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ABSTRACT—Synthetic Aperture Radar (SAR) is widely 

used for obtaining high-resolution images of the earth.SAR 

Image processing is greatly affected by speckle noise .The 

despeckling process of SAR image where speckle may 

interfere with automatic interpretation, which can further 

affect the processing of SAR image. Synthetic Aperture 

Radar (SAR) image is easily polluted by speckle noise. The 

speckle reduction of SAR images is based on spatial filter, 

Wavelet transform, Curvelet Transform, where the 

smoothening of image is difficult to achieve. Inorder to 

achieve an improvised quality in image the despeckling is 

done by using shearlet Domain. Thisproject introduces the 

effective speckle reduction of SAR images based on a new 

approach of Discrete Shearlet Transform withBayes 

Shrinkage Thresholding. The shearlet domain turns out to 

be a powerful tool for image enhancement in fine-structured 

areas. This model allows us to classify the shearlet 

coefficients into classes having different degrees of  

heterogeneity, which can reduce the shrinkage ratio for 

heterogeneity regions while suppresses speckle effectively 

to realize both despeckling and detail preservation. The 

combined effect of soft thresholding in Shearlet Transform 

works better when compared to the other spatial domain 

filter and transforms. It also performs better in the 

curvilinear features of SAR images. 

 

INDEX TERMS—SAR, Despeckling, Curvelet transform, 

Shearlet domain, Wavelet transform. 

I. INTRODUCTION 

YNTHETIC APERTURE RADAR (SAR) plays  an important role 

in military ground surveillance and earth observation. The 

SAR-systems have been developed for both space and 

airborne operations. The imaging system of SAR is based 

on coherence radiation, soSAR images are inherently 

degraded by multiplicative speckle, which makes them 

more difficult to analyze and interpret[1][2].For these 

reasons, a preliminary processing of real-valued detected 

SAR images aimed atspeckle reduction, or despeckling, is 

of crucial importance for a number of applications. Such a 

preprocessing, however, should be carefully designed to 

avoid spoiling usefulinformation, such as local mean of 

backscatter, point targets, linear features and 

textures[3].Thus, certain methods havebeen developed to 

remove speckle from SAR images. They can be generalized 

into two categories, namely methods applied before and 

after image formation. The first category consists of the 

multilook processing performed in the frequency domain. It 

is applied to reduce speckle by averagingseveral 

statistically dependent looks of the same scene during 

image focusing in the frequency domain. This method 

enhances the radiometric resolution at the expense of spatial 

resolution, resulting in blurring[4].Spatial filtering, such 

asLee filter [5], enhanced Lee filter [6], Gamma MAP filter 

[7],Frost filter [8] and so on, has low computational 

complexity so the details of SAR images are not preserved 

effectively. The wavelet transform is able to represent 1-D 

signals witha high sparsity. However, this is not the case in 

2-D signals.Usually 2-D wavelets are produced by the 

tensor product of 1-Dwavelets. In this case, the wavelet 
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transform can only identifypointwise discontinuities. In 

other words, the wavelet transformis not capable of 

diagnosing the direction of any line-shapeddiscontinuity in 

the image. In this case, the sparsity reduceswhen the 

wavelet transforms are used for image representationbut the 

Gibbs like ringing phenomenon called artifacts occurs. 

There are various multiscale analysis tools such as curvelet 

[9],contourlet[10],[11] and Shearlet [12]-[14]which is used 

to process the image in multidirection. Curvelets take the 

form of basic elements, which exhibit high directional 

sensitivity and are highly anisotropic. The curvelet 

transformtherefore represents edges better than wavelets 

[15] but the smoothing of the image is not achieved, so we 

go for Shearlet domain which is an affine system with a 

single generating mother shearlet function parameterized by 

a scaling, shear, and translation parameter. The shear 

parameter is capable of capturing the direction of 

singularities, where the shearlets are highly dimensional 

and highly directional. 

 

 In our method the shearlet domain is considered where 

the experimental results are used to obtain a higher value of 

peak signal-to-noise ratio (PSNR) than the existing 

geometric representations. 

 

II. SYNTHETIC APERTURERADARIMAGING 

Synthetic aperture radar (SAR) is an active microwave 

sensor that transmits inmicrowave and detects the wave that 

is reflected back by the objects. In SAR imaging, the 

presence of moving targets in the scene causes phase errors 

in the SAR data and subsequently defocusing in the formed 

image. The defocusing caused by the moving targets 

exhibits space variant characteristics, i.e., the defocusing 

arises only in the parts of the image containing the moving 

targets, whereas the stationary background is not defocused. 

The synthetic aperture radar (SAR) iscompletely different 

from passive an optical sensor which retains both phase and 

magnitude of the backscatteredradar signal. It enables high-

resolution, high-contrastobservation and accurate 

determination of topographical features whencaptured from 

an airplane or satellite as shown in figure.1, as it makes use 

of radar waves to gather dataabout the earth below. 

 
Fig.1 Radar Imaging From Space Borne System 

 

III. IMAGE FORMATION 

Image formation modeling, which describes the 

sequential representation and appearance of objects on an 

image is represented in figure.2, has been studied for 

decades, and the basic models can be found in computer 

vision and image processing books [16], [17].There are two 

parts to the image formation process: 

1. geometry of image formation 

2. physics of light 

The geometry of image formation, which determines 

where in the image plane the projection of a point in the 

scene will be located and its Geometric parameters are, 1) 

Type of projections. 2) Position and orientation of camera 

in space. 3) Perspective distortions introduced by the 

imaging process. The physics of light, which determines the 

brightness of a point in the image plane as a function of 

illumination and surface properties where the photometric 

parameters are, 1) Type, intensity, and direction of 

illumination.2) Reflectance properties of the viewed 

surfaces. 

Traditional image formation modeling describes each 

specific imaging phenomenon by an individual model such 

as perspective projection part of an image formation 

process. Since the image formation process usually involves 

various geometric and photometric effects, such as defocus 

blur and vignette, it is often difficult to describe the 

combined effect by concatenating the individual models.An 

ordinary image is a projected signal of the light field. With 

this framework, the transportation of the radiance from the 

object surface to the image plane can be simply formulated 

as linear transformations or modulations of the light field 

which is pictorially represented in figure.3. Furthermore, 

these various light field manipulations can be combined 

into a single operation to account for the aggregation of 

photographic effects [18].Image Formation occurs when a 

sensor registers radiation. There are various mathematical 

models of image formationthey are 

1. Image function model 

2. Geometrical model 

3. Radio metricalmodel 

4. Color model 

5. Spatial Frequency model 
6. Digitizing model 

The images which are formed by various mathematical 

models consist of noise which degrades the quality of the 

image. 

 
Fig.2 Sequential representation of image formation 
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Fig.3 .Model of image formation 

 

IV. IMAGE NOISE 

The sources of noise in digital images arise during image 

acquisition and/or transmission with unavoidable shot noise 

of an ideal photon detector [19]. The performances of 

imaging sensors are affected by a variety of factors during 

acquisition, such as Environmental conditions during the 

acquisition, Light levels, and Sensor temperature. 

Depending on the specific noise source, there are different 

types of noises 

 Gaussian noise 

 Salt-and-pepper noise   

 Shot noise 

 Speckle noise 

 

A. Gaussian Noise 

Gaussian noise is a noise that has its PDF equal to that of 

the normal distribution, which is also known as the 

Gaussian distribution. Gaussian noise is most commonly 

known as additive white Gaussian noise. Gaussian noise is 

properly defined as the noise with a Gaussian amplitude 

distribution. Labeling Gaussian noise as 'white' describes 

the correlation of the noise. It is necessary to use the term 

"white Gaussian noise" to be precise [20][21].  

B. Salt-and-Pepper Noise 

Salt and pepper noise is a noise seen on images. It 

represents itself as randomly occurring white and black 

dots. An effective filter for this type of noise involves the 

usage of a median filter. Salt and pepper noise creeps into 

images in situations where quick transients, such as faulty 

switching, take place [22]. 

C. Shot noise 

Shot noise or Poisson is a type of electronic noise that 

occurs when the finite number of particles that carry 

energy, such as electrons in an electronic circuit or photons 

in an optical device, is small enough to give rise to 

detectable statistical fluctuations in a measurement [23]. 

D. Speckle Noise 

An image with speckle noise is considered as a poor 

quality image. This type of image can lead to inefficient 

interpretation of data during processing.Speckle noise is 

caused by signals from elementary scatterers, the gravity-

capillary ripples, and manifests as a pedestal image.Several 

different methods are used to eliminate speckle noise, based 

upon differentmathematical models of the phenomenon. 

One method, for example, employs multiple-lookprocessing 

[24][25]. A second method involves using adaptive and 

non-adaptive filters on the signal processing. Such filtering 

also eliminates actual image information as well, in 

particular high-frequency information, whereas the 

applicability of filtering and the choice of filter type 

involves tradeoffs. Adaptive speckle filtering is better at 

preserving edges and detail in high-texture areas (such as 

forests or urban areas)[26][27]. Non-adaptive filtering is 

simpler to implement, and requires less computational 

power.There are two forms of non-adaptive speckle 

filtering: one based on the mean and other based upon the 

median (within a given rectangular area of pixels in the 

image). The latter is better at preserving edges whilst 

eliminating noise spikes, than the former is [28] methods. 

 

V. NEED FOR FILTERING 

The presence of noise in the SAR images reduces the 

PSNR value to a greater extent and inorder to obtain a 

higher peak-to-signal noise ratio (PSNR) the filtering 

process is employed which is done using spatial domain 

filtering process. The presence of Speckle [29] noise 

degrades the quality of US and SAR images and thereby 

reducing the ability of a human observer to discriminate the 

fine details of diagnostic examination. Images with speckle 

noise will results in reducing the contrast of image and 

difficult to perform where the spatial domain filters like Lee 

filter [5], enhanced Lee filter [6], Gamma MAP filter 

[7],Frost filter [8] are employed. 

 

 

VI. SPECKLENOISE REDUCTION METHOD 

The speckle noise model may be approximated as 

multiplicative and is given by 

                         (1) 

Where 𝑛𝑖,𝑗  represent the noisy pixel and  𝑛𝑓𝑖,𝑗 represent the 

noisy free pixel,𝑚𝑖,𝑗  signify the multiplicative noise and 

𝑎𝑖 ,𝑗 indicate the additive noise respectively i,j are indices of 

the spatial locations. Because the effect of additive noise is 

considerably smallercompared with that of multiplicative 

noise (1) may be written as 

     (2) 

Logarithmic compression is applied to the envelope 

detected echo signal in order to fit within the display range 

[6]. Logarithmic compression affects the speckle noise 

statistics and it becomes very close to white Gaussian noise. 

The logarithmic compression transforms multiplicative 

form in (2) to additive noise form as 

         (3) 

(4) 
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The term (𝑛𝑖,𝑗  ) is the noisy image in the medical image 

after logarithmic compression is denoted as 𝑥𝑖 ,𝑗 and the term 

log 𝑛𝑓𝑖,𝑗  , log 𝑚𝑖,𝑗 these are the noise free pixel and noisy 

component after logarithmic compression, as 

𝑦𝑖 ,𝑗 , 𝑛𝑖 ,𝑗 respectively.The next step is the computation of 

wavelet transform of 𝑥𝑖 ,𝑗 . One of the important issues to be 

considered in wavelet transform is the choice of the best 

wavelet function as well as the transformation algorithm. 

Since we are interested in isolating the speckle noise in the 

image, the most appropriate wavelet function is one, which 

its shape looks like the speckle pattern. For this purpose, we 

computed the average of i and j cross sections of several 

speckle samples in the logarithmically transformed data. 

According to this study, the 2D Gaussian function has been 

found to be the best model fitted to the speckle pattern 

cross-section. 

VII. EXISTING TECHNIQUES 

 

A. Wavelet Transform 

Wavelet transform, which is considered as a powerful 

tool for the despeckling of SAR images, due to its useful 

properties such as time-frequency localization, 

multiresolution, sparsity, and decorrelation. Wavelet 

despeckling filters areexhibiting fairly well performance 

over the other standardspatial filters. 

The multiscale analysis of wavelet based speckle reduction 

process usually include (1) logarithmic transformation (2) 

Discrete wavelet transformation  (3) Thresholding the 

wavelet coefficients (4) inverse discrete wavelet transform 

and (5)exponential transformation [30].The wavelet 

transformation is a bit better than spatial domain filters but 

the effects such as artifacts occurs during processing and 

the method is not very directional. 

A. Curvelet Transform 

The approach with curvelet transform reduce speckle 

noise and enhance edge features and contrast of synthetic 

aperture radar (SAR) images[31].Initial curvelet transform 

[32], [33], which is also called as the first-generation 

curvelet transform, decomposes the image into subbands, 

and then, each scale is analyzed by means of a local ridgelet 

transform. However, this transform needs many steps, such 

as subband filtering, tiling, and ridgelet transform,which are 

very complicated. Later efforts found that a new version of 

fast curvelet is simpler and faster but approach is not very 

directional and wrap around effect occurs while is 

processed. 

 
Fig.4 Artifact Effect in Wavelet Transform 

 
Fig.5 Wrap around Effect in curvelet Transform 

 

VIII. SHEARLETDOMAIN 

The shearlet transform is especiallydesigned to address 

anisotropic and directionalinformation at various scales. 

Indeed, the traditionalwavelet approach, which is based on 

isotropic dilations,has a very limited capability to account 

for the geometryof multidimensional functions. In 

contrast, the analyzingfunctions associated to the shearlet 

transformare highly anisotropic, and, unlike traditional 

wavelets,are defined at various scales, locations and 

orientations.As a consequence, this transform provides an 

optimallyefficient representation of images with 

edges[34].Theshearlet transform can be processed in both 

2-D and 3-D representations. 

 
Fig. 5.(a) The tilting of the frequency plane bR2 induced by the shearlets. 
The tiling of D0 is illustrated in solid line; the tiling of D1 is in dashed 

line. (b)The frequency support of a shearlet ψ{j,l,k} satisfies parabolic 

scaling. The Figure shows only thesupport for ξ1>0; the other half of the 
support, for ξ1<0, is symmetrical. 

 

In this section, we briefly describe a recently developed 

multiscale and multidirectional representation called the 

shearlettransform [35].The collection of discrete shearletsis 

described by 

(5) 

Where 

 
For the appropriate choices of, the discrete shearlets form a 

Parseval frame (tight frame with bounds equal to 

𝐿2 𝑅2 [34], i.e., they satisfy the property 

(6) 

The discrete shearlets described above provides a non-

uniform angular covering of the frequency plane when 

restricted to the finite discrete setting for implementation. 

Thus, it is preferred to reformulate the shearlet transform 

with restrictions supportedin the regions given by 
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 𝛹 0  𝜔 = 𝛹1 𝜔1 𝛹2  
𝜔2

𝜔1
 , 𝛹 1  𝜔 =

𝛹1 𝜔2 𝛹2  
𝜔1

𝜔2
 (7) 

where𝜓1,𝜓2   𝜀 𝑐∞ .  𝑅 , supp𝜓1 ⊂  −1/2, −1/16 ∪

 
1

16
, 1/12  and supp𝜓2 ⊂  −1,1  

       (8) 

And, for each j>0 

                 (9) 

Let 

 
Choose to satisfy 

 (10) 

for𝜔 𝜖 𝑅2 ,where 𝜒𝐷  denotes the indicator function of the 

set 𝒟 .with the function 𝜙 and  𝜓 as above ,we deduce the 

following result. 

IX. PROPOSED METHOD 

 
Fig.6 Proposed method  adopted for image denoising using Shearlet 

Transform 

a) Peak Signal to Noise Ratio (PSNR)  

It is an assessment parameter to measure the performance 

of the speckle noise removal method [36]. The formula is 

(11) 

b) Mean Square Error (MSE)  

The Mean Square Error is used to find the total amount 

of difference between two images. It indicates average 

difference of the pixels throughout the image where DI is 

the de noised image, and I is the original image with 

speckle noise. A lower MSE indicates a smaller difference 

between the original Image with speckle and de noised 

image [36]. The formula is 

(12) 

 

c) Thresholding Level 

We employ Adaptive BayesShrinkage threshold 

On DST Co-efficients, 

                           (13)       

Fig.6 show the proposed method where the DST is applied 

to get Shearlet co-efficients, then the Bayes 

shrinkagethresholding was applied using the formula (13), 

from which hard and soft threshold threshold was 

calculated to achievebetter result. Moreover performance of 

the proposed method was analyzed using PSNR and MSE 

given in formula (11) and (12). 

Test Image 1 

 
Fig.7 Despeckled Images of Test Image 1by various Methods 

 

Test Image 2 

 
 

Fig.8 Despeckled Images of Test Image 2 by various Methods 

 

Fig.7&8 (i) Test  Image1,Test Image 2(ii) Speckle added image at σ = 20, 
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Despeckled image by (iii) Lee filter (iv) Median filter (v) Mean filter (vi) 

Frost filter (vii) wavelet Transform (viii) Hard threshold in curvelet 

domain (ix) Soft threshold in curvelet domain (x) Hard threshold in 

Shearlet Domain (xi) Soft threshold in Shearlet Domain  

 
 

Table.1 Comparison of MSE & PSNR Values of different despeckling 

methods for various Test Images 

Despeckling 

Methods 

 

TEST  IMAGE 1 

 

TEST  IMAGE 2 

MSE PSNR MSE PSNR 

Lee Filter 1180.68 15.71 1830.95 17.53 

Median Filter 1059.34 17.30 1403.9 17.51 

Mean Filter 847.10 17.64 1172.09 19.65 

Frost Filter 773.87 19.25 1188.07 21.16 

Wavelet 

Transform 
677.81 25.58 993.19 25.01 

Hard 

Threshold in 

Curvelet  

Transform 

365.05 28.57 784.46 27.68 

Soft 

Threshold in 

Curvelet  

Transform 

246.76 30.57 457.34 29.68 

Hard 

Threshold in 

Shearlet 

Transform 

145.89 35.67 345.78 33.67 

Soft 

Threshold in 

Shearlet 

Transform 

89.53 39.53 164.74 35.27 

 

 Table 1 shows the comparison of PSNR and MSE values 

of the two test images, from which we can say that the 

proposed method outperforms all the other method in terms 

of higher values. Also from the Fig.7 & 8 the visual quality 

of the despeckled image can be studied that the proposed 

method overcomes the drawback of the existing techniques 

and also gives good visual impact in terms of image 

features when compared to all other techniques. 
 

IX.CONCLUSION AND FUTURE WORK 

 

 A sub band dependent threshold is implemented with 

DST for removing speckle noise. Image denoising 

algorithm uses both hard and soft thresholding level to 

improve smoothness and for better edge preservation. The 

Bayes Shrinkage thresholding based DST outperforms all 

the other methods and moreover overcomes the drawback 

of artifacts in wavelet transformand wrap around effect in 

curvelet transform.The improved performance of Shearlet 

has been achieved due to its high directionality along more 

orientations.To improve the performance further the 

proposed despeckling method can be combined with any 

spatial filtering technique. 
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