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Abstract: Problem statement: Synthetic Aperture Radar (SAR) images are becomioge widely
used in remote sensing applications. SAR uses mavre radiation to illuminate the earth's surface.
The coherent microwave illumination, however, sidfférom fading effects result in generating a
multiplicative speckle noise that corrupts SAR imagA\pproach: Through this study, scheme to
reduce speckles was proposed, it was designed domgudish the following goals: Reduction of
variance in homogeneous areas, side by side wisepvation of edges and lines. Our scheme
estimates data samples where speckles were rdsmrdamples on regularly shifted sampled grid of
original SAR image. Firstly, median filter was fiegpplied on the original SAR image. Secondly, edge
enhanced filter was applied to the median filteiradge. Then the filtered images (median and edge
enhanced median images) were spatially shiftedth mispect to the original SAR image. Lastly,
Noise-free SAR image was derived through a prajectf down sampled shifted images (median
filtered, edge enhanced of median filtered andioaigSAR Image) onto a subspace using Normalized
Convolution (NC). This led to more samples of tl@ene modality being gathered for the analysis
(smoothness through applying median filter, edgesnfenhancement of median filter and original
SAR samples), which in turn improves signal-to-eoisatio and reduces diffusion across
discontinuities.Results: Proposed scheme produces same variance level antBed area as other
statistical filter, about 0.12 higher than the bafsstatistical filter. On the other hand it swrplother
statistical filters in preserving fine detail apibduce 33 and 27% higher than the best readinigeof
statistical filter in ENL and DR values respechive Conclusion: The proposed scheme produced
compromise results of speckles reduction and preggtevel of fine details that have an important
factor in further image processing and interpretati
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INTRODUCTION Speckle is caused by the interference between
waves reflected from microscopic scattering through
Speckles affect all coherent imaging systemshe terrain, in the particular case of SAR imagess
including laser, medical ultrasound and SAR imagerykind of noise can be modeled in terms of a random
Recently, there has been considerably interessimgu walk in the complex plane and, in the case of gdar
the wavelet transform as a powerful tool for recm@ number of scatters within the resolution cell (full
SAR images from noisy data (Gebal., 1994; Gagnhon developed speckle); the real and imaginary parthef
and Jouan, 1997). Basically, all wavelet based oulsth resulting complex field are Gaussian random vagisbl
involve as a first step the use of a logarithmémsform It has been experimentally verified in several veoitkat
to separate the noise from the original image. Thenover homogeneous areas, the standard deviatiomeof t
different wavelet shrinkage approaches are adoptedignal is proportional to its mean (Gagnon and dpua
which are based on Donoho (1995) pioneering work1997).
SAR images filtering also require a good preseovati Methods used previously to reduce speckle noise
of textural features. It has shown that a succéssfin images include the local statistics method
imaging algorithm can achieve both noise reductioth  (Melnik et al., 2000), the sigma filter (Lee, 1981), the
feature preservation if it takes into considerattbe @ median filter (Fisheret al., 2001), homomorphic
true statistics of the signal and noise component§iltering (Mark, 1995) and adaptive linear smoothin
(Melnik et al., 2000; Aglika, 2002). (Achim et al., 2001). Although most of these
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techniques exhibit at least some degree of edg®&/here:
preservation, the results of these filters gengmrither  {x, y} = The local coordinates of sample s with pest

still have too much noise or do not have distinaitgh to the center of analysig s
edges to allow simple edge detection algorithms t@(s) = [Po Pr....Pml"
perform well (Gagnon and Jouan, 1997). () = The projection coefficients onto the

. . . corresponding polynomial basis functionsat s
Statistical properties of radar speckle noise: The

statistical properties of speckle noise were stlidig Different from the Haralick and Watson (1981)
Goodman (1996). He has shown that, if the number ofacet model, which is also a polynomial expansh@,
scatterers per resolution cell is large, a fullyeleped  yses a so-called applicability function to localite
speckle pattern can be modeled as the magnituge ofpolynomial fit (while the facet model gives an elqua
complex Gaussian field with Independent andweight to all samples in a neighborhood). This
Identically Distributed (IID) real and imaginary applicability function is often an isotropic, ratija
components. Arsenault and April (2000) have showryecaying function whose size is proportioned to the
that when the image intensity is logarithmically scale of analysis. A Gaussian function is ofterduse
transformed, the speckle noise is approximatelythis purpose. The projection g(an then be used to
Gaussian additive noise and it tends to a normaferive Gaussian derivatives, which are image
probability much faster than the intensity disttibo.  projections onto Hermite polynomials (Young, 2001).
Consequently, we use the log-normal distributioraas |n addition, NC allows each input signal to haedtvn
speckle noise model: if x follows the log-normal certainty value. The signal certainty is especiaigful
distribution with certain mean and variance valiksn  \when data samples are missing or are unreliabtg, (e.
In x follows the normal distribution with the same meanqye to bad sensors or erroneous registration). Bth

and the same variance. A lognormal random variabl@pplicability function and the signal certainty tah

can be generated using: the impact of a particular sample to the local
polynomial fit. The choice of the polynomial order
X o5 normar = EXP(X s /2|09M+ In m) (1) depends on specific applications. If processingdps
m more important than accuracy, NC with a constasisba

is sufficient. This locally flat model, however, e®not

Where: , model edges and ridges very well. First-order N@hwi

Mand m = The mean and the median values of thenree bases {1, x, y} can model edges and secodekor
distribution, respectively o NC with six bases {1, x, y,5xy, Y} can further model

Xnormar = A standard zero mean, unit-varianceridges and blobs. Higher-order NC can fit more
Gaussian random variable complex structures at a higher computational cost

. . . Tuanet al., 2010).
There is a straightforward equivalence between th In this study, we propose to use second-order NC
Equivalent Number of Looks (ENL) in a speckle imagefo; noise removal from SAR Images. The scale of the
and the parameters in Eq. 1. applicability function also plays a decisive rotethe

quality of interpolation. Low-order NC with a large
applicability window cannot reconstruct small destén

. ) . /> the image. The scale of the applicability function,
a technique for local signal modeling from projent however, must be large enough to cover sufficient

onto a set of basis functions. Although any basesbe  gamples for a stable local analysis. Unless thepkam
/"[lmjm, used, the most common one is a polynomialyensity is high everywhere in the image, a normal
basis: {1, X, y, % ¥, xy ..} where 1 =1 1T---I](N choice of the applicability function is a Gaussian
entries), X = [X Xp....xn] ', X* = [X1 X%...X% ] and SO function with a spatial scales = 1 HR pixel and a
on are constructed from local coordinatesNofnput  truncation of three standard deviations. This Ganss
samples. The use of polynomial basis functions makeapplicability function introduces minimal blurring

the traditional NC equivalent to a local Tayloriesr the interpolation result while its support is skitge to
expansion. Within a local neighborhood centeredyat cover enough samples.

= {Xo, Yo}, the intensity value at position s = {x 4,xy

Normalized convolution: Normalized Convolution
(NC) (Knutsson and Westin, 1993; Kuetral., 1987) is

+ Yo} is approximated by a polynomial expansion: MATERIALSAND METHODS
- B The proposed scheme: In this study, we follow a four-
fEs)=nRE ) RE X B Gy (2) stage approach to remove speckles from SAR image as

+ P ()X + P (8 )Xy R ($)Y depicted in Fig. 1.
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‘ Orieinal SAR i ‘ the performance of speckle reduction are noise
riginal SAR image ) ) 3
l variance, equivalent number of looks and deflection

ratio (Nason and Silverman, 1995).
Median filtered image

Noise variance: Noise variance determines the contents
of the speckles in the image. A lower variance gige
‘cleaner’ image as more speckles are reduced. The
formula for calculating the variance is given as:

5= (;NE;(XJ)Z] (3)

Equivalent Numbers of Looks (ENL): Another good

approach of estimating the speckle noise level AR

| Down sampler )..7 image is to measure the Equivalent Numbers of Looks
- i ; (ENL) over a uniform image region. A larger theual

—— of ENL usually corresponds to a better quantitative

shiftcd median filiered performance. The value of ENL also depends on the

image

Shifter
(shift the image by 0.5 pixels
in each direction}

Shifted median filtered image | Shifted median filtered image
(Edge enhanced)

Down-sampled version
of shifted median filtered
image (Edge enhanced)

Down-sampled version of
original SAR image

size of the tested region, theoretically a larggian will
l _ produces a higher ENL value than over a smalldoneg
[ Nomalized N\ | but it also tradeoff the accuracy of the readirigyge to
( the difficulty in identifying uniform areas in thenage,
dividing the image into smaller areas of 32x32 |sixe
{ proposed, obtain the ENL for each of these smalieas
P and finally take the average of these ENL valudwe T
SARimage formula for the ENL calculation is given in as:
— 2
Fig. 1: Flow chart for proposed SAR image de-noiseENL = (/o) )
system .
Where:

Firstly, the original SAR image is subjected to® = The mean of the uniform region _
median filter (Fisheret al., 2001) to remove the © = The standard deviation of a uniform region the

speckles across the image. Then the result of media  Significance of obtaining both MSE and ENL

filter is subject to edge enhancement filter (R2€K)2) measurements in this study is to analyze the
to modify the over-smooth effects caused by theiamed performance of the filter on the overall region as
filter. well as in smaller uniform regions

Secondly, the results of filters in previous stage ) )
(median filter and edge enhancement filter) ardiafha  Deflection Ratio (DR): The last performance measure
shifted with respect to the original SAR image lajyue that we used is in this s.tudy is the deflectioniorat
0.5 pixel in both x and y direction. proposed by (.Nason and.S|I\{errr.1an, 1995). The famul
Thirdly, the original SAR image and the output of for the deflection calculation is given as:
second stage are down-sampled by factor 2 in both 1 ~ (X, —X)IX )
and y direction. Accordingly, we guarantee thatdie TR o
not loose any information due to down-sampled pssce
(the losses of information in one image is comptatsa ( _ The scalar pixel value of the image
from the original SAR image) Finally, Normalize "_" .
Convolution is used to merge the two version of SARX: The estimated mean of ;X
images (the output of median filteand edge X, = The estimated standard deviation gf X
enhancement filter) added with them the originaRSA ) ] ] ]
image to produce noise free one. Thus we make use o The ratio M should be higher at pixels with

all information associated with all inputs. stronger reflector points and lower elsewhere. Ksgli
(2002) use this ratio to measure the performance

Performance evaluation of the proposed scheme: In  between different wavelet shrinkage techniqueshen t
this study, the assessment parameters used toaévaludiagonal sub-band only. Instead the image is ddiide
1156
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into smaller areas of ¥32 pixels, obtain the DR for For numerical evaluation; variance, ENL and DR
each of these smaller areas and finally take teeage have been used side by side with visual inspeciitie.
of these DR’s values. results of the proposed scheme are compared with
sigma-lee, frost and gamma filters (Gagnon and doua
RESULTS 1997; Lee, 1981).

Figure 2a shows that the speckle noise is prorhinen

In the results, an experiment is carried out @i re in original radar SAR image in both flat and hilly
SAR data to demonstrate the robust noise removalortions of the image; Fig. 3a shows the closek lob
capability of NC applied to a sequence of inputadat the input image. The performance measures ts
The input consists of three 512x512 imagewuthel evaluate the results are listed in Table 1. Thaased
original SAR image, median filtered and edgeimages using proposed scheme and stander stdtistica
enhanced of median filtered image. The last twagiesa ~ filters are shown in Fig. 4.
are spatially shifted with respect to the origimabhge
by 0.5 pixel in each direction. DISCUSSION

Table 1 shows that the output of median filter has
the lowest values of variance in smoothed areautabo
23% lower than original SAR noise) that impliesheg
ability to suppress the noise on the other hantdhstan
exaggerate values in terms of ENL and DR whichltesu
in over-smoothing effects at image details, thigugte
clear in Fig. 2b and 3b.

The reading analysis of the results and the output
noised images shown in Fig. 2-4 indicate tidit:
statistical filters superior than the propose sahenierms
of variance, which indicate better ability to reduthe
speckles. Mean while the proposed scheme is libtiar
others in terms of ENL and DR indicating betteligbof
preserving image details. This due to the strong
contribution of original image in the output fiketr image.

(c) (d) Table 1: Statistical measures for differentraésed filters

. . . Measures filters 0 ENL DR
Fig. 2: Output images at different stages of prepos Original SAR image 8.047 7.34 1.40
algorithm; (a) Original SAR image; (b) Median Frost 6.448 11.20 2.30
. . . h " Gamma 6.338 9.40 1.34
filtered image; (c) High pass filter of median wedian 6.224 6.20 1.24
image; (d) Output image Lee-sigma 6.408 12.50 3.45
Proposed 6.986 16.70 4.40

W 18 S I e
e

o ' ) Fig. 4: De-noised images using proposed algorithm
and stander statistical filters. (a) The output
Fig. 3: Closer look (from Fig. 2) of output imagat using sigma-lee filter (b) The out put of frost
different of proposed algorithm with same filter (c) the gamma filter (d) the output of
orders in Fig. 2 proposed de-noise filter
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CONCLUSION Goodman, J.W., 1996. Some fundamental properties of
speckle. J. Opt. Soc. Am., 66: 1145-1150.
A scheme for de-noise SAR image by applying http://portal.acm.org/citation.cfm?id=1780209
normalized convolution to the series of pre-proedss Guo, H., J.E. Odegard, M. Lang, R.A. Gopinath and
SAR images in addition to original image is propgbse I.W. Selesnick, 1994. Wavelet based speckle
and evaluated in this study. reduction with application to SAR based ATD/R.
Compared to other statistical filters, sigma-Lee Proc. Int. Conf. Image Process., 1: 75-79.
filter introduces an acceptable compromise betweemaralick, R.M. and L. Watson, 1981. A facet modwul f
speckle reduction and edge preservation. Comparing image data. Comput. Graph. Image Proc., 15: 183-12

the proposed scheme with the best results of titafis DOI: 10.1109/34.19033

filters (Lee-sigma) shows that, it surplus sigmaLe Knutsson, H. and C.F. Westin, 1993. Normalized and
filters in preserving fine details (ENL and DR), ileh differential convolution. Proceeding of IEEE
sigma-lee has a slight improvement in variance eslu Computer Society Conference on Computer Vision

the proposed scheme has a promising results in and Pattern  Recognition, (CVPR'93), IEEE

reducing fading and speckles in radar SAR images Press, New York, USA., pp: 515-523.

since it is quite successful in constructing expans Kuan, D.T., A.A. Sawchuk, T.C. Strand and P. Chavel

systems (many other filters can be added the input 1987. Adaptive restoration of images with speckle.
image sequences) so as to give height sparsity and IEEE Trans. ASSP, 35: 373-383.

super resolution but at the coast of added comipuatat Lee, J.S., 1981. Speckle analysis and smoothing of

and non linearity. synthetic aperture radar images. Comput. Graph.
Image Process., 17: 24-32. DOI: 10.1016/S0146-
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