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Abstract. Synthetic Aperture Radar (SAR) is widely
used for producing high quality imaging of Earth sur-
face due to its capability of image acquisition in all-
weather conditions. However, one limitation of SAR
image is that image textures and fine details are usually
contaminated with multiplicative granular noise named
as speckle noise. This paper presents a speckle reduc-
tion technique for SAR images based on statistical mod-
elling of detail band shearlet coefficients (SC) in ho-
momorphic environment. Modelling of SC correspond-
ing to noiseless SAR image are carried out as Nor-
mal Inverse Gaussian (NIG) distribution while speckle
noise SC are modelled as Gaussian distribution. These
SC are segmented as heterogeneous, strongly hetero-
geneous and homogeneous regions depending upon the
local statistics of images. Then maximum a posteri-
ori (MAP) estimation is employed over SC that belong
to homogenous and heterogenous region category. The
performance of proposed method is compared with seven
other methods based on objective and subjective quality
measures. PSNR and SSIM metrics are used for objec-
tive assessment of synthetic images and ENL metric
is used for real SAR images. Subjective assessment
is carried out by visualizing denoised images obtained
from various methods. The comparative result analy-
sis shows that for the proposed method, higher values of
PSNR i.e. 26.08 dB, 25.39 dB and 23.82 dB and SSIM
i.e. 0.81, 0.69 and 0.61 are obtained for Barbara im-
age at noise variances 0.04, 0.1 and 0.15, respectively
as compared to other methods. For other images also
results obtained for proposed method are at higher side.
Also, ENL for real SAR images show highest average
value of 125.91 79.05. Hence, the proposed method sig-
nifies its potential in comparison to other seven existing

image denoising methods in terms of speckle denoising
and edge preservation.

Keywords

NIG, shearlet transform, speckle noise, syn-
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1. Introduction

Synthetic aperture radar (SAR) is generally used to
capture two-dimensional high-quality images of Earth
surface in any weather conditions [1]. It provides use-
ful information for a multitude of applications like land
classification, tracking ships and mapping of forests.
SAR continuously monitors the activities on earth sur-
face efficiently. SAR images are captured by emitting
the microwave signals from the remote sensor to the
area of interest. This interaction between the target
surface and remote sensor generates a multiplicative
noise named as speckle noise. Speckle is a multiplica-
tive granular noise present in SAR images [2]. It de-
grades the image resolution and effectiveness in visual
interpretation. Hence, despeckling of SAR images is
an important aspect in SAR image processing. In this
work, a despeckling method for SAR images is pre-
sented which is capable of simultaneously suppressing
speckle noise along with edge and texture preservation.

The reminder of the manuscript organization is as
follows. Section 2. describes the related work in the
area of SAR image denoising. Section 3. discusses
about speckle noise and shearlet transform along with
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detailed description of the methodology adopted for
SAR image despeckling. Section 4. presents the
experimental results evaluated over synthetic and real
images along with comparison with current state of art
methods. Finally, section 5. concludes the paper.

2. Related Work

Research for reducing speckle noise and to improve
the visual effect of SAR images has been started four
decades ago. Speckle reduction methods in SAR im-
ages can be applied in two ways i.e. before and after
SAR image formation. The former approach includes
multilook processing of SAR images, which reduces the
speckle by taking the average of several statistically de-
pendent looks of the same region in an image. This
approach enhances the radiometric resolution but un-
fortunately reduces the spatial resolution when applied
on SAR images [3]. To overcome this shortcoming, lat-
ter approach is preferred for SAR image despeckling.
Post image despeckling methods can be classified as
spatial domain and transform domain techniques. For-
mer technique deal with direct manipulation of pix-
els or direct manipulation of reflectivity and speckle
noise present in image [4]. A wide variety of spatial
domain filters include Mean filter, Median filter, filters
presented by Lee, Kuan and Frost. These methods
produce good denoising results but the performance of
these filters is compromised due to size and shape of
filter used. Later non-local mean filters [5], [6] are pro-
posed to overcome these limitations. Although, perfor-
mance of these filters is good but computational burden
is high. At present, hybrid filters are gaining promi-
nence due to their capability of simultaneous edge re-
tention and denoising. Hybrid filters are presented in
[7]-[8]. Ali et. al. [7] presented a hybrid filter that is
derived from a statistics filters having non-linear func-
tions. In [8] a hybrid spatial domain filter based on co-
efficient of dispersion is presented. Transform domain
filters provide an alternative method for speckle reduc-
tion in SAR images. A method based on fast Fourier
transform for speckle noise reduction in SAR images is
presented in [9]. The most common transform domain
filters used for speckle reduction are filters based on
discrete wavelet transform (DWT). But wavelet trans-
form is not good in retaining directional edges in 2-D
signals due to its discontinuity and singularity. For
reducing shortcomings of wavelet transform, various
other transforms have been introduced in the litera-
ture. Curvelets introduced by Candes and Donoho [10]
shows good performance while working in continuous
domain. However, in discrete domain performance of
Curvelets is not satisfactory. Then contourlet trans-
form is introduced by Do and Vitterli [11] which is
entirely in discrete domain but is shift variant and not
associated with multi-resolution analysis. Drawbacks

of these transforms are overcome by Wang Q Lim’s
shearlet transform [12]. Shearlets are well localized
with high directional sensitivity. Also, the approach
is flexible which is helpful in image denoising. Speckle
filtering in transform domain can further be catego-
rized into thresholding and modelling based methods
[13]. The performance of thresholding-based methods
is dependent on the chosen threshold value based on
which noise free SC are retained in subbands. Thresh-
olding methods remove speckle in an efficient manner,
but sometimes thresholding leads to the truncation
of transform coefficients corresponding to signal and
hence loss of information. Various thresholding-based
denoising methods are presented in [14, 15, 16, 17, 18].
In [14] a combination of speckle reducing anisotropic
filter and guided filter in wavelet domain is presented.
Singh et. al. [15] proposed a homomorphic scheme us-
ing anisotropic diffusion in wavelet domain. In this
scheme, approximation band coefficients are filtered
with median filter while detailed band coefficients with
soft thresholding method. Prabhishek et. al. [16]
presented a hybrid method which combines directional
smoothing filter along with wavelet thresholding ap-
proach. Sivaranjani et. al. [17] presented a method for
calculating optimal threshold value in multi-objective
particle swarm optimization framework using dual tree
complex wavelet transform. Jain et. al. [18] formulates
a novel thresholding function for speckle noise reduc-
tion. The proposed thresholding function is the modi-
fication of traditional soft thresholding function and is
capable of preserving edges along with denoising.

However, modelling based methods are more useful
as noise free coefficients are obtained using statistical
modelling of transformed coefficients using suitable pri-
ors. These methods are capable of removing noise effi-
ciently while preserving the edges and line structures of
denoised images. The goal of modelling-based methods
is to choose a precise prior model of noise free data on
the basis of statistical knowledge. Li et. al. [19] pro-
posed a denoising method which restores the speckle
statistical characteristics along with denoising. Firstly
a suitable priori is chosen for homogeneous region and
then distribution parameters are estimated based on
the value of pixels in these regions. Morteza et. al. [20]
proposed a method based on non subsampled shear-
let transform (NSST). NSST coefficients are modelled
as t-location scale and denoised images are obtained
using minimum mean squared error (MMSE) estima-
tor. Yu et. al. [21] proposed a three step patch based
method for speckle denoising. A new paradigm is pro-
posed by Aksoy et. al. [22] in which both multiplica-
tive and additive noise components of speckle noise
are taken into consideration for the derivation of cost
function. In literature, noise free transformed coeffi-
cients have been modelled using two sided generalized
Gamma [23], Cauchy using stationary wavelet trans-
form (SWT) [24], Cauchy using DWT [25], Nakagami
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[26] and Weibull [27] distributions. However, Gaussian
[2] and Rayleigh [28] distributions have been used for
modelling of transformed coefficients corresponding to
speckle noise.

In this work, a new transform domain approach
based on the modelling of SC is presented for SAR
image despeckling. Normal inverse Gaussian (NIG) is
chosen for the modelling of noise free transformed coef-
ficients, as these coefficients in SAR images can be well
approximated by NIG distribution due to their heavy
tailed data distribution. The main contribution of the
work presented in this paper is that the SC in the de-
tailed subbands are firstly divided into various regions
viz., heterogeneous, strongly heterogeneous and homo-
geneous regions. A weight function ‘Q’ is defined and
calculated for heterogeneous and homogeneous region
SC. For controlling over smoothing during denoising
process SC that lies in strongly heterogeneous regions
are retained and not undergone for denoising process.
Then, a MAP estimator is designed for the estimation
of noise- free coefficients from the noisy data.

3. Materials and Methods

3.1. Speckle Noise

SAR images are degraded with both speckle noise and
additive noise. Speckle noise is always present in SAR
image and degrades image quality more harshly as
compared to additive noise. SAR image model [8] can
be expressed by Eq. (1).

y(a, b) = x(a, b).n(a, b), (1)

x, y and n represent the noise free image, noisy im-
age and speckle noise, respectively. For simplification,
multiplicative noise is converted to additive noise using
homomorphic filtering as expressed in Eq. (2).

y′(a, b) = x′(a, b) + n′(a, b), (2)

Here, y′, x′ and n′ are the logarithm transform of y, x
and n, respectively.

3.2. Shearlet Transform

The limitation of sparse approximation and direction-
ality of wavelets is overcome by shearlet. Shearlets
are better in representing edges in images as compared
to wavelets which are effective in handling only point
discontinuities [29]. Shearlet transform is the combi-
nation of Laplacian Pyramid (LP) and the shear filter
(SF) [12]. For representing multiple directions, shear-
let transform uses a parabolic scaling matrix Aα,2j as
represented in Eq. (3), where α ∈ (0, 2) is used for

the measurement of the degree of anisotropy and j ∈ Z
is the scaling parameter. The resolution of generat-
ing function is changed by parabolic scaling matrix.
Shear matrix, Sk represented in Eq. (3) is designed for
changing orientation of the generating function [30].

Aα,2j =

[
2j 0
0 2αj/2

]
andSk =

[
1 k
0 1

]
, (3)

Assuming fj ∈ 12(Z2) as scaling coefficient, the dis-
crete shearlet transform is illustrated in Eq. (4),

DST 2D
j,k,m(fJ) =

(
ψdj,k ∗ fJ

) (
2JA−1dj Mcjm

)
,

for : j = 0 . . . J − 1, (4)

where

ψdj,k = Sdk/2j/2 (pj ∗Wj) , (5)

ψdj,k is a support function, pj is Fourier coefficients of 2-
D fan filter. Sampling matrixMcj is selected such that
2jA−12j Mcjm. Where, m ∈ Z2 is the positive index.

Shearing operators are defined using Eq. (6) and Eq.
(7) [30].

fJ =
(

(fJ)↑2j/2∗1 hj/2

)
, (6)

Sd2−j/2k (fJ) =
(((

fJ
)

(Sk×)
)
∗1 hj/2

)
2j/2

, (7)

Where, fJ is the interpolated sampled values and
S2−j/2k is the shear operator. Shearlet system is the
directional representation system providing sparse ap-
proximation of anisotropic features.

3.3. Inverse Shearlet Transform

Inverse shearlet transform (IST) can be obtained from
ST using a frame reconstruction algorithm which is
based on the conjugate gradient method. In the
parabolic situation, the ST is simply a 2D convolution
with shearlet filters which yield a linear shift-invariant
transform [30]. Hence, ST takes the form

DST
2(fJ )
j,k,m = fJ ∗ ψ̄dj,k(m), (8)

By switching the variable order digital shearlet filters
ψ̃dj,k corresponding to ψ̃j,k,m can be derived.

∼
DST

2D

j,k,m = fJ ∗¯̃ψdj,k(m), (9)

The reconstruction formula for IST can be given by
[30]

fJ = (fJ ∗ ϕ̄d) ∗ φd +

J−1∑
j=0

∑
|k|62dj/2e

(DST 2D
j,k,m(fJ)) ∗ γdj,k

+

J−1∑
j=0

∑
|k|62dj/2e

( ˆDST 2D
j,k,m(fJ)) ∗ γ̃dj,k, (10)
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_

ψ
d

(ξ) = |_ϕ
d

(ξ)|2

+

J−1∑
j=0

∑
|k|62dj/2e

(
|
_

ψ
d

j,k(ξ)|2 + |
_

ψ̃

d

j,k(ξ)|2
)
, (11)

where

γdj,k(ξ) =
ψdj,k(ξ)

_

ψ
d

(ξ)

and γ̃dj,k(ξ) =
ψdj,k(ξ)

_

ψ
d

(ξ)

(12)

The expression for

_

ψ
d

(ξ) = |_ϕ
d

(ξ)|2

+

J−1∑
j=0

∑
|k|62dj/2e

(
|
_

ψ
d

j,k(ξ)|2 + |
_

ψ̃

d

j,k(ξ)|2
)

(13)

Where, ψ ∈ R and ξd is called as the frame space.
ϕ̄d and _

ϕd are sufficiently smooth scaling function and
_

ψ
d

j,k and
_

ψ̃

d

j,k are supporting functions with sufficient
vanishing moments.

3.4. Modelling of Shearlet
Coefficients

The prior distribution chosen for modelling noise free
SC required a sharp peak with heavy tails. Hence, NIG
distribution is used as a prior model for noise free SC
and Gaussian distribution (GD) for speckle noise. For
the validation of prior assumptions of the model, good-
ness of fit test is employed over noise free and noisy SC.
Fig. 1(a) illustrates a plot between histogram of noisy
data of Barbara image (20th detail shearlet sub-band)
with GD. It can be seen easily that GD is perfectly
matched with histogram data for noisy SC and hence
is modelled as GD. The probability density function
(PDF) of NIG distribution and histogram of noise-free
SC (20th detail shearlet sub-band) are presented Fig.
1(b). It is to be noted that histogram of noise-free SC
is exactly matched with NIG distribution and hence
noise free SC are modelled as NIG distribution.

The PDF of NIG distribution is given using the Eq.
(14).

fX (X) = A1

K1

(
α
√
δ2 +X2

)
√
δ2 +X2

, (14)

where K1 is order one modified Bessel function of the
second kind. Where, δ is scale parameter which de-
fines the spread of the PDF and α is used to control
the shape of NIG distribution. Parameter A1 can be
expressed using Eq. (15).

A1=
αδexp (δα)

π
. (15)

(a)

(b)

Fig. 1: (a) Histogram of noisy SC plotted with PDF of Gaussian
distribution, (b) Histogram of noise-free SC plotted with
PDF of NIG distribution.

3.5. Parameter Estimation and
MAP Estimation

Shearlet coefficients for any arbitrary sub-band ‘k’ of
log transformed image can be represented using Eq.
(16).

Y k = Xk +Nk, (16)

Here, Y k, Xk and Nk are the transformed coefficients
of y′(a, b), x′(a, b) and n′(a, b) respectively. For sim-
plicity, subscript k is ignored, and hence Eq. (16) can
be written as Y = X+N . For estimating noise free SC
from the observed noisy SC, Bayesian MAP estimator
is expressed in Eq. (17).

X̂ = arg max
X

[f (X/Y )] . (17)

Thus, from Bayes theorem,

X̂ = arg max
X

[f (Y /X) f (X)]

= arg max
X

[fN (Y −X) fX (X)] , (18)

Here, fx(X) is the prior distribution assumed as NIG
and fN (.) is the PDF of the noise. Because of log trans-
formation applied on the noisy image the distribution
is assumed as Gaussian. Thus, the PDF of noise can
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be expressed using Eq. (19).

fN (N) =
1√

2πσN
exp

(
− N2

2σ2
N

)
. (19)

Since Ln(.) is monotone, Eq. (12) can be expressed
as given in Eq. (20).

X̂ = arg max
X

[Ln (fN (Y −X)) +Ln (fX (X))] . (20)

Substituting the values of prior distribution and
noise PDF from Eq. (14) and Eq. (19) in Eq. (20), we
have

X̂ = arg max
X

[
− (Y −X)

2

2σ2
N

+ Ln

(
αδexp (δα)

π

K1

(
α
√
δ2 +X2

)
√
δ2 +X2

,

)]
(21)

X̂ = arg max
X

[F (X)] . (22)

As the above equation is not linear Eq. (22) can be
written as from Hyvarinen’s work [31].

X̂NIG = sign (Y ) max
(
0, |Y | − σ2

N |F ′(Y )|
)
, (23)

Thus, estimated noise free shearlet coefficients of the
transform can be reduced using Eq. (24). But to fur-
ther enhance the despeckling capability, the above de-
speckling equation is modified using a weight function
Q which helps in reducing the loss of feature informa-
tion as shown in Eq. (25)

The heterogeneity function Q is defined in Eq. (26)
[32]

Q = exp

{
− 1

γ

(
RY
RZ
− 1

)}
. (26)

Parameter γ is tunable and can be chosen differently
for different images. RZ is a constant and is equal to

RZ =
√
Skz
σZ
µZ

. (27)

Here, Skz is the equivalent high frequency response
of the ST [32]. As to RY , it is calculated as

RY =
σY
µ
. (28)

Here, σY and µ are the local estimates of detailed
sub-bands of shearlet transform and original image
respectively. Local estimates are calculated using a

neighborhood of size Dj ×Dj .

σY (p, q) =
1

DjxDj

D0∑
k=−D0

D0∑
l=−D0

Y k (p+ k, q + l),

(29)

µ(p, q) =
1

DjxDj

D0∑
k=−D0

D0∑
l=−D0

y (p+ k, q + l). (30)

Detail band SC are divided in different regions with
the help of local statistics of the image.

• RY 6 a1RZ

The current pixel is associated with homogeneous re-
gion. In the homogeneous regions of detailed band,
RY = RZ . Then, Q will equivalently be 1.

• a1RZ < RY < a2RZ

The pixel belongs to heterogeneous region. Thus,
for each pixel the heterogeneous adaptive threshold Q
changes.

• RY > a2RZ

The pixel belongs to strongly heterogeneous class. This
class includes the strong edges and point targets. De-
speckling model is not valid for this class as speckle is
not fully developed. Thus, values of SC of this class are
preserved. Further, to solve the MAP equation, NIG
distribution parameters for speckle free image are re-
quired. They can be estimated using absolute central
moments and cumulants. The characteristic function
of NIG PDF and the corresponding cumulant gener-
ating function are given by Eq. (31) and Eq. (32),
respectively.

ϕ (ω) = exp
(
δα− δ

√
α2 + ω2

)
(31)

C (ω) = lnϕ (ω) = δα− δ
√
α2 + ω2. (32)

Thus, the cumulants can be obtained with the help
of cumulant generating function, using Eq. (33).

kn = (−j)n ∂C (ω)

∂ω
. (33)

Thus, second order and fourth order cumulants are
obtained by

k2 =
δ

α
, (34)

k4 =
3δ

α3
(35)

The values of second and fourth order moments are
calculated using empirical data Y with the help of DxD
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X̂NIG = sign (Y ) max

(
0, |Y | − σ2

N

∣∣∣∣∣ 2Y

δ2 + Y 2
+

αY√
δ2 + Y 2

K0

(
α
√
δ2 + Y 2

)
K1

(
α
√
δ2 + Y 2

) ∣∣∣∣∣
)
. (24)

X̂NIG = sign (Y ) max

(
0, |Y | − σ2

NQ

∣∣∣∣∣ 2Y

δ2 + Y 2
+

αY√
δ2 + Y 2

K0

(
α
√
δ2 + Y 2

)
K1

(
α
√
δ2 + Y 2

) ∣∣∣∣∣
)
. (25)

window. The respective values are given by

mY
2 (k, l) =

1

D2

M/2∑
i=−M/2

M/2∑
j=−M/2

Y (k − i, l − j)2, (36)

mY
4 (k, l) =

1

D2

M/2∑
i=−M/2

M/2∑
j=−M/2

Y (k − i, l − j)4. (37)

The corresponding coefficients of noise free data can
be obtained using

mX
2 (k, l) = max

((
mY

2 (k, l)− σ2
N

)
, 0
)
, (38)

mX
4 (k, l) = max

((
mY

4 (k, l)− 6mX
2 (k, l)σ2

N − 3σ4
N

)
, 0
)
.

(39)

Now the corresponding second and fourth order cu-
mulants are presented by

k2 = mX
2 , (40)

k4= max
((
mX

4 − 3
(
mX

2

)2)
, 0
)
. (41)

Thus, substituting the value of cumulants in Eq. (34)
and (35), the corresponding parameters of NIG distri-
bution can be estimated.

3.6. Proposed Despeckling
Algorithm

The block diagram of proposed despeckling technique is
illustrated in Fig. 2. Initially, speckled image is taken
and log transformation is applied on it. Then shearlet
decomposition is carried out for 3-levels resulting in 32
detail subbands and 1 approximation subband. Then
accomplish the following procedures on each detailed
shearlet sub-band coefficients:

• Pixel Classification: Calculate RY and RZ .
If pixel belongs to homogenous or heterogeneous
class, calculate Q.

• Parameter Estimation: Calculate parameter α
and δ with the help of moments and cumulants.

• Bayesian MAP estimation: Estimate denoised
shearlet coefficients for homogenous and heteroge-
neous class with the help of Bayesian MAP equa-
tion. Shearlet coefficients corresponding to highly
heterogeneous class remains the same.

Then perform inverse shearlet transform (IST) on
despeckled SC to obtain the noise free log compressed
image. Then final denoise image of better quality is ob-
tained after applying exponential operator to log com-
pressed denoised image.

4. Experimental Results

Despeckling experiments were performed on synthetic
images and real SAR images. Standard gray scale
synthetic images of different textures are chosen
to assess the efficacy of proposed method. Real
SAR images were taken from Sandia Laboratories
(https://www.sandia.gov/radar/pathfinder-radar-isr-
and-synthetic-aperture-radar-sar-systems/complex-
data/) [33]. The performance of proposed method
is evaluated and compared with seven existing tech-
niques, viz. thresholding of contourlet transform [11],
SWT modeling using Cauchy distribution [24], SWT
modeling using generalized gamma distribution (GΓD)
[3], DWT modeling using Cauchy distribution [25],
hybrid filter proposed by Ali et. al. [7], thresholding
method presented by Jain et. al. [18] and modelling
method proposed by Morteza et. al. [20]. Efficiency
of denoising technique for synthetic image is measure
using reference image quality metric, peak signal to
noise ratio (PSNR) [1] and structural similarity index
measure (SSIM) [34]. A higher PSNR specifies a
high- quality image. SSIM computes the degree of
similarity between two images. Measurement of the
image quality depends on a reference image which is
an uncompressed or distortion-free image. The value
of SSIM always lies between 0 and 1. If the value
of SSIM is close to 1, then the resulting image is
similar to original image. However, equivalent number
of looks (ENL) [15] is used to assess the objective
quality of real images. ENL is computed for a local
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Fig. 2: Block diagram of proposed despeckling method.

Tab. 1: Comparison Table for PSNR values on different synthetic images.

Image Speckle Noise
Variance

PSNR

Noisy
Image

Contour
let [11]

SWT_
Cauchy
[24]

SWT_
GΓD
[3]

DWT_
Cauchy
[25]

Hybrid
[7]

Threshol
ding
[18]

Model
ling
[20]

Proposed
Method

Barbara
0.04 20.06 24.95 22.95 25.99 25.67 23.05 26.01 26.05 26.08
0.1 16.34 22.27 18.89 22.85 23.83 18.99 24.93 25.36 25.39
0.15 14.73 20.75 16.83 22.24 21.87 17.96 22.82 23.72 23.82

Baboon
0.04 19.47 21.86 21.92 23.96 22.90 22.89 23.95 23.92 23.98
0.1 15.69 20.07 18.38 21.48 21.47 21.41 22.38 22.36 22.41
0.15 14.09 19.04 16.01 20.69 20.73 16.05 21.34 21.38 21.46

House
0.04 21.46 21.72 21.88 22.01 22.76 21.78 23.99 24.03 24.12
0.1 17.74 19.93 18.47 20.67 21.73 18.42 22.01 22.04 22.15
0.15 16.14 19.06 15.84 19.67 19.98 15.79 20.87 21.60 21.61

Cameraman
0.04 19.59 24.09 21.23 24.45 24.74 21.24 25.34 25.12 25.73
0.10 15.74 21.77 18.55 22.72 23.72 18.58 24.03 24.08 24.32
0.15 14.16 20.40 16.58 19.89 22.68 16.61 23.16 23.17 23.52

homogeneous region and it is the ratio of square of
mean to the variance of that region.

4.1. Experiments on synthetic
images

Standard gray scale images; Barbara, Baboon, House
and Cameraman were taken to assess the efficiency
of the proposed despeckling method. Corresponding
noisy images are generated by inbuilt function ’im-
noise’ available in MATLAB. This function generates
the noisy image from original image by adding ran-
dom noise of zero mean and variance as specified in
function. Table 1 and Table 2 show the PSNR and
SSIM values, respectively for standard synthetic im-
ages; Barbara, Baboon, House and Cameraman for
proposed and existing despeckling methods. For im-
plementation of contourlet method [11] wavelet trans-
form with "9-7" biorthogonal filters and six level of
decomposition is used. For implementing SWT mod-
elling using Cauchy [24] "Symlet" wavelet of order 8
with four level of decomposition is used. For the im-
plementation of both SWT-GΓD [3] and DWT-Cauchy
[25], ’db4’ wavelet with three levels of wavelet decom-
position is used. For hybrid filter [7] local window size

for both mean and median filter is taken as 3x3 and
the value of control factors a1 and a2 are taken as 0.02
and 0.12, respectively. For thresholding method [18]
’db8’ wavelet with two levels of decomposition is used
and the value of threshold ’T’ used in evaluating pro-
posed thresholding function is calculated using Bayes
Shrink method. In modelling method [20] for NSST
coefficients three levels of decomposition is chosen and
MMSE criterion is used for obtaining denoised images.
For the implementation of proposed method three lev-
els of ST coefficients are used. The value of parameters
a1 and a2 are chosen as 1 and 5, respectively and local
window of size 5x5 is chosen for all the experimenta-
tion. All these parameters are used for all the images
used in the experimentation.

PSNR and SSIM values are obtained for NV, 0.04,
0.1 and 0.15. It can be observed from Table 1 and Ta-
ble 2 that the proposed method has better PSNR and
SSIM values in comparison to the existing methods.
Figure 3 represents the images for visual quality evalu-
ation of synthetic image, Barbara. Fig. 3(a) represents
the noisy image with NV 0.1. Figure 3(b) shows the
denoised image obtained from contourlet thresholding
method. Denoised image obtained from this method
gives overly smoothed region but the edges are blurred
in these regions. Figure 3(c) and Fig. 3(d) show de-
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 3: Synthetic Barbara images obtained for various despeckling methods, (a) Noisy image (NV =0.1), (b) Contourlet, (c)
SWT_Cauchy, (d) SWT_GΓD, (e) DWT-Cauchy, (f) Hybrid, (g) Thresholding, (h) Modelling, (i) Proposed.

(a) (b)

Fig. 4: ENL calculations for region highlighted in red, (a) Real Image 1, (b) Real Image 2.
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Tab. 2: Comparison Table for SSIM values on different synthetic images.

Image Speckle Noise
Variance

SSIM

Noisy
Image

Contour
let [11]

SWT_
Cauchy
[24]

SWT_
GΓD
[3]

DWT_
Cauchy
[25]

Hybrid
[7]

Threshol
ding
[18]

Model
ling
[20]

Proposed
Method

Barbara
0.04 0.47 0.71 0.64 0.73 0.76 0.59 0.79 0.81 0.81
0.1 0.32 0.61 0.48 0.62 0.63 0.44 0.68 0.65 0.69
0.15 0.26 0.54 0.40 0.57 0.55 0.37 0.60 0.59 0.61

Baboon
0.04 0.53 0.55 0.61 0.64 0.59 0.60 0.61 0.63 0.65
0.1 0.37 0.42 0.49 0.53 0.52 0.43 0.54 0.52 0.55
0.15 0.30 0.36 0.42 0.46 0.43 0.41 0.39 0.45 0.48

House
0.04 0.50 0.58 0.73 0.63 0.69 0.64 0.69 0.73 0.74
0.1 0.46 0.48 0.61 0.58 0.59 0.55 0.58 0.60 0.63
0.15 0.39 0.43 0.53 0.55 0.52 0.51 0.52 0.55 0.57

Cameraman
0.04 0.44 0.63 0.57 0.65 0.66 0.51 0.67 0.72 0.75
0.1 0.35 0.55 0.45 0.54 0.54 0.44 0.53 0.61 0.63
0.15 0.30 0.51 0.39 0.51 0.44 0.37 0.47 0.55 0.56

Tab. 3: ENL values for real SAR images.

Image Image Region SSIM
Contourlet
[11]

SWT_
Cauchy
[24]

SWT_
GΓD [3]

DWT_
Cauchy
[25]

Hybrid
[7]

Threshol
ding [18]

Modelling
[20]

Proposed
Method

Real Image 1
Region 1 39.35 38.99 39.12 39.23 38.96 39.46 40.12 41.77
Region 2 43.82 45.61 65.97 65.67 45.58 66.98 66.35 67.80

Real Image 2
Region 1 83.77 67.58 197.4 189.36 93.25 243.12 244.27 249.45
Region 2 146.35 133.30 144.72 155.79 135.95 167.12 172.36 179.45

speckled images obtained from modelling of SWT co-
efficients using Cauchy and generalized gamma distri-
butions, respectively. A different type of pattern is
seen in these images as speckle noise is removed ef-
fectively, but the image edges got blurred and small
details are masked. The quality of the image obtained
using hybrid method (Fig. 3(f)) is almost similar to the
one obtained using SWT-Cauchy (Fig. 3(c)) method
but inferior to the one obtained using SWT-GΓD (Fig.
3(d)) and DWT-Cauchy (Fig. 3(e)) method. Figure
3(g) and Fig. 3(h) represent the denoised images ob-
tained using thresholding method and modelling meth-
ods, respectively. The denoised image obtained using
modelling method is better than the one obtained using
thresholding method but inferior to the one obtained
using proposed method. Figure 3(i) shows the denoised
image obtained from proposed method. It can be seen
that proposed method suppresses the speckle noise in
most effective manner while retaining important image
details.

4.2. Experiments on real SAR
images

For quantitative assessment of real SAR images, a non-
reference parameter ENL is measured due to unavail-
ability of noise free real SAR images. ENL is calcu-
lated on homogenous area of the image for evaluating
the performance of real images. Figure 4 shows two
real SAR images with two homogenous regions in each

image. These regions are shown by rectangles of red
colour boundary on images. Table 3 shows the ENL
values obtained for four regions corresponding to two
real images for existing as well as proposed method.
ENL values evaluated for proposed method is greater
than the one obtained for existing methods. Thus, our
proposed method outperforms other compared meth-
ods. For subjective assessment, despeckling results of
existing and proposed method have been presented in
Fig. 5. Figure 5(a)- Figure 5(i) illustrate denoised
images obtained from all methods under consideration
for Real image 1. After visual quality inspection of de-
noised images it is found that the image obtained using
proposed method is superior to all other images. Also,
it can be perceived that noise has been eliminated effec-
tively while details are not lost in the denoised image
using proposed scheme.

Moreover, for further testing the efficacy of the pro-
posed scheme, results have been carried out on 30 real
SAR images for 60 homogenous regions. Table 4 shows
the average ENL values along with standard deviation
obtained for 60 regions of 30 real images for existing as
well as proposed method. It is to be noted that average
ENL value for proposed scheme as compared to other
schemes is at higher side.
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(a) (b) (c) (d) (e)

(f) (g) (h) (i)

Fig. 5: Despeckled real Image 1 obtained from various despeckling methods(a) Noisy image, (b) Contourlet, (c) SWT_Cauchy,
(d) SWT_GΓD, (e) DWT-Cauchy, (f) Hybrid, (g) Thresholding, (h) Modelling, (i) Proposed.

Tab. 4: Average ENL values for thirty real SAR images.

Method Mean SD
Contourlet [11] 70.74 ± 40.83

SWT-Cauchy [24] 65.08 ± 34.84
SWT-GΓD [3] 99.58 ± 63.12

DWT-Cauchy [25] 106.25 ± 41.31
Hybrid [7] 95.36 ± 35.12

Thresholding [18] 108.29 ± 32.18
Modelling [20] 115.23 ± 67.89

Proposed Method 125.91 ± 79.05

5. Conclusion

A new speckle reduction scheme based on modelling
of detailed band SC is proposed in this work. Noise
free shearlet coefficients are estimated by taking NIG
distribution as a prior. MAP estimation criterion is
carried out for estimating the noise free SC. Objec-
tive and subjective results are presented for synthetic
images and for real SAR images. PSNR and SSIM pa-
rameters for synthetic images and non-reference mea-
sure, ENL is computed on real images. The proposed
method is showing superior performance because of us-
ing of ST which provides directional sensitivity due
to which edges of the images are optimally modelled.
Also, another advantage is that to avoid oversmooth-
ing, SC corresponding to strongly heterogeneous re-
gions are retained due to which edge preservation is
better. Objective evaluation metrics PSNR, SSIM and
ENL confirms that the proposed method is superior to
other existing methods. Also, from subjective quality
evaluation it is evident that the images obtained us-
ing proposed method is the best in terms of denoising
and edge preservation. Hence, the proposed despeck-
ling scheme is a potential scheme for speckle reduction

along with preservation of important image details in
SAR images. As a future scope MAP estimator can be
designed by considering the statistical dependency of
the SC. Also, modelling of SC using NIG can be used
in another image processing applications such as image
watermarking.
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