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Abstract

The method of speckle reduction is widely used in synthetic aperture radar (SAR) imagery over the last three decades.
The SAR images are inherently speckled in nature. Speckle noise is a granular pattern distribution, usually modeled as a
multiplicative noise that affects the SAR images, as well as all coherent images. Other SAR related problems are also dis-
cussed in this paper. Therefore, despeckling approaches are needed to improve the quality of SAR images. However, there
is a trade-off between speckle reduction and the preservation of fine details in the despeckled SAR image. The reduction of
the speckle noise without losing the fine details of the SAR image is a diffucult task. However, many despeckling methods
have been discussed to reduce the speckle noise from the SAR images. Each method has their own norms, advantages and
disadvantages. This article contains a review of some major work in the field of SAR image despeckling. Often, scientists
and scholars have faced the struggle to understand the pattern distribution of the speckle noise in SAR images. Hence, a brief
details about radar, SAR imaging, speckle noise in SAR images and the prevalent approaches of SAR image despeckling are
reviewed here. The advantages and disadvantages of SAR image despeckling approaches are also analysed and discussed.

1 Introduction

SAR images are the greater perseverance images of a
broader landscape of the earth’s surface that is captured
by the special form of radar called SAR. SAR images are
inherently speckled in nature due to constant constructive

P4 Achyut Shankar
ashankar2711@gmail.com

Prabhishek Singh
prabhisheksingh88 @gmail.com

Manoj Diwakar
manoj.diwakar@gmail.com

Raj Shree
rajshree.bbau2009 @gmail.com

Manoj Kumar
wss.manojkumar @gmail.com

Department of CSE, Amity School of Engineering
and Technology, Amity University Uttar Pradesh,
Noida 201303, India

Department of CSE, Graphic Era (Deemed To Be University)
Dehradun, Dehradun, Uttarakhand 248002, India

PI (CSTUP), Department of Information Technology,
Babasaheb Bhimrao Ambedkar University, Lucknow 226025,
India

4 Department of CSE, UPES, Dehradun 248002, India

and destructive collision of the transmitted high-frequency
radar waves with target areas. The nature of speckle-noise
is multiplicative. The effect of speckle-noise on the SAR
image is comparatively more adverse than the other types
of noise. In 1980, Lee JS proposed the first solution for the
reduction of both additive and multiplicative speckle noise
using neighborhood intensity values in the kernel [1]. Here
the pixels are processed separately. It efficiently eliminates
the speckle noise but the fine details are distorted in the
image like edges. The solution of the filter [1] was later sys-
tematically established in [2] and revised in [3] incorporated
with the sigma filter.

1.1 Background

Radar (Radio Detection and Ranging [4, 5] or Radio Direc-
tion and Ranging [6, 7] is an aperture that employs radio
signals to detect and compute the speed, angle or scale of
objects. It is employed in the detection aircraft, ships, guided
missiles, and forecasting and constraints of the atmosphere.
Radar that featured with emitters and the primary work of
the emitters to emits the high-frequency electromagnetic
signals towards targets. The emitting and receiving antenna
is used for emitting the radar signals and receiving the dis-
persed information. The receiving antenna and processor
determines the characteristics of the objects.
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Fig. 1 The basic mechanism of an active radar system
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Fig.2 Basic mechanism of a passive radar system

Radar is categorized into two types:

e Active radar and
e Passive radar.

In active radar, an antenna emits high-frequency radio
waves on the objects of the earth’s surface and echoes back
the backscattered information of the object. This type of
radar is called mono-static. In Fig. 1, the variable T denotes

Fig.3 (a) A radar pulse is trans-
mitted from the antenna to the
ground (b) The radar pulse is
scattered by the ground targets
back to the antenna [9]
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the time delay that is equal to the total time taken by the
signal to be transmitted to the object and reflected back i.e.
ttransmitted 4 techo. Here the location of the transmitter and
receptor is the same.

In a passive radar system, the location of the transmitter
and receptor is different. A passive radar system depends
on the signal spread from a dissimilar location. This type of
radar system is called bi-static. In the Fig. 2, t1 +t2=t3 +t4.
This condition is true for every object that is positioned on
the ellipse of Fig. 2. For both of the objects in Fig. 2, from
the receptor point of view, the time delay amid the real sig-
nal and the obtained backscattered signal is exactly the same.
The function of the passive radar system is highly relies on
the number of transmitters and receptors and their geometry.

Radar is categorized into two main groups on the basis
of antenna size:

e Real Aperture Radar (RAR)
e Synthetic Aperture Radar (SAR)

1.1.1 RAR

RAR is the non-coherent radars that are governed by the
physical length of the antenna. It is an active radar that
transmits high-frequency radar waves from the antenna
to the particular piece of terrain that one wants to obtain
the image. This transmitted radar waves of the narrow-
angle beam towards scale direction at right angles to the
flight direction called the azimuth direction and getting
the dispersion from the expected targets that will be
changed to a radar image from the obtained signals, as
shown in Fig. 3. The image perseverance is defined by
the length of the antenna. It is impractical to design a big
antenna as in to obtain a high-resolution image because in

SAR Antenna

Backscattered
Radar Pulse

~~""" Ground Targets
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that case, an antenna has to be at least many times of the
length of wavelength in order to minimize the bandwidth
of transmitted signal [8]. If in case, such antenna is made
then it is very problematic to mount such antenna, which
requires 1 km diameter length of the antenna to get 25 m
resolution with L band (=25 c¢cm) and 100 km distance
from a target, a RAR hence has a practical constraint for
refining the azimuth resolution.

1.1.2 SAR

In SAR imaging, the primary work of an antenna emits
the microwave pulses towards the earth’s surface. This
high-frequency microwave energy dispersed to the air-
craft is computed as shown in Fig. 3 [9]. The SAR using
the fundamental of radar to create an image to make uses
of the latency of the dispersed signals. SAR is the coher-
ent radar that is added to the satellites and spacecraft that
captures the high-resolution images of the huge surface
area of the earth. SAR overshadows photographic and
else optical imaging strengthen as it has the advanced
capability of taking images in varying atmospheric cir-
cumstances, day and night due to various wavelengths
of camera sensors. SAR performs over the sensors of
the wavelength from 1 cm to 1 m, whereas camera sen-
sors make use of wavelengths closer to visible light or 1
micron. Due to this difference, SAR has the capability
to see through clouds and storms, whereas optical sen-
sors are unable to do so. On comparing with RAR, SAR
enlarges the size of the antenna or aperture synthetically
to raise the azimuth resolution. In SAR, the data deal with
the obtained signals and phases from changing targets
with a compact antenna is a complicated process.

When radar waves stricks the earth’s surface, the pro-
portion of energy dispersed to the sensor as shown in
Fig. 3 depends on many factors [9, 10]:

e Physical factors like dielectric non-variable of the
surface components which also rely strongly on the
humidity factors.

e Geometric factors like the roughness of the surface,
inclined, substance improvement in regards to the
radar signals.

e Classification of the land surface (soil, agricultural or
artificial objects).

e Microwave frequency, polarisation and incident angle.

As the cloud-penetrating quality of microwaves, SAR
is capable of acquiring “cloud-free” images in all cli-
mates [10]. This is particularly useful in tropical areas
that are often under cloud cover during the whole year.

The greater quality as an active remote sensing aperture,
it has ability to work in night-time operation [9, 11].

1.2 Different Types of SAR

SAR imaging is categorized on the basis of the nature of
the application. The traditional SAR image processing is
based on the strip mapping mode [12, 13]. This mode is
used when the large terrain is to be captured. Here the ter-
rain data is acquired without staring at any particular loca-
tion. Heavy computation is required. In this SAR mode,
a large unit of backscattered energy is bounced back and
received by the antenna, which takes more computation
time for handling this much data. Another type of SAR
is flying SAR system i.e. spotlight mode SAR that stares
at an exact scene typically on the ground [12, 13]. It cap-
tures a small terrain area than strip mapping mode hence
requires less computation cost. It captures multiple SAR
images of the same spot of the terrain to get more accurate
data. Here multiple SAR images are captured within a time
interval of seconds. Since the area of the captured region
is not large, so the amount of reflected energy received by
the antenna is not much. Due to this, the computational
time is less. The spotlight mode is used in the applications
where lower mapping, low processing time and low cost is
the need. This mapping is heavily used by fighter aircraft
to keep informed of the navigation system by tracing the
recognized landmarks [13].

1.3 Applications of SAR

SAR has become one of the valued remote sensing tools
for both soldierly and non-combatant users. Various sol-
dierly SAR applications are intelligence gathering, battle-
field survey, and weapons supervision. The non-combatant
applications like agricultural and land-use monitoring,
topographic planning, geology and mining, oil spill obser-
vation, sea ice observation, oceanography and planetary or
celestial examinations [11]. SAR has wide practical appli-
cations on ocean as well as on land like artificial illegal or
coincidental spills are visible in SAR images in the oceans,
ships detection and tracking in the oceans, observation of
natural leakage from oil deposits in the oceans, providing
hints for the oil industries, ocean wave forecasting and
marine climatology, regional ice monitoring. This is very
crucial and helpful for navigation in ice-infested waters
[11].

Other applications are monitoring lands of forestry and
agriculture, in the impact of a flood, the greater quality
of SAR to infiltrate clouds is extremely useful. With the
help of the SAR data, it is very easy to optimize response
initiatives and to assess damages, detecting small region
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movements caused by earthquakes, landslides or glacier
advancement [11].

2 SARImage Creation

SAR is also like a camera that captures images. Both SAR
and optical cameras have different penetrating capabili-
ties. This penetrating capability depends upon the captur-
ing phenomenon. In order to create an image, the optical
camera depends on the light while SAR relies on radar
signals which it transmits. This important difference of
SAR allows capturing the images in pure darkness and
also permits to see through clouds, rain, fog, and snow.
Defining the SAR image requires a heap of data and ter-
rific calculating power [14].

Mainly, the basic working principle of radar i.e. RAR
is to calculate the time taken by the radio wave traveling
from an antenna to object and back to the origin. Radar
determines the traveling distance from an antenna to object
and back to the origin to make use of time interval but this
type of radar can only detect an object and calculate speed.
To define the SAR image, an importantly huge heap of
data and terrific calculating power is needed. It requires
an exceptionally elongated antenna. But in SAR, it uses a
smart way of synthetically creating a high length antenna
by moving a small antenna to cover a wide distance. After
getting all the information, it saved and starts processing
it [14].

As the airplane flies and moves forward, the SAR
antenna transmits the high-frequency radio waves also
called radar waves towards the ground. In the middle of
pulses, the antenna collects backscattered high-frequency
radio waves that have considered objects on the ground.
These disperse waves carry information that includes the
total distance traveled by the pulses to make the round
trip, from and to the aircraft. It also carries information
about the movement of the SAR whether it is moving in
the direction of or against the object on the earth’s sur-
face. The dispersed waves are recorded and if the pulses

Fig.4 SAR image of Washing-
ton, D.C. took on a snowy night
in 1994 [127]

@ Springer

are recorded to be very close to each other, then the plane
with the SAR antenna is changing the position towards the
ground and if the pulses are recorded to be far from each
other the spacecraft is moving away from the ground [14].

From the greater amount of dispersed pulse information
collected, there are some pulses that show a distinct shape,
this distinct shape denotes that those pulses are considered
from the same location. During this process the information
related to distance is known from the accurate location the
plane was when it was sent and pulses that fit the shape were
found, It is quite simple information to plot the object’s point
on the image that is creating it. [14]. The point on the image
is plotted, but the point illumination is still unknown. SAR
calculates the illumination by the intensity of the signal it
obtains. An object like tree absorbs radar energy and there-
fore appears gray. A metal back toward the SAR antenna
reflects a lot of object-oriented energy, so it shows bright
[14]. In SAR image processing, one thousand calculations
are required to be done for each pixel. and such an image
is shown below of Washington, D.C., which is made up of
several million pixels in Fig. 4.

2.1 Roughness and Brightness of SAR Image

The brightness and darkness in the SAR images are due to
the structure surface of the target object on the ground. The
roughness of the surface decides the brightness of the SAR
images. When the antenna transmits the high-frequency
radar waves and they hit the ground, only a chunk of the
signals back to the origin. The antenna has the capability of
both transmitting and receiving the radar signals.

When the adequate chunk of the radar signals back to the
origin then those parts are shows bright in the SAR image.
When a very small chunk of the radar signals is reflected
back to the origin then those areas are projected dark in
the SAR images. There are certain factors over which the
returning radar signals depend upon like electrical proper-
ties, roughness, the geometrical positioning of the surface
and the polarization direction of the returning radar wave.
Figure 5 shows the bright and dark areas in the SAR image.
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Fig.5 Dark and Bright areas of the SAR images

Figure 6 shows the surface inclination of the target
ground over which the radar signals strick. The smooth and
rough surfaces are shown in the above figure. When radar
signal hits the smooth surface of the terrain as shown in
Fig. 6a the incidence angle of the radar signal is almost equal
to the reflections angle of the reflected radar signal. This
means that there is either no radar return or very less energy
reflects back to the antenna. In this situation, the projection
is shown dark in the SAR image. This type of case is mainly
seen in the calm water body like a river that has a specular
reflection [15].

When radar signal hits the rougher surface which has
a random and irregular surface orientation, then the radar
energy is backscattered in many directions as shown in
Fig. 6b. In this case, a small portion of the radar energy is
backscattered and received by the antenna which produces
a bright signature in the SAR image. This type of case is
mainly seen in SAR images of rocky mountains and trees.

The orientation of the local surface of the target region
relative to radar wave travel path is responsible for the vari-
ation of brightness in the SAR images. Other various sur-
face orientations responsible for variation in brightness are

Fig.6 Surface orientation (a)
Smooth surface (b) Rough
surface

shown in Fig. 7. When radar signal hit the surfaces that are
perpendicular to the travel path of the signal then this sce-
nario generates the strongest return as they are directly fac-
ing the sensor shown in Fig. 7a.

The slopes that face away from the SAR sensor produce
the weak returns of the target information. Similarly, the
slopes of the hills are steeper than the depression angle then
they are not illuminated by the radar signals and are com-
pletely shadowed and in this case, least or no information of
the returned back to the antenna which also appears darker
in the SAR image. As the depression angle becomes smaller
causing more gentle back slopes to become shadowed.

The visual appearance of the buildings in the populated
area is bright and clear in the SAR image because of the
corner reflector shape as shown in Fig. 7b and c. In Fig. 7b,
corner reflector is shown that produces the strongest return
of the radar signals. It can be noticed that the radar sig-
nals when hit the surface it completely reflects back to the
SAR sensor regardless of the depression angle. The objects
with metal surfaces like bridges and towers of power line
appear brighter in the SAR images because the value of the
dielectric constant is high [16]. The dry natural materials
like rammed earth and earth sheltering have low dielectric
constants, but the occurrence of humidity in the soil, snow,
or vegetation raises this value and their radar reflectivity too.
SAR image processing assesses humidity content of surface
materials.

3 Problem in SAR Image

There are a number of reasons of disturbance in the perfor-
mance of the SAR system and degradation in the quality of
SAR image. Some of the reasons are nonlinearities of the
SAR subsystem that damage the ability of the system resolu-
tion. Noise is one frequently seen problem in SAR images
whose major source is image acquisition [17]. Other sources

Smooth Surface:

Specular Reflection
(no radar return)

Rough Surface:
Scattering

YV

Angle i = Angle »

(a)

(b)
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Fig.7 Surface orientation
affecting the brightness of the
SAR images

Radar shadow

Strong on backslope
return from steeper than
foreslope Weak return depression

from
backslope

angle

Corner Reflector
(side view)

(a) (b)

Table 1 Real problems in SAR images [13, 15, 16, 111]

Real effects on SAR images

Major sources

Geometric distortion

System nonlinear effects

Range migration

Speckle noise effects

Change in position: movement variation and changes in platform attitude (high and low frequencies) cause distor-
tion due to the platform of spaceborne or airborne

Rotation of earth, topographic effect and curvature cause distortion due to earth

Deviation in sensor mechanism and viewing geometry: panoramic effect causes distortion due to the sensor
Refraction and turbulence cause distortion due to the atmosphere

Time-variations or drift and clock synchronicity cause distortion due to measuring instruments

Amplitude error and phase error degrades the system impulse response function (IRF)

Thermal noise damages the dynamic range of the system

Quantization error, bit error noise and system nonlinearities damage the azimuth resolution and dynamic range of
IRF

Linear drift because of elliptical orbit and earth rotation
The appearance of hyperbola shaped reflection as target move towards the synthetic aperture

Curvature depends on range compressed response due to which SAR handles the two-dimensional space-variant
problem

High velocities of airplanes and satellite-borne SAR apertures

SAR images are formed by the constant collision of the emitted high-frequency radar waves with target areas. This
constant collision causes random constructive and destructive nosiness that outcome in salt and pepper noise all
over the image. This noise scatters all around the image and suffers from the speckle noise effects and reduce the
property of the SAR image. It is a granular pattern noise that inherently found in the SAR image

The existence of multiple fundamental scatter with an arbitrary distribution within a perseverance cell
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of noise introduction are the position of sensor and velocity
errors that result in geometric distortion in the SAR image.
Major occurring problems in the SAR image are discussed
in Table 1.

3.1 Noise in SAR Image: Speckle Noise

The granular shape that generally exists in the SAR image
either during image obtaining or due to arbitrary construc-
tive or destructive interference is known as speckle noise. It
becomes visible like ‘salt and pepper’ noise due to its granu-
lar shape. The constant collision of high-frequency radar
waves with a complex bunches of scatterers is possibly the
minimum implicit and restrictive aspect of SAR processing
model design and application.

Non-coherent sensors typically use radiation restricted
physical apertures for the focusing of incident electromag-
netic diffraction, followed by detectors that are sensitive to
the total intensity of incident diffraction on them [18].

Fig. 8 Classical speckle pattern [18]

Fig.9 Plotting bright and dark
point of the speckled image

Resulting _—
Signal

The traditional speckle pattern is shown in Fig. 8. Basi-
cally, speckle is not a noise but a scattering phenomenon
[19, 20].

Speckle noise is produced as a multiplicative noise [21].
The speckled noise intensity serves as the randomly distrib-
uted multiplicative noise of the SAR image F) (i, j), Here the
SAR image is considered as a mean of L looks that may be
equated as,

Fp.j) = 1G,)) X R (. ) ey

In which R, (i, j) depicts the random variable of the speckle
noise L looks and I denote the radar cross-section of the
imaged surface [22-24]. An inherent feature of SAR images
is the existence of speckle noise. Speckle noise is arbitrary
and deterministic in an image [25]. Speckle noise degrades the
quality of SAR images. Conversely, a radical decrease in reso-
lution may be the main reason for poor effective perseverance.

Speckle is the impedance or declining shape. In a fully
developed speckled image, the bright dots show where the
impedance is constructive and the dark dots show where the
impedance is destructive. The constructive and destructive
impedance is shown and plotted in Fig. 9a—d.

3.2 Distribution of Speckle Noise in SAR Image

The factual properties of a speckle shape depended on 2
angles: the first on the intelligibility of incident light and the
second on the dissipating surface information [26]. It is iden-
tified [24, 27, 28] that the foreseen power of a L-look SAR
image prepared on the implicit reflectivity is gamma distrib-
uted [29, 30].

Full constructive
interference

Full destructive
interference

Varying degrees <]
of interference

(b)

Destructive Interference

Resulting Signal

(d)
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4 SAR image Despeckling Methods

A mass of despeckling filters, methods, and techniques can
be acquired by linking the dissimilar domains of estimation
(spatial, homomorphic, wavelet, and homomorphic-wave-
let), A non-comprehensive evaluation and classification of
approaches are presented in this section. The major literature
related to Bayesian and non-Bayesian methods are discussed
in this section. Figure 10 in this section depict the classifica-
tion of various SAR image despeckling methods.

4.1 State-of-art Based SAR Image Despeckling

Some popular State-of-art based SAR image despeckling
methods are discussed, below:

4.1.1 Bayesian Approach in Spatial Domain

Lee [1] in 1980 used the neighborhood intensity values in
the kernel. All the pixels are processed separately. During
the working of the kernel, local statistics of pixels within the

kernel are estimated. Minimum Mean Square Error estima-
tor (MMSE) calculates the weight function. This technique
despeckles the speckle-noise with better precision but the
minute details are deformed in the image. This originally
first paper [1] contains the solution for both additive noise
and multiplicative speckle-noise. It is purportedly the first-
ever prototype-based despeckling filtering method [1]. Later
the solution was systematically established in [2] and recti-
fied in [3] embedded with the sigma filter. The Lee filter
has a drawback of losing edge details as they left noisy after
despeckling.

The Lee refined filter [31] in 1981 was intended to remove
the demerit of remaining noisy edge boundaries left by Lee
filter. In order to upgrade this filtering methodology, as 7 x7
sliding windows are moved over a SAR image and edge is
detected, then the system practices the local shield to evalu-
ate its aspect. At maximum 8 edge-guided non-square masks
are permitted. The local average and variance are evaluated
and applied inside the local 7 X 7 mask which improves the
edge aspect. If there is none of the edges is found, approxi-
mations are determined over the entire 7 X7 frames. The
major demerit of this filter is it only works using the fixed
mask size 7X 7.

The Frost filter [32] in 1982 is an exponentially
weighted averaging filter and is adaptive in nature. An
optimal MMSE filter is used the SAR images for smooth-
ing. The speckle-noise is reduced by this filter and minute

SAR Image Despeckling M ethods

— T

Domain

Fig. 10 Classification of SAR image despeckling methods
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details are saved in the image. Its major demerit is blur-
riness in the output despeckled images. An ideal frame-
work for the SAR imaging process is derived in [32] and
smoothening is shown. The SAR imaging framework dem-
onstrates that the SAR image is degraded by multiplicative
speckle-noise. The framework leads to smoothing radar
images using an optimum (minimum MSE) filter. The local
block processing is applied here inside the homogeneous
areas of the SAR image which preserves the edge and tex-
ture information and provides the minimum MSE value
inside this region. This filter shows better computationally
complexity and efficiency of this adaptive filter is qualita-
tively and quantitatively compared with several traditional
filters using real and speckle added SAR images. With
the advancement of time, there is no much advancement
or development in the Frost filter either by researchers or
others, except only some heterogeneity adjustments were
made to all spatial Bayesian filters [33] by Kuan in 1985.

Kuan [33] in 1985 proposed a method based on the
advancement of Lee’s algorithm. It is a kind of adaptive
speckle-noise smoothing filter. It is adapted to local altera-
tions in image statistics related to a non-stationary average
and variance image prototype. This filter has strengthened
to manage various noises that rely on signal typical fea-
tures. This filter is capable of smoothing the speckled SAR
image whose speckle distribution and image statistics are
unknown. Film-grain and Poisson signal-dependent res-
toration issues are also taken as examples. In addition,
preceding information about the original image is also
not needed. The disadvantage of Kuan filter is over the
smoothing of fine details and the computational complex-
ity of the algorithm is also very high.

Lopes [34] in 1990 analyzed the best-renowned filters.
It is done by analyzing the experiments pertain to the
variation local coefficients of the despeckled SAR image,
which defines the heterogeneous region properties of the
observed SAR image. Some applied benchmarks are then
bringing together to it to adapt the filters in order to make
them more well-organized and proficient. Later filters
are verified on a speckled paired original SAR image and
actual speckled SAR image. As it is believed, the new
fresh innovative filters perform superior, i.e., it improves
and smoothes the average fields uniformly and at the same
time efficiently maintain texture and edge information, lin-
ear features, and point target responses.

The MAP filters prototype in the local domain is
the C-MAP filter, brought in [35] in 1990 and exhaus-
tively evaluated [36] in 1993. This method supposes
that speckle-noise and the reflections of the radar signal
together comply with Gamma distribution and calculates
the MAP equation. This method intended to reduce and
eliminate the speckle-noise while maintaining fine details
and homogeneous and diverse areas in the image. The

dissimilar sizes of the filter alter the quality of filtered
SAR images. If the filter is very small in size, then the
speckle-noise filtering procedure is not efficient. In this
method, the information of the images gets lost, if the filter
is very large in size. A 7 X7 filter size gives the greater
trade-off.

4.1.2 Bayesian Approach in Transform Domain

Donoho et al. [37] in 1994 introduced a technique to retrieve
the performance of undefined evenness from a speckled
image. The Sure Shrink technique was introduced that
eliminates the speckle-noise by performing the operation of
thresholding on observed wavelet factors. The thresholding
is adaptive: the degree of a threshold is assigned to each
color resolution level by the fundamental of optimization
the Stein Unbiased Estimate of Risk (Sure) for threshold
determines.

Meer’s filter [38] in 1994 considers a native neighborhood
organized by three concentric sliding masks, 33, 5x 5, and
7x7. A uniformity index is specified by Cg, calculated on
every mask. The local mean over the highest mask fulfill-
ing a uniformity standard, explained through thresholding
its Cg, is specified like results. If this type of mask is not
present, then Kuan’s LLMMSE determines the innermost
3% 3 masks allocated to the middle of a pixel. It is capable of
restoring and maintaining point objects, linear features, and
edges. It has the meritorious capability of shrinking its mask
size. The execution of this filter is better on point objects and
linear characteristics than Lee’s refined filter that, still, far
better on linear edges.

Guo et al. [39] in 1994 introduced a robust speckle-noise
reduction method related to wave thresholding of the log-
transformed speckled images. The computational cost of the
method is low and it reduces the speckle-noise while pre-
serving the fine details image. Both soft and hard threshold-
ing methods are considered.

Donoho [40] in 1995 proposed the method for recreat-
ing an undefined function f from noisy data by giving the
classical hard and soft thresholding method. The work
presented in [40] one of the pioneer’s works in the field of
image denoising. The rearrangement process is stated in the
wavelet domain by interpreting all over the experimental
wavelet factors.

Gagnon [41] in 1997 proposed a wavelet-based despeck-
ling method grounded on Symmetric Daubechies. The
speckled wavelet coefficients are modified by the shrinkage
principle and restore the filtered image. It uses the concept
of the elliptical soft thresholding method. The speckled
image is directed to log transform followed by N level trans-
form and then its covariance and mean is evaluated. Then
inverse wavelet transform and exponential transformation
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are performed. The method reduces the speckle-noise effi-
ciently, but the computational load is increased.

Aiazzi [42] in 1998 applied an adaptive smoothing fil-
ter to the various perseverance of the Laplacian pyramid
of a speckle SAR image. In the case of real speckled SAR
images, every level is regarded by Signal to Noise Ratio
(SNR) that rises as the perseverance gets reduced. The hypo-
thetical based theoretical framework is established for SAR
image-dependent speckle-noise models. A rational Lapla-
cian pyramid is engaged to deal with multiplicative speckle-
noise. The experimental results are shown on gray-level SAR
images degraded by real and replicate noise. Later improved
by Aiazzi [43] in 1998, here ratio Laplacian pyramid (RLP)
is presented to compare speckled SAR image dependency
behavior speckle-noises. The local statistics filtering mecha-
nism is enforced to various local perseverance of the RLP
of a speckled SAR image. Also, the reckoning of the spatial
statistics operating this method is more precise to the multi-
perseverance model. The objective of this filter is to reduce
the speckle-noise until smoothing the homogeneous regions
and preserving fine details. An adjustment, although, going
to be arranged on the textured region. This method is a com-
plete procedure is set up, and a common technique, where
the speckle-noise differences are impractically obtained at
each resolution, is developed.

Hervet [44] in 1998 presented a detailed investigational
assessment of representative filters from both groups i.e.
spatially adaptive filters and wavelet techniques. Here the
spatially adaptive statistical filter gives improved despeck-
ling and preservation of details than wavelet-based tech-
niques. But the wavelet-based techniques have specific
advantages related to statistical filters that are not spatially
adaptive.

Sveinsson et al. [45] have given 2 wavelet transformations
despeckling method for SAR image. First, it is made use of
DWT overall filter banks. This oversampled DWT is known
as double-density DWT (DD-DWT). Second, a DWT related
to two dual real wavelet trees is applied. The despeckling
technique offered demonstrates the abundant potential for
despeckling and, later, able to deliver idle detection perfor-
mance for SAR-based detection.

Solbo et al. [46] in 2004 presented the homomorphic
wavelet utmost a rational filter and a wavelet related statisti-
cal speckle-noise reduction filter equivalent to renowned/
spl Gamma/-MAP filter. The log transform is applied so that
speckle-noise can be added to nature and statistically free
the radar cross-section. Additionally, it is proposed to prac-
tice the general inverse Gaussian distribution like a general
prototype for the wave coefficient for both the inverse image
and the speckled noise image. There is information near to
impractical prototype than the additive speckle denoised
with some other filters to the speckle-noise eliminated by
the homomorphic/spl gamma/-WMAP filter. The wavelet
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despeckling technique related to Bayesian shrinkage pre-
serves the edge details is proposed by Dai [47]. The speckle-
noise-free wavelet factors are projected from Bayesian wave-
let compression factors. Edge details are gained using an
improved ratio edge detector. This acquired detail is later
used in the speckle-noise reduction processes to retain edges.

Bhuiyan et al. [48] in 2005 introduced a modern homo-
morphic Bayesian wavelet related least average novel error
filter of speckle-noise reduction in SAR images. The wavelet
coefficient and the speckled SAR image of the logarithmi-
cally changed reflection image are prepared to make use of
Cauchy prior and an additive white Gaussian noise distribu-
tion. This prototype is previously used to design a Bayes-
ian least average absolute error analyzer. The experimental
results are tested on the classic speckle-noise-free image
reduced with mock speckle-noise and an original speckled
SAR image, and consequences explain that performance of
this method that is greater to other prevailing approaches
regarding PSNR, smoothness in the identical regions and
despeckled image visual appearances. Later this work was
enhanced by Bhuiyan et al. [49] in the year 2007 by intro-
ducing the latest spatially adaptive wavelet related Bayesian
techniques for reducing the speckle-noise in SAR image.
The wavelet factors of logarithmically changed reflection
and speckle-noise are formulated reciprocally to make use
of zero-space Cauchy and zero-mean Gaussian distributions.

Wu [50] in 2010 proposed a method that performs an
amalgamation of wavelet and curvelet soft estimating tech-
niques after that it calculates the variance amid the gained
two images. This mechanism is proficient enough to restrain
the speckle-noise efficiently and preserves the fine details
such as edge, texture, etc. of the image. The main disadvan-
tage is that it produces blurriness. In the same year, Jennifer
Ranjani et al. [51] introduced DTCWT based SAR image
despeckling that considers the major requirements of the
wavelet factors across different scales. This has the advan-
tage of improved directional selectivity, approximate shift-
invariance and complete reconstruction over DWT. In each
and every sub-band the wavelet coefficient of the DTCWT
is prototyped with a bivariate Cauchy PDF that adapts the
statistical reliance between the wavelet factors. The 2-D
Mellin transformation derives the backscattered elements
of the bivariate Cauchy before noise considerations. This
technique is faster and operative when equated with other
previous methods of experimental integration.

Vijaykumar [52] in 2012 proposed a dual-tree complex
wavelet transform (DTCWT) related to SAR images speckle-
noise reduction technique which is a function in interscale
and intrascale requirements of DTCWT. A multivariate
Cauchy PDF is in a job to apply the outer scale and inner
scale dependencies of the wavelet factors in every sub-band.
This technique uses the average and directional median
values of the relative mask to estimate the outer scale and
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inner scale dependence vector of the wavelet factors. The
2-D Mellin transform derives the dispersion parameter of
the multivariate Cauchy prior. In the same year, Tao et al.
[53] introduced a novel Contourlet-based regularization
technique to eliminate speckle-noise without introducing
artifacts. The elimination of speckle-noise is significant and
structures of the scene are well preserved. The experimental
results prove such dominance on real SAR images. In 2012,
Argenti et al. [54] introduced a despeckling SAR image tech-
nique using undecimated wavelet transform and the MAP
principle. The MAP solution is based on the hypothesis that
wavelet factors have an identified scattering. The compu-
tational cost is reduced which was the major drawback of
using the GG distribution. In 2012, Chen et al. [55] intro-
duced a stationary-wavelet-related speckle-noise reduction
mechanism based on the two-sided common gamma distri-
bution model. The model has low computational cost and
decent quantitative values. It preserves the structural details
and also reduces the speckle-noise effectively.

4.1.3 Non-Bayesian Approach

Perona et al. [56] in 1990 introduced a concept of anisotropic
diffusion and proposed a modern approach of scale-space
and a class of procedures used to understand the diffusion
method is known. This technique is extensive in image pro-
cessing. The primary goal of this technique was to despeckle
the image noise and preserving the image minute details
such as line, edge and other details, etc. that help in the
understanding of the image. Yu et al. [57] in 2002 smartly
fitted the concept of anisotropic diffusion [56] reducing the
speckle-noise and applied it to the coherent images. This
research shows greater execution as per average preserva-
tion, despeckling, and edge determination. The performance
is better than traditional methods and conventional aniso-
tropic diffusion method. Yu et al. [58] in 2004 introduced
a prominent application for coastline detection using the
despeckling related to anisotropic diffusion.

The bilateral filter, originally familiarized by Tomasi
et al. [59] in 1998 for gray-scale images, which is extended
in recent times in the area of SAR images despeckling by
Zhang, et al. [60] in 2011. A bilateral filter is a non-linear,
smoothing, fine detail (edge, line and texture preservation)
preservation method, which reduces noise for degraded
images. This replaces the intensity of each and every pixel
with the intensity of the weighted mean values from the
nearest pixel. The adaptive version of bilateral filter appro-
priate in SAR images despeckling is proposed by the Li et al.
[61] in 2013, the spatial weighting is a Gaussian operation
whereof duration rests on the topical factor of variation,
which is equivalent to the modified Frost filter.

Mastriani et al. [62] in 2004 introduced an enhanced
directional smoothing (EDS) method for SAR images

edge-preserving filtering. The EDS removes speckle-noise
from SAR images without distorting or disturbing edges.
This modern filtering technique is proved effective by asso-
ciating with popular speckle-noise reduction techniques
on SAR noisy images. The EDS algorithm delivers greater
execution in assessment to the classical filters with regards
to smoothing homogeneous region and preserving the fine
details such as edges and characteristics. The ability of the
method stimulates the possibility of using the method in a
number of ultrasound and radar applications. Furthermore,
the method is computationally effective and the ability to
reduce noise while preserving some fine details of the real
image.

Buades et al. [63] in 2005 proposed a new technique,
’method noise’, to estimate and give an account of the per-
formance of digital image denoising approaches. In this
paper, firstly the method noise is computed and analyzed to
various denoising procedures, namely the local smoothing
filters. Secondly, a new nonlocal means (NL-means) algo-
rithm is proposed which is grounded on the nonlocal mean
of all pixels in an image. Finally, the NL-means mechanism
and local smoothing filters are experimentally matched.

Achim [64] in 2006 suggested an adaptive MAP analyzer
with a heavy-tailed Rayleigh signal framework. The mul-
tiplicative behavior of speckle-noise is changed into addi-
tive by executing the log transform. Here the original and
imaginary parts are explained by an alpha-stable group of
distributions. There is another statistical theory that relies
on the Mellin transform method, is applied to evaluate the
framework elements from noisy translations.

Sparse prototypes are based on compressed sensing rec-
ommended by Donoho [65] in 2006, which is a depiction
of signals with multiple patterns at a sub-Nyquist rate. A
new signal description prototype has lately occurred highly
extensive and has captivated the consideration of research-
ers who are working in the field of real image formation
which is distorted by additive noise also in different other
fields. After that, a few speckle reduction techniques related
to shrank sensing model and thin image have become vis-
ible [66-68].

Lee et al. [69] in 2009 extended and advances the Lee
sigma filter [70] by eliminating its drawbacks i.e. blurring
effect, disappointing solid reflected targets, and biased esti-
mation. The bias adversity is resolved by reconsidering the
sigma range related to the probability density function of the
bias noise. To resolve the difficulties of blurring effects and
disappointing solid reflected scatterers, a target signature
preservation method is established.

Teuber et al. [71] in 2012 proposed a basic parity volume
and non-spatial filter for SAR images degraded by multi-
plicative noise. The measured filters are a simplification
of non-spatial mean filters of Budess [63], which is well
identified to remove additive Gaussian noise. At last, the
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restoration outcomes for coherent images degraded by mul-
tiplicative Gamma and Rayleigh noise are validating the bet-
ter execution of these non-spatial filters has been offered.
Gragnaniello et al. [72] in 2012 provided some vision in the
perspective of types related nonspatial filtering by perform-
ing dummy tests in a streamlined condition. Then recom-
mends an absolute kind of the SAR-BM3D speckle reduction
mechanism in which each and every pixel is first groped
as uniform or not, and then filtered with the class-adapted
framework. While outcomes on original SAR images are
still uncertain, earlier some valued improvements in specific
regions that draw attention to this technique.

4.2 Recent Trends of SAR Image Despeckling

Some recent popular SAR image despeckling methods are
discussed, below:

4.2.1 Bayesian and Non-Bayesian Hybrid Approach

Christy [73] in 2013 introduced an enhancement principal
of the Non-Local Means Filtering (NLMF) technique. A
deformation adaptive non-local means filtering (DA-NLMF)
is proposed that implements a discrete adaptive weighting
function preserving edges and other granular information
that is greater than non-local means. DA-NLMF is used
for SAR image despeckling as a significance sampling
Unscented Kalman filter (ISUKF) as well as a resource
post-processing process. This combination of (ISUKF and
DANLMEF) gives an adept despeckling result. In the same
year, Heng-Chao Li [74] proposed a modern Bayesian multi-
scale method for SAR images despeckling technique in non-
homeomorphic plans. In order to deal with multiplicative
speckle-noise, linear dissociation is applied for the speckle
addition. After that in SWT, the 2-way normal gamma distri-
bution is known as before, in order to deal with heavy-tailed
disposition of the wavelet factor of speckle-free reflectivity.
The compression rules used are threshold on the diagonal
element of the image that causes the horizontal and vertical
element to be unfiltered hence the speckle-noise reduction
process has a high scope of improvement.

Sethunadh et al. [75] in 2014 developed a modern adap-
tive SAR image speckle reduction process in the local
domain applying statistical inter-scale dependence of nons-
patial transform factors; the task is greater adept in preserv-
ing the lager structured area. Lei Zhu [76] in 2014 identified
the detail-preserving anisotropic diffusion (IDPAD) has been
introduced for the SAR image that experiences a primely
low speckle reduction presentation at the edges and severe
blocking artifacts in a similar region.

Sara Parrilli [77] in 2012 introduced a speckle reduc-
tion method related to wavelet shrinkage and non-local
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filtering by applying probabilistic correspondence estimate.
The outcomes are constant with PSNR values showing
greater structure preservation and despeckling. In addition,
the mechanism has greater smoothing strength in the cor-
responding region. Additional essential non-local filtering
related Bayesian frameworks have been introduced in [78]
that have been analyzed on both ultrasound [79] also SAR
images [80]. This work presents the capability of non-local
average filtering in the area of speckle reduction.

David de la Mata-Moya et al. [81] in 2014 introduced a
SAR image despeckling technique grounded on empirical
mode decomposition. The work calculates a new threshold
value with a sliding mask to preserve the minute details i.e.
edges, texture and despeckling [82]. The outcomes display
an acceptable despeckling avoiding an over-smoothing in
the whole image.

Yao Zhao et al. [83] in 2015 introduced a dual-formu-
lation related Adaptive Total Variation (ATV) ordering
technique which is executed to describe the Total Varia-
tion ordering. Parameter optimization of the total variance
ordering is accomplished at the noise level evaluated through
wavelets. The designed mechanism gives a great advance-
ment in comparison to the earlier standard total variance
technique regarding despeckling in identical regions and
detail preservation in diverse regions, but even then, some-
times the generation of blocked artifacts is found. Some of
the variational based despeckling works that are grounded
on total variation regularization are discussed in [84—88].

Abdourrahmane Mahamane Atto [89] in 2016 presented
a paper, which gives statistical features of waving carriers
when thought is capable of realizing as a deterministic slice-
wise regular function (signal) and multiplication of a con-
stant random field (noise). This multiplicative monitoring
model is evaluated in two standard frameworks, (1) direct
wavelet transform of the model (2) log transform of the
model prior to wavelet degeneration.

Diego Gragnaniello [90] in 2016 framed a recent method
for synthetic aperture radar despeckling, establishing the
adjustment of different alternative evaluations of the identi-
cal information. They have given a reliable pixel-wise cate-
gorization of an image; so that we can take advantage of this
diversity by choosing the most appropriate amalgamation of
values for each image region. Using this approach enhanced
an algorithm where only two modernizing despeckling
techniques, characteristic of favorable features, are added
linearly.

In 2019, authors of [91] proposed a model where Multi-
Objective Particle Swarm Optimization (MOPSO) is used
for despeckling a SAR image in Dual-Tree Complex Wavelet
Transform (DTCWT) domain. This work performs well in
terms of visual results and also in performance metrics of
results.
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In 2018, authors of [92] attempts to address non-fixed
spot decrease in high-resolution synthetic aperture radar
(HR-SAR) images, utilizing a novel Bayesian methodology.
From the earliest starting point, non-fixed spot is depicted.
Second, an innovative log-normal mixture model (Log-
NMM) is proposed to model the focal information; the infor-
mation priors are tended to by utilizing Fields of Experts
(FoE); and then the despeckling model is settled in danger
to MAP methodology. The exploratory outcomes show that
the recommendation passes on top level despeckling execu-
tion on synthetic and genuine HR-SAR information, and
show that the spot is non-fixed in the HR-SAR information
of intrigue.

In 2019, authors of [93] make the robotized moved image
methodology a hazardous errand. Appropriately, diminish-
ing of spots is a basic pre-handling step. The decision of bit
channel relies upon the necessities of an application and
the attributes of the dataset. In this appraisal, some most
favored spot channels are outlined for the information from
Sentinel-1 to portray degree. The Sentinel-1 (VV-vertical
transmit, vertical get and VH-vertical transmit, level get)
polarizing channel information were utilized to layout Al
checks, unequivocally, random woods (RF) and strengthen
vector machine (SVM), to depict a submerged area. The cor-
rectnesses of the depictions were surveyed by kappa coef-
ficient, when in doubt exactnesses, and maker’s and client’s
correctnesses. The stream assessment recommends a way
to deal with oversee direct screen harm and give head data
to enable neighborhood structures to manage water-related
hazard, land organizing, water the administrators, and flood
control programs.

In 2017, authors of [94] proposed a methodology (Guided
SAR Image Despeckling with Probabilistic Non Local
Weights) replaces parametric constants subject to heuristics
in GGF-BNLM system with logically picked characteristics
dependent on the image estimations for weight tally. Pro-
posed changes make GGF-BNLM structure flexible and in
like manner, essential improvement is made like execution.
Exploratory evaluation on SAR images shows mind pass-
ing spot spoil without trading over region security when
stood isolated from GGF-BNLM technique. Results are
also detached and other cutting edge and phenomenal SAR
depseckling systems to show the plentifulness of the pro-
posed technique.

In 2019, authors of [95] proposed a method for despeck-
ling of SAR image contains two phases. First stage is
despeckling process which depends on directional smooth-
ing and hard thresholding structure and second stage is pic-
ture update process which depends in the wake of applying
Hybrid Laplacian Gaussian channel. The proposed work has
been endeavored and show crucial execution over the current
structure. The reenactment results validated that accomplish-
ing a predominant Peak Signal than Noise Ratio (PSNR),

Speckle Suppression Index (SSI) secluded and existing
framework.

In 2017, authors of [96] present another structure where
another nonlocal sparsity key term knows about work with
the essential term obviously. To get the two nonlocal spar-
sity fundamental terms, we outline the picture into various
sorts as appeared by the quantifiable properties of spot in
SAR picture unmistakably off the bat. By at that point, they
pick the best methodology to denoise various sorts of picture
and use the predicted coefficients of these denoising results
to survey the nonlocal sparsity basics. Our system not just
changes the well-salgortudied methodology for CSR, yet
what’s more applialgories to despeckle SAR picture. Starter
results, did on both reenacted SAR images and genuine SAR
images, show that the proposed approach has a certifiable
despeckling execution to the degree both assessment point-
ers and visual quality evaluation.

In 2016, authors of [97] proposed MAP despeckling
technique subject to directionlet transform. To improve the
denoising execution, they join the intra-scale reliance to the
degree introduced data to the MAP estimator to refine the
evaluated outcomes. At long last, we separate the proposed
check and a couple of other spot channels applied on syn-
thetic and authentic SAR images. Fundamental results show
that the proposed methodology outsmarts different channels
the degree that sign to-noise degree, edge security and badly
characterized number of looks checks all around.

In 2019, authors of [98] proposed another cross assort-
ment despeckling framework, considering MAP estimator
and non-local PCA in wavelet domain. This framework
was separated and some top level despeckling methods.
The exploratory outcomes showed that the proposed sys-
tem prompts an unmatched spot decrease in homogeneous
regions while making sure about subtleties.

4.2.2 Deep Learning Based Despeckling

In 2019, authors of [99] proposed a deep learning based
down to earth approach to manage administer despeckle syn-
thetic aperture radar (SAR) images without using ground
truth (despeckled images). Results have been driven on Ima-
geNet dataset additionally as on the genuine SAR images.
The results are bore witness to both truly similarly as quan-
titatively and isolated and front line moves close.

In 2017, authors of [100] proposed the intensity of deep
totally convolutional, an encoding-unwinding structure for
multisource SAR picture despeckling. The structure con-
tains an advancement of convolution and deconvolution lay-
ers, confining a through and through non-direct mapping
among noise and clean SAR images. With enlargement of
skip association, the structure can keep picture nuances and
accomplish the methodology for residual learning which
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deals with the notorious issue of vanishing inclinations and
reestablishes blend. The starter results on replicated and
veritable SAR images show that the introduced approach
achieves redesigns in both despeckling execution and time
proficiency over the front line despeckling systems.

In 2019, authors of [101] analyzed the steady advance-
ment in image despeckling, unequivocally fix based non-
local confining and deep learning techniques. These two
get-togethers of structures offer relating properties at any
rate have not yet been joined. We explore frameworks to
profit at any rate much as could reasonably be normal from
each approach.

In 2019, authors of [102] proposed the usage of a cost
work considering both spatial and quantifiable properties.
Actually two wrinkle: rout the trade off between spot spread
and nuances veil; find a sensible cost work for despeckling in
solo learning. The figuring is grasped on both authentic and
reenacted data, demonstrating flabbergasting grandstands.

In 2019, authors of [103] proposed despeckling of Syn-
thetic Aperture Radar (SAR) data using deep convolutional
structures. Key outcomes displayed promising results using
synthetic and veritable images.

In 2019, authors of [104] inquired about the usage of
deep learning to improve nonlocal despeckling. They use
plain non-iterative nonlocal infers despeckling, with loads
gave, for each estimation window, by a fittingly planned deep
CNN. Evaluations on synthetic and authentic SAR data show
in this way to supervise beat normal nonlocal systems.

In 2019, authors of [105] proposed convolutional neural
frameworks based estimation for despeckling. The structure
is set up on reenacted SAR data. The paper is generally spun
around the use of a cost work that surveys both spatial con-
sistency of picture and quantifiable properties of noise.

In 2020, authors of [106] proposed a novel two-fragment
deep learning (DL) compose with the noise issue. In any
case, the surface estimation subnetwork is made to pass on
TLM, which surveys the randomness and size of the surface
scattering. By then, the noise takeoff subnetwork learns a
spatially factor mapping between the noise and clean images
with the help of TLM. Right when the structure has been
readied, it can normally gauge the surface part and wrap
up whether to smooth the local noise or keep up the detail.
Comprehensive assessments on reenacted and bona fide
SAR images show the better execution of the proposed strat-
egy over the top level frameworks with concession than both
the refreshed perception and quantitative evaluation.

In 2017, authors of [107] proposed a deep-learning-based
methodology for image despeckling convolutional neural
structure (ID-CNN), for normally expelling spot from the
data noisy images. In particular, ID-CNN uses a great deal
of convolutional layers near to assemble normalization and
balanced straight unit establishment work and a piece savvy
division residual layer to check spot and it is set up in a
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through and through structure using a mix of Euclidean trou-
ble and complete assortment distress. Clearing evaluations
on synthetic and veritable SAR images show that the pro-
posed strategy achieves noteworthy updates over the cutting
edge spot decline systems.

In 2018, authors of [108] proposed a noise-invariant CNN
that uses regularization for keeping part courses of action
acknowledged by this noise. Before CNN getting ready, they
performed SAR picture despeckling using the improved Lee
sigma channel for merge extraction. By then, they made SAR
images for CNN getting ready by adding contact noise to the
despeckled images. The regularization improves both the
area constitution to spot noise and SAR target acknowledg-
ment. Starters on the moving and fixed objective obtaining
and acknowledgment database show that the proposed CNN
notably improves the party precision isolated and the standard
methods.

In 2018, authors of [109] proposed a novel deep neural
system structuring unequivocally got ready for despeckling
reason. It utilizes a convolutional neural system to remove
picture joins and change a discrete RCS PDF. The structure
can be set up by either completely imitated picture patches or
genuine SAR images. The outcomes show the plentifulness of
the proposed despeckling neural system separated and three
forefront channels.

5 SAR image Despeckling Performance
Measures

In SAR image despeckling, the utmost thought-provoking job
is the speckle noise reduction by preserving the fine details
of the image. The most evident concern in this field is the
speckle-free reflectivity that is unidentified as the ground truth
is unknown. Another significant matter is the relationship
between quality and reliability of despeckled SAR images. The
other despeckling outlines i.e. feature and reliability of origi-
nality of despeckled SAR images is calculated by analyzing
the degradation in the homogeneous regions, i.e. reduction of
speckle noise and preservation of fine details in heterogeneous
areas. Visual inspection of despeckled SAR image is one meth-
odology for the assessment of quality of the image. However,
Performance metrics for SAR image analysis, can be analysed
by with-reference and without-reference indexes [110, 111].

There is an infinite literature available in the field of image
denoising and despeckling in the presence of the reference
image. In this case the author has complete information about
the image. In the case of with-reference index, the image
researchers can easily compare their despeckling results with
the reference images. It creates the opportunity to enhance
the results as the previous statistical details are available [28,
64,112, 113].
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5.1 With-Reference Indexes Performance measures Mathematical formulation
Some of the major performance metrics using with reference ~ Equivalent number of looks ENL = <5 )2
. . (ENL) [121][122] [123] -
indexes, are give below: . . .
where, p is mean and o is variance
of image
Performance measures Mathematical formulation . . .
Important information both in R(m) = 4w

Mean square error (MSE) MSE = E[(f— f)2l where f £ are

the despeckled and speckle free
images
Structure Similarity Index Metric — (uapp Py ) (20,4+P))
(SSIM) [114] SS5IM(a.b) = e (o)
where, u,, 4, 6,, 6, and o,
are the local means, standard
deviation and cross variance for
images x; y. P1=(0:01%*L)? and
P2=(0:03*L)?,

SNR = 10.l0g,o | |

Signal to noise ratio (SNR)

where, Var[g]is speckle free
image variance

PSNR 1010g10( 25;122555 )

Energy signal-to-noise ratio ESNR = 10.Jo [m]
(ESNR) 10810 sk

where, E[f?]is the speckle free
image power

Universal image quality index 0=, 2y | 2000
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Feature similarity index metric ~ gopyf = ZuceZ(@-PC,(@
(FSIM) [115] T caPCol@)

where Q signifies the spatial
transform of the complete image
[116]

Edge correlation (EC) index Cov [fH fH]
[1171[118] EC= ———=
Var[p#].Var [f

fH FH are the high pass smoothed
noise-free and denoised images

Pratt’s figure of merit (FOM) 1 213 1
[119] [120] max(?’,P) m=l1+da

P, Pis the no. of pixels belonging
to an edge in denoised SAR
image patches and noise-free
clean image patches. dfn is the
Euclidean distance between the
edge pixels in the denoised SAR
image patch and nearest ideal
edge pixel in the clean SAR
image [120]

5.2 Without-Reference Indexes

Some major performance metrics for without reference
indexes, are given below:

homogeneous and non-homo-
geneous areas [24]

where;\a[(%i is the speckled image
and b(m) is the despeckled
image

CV = (Standard deviation ) % 100
Mean

Coefficient of variation (CV)

Target-to-clutter ratio (TCR)

max,,

TCR = 20l0g,, 222141

[124, 125] Ep[e]
where, pp is the patch that
contains the objective point and
max,,; E,, are computed over
that patch
Noise Variance (NV) [126] 2 =1 YNl

N &~j=0 "j . .
where, N 1s the size of the image

6 Comparison of SAR Image Despeckling
Methods

For relative study of SAR image despeckling methods, the
experimental results of some existing conventional and
non-conventional methods are analyzed using two aspects:
(1) qualitative study by analyzing the visual appearance
of the despeckled SAR image, and (2) quantitative study
by analyzing the performance metrics. The quality of
despeckled SAR image can be analysed by visual appear-
ance and also by evaluating the quantitative values. In
order to perform to qualitative analysis there is no math-
ematical or precise method available in the literature. For
better visual inspection of despeckled SAR image, usually,
there are six criteria are followed: (1) reduction of granular
structured speckle noise; (2) visibility of the artifacts; (3)
preservation of fine details like edges in the heterogeneous
areas; (4) visibility of low contrast objects; (5) smoothness
in homogeneous areas, and (6) preservation of the tex-
ture. The accuracy of SAR image despeckling techniques
are measured by some standard performance measures,
such as: Noise Variance (NV), Mean Square Error (MSE),
Equivalent Number of Looks (ENL) and Coefficient of
Variation (CV).

6.1 A comparative study
The experiments were conducted on several real speckled

SAR image acquired from public access database (http://
www.sandia.gov/RADAR/imagery/https://photojournal.jpl.
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Table2 NV, MSE, ENL and CV of despeckled SAR images

Filtering methods Performance assessment parameters

NV MSE ENL CvV
Real speckled SAR  7.2567 - 1.8055  32.6373
image (see Fig. 11)
[32] 6.3378 841.8739 23461  34.9981
[33] 6.0981 913.8233  1.9091  36.2341
[22] 5.0002 689.0156  2.5058  31.9958
[76] 5.2134 7952331  2.1089  33.4568
[39] 5.0024 6232301 1.6728  33.8211
[81] 4.9671 699.8975  2.0191 357294
[37] 4.997 681.1221  2.1741 357912
[51] 0.9025 980.1683  2.4281  33.9510
[52] 0.5632 1001.0281  2.5601  34.2325
[83] 0.4561 984.0909 2.5229  34.1919
[77] 0.42123 876.9622  2.0019  33.4227
[82] 0.4668 9769123  2.5332  33.7213
[125] 0.4084 890.2846  2.4928  35.9696
[63] 0.4001 925.6580  2.5028  34.0819

nasa.gov/catalog/PIA01763 http://eo.belspo.be/). But here in
the article, the experimental testing is performed on Fig. 11.

From the experimental results and analysis, it is found
that Bayesian methods in spatial domain removes the speckle
noise efficiently but the fine details gets blurred and sharp
edges gets distorted in SAR images. On the other hand, the
Bayesian methods in transform domain and non-Bayesian
methods are capable enough to preserves the fine details
of the SAR image while reducing speckle content too.
The accuracy and efficiency of the prevailing SAR image
despeckling methods for analysis are based on the quantita-
tive values of the performance metrics. The average results
of some prevalent SAR image despeckling methods are
shown in Table 2. The main factors that are analyzed in
the despeckled SAR images are reduction of speckle noise,
preservation of fine details, smoothness in the homogeneous
areas and texture preservation in the heterogeneous areas.
Therefore those performance parameters are selected for
analyzing the quality of despeckled SAR images that cov-
ers the above discussed main factors that best describes the
SAR image. The summary of some SAR image despeckling
methods are briefly discussed in Table 3.

@ Springer

Fig. 11 Real speckled SAR image

The NV value of the real speckled SAR image shown in
the Fig. 11 is 7.2567. A mask of 25X 25 is rotated on the
image in a non-overlapping fashion, ENL value is calculated
for each mask. Later average of all ENL value is evaluated
that is equal to 1.8055. Its CV value is 32.6373. Frost et al.
[32] and [33] reduces the speckle content from the image but
it leads to introduction of impairments specifically more in
[33]. Chen and Liu [22] and [76] are more efficient in reduc-
ing the speckle noise than the previous works. The texture
in the heterogeneous areas is well reserved in the [22] and
[76] but fine details are distorted in the [22] and artifacts are
seen in the despeckled image of [110]. The smoothness in
the homogeneous areas is well maintained in the [22] than
[76]. The average difference between despeckled image and
real SAR image is maximum in [33] among the [22, 32, 33]
and [76]. Guo et al. [39] presents the despeckling results
of soft and hard thresholding using DWT. The soft [39] is
more efficient than hard [39] in terms of speckle reduction
and smoothness in the homogeneous areas while the tex-
ture part in the non-uniform regions is well preserved in
both the cases. The despeckling results of [81] and [37] are
approximately same in terms of all quality factors but the
computational cost of [81] is better than the [37].

The speckle content observed in the despeckled SAR
images in [51, 52, 63,77, 82, 83, 126] is highly reduced. Out
of these, [63] is best in speckle reduction. Even the smooth-
ness in the uniform regions is well maintained in these men-
tioned works. The average difference between despeckled
SAR image and real speckled SAR image is maximum in
[52]. The fine details are well preserved in the mentioned
works. Out of these, [51] shows the minimum introduction
of the artifacts. The computational cost of [52] and [63] are
high.


http://www.sandia.gov/RADAR/imagery/https://photojournal.jpl.nasa.gov/catalog/PIA01763
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7 Conclusions

The speckle reduction in SAR images is one of the hot-
test topics in SAR image processing. The SAR images are
inherently speckled in nature, but the main reason is con-
stant interaction of the transmitted high-frequency radar
waves with target areas. The speckle noise can be reduced
or eliminated using suitable despeckling methods. There-
fore, despeckling should be implemented to enhance the
SAR image quality for more accurate pre-processing. This
article discusses some of the most prevalent articles with
their advantages and disadvantages. In order to deal with
speckle noise, an efficient despeckling process requires a
prior information about the noise map, adaptability and pat-
tern distribution. The final objective of SAR image despeck-
ling method is to obtain edge preserved despeckled images
with reduced speckle content, smoothness in the homoge-
neous areas, preserved texture in the heterogeneous areas
and no artifacts generation. This paper summarizes the SAR
images, noise in SAR image i.e. speckle noise, SAR image
despeckling methods. The comparative analysis of some
recent methods and also some state-of art methods are ana-
lysed with their merits and demerits. This analysis of speckle
noise will surely help to the researchers for developing new
SAR image despeckling algorithms.
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