltcr methods.

e|he figure .1 shows lhc blur metric analvxis of various output of
tlie filtered image using kuan ;uid kuan " nicduui filter prikcss. It
is a means to compare the quality of restoration ntcihods or

scaling nielh<xis| 111.



Blur Metric

MR MR 1Ta8 Infed ragEsS
Nimer of Ieges

r-ipurc J: »lur metric calculated for the SAR images

V features liate been detected, a local image patch around the

.re can be extracted. This extraction ma\’ invoisc quite
considerable amounts of image processing techniques. 1Jic result
is kaioun as a feature descriptor or feature vector. The Gray level
@ occurrence inatrix(GLCM) is used for feature extraction
module. It computes gray level features of a byle sequence.
Texture measures were calculated from the GLCM and compared
vitli identity scale and directional structural differences between
the images. Four texture features were extracted and the
perlbrmancc of the ic.xiure based method is analyzed with these
four parameters namely contrast, homogeneity, correlation,
energy.
Mnd also evaluate its performance, we compared this metric with

*biectivc tests done in section 2. There is vast significance
en no-rcfercnee blur metric and the human estimation.

| ive SAR images set are taken as tiie test bed for implementing
the combined preprocessing scheme;

Contrast

RLtums a measure of the intensity' contrast between a pixel and its
neighbor over the whole image. The contrast level should be high
so that an object can be easily detected in an image.

0-1 F ¢
T"r=E?ri2;2:/Hg"'.g"))-,3,
X=1 g'=I

Homogeneity

iriie tfm Tihc GICmT "
parameter is also hi'jh when rn A 'Agonal. 1he distribution

mdeed this helps in knter segm Son.""
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Uctained Energy "3

Rciiims the sum of squared eiements

the image arc calctilated highly
the tissues based on the fcxiure,

E- « me -

Correlation

Returns a measure of how correlatedapixcl” '~ "2
the whole image. Correlation of the pixel th r/ ' e
method is high when compared to bmindai®

p-Har _
" Cor ~ LL gs")p{-9.9")
VX=*7N

Eqn 3,4,5,6 is the representation of the selected
i\s real textures usually have so many dinbrent n»gniiBdM&

texture properties arc not independent ofeachother *  #
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Figure 4: Comparison ofcootraM for N

processing schenjr N



rJi r«MBp»ri‘on orilonjv>gcncil> for the i«o compared pre
proccssini: scheme

B Hftf'i-C |

*: Cfroi®irmiii of ener?>\ for the two compared pre processing
scheme

of Is\o methods shows that initializing the
of prepros”sing scheme using piscls is better then
filter nsetbod. Contrast ar.d Romogeneit> ot the t\so
are shovsn in the top two rows in lisure 4 avi
cnergs and correlation arc shmsn in the bottom is'si
6 and 7. 'nierefore, fcxlurc featua® extraction b>
filler + smoc>th is robust and prosed > the

/1 . WsM

tipurc 6: Comparivon ofcor Tcblion for the two compared [
processing schere

5.(0\CLLS10N

The proposed preprocessing schenve applies Kodi kuar
median filtering on the corrapled images to radue-e the bha:
results shows that this method removes spseckie no'S“x
simultaneousls preserves edges at higher levels of
evident from companson with existing niters. Hxrcnr
results also show i'ut the proposed scheme is supcncc ov
stnic-of-lhc-an of filters m transforming higher peak ssg:
noise ratio iPSN'R), as well as mainiaiiung less Nkan Sque
lirror (MSht and lower blur. On the conclusion!, this s
perfectlv outfits tite texture anaUsis based reaium exti
which  preduees a better dassifieation s>stem i
development is on the segmentation meth.cxis to impa™
compuiaiionai time of the feature extraction prexxss,.
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