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ABSTRACT

Image Restoration is one of the most investigated field of image processing. It is the process
of taking a noisy or degraded image as input image and estimating the noise-free image that is
approximately equivalent to the reference image using some image restoration technique. The
reason behind this degradation may be motion blur, noise, camera mis-focus etc. Image
restoration is implemented by reversing the procedure that distorts the image. This is executed
by imaging a point source and use the point source image, which is called the Point Spread

Function (PSF) to restore the image details lost to the distorting process.

In this research work, image restoration is done on Synthetic Aperture Radar (SAR) images
that are already influenced by the speckle noise. SAR is one form of radar that is fixed on the
satellites and aircrafts that captures the high-resolution images of large area of the earth
surface from different view angles. SAR images are formed by the consistent interaction of
the emitted microwave radiation with target areas. This consistent interaction originates
arbitrary constructive and destructive noisiness that results into granular pattern on captured
SAR image. This granular pattern of noise is known as speckle noise. This noise is
multiplicative in nature. A granular pattern of speckle noise in the SAR image corresponds to
the “salt-and-pepper” kind of noisy effect. The granular pattern of speckle noise is the
interference or fading pattern. Speckle is the scattering phenomenon but not the noise. The
consistent interaction of high-frequency radar waves with a complex set of scatterers are
possibly the restrictive aspect of SAR processing system design and application. Speckle
noise creates a negative impact on the SAR image. It has adverse effect on the SAR image.
Eliminating speckle noise from the SAR image is one the challenging task as SAR images are
already influenced by the speckle noise. The process of eliminating or reducing speckle noise
from the SAR image is called as the SAR image despeckling.

The main objective of image despeckling is to eliminate the speckle noise, preserve the
important details of SAR images such as texture, edges, structures, corners, maintaining the
smoothness in the homogeneous region of the image and preserving the fine details in the
heterogeneous region. Usually SAR images are high dimensional images and preserving the
edge and corner components is one major issue. Anisotropic diffusion also called Perona-
Malik diffusion is used to reduce noise without disturbing the significant parts of the image. A
homomorphic despeckling method is proposed using anisotropic diffusion in db2 based type

wavelet transform. The linear and non-linear filters are applied on the approximate part of the
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image to remove blurring. Method noise thresholding is used to restore the unfiltered part of
the despeckled image. The proposed method is applied and tested on correlated speckle noise
as well as uncorrelated speckle noise on the real dataset of SAR images. The performance of
the proposed method is evaluated by its visual quality and by using other metrics such as Peak
Signal-to-Noise Ratio (PSNR), Structural similarity index metric (SSIM), Universal Image
Quality Index (UIQI) and Root Mean Square Error (RMSE). The performance and
computational time are calculated and compared with standard filters and methods. The
critical analysis of the result shows that proposed method gives the brilliant outcome in terms

of structure and edge preservation and noise suppression.

This proposed method is the hybrid combination of the Bayesian method in transform domain
(homomorphic filtering in wavelet domain) and non-Bayesian method (anisotropic diffusion).
This unique hybrid combination presents image quality with good visual appearance. The
computational cost of this method is highly efficient. The concept of method noise is
implemented as the post-processing step. It enhances the quantitative results as well as visual
quality of the image. If this hybrid combination and easy use of method noise can give such
good results, then a way better and intelligent use of method noise can give much better
results. The results of this method motivate to go for designing a new method with more
intelligent use of method noise.

Theoretically, multiplicative noise is considered as the ratio of the standard deviation to the
signal value. The new despeckling method works on db2 based 2D-Discrete Wavelet
Transform (DWT) using wavelet thresholding, Directional Smoothing Filter (DSF) and
intelligent use of method noise thresholding. The method is designed to despeckle the
simulated as well as real speckled SAR images. It uses a hybrid combination of DSF, wavelet
thresholding using enhanced Bayesian shrinkage rule and method noise thresholding for
despeckling purpose. After DWT decomposition, the approximate component is directed to
DSF followed by method noise thresholding and detailed components are directed to wavelet
thresholding followed by method noise thresholding. This method validates the efficient use
of method noise and explains how its intelligent use can enhance the result of the algorithm
over other efficient methods. The quality assessment of the proposed method is done by visual
appearance and measures such as PSNR, SSIM, UIQI, Equivalent Numbers of Looks (ENL),
Noise Variance (NV), Coefficient of Variation (CV), Mean Squared Error (MSE), Correlation
Coefficient (CC) and preservation of mean values before and after despeckling. The
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effectiveness of the proposed method is demonstrated by matching it to well-known speckle
noise removal methods on SAR images.

The post-processing operation of method noise in the first despeckling method presents
decent result. This concludes with the new idea of using the concept of method noise in more
intelligent way for better results. The second despeckling method is completely based on the
use of method noise. The method noise is used for fine detail preservation. The other filter
used in this technique is DSF that is specifically used for edge preservation. This method is an
edge preserving despeckling technique. This method offers a new intelligent use of method
noise in two different ways. The concept of method noise is used three times in this method.
Firstly on the low frequency components, secondly on the high frequency components and
lastly as a post-processing operation. This new way of implementing the method noise
enhances the result. The proposed method 1 and 2 works on global filtering. According to
literature available, the despeckling results using local filtering shows better result than the
global filtering. In both method, the decomposition level is manually set by experimenting the
method from level 1-7 and the optimal results are obtained at 3 level. The cost of second
method is computationally low. The local filtering and automatic selection of decomposition
level leads to design a new despeckling method.

A new despeckling technique for speckled SAR images is designed using a local correlation
based fusion of high-frequency coefficients in DWT with method noise thresholding. The
decomposition level is decided by analyzing the texture of the input image at each
decomposition level by calculating entropy. The core idea of this proposed technique lies in
the selection of decomposition level in 2D-DWT based on entropy parameter and on the
fusion of high-frequency coefficients. On decomposition, the low-frequency coefficients
remain untouched and the high-frequency coefficients are thresholded using two different
shrinkage rules in parallel. Therefore the Bayesian and Bivariate shrinkage methods are
applied to the high-frequency coefficients in parallel. After performing two different
thresholding methods, the improved high-frequency coefficients are fused using local
correlation based strategy. The threshold value is calculated using correlation coefficient (CC)
of two improved high-frequency coefficients. Later again the CC is evaluated between the
two improved high-frequency coefficients using small size mask for the fusion strategy. The
CC is now compared with the threshold value for the fusion purpose. On the basis of defined
fusion strategy, the average and maximum operation are applied to perform the fusion of

high-frequency coefficients. The despeckling method is followed by method noise
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thresholding in order to preserve the fine details of the image. The performance of the
proposed method is assessed using metrics such as Signal-to-Noise Ratio (SNR), PSNR,
SSIM and visual appearance of the despeckled image. The experimental results demonstrate

the effectiveness of proposed work over prior works on SAR image despeckling.
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1.1 Background

All the information that is gathered for detecting and tracking ships, ocean wave forecasting,
agricultural monitoring, military system, assessment of damages after flood and earthquake is
acquired through SAR images. If the quality of the SAR image is good, then enough useful
information can be obtained but if the quality of the SAR image is bad, then there is problem
in obtaining useful information. This chapter briefly explains the radar, its types, working and
applications. The process of SAR image creation is discussed. The reason of roughness and

brightness found in the SAR image is discussed with the relevant facts. The different type of



problems related to SAR image is shown in the tabular form; out of them the problem of
speckle noise is targeted and explained in detail. In the last four sections, motivation, problem
statement, and objectives, contribution to the work and thesis organization is discussed in the

detail.

1.2 Radar

Radar (RAdio Detection And Ranging [1], [2] or RAdio Direction And Ranging [3], [4]) is a
system that uses radio waves to detect and determine the velocity, angle or range of objects. It
is used to detect aircraft, ships, guided missiles and weather formations. A radar system
consists of a transmitter that emits high-frequency electromagnetic waves. The transmitting
and receiving antenna are used for transmitting the radar waves and receiving the
backscattered information. The receiving antenna and processor determines the

characteristics of the objects.
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
surface and echoes back the backscattered information of the object. This type of radar is
called as mono-static. In Figure 1.1, the variable T denotes 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. tyansmitted

techo- Here the location of the transmitter and receptor is same.

Receptor

Techo

Ttransmitted

Transmitter
Figure 1.1 Basic mechanism of an active radar system

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 Figure 1.2, t1+t2 = t3+t4. This condition is true for every
object that is positioned on the ellipse of Figure 1.2. For both of the objects in Figure 1.2,
from the receptor point of view, the time delay between the original signal and the reflected
signal is exactly the same. The performance of the passive radar system is highly dependent

on the number of transmitters and receptors and their geometry.

Receptor

Transmitter

Figure 1.2 Basic mechanism of a passive radar system

Radar is categorized into two main groups on the basis of antenna size:
e Real Aperture Radar (RAR)
e Synthetic Aperture Radar (SAR)

1.2.1 RAR (Real Aperture Radar)

RAR are the non-coherent radars that are controlled by the physical length of the antenna. It
is 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 is of the
narrow-angle beam in the range direction at right angles to the flight direction called as the
azimuth direction and receives the backscattering from the targets which will be transformed
to a radar image from the received signals, as shown in Figure 1.3. The image resolution is
defined by the length of the antenna. It is impractical to design a large antenna in order to get
a high-resolution image because in 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 [5]. If in case,
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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 meters resolution with L band (=25 cm) and 100 km
distance from a target, a RAR hence has a practical constraint for refining the azimuth

resolution.
1.2.2 SAR (Synthetic Aperture Radar)

In SAR imaging, an antenna transmits the microwave pulses towards the earth surface. This
high-frequency microwave energy scattered back to the spacecraft is measured as shown in
Figure 1.3 [160]. The SAR makes use of the radar principle to form an image by utilizing the
time delay of the backscattered signals. SAR is the coherent radar that is attached to the
satellites and aircrafts that captures the high-resolution images of the wide surface area of the
earth. SAR overshadows photographic and other optical imaging abilities as it has the
advanced capability of taking images in varying weather conditions, day and night due to a
different wavelength of camera sensors. SAR works over the sensors of the wavelength of 1
cm to 1 m, whereas optical sensors use wavelengths near that of visible light or 1 micron.
Due to this difference, SAR has the capability to see through clouds and storms, whereas
optical sensors are unable to do so. On comparing with RAR, SAR increases the size of the
antenna or aperture synthetically to raise the azimuth resolution. In SAR, the data processing
of received signals and phases from moving targets with a small antenna is a complicated

process.

When radar waves hit the earth surface, the proportion of energy scattered back to the sensor

as shown in Figure 1.3 depends on many factors [6], [160]:

e Physical factors such as the dielectric constant of the surface materials which also
depends strongly on the moisture content.

e Geometric factors such as surface roughness, slopes, orientation of the objects relative to
the radar beam direction.

e The types of land cover (soil, vegetation or man-made objects).

e Microwave frequency, polarisation and incident angle.

Due to the cloud-penetrating property of microwave, SAR is able to acquire “cloud-free”
images in all-weather [6]. This is especially useful in the tropical regions which are
frequently under cloud covers throughout the year. Being an active remote sensing device, it

is also capable of night-time operation [7], [160].



SAR Antenna

Backscattered
Radar Pulse

Ground Targets ~~""" Ground Targets

(@) (b)
Figure 1.3 (a) A radar pulse is transmitted from the antenna to the ground (b) The
radar pulse is scattered by the ground targets back to the antenna [160]

1.3 Different Types of SAR

SAR imaging is divided into following types on the basis of the nature of application:

1.3.1 Strip mapping Mode SAR

The traditional SAR image processing is based on the strip mapping mode [12], [13] as
shown in Figure 1.4(a). This mode is used when the large terrain is to be captured. Here the
terrain data is acquired without staring at any particular location. 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.

1.3.2 Spotlight Mode SAR

The flying SAR system stares at an exact a scene typically on the ground [12], [13] as shown
in Figure 1.4(b). It captures small terrain area than strip mapping mode hence requires less
computation cost. It captures multiple SAR images of same spot of the terrain to get the

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.

(a) (b)
Figure 1.4 Types of SAR (a) Stripmap SAR [12] (b) Spotlight SAR [12]

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 inform the

navigation system by tracing the recognized landmarks [13].

1.3.3 Inverse SAR (ISAR)

Inverse synthetic aperture radar (ISAR) is a radar technique that uses the radar imaging
concept to create a 2D-high resolution image of a target. It is analogous to traditional SAR,
except that ISAR technology uses the movement of the target rather than the emitter to create
the synthetic aperture. ISAR is mainly used for capturing or mapping the moving or rotating
targets. The ISAR is critically used in the war application like the movement of aircrafts and

ships [13].

1.4 Applications for SAR

SAR has now become one of the valued remote sensing tools for both soldierly and
noncombatant users. Various soldierly SAR applications are intelligence gathering,
battlefield survey, and weapons supervision. The noncombatant applications include
topographic planning, geology and mining, oil spill observation, sea ice observation,
oceanography, agricultural and land use monitoring and planetary or celestial examinations
[8]. The observation and interpretation of the earth using SAR have following wide practical

applications as discussed below.



1.4.1 On the ocean

Man-made illegal or accidental spills are visible in SAR images.

Ships can be detected and tracked.

Natural leakage from oil deposits can also be observed, providing hints for the oil
industries.

Scientists are studying the radar backscatter from the ocean surface which is related to
wind and current fronts, eddies, and internal waves.

In shallow waters SAR imagery allows one to infer the bottom topography.

The topography of the ocean floor can be mapped using the very precise ERS Altimeter
because the sea bottom relief is reflected on the surface by small variations of the sea
surface height.

Ocean wave forecasting and marine climatology.

Regional ice monitoring. This is essential for navigation in ice-infested waters.

1.4.2 On the land

Monitoring lands of forestry and agriculture.

Some geological or geomorphological features are enhanced in radar images thanks to
the oblique viewing of the sensor and to its ability to penetrate (to a certain extent) the
vegetation cover [8].

SAR data can be used to georeference other satellite imagery to high precision, and to
update thematic maps more frequently and cost-effectively, due to its availability
regardless of weather conditions.

In the aftermath of a flood, the ability of SAR to penetrate clouds is extremely useful.
Here SAR data can help to optimize response initiatives and to assess damages.
Detection of small surface movements caused by earthquakes, landslides or glacier

advancement [8].

1.5 SAR Image Creation

SAR is also like a camera that captures images. Both SAR and optical camera have the

different penetrating capability. This penetrating capability depends upon the capturing

phenomenon. In order to create an image, the optical camera depends on the light while SAR

relies on radar signals which it transmits. This significant difference of SAR allows capturing
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the images in pure darkness and also permits to see through clouds, rain, fog, and snow.
Creating a SAR image requires a heap of data and terrific calculating power [9].

In general, the basic working principle of radar i.e. RAR is to calculate the time taken by the
radio wave to travel from an antenna to object and back to the antenna. Radar computes this
traveling distance from an antenna to object and back to the antenna using time interval but
this kind of radar can only trace an object and measure its speed. To create an image, a
significantly greater heap of data and terrific calculating power is needed. It needs an
exceptionally elongated antenna. But in SAR, it uses a smart way of synthetically creating a
long antenna by moving a small antenna to cover a long distance. After receiving all data, it
saves it and starts processing it [9].

As the airplane flies and moves forward, the SAR antenna transmits the high-frequency radio
waves also called radar waves in the direction of the ground. In the middle of the pulses, the
antenna collects backscattered high-frequency radio waves that have bounced off objects on
the ground. These backscatter pulses contain information that includes the total distance
traveled by the pulses to make the round trip to and from the plane. It also contains the
information about the movement of the SAR whether it is moving in the direction of or
against from the object on the ground. The backscattered pulses are recorded and if the pulses
are recorded to be very close to each other, then the plane with the SAR antenna is moving
towards the ground and if the pulses are recorded to be far from each other the plane is
moving away from the ground [9].

From the huge amount of backscattered pulse data collected, there are certain pulses that
show a specific pattern, this specific pattern denotes that those pulses are bounced off from
the same location. During this process the information related to distance is known from the
exact location where the plane was when it sent and received the pulses that fit the pattern,
it's a simple matter to plot the point of the object on the image it's creating [9]. The point on
the image is plotted, but the brightness of the point is still not known. SAR determines the
brightness by the intensity of the signal it receives. An object such as a tree absorbs some of
the radar energy and so it appears gray. A metal object-oriented toward the SAR antenna
reflects a lot of the energy back, so it appears bright [9].

In SAR image processing, there are a thousand calculations needs to be performed for each
and every pixel and such image is shown below of Washington, D.C., which is made up of

several million pixels in Figure 1.5.



Figure 1.5 SAR image of Washington, D.C. took on a snowy night in 1994. [11]

1.6 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
portion of the signals reflects backs to the antenna. The antenna has the capability of both

transmitting and receiving the radar signals.

Figure 1.6 Dark and Bright areas of the SAR images



When the adequate portion of the radar signals reflects back to the antenna then those parts
are shown bright in the SAR image. When a very small portion of the radar signals is
reflected back to the antenna then those areas are projected dark in the SAR images. There
are certain factors over which the returning radar signals depends upon like electrical
properties, roughness, the geometrical positioning of the surface and the polarization
direction of the returning radar wave. Figure 1.6 shows the bright and dark areas in the SAR

image.

Smooth Surface:
Specular Reflection Rough Surface:
(no radar return) Scattering

Angle = Angle r
(@) (b)
Figure 1.7 Surface orientation (a) Smooth surface (b) Rough surface

Figure 1.7 shows the surface orientation of the target ground over which the radar signals hit.
The smooth and rough surfaces are shown in the above figure. When radar signal hits the
smooth surface of the terrain as shown in Figure 1.7(a) the angle of incidence of the radar
signal is almost equal to the angle of reflection of the reflected radar signal. This means that
there is either no radar return or a very little energy returns back to the radar antenna. In this
case, the projection is shown dark in the SAR image. This type of case is mainly seen in the
calm water body like a river which 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 reflected back in many directions as shown in Figure
1.7(b). In this case, a small portion of the radar energy is reflected back and received by the
SAR 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 variation of brightness in the SAR images. Other various surface

orientations responsible for variation in brightness are shown in Figure 1.8. When radar
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signal hit the surfaces that are perpendicular to the travel path of the signal then this scenario
generates the strongest return as they are directly facing the sensor shown in Figure 1.8(a).

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 completely 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.
Radar shadow
Strong on backslope
return from steeper than
foreslope Weak return depression
5 from angle
backslope

Corner Reflector
(side view)

(a) (b)

Figure 1.8 Surface orientation affecting the brightness of the SAR images
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 Figure 1.8(b) and (c). In Figure
1.8(b), corner reflector is shown that produces the strongest return of the radar signals. It can
be noticed that the radar signals 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
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towers of power line appear brighter in the SAR images because the value of the dielectric
constant is high [14]. 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.

1.7 Problem in SAR Image

There are a number of reasons of disturbance in the performance 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 resolution. Noise is one frequently seen
problem in SAR images whose major source is image acquisition [10]. Other sources 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 1.1.

Table 1.1 Real problems in SAR images [13]-[16]

Real effects on Major sources

SAR images

e Change in position: movement variation and changes in
platform attitude (high and low frequencies) cause distortion
due to the platform of spaceborne or airborne.

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

o ) e Deviation in sensor mechanism and viewing geometry:

Geometric distortion
panoramic effect causes distortion due to the sensor.

e Refraction and turbulence cause distortion due to the
atmosphere.

e Time-variations or drift and clock synchronicity cause

distortion due to measuring instruments.

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

. e Thermal noise damages the dynamic range of the system.

System nonlinear effects

¢ Quantisation error, bit error noise and system nonlinearities

damage the azimuth resolution and dynamic range of IRF.
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e Linear drift because of elliptical orbit and earth rotation.

e The appearance of hyperbola shaped reflection as target move

o towards the synthetic aperture.

Range migration .

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

e High velocities of airplanes and satellite-borne SAR system.

e SAR images are shaped by the constant interaction of the
transmitted high-frequency radar waves with target areas. This
constant interaction causes random constructive and destructive
nosiness that result in salt and pepper noise all over the image.

Speckle Noise effects ) ) )

This noise scatters all around the image and suffers from the

speckle noise effects and degrades the quality of the SAR

image. It is a granular pattern noise that inherently exists in the

SAR image.

e The existence of numerous elemental scatterers with an

arbitrary distribution within a resolution cell.

1.8 Noise in SAR Image

The granular pattern that usually found in the SAR image either during image acquisition or
due to arbitrary constructive or destructive interference is called as speckle noise. It appears
like ‘salt and pepper’ noise due to its granular pattern. The consistent interaction of high-
frequency radar waves with a complex set of scatterers is possibly the least implicit and
restrictive aspect of SAR processing system design and application.

Non-consistent sensors usually employ diffraction limited physical apertures for the focusing
of incident electromagnetic radiation, followed by detectors which are sensitive to the total
intensity of the radiation incident upon them.

In contrast, a SAR transmits a very precise signal towards its target and, when the reflected
radiation returns, a SAR records not only the amplitude of that signal but its phase as well. It
is the phase information which allows for the post-facto coherent summation of the many
thousands of recorded signals in the correlator during the aperture synthesis operation.
Coherent signals have properties that are considerably different from their noncoherent
counterparts. The coherent interference between targets contained within a resolution cell is

the basis for much of the scintillation of coherent radar imagery, an effect often referred to as
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speckle. Thus, there is a wide variation in the SAR image, even when a uniform input is
given. This variation can be considered as a form of noise. In the classical sense, the speckle
is not really noise and there is information to be obtained from it because speckle is the radar
signature of the target under a particular set of circumstances [20].

The traditional speckle pattern is shown in Figure 1.9. Basically, speckle is not a noise but a
scattering phenomenon [18]. However, in the SAR image processing, speckle is modeled as

multiplicative noise as shown in Eq. (1.1) [17].

Figure 1.9 Classical speckle pattern [20]
Speckle noise is modeled as multiplicative noise. Therefore the resultant signal is the product
of speckle signal and original noise [46]. Let I (i, j) is the degraded pixel of an observed
image and S (i, j) be the noise-free image pixel which is to be recovered. With the

multiplicative noise model,

T(i, J) =S80, J ) N (1, ) eeeeeeeeeemememoemieeeeeeeeeeeeennees (1.1)

In which N (i, j) depicts the multiplicative noise with unit mean and standard deviation [19].
An inherent characteristic of SAR images is the presence of speckle noise. Speckle noise is
random and deterministic in an image [30]. Speckle has a negative impact on SAR images.
Radical reduction in contrast resolution may be the main reason for the poor effective

resolution.
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Figure 1.11 Plotting bright and dark point of the speckled image

Speckle is the interference or fading pattern. In a fully developed speckled image, the bright
points show where the interference is constructive and the dark points show where the
interference is destructive as shown in Figure 1.10(a) and (b). The constructive and

destructive interferences are shown and plotted in Figure 1.11(a)-(d).
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1.9 SAR Image Dataset

The proposed methods discussed in the thesis are experimented on several real SAR images.
The experimental result of the proposed methods on real SAR dataset is shown in the Figure
1.12. The real SAR data is taken from the open public database. The SAR image is shown in
Figure 1.12(a) is Ka-band image of a variety of military vehicles in the desert near
Albuquerque, NM, taken from the Sandia National Laboratories, Airborne ISR, available at
http://www.sandia.gov/RADAR/imagery/ [11]. The SAR image is shown in Figure 1.12(b) is
Space Radar Image of Kilauea, Hawaii - Interferometry 1, taken from the database of Jet
propulsion  laboratory,  California  Institute = of  Technology, available at
https://photojournal.jpl.nasa.gov/catalog/PIA01763. The SAR image is shown in Figure
1.12(c) is the aerial photography of the cemetery of Cologne, Germany which is available at
open public access database [70], [71]. The SAR images are shown in Figure 1.12 (d) and (e)
are taken from the open public database available at http://eo.belspo.be/.

Figure 1.12 SAR image dataset
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1.10 Motivation

The SAR image despeckling is a rapidly advancing field. In the past decade, there are
numerous research articles on SAR image despeckling. There are standard filters and various
methodologies available for the despeckling of SAR image. These despeckling
methodologies depend upon the nature of the speckled SAR image. The despeckling is
performed on simulated as well as on the real speckled SAR image. The speckle distribution
in simulated and real speckled SAR image is different. In simulated speckled SAR images,
the speckle distribution is uniform. In the real speckled SAR images, the speckle scattering
phenomenon is unknown. Therefore an effective and robust despeckling technique is required
that can process both types of speckled images. Apart from despeckling, SAR image quality
assessment is another issue, as the performance metrics of both categories of speckled SAR
images are different. The quality of despeckled SAR image is assessed by various
quantitative metrics and visual appearance of the despeckled SAR image.
The despeckling process is a bit difficult than normal denoising of digital images, as, in SAR
image, the type of noise found is speckle noise that is multiplicative in nature. Before
applying any despeckling process on the speckled SAR image, it is required to handle the
multiplicative nature of speckle noise. Therefore homomorphic filtering is applied on
speckled SAR images that implement log and exponential transform for transforming the
multiplicative nature of speckle noise into additive nature. The log and exponential function
are the overhead operations that increase the time complexity of the method and also degrade
the image up to a certain level. Therefore it is required to preserve the fine details of the
image. The major challenge during the despeckling process is the preservation of the fine
details like edges and corners in the image, smoothness in the homogeneous areas and
preservation of texture in the heterogeneous areas in the SAR image. Since the SAR images
are low contrast images, so information preservation is a bit difficult than in normal optical
images. The following specified issues are main priorities in the despeckling process:
e No artifacts generation during the despeckling process.
e The edges and image boundaries should be well preserved. Special care is needed to
avoid over smoothing and over sharpening.
e Visibility of low contrast objects should be maintained.
e  Texture preservation.

e Smoothness in the homogeneous regions of the SAR image.
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e Preservation of non-homogeneous regions of the SAR image.

1.11 Problem Statement and Objectives

The major goal behind the thesis is to estimate and obtain a despeckled SAR image from the
distorted or speckled SAR image while preserving the significant details of image such as
texture, edges, structures, and corners. The developed despeckling method is experimented
on simulated and real speckled SAR images. Since there are many despeckling methods
developed in the past years but still there is a lot of scope for progressive enhancement. The
research work is performed using Bayesian and Non-Bayesian methods in the transform

domain. The research is grounded on wavelet transform.

The first objective of research work is to develop a new homomorphic and method noise
thresholding based despeckling of SAR image using anisotropic diffusion. The preservation
of edges is a critical task. Anisotropic diffusion is implemented to handle this issue. A
homomorphic despeckling method is proposed using anisotropic diffusion in db2 based 2D-
Discrete Wavelet Transform (DWT). The approximate part of the image is handled by the
linear and non-linear filters in order to eliminate blurring. The method noise thresholding is
applied to restore the unfiltered components of the despeckled SAR image. The proposed
method is applied and tested on correlated speckle noise as well as uncorrelated speckle noise

on the real dataset of SAR images.

The second objective of the work is to develop an improved despeckling method for
simulated and real speckled SAR images using the hybrid combination of directional
smoothing filter (DSF) and method noise thresholding. The preservation of fine details during
the despeckling is the major task. The DSF is an edge-preserving filter. The approximate
component is directed to DSF followed by method noise thresholding and detailed
components are directed to wavelet thresholding followed by method noise thresholding. The
research justifies the efficient use of method noise and explains how its intelligent use can
enhance the despeckling result of the method. The proposed algorithm works on db2 based
2D-DWT using wavelet thresholding. The method is designed to despeckle the simulated and
real speckled SAR images.

The third objective is to develop a SAR image despeckling technique using a local correlation

based fusion of high-frequency coefficients in DWT using method noise thresholding. The
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decomposition level is set by analyzing the texture feature of the input image at each level by
entropy metric. This method of selecting the decomposition level preserves the maximum
information possible. The main idea behind the proposed work lies in the selection of
decomposition level in 2D-DWT based on entropy parameter for maximum information
retrieval and fusion strategy for enhanced wavelet coefficients. On decomposition, the low-
frequency coefficient is not processed and the high-frequency coefficients are thresholded by
two distinct shrinkage rules in parallel. Bayesian and Bivariate shrinkage methods are used to
threshold the high-frequency coefficients. After performing two different thresholding
methods in parallel on detailed component, the enhanced high-frequency coefficients of these
two thresholding methods are fused using local correlation based strategy. The threshold
value is calculated using correlation strategy, and then the correlation coefficients are
compared with the threshold value for the fusion purpose. Based on the strategy defined the

average and maximum operation are performed for the fusion of high-frequency coefficients.

The despeckling results are analysed by evaluating the performance of the proposed method
by metrics like Signal to Noise Ratio (SNR), Peak Signal to Noise Ratio (PSNR), Structural
Similarity Index Measure (SSIM), Universal Image Quality Index (UIQI), Equivalent
Numbers of Looks (ENL), Noise Variance (NV), Coefficient of Variation (CV) and Mean-
squared Error (MSE). It also statistically analyses the effects of speckle noise on SAR

images.

1.12 Contribution to Work

The research work is entirely based on despeckling the SAR images using method noise
thresholding and image fusion in wavelet transform. The concept of RADAR and its types
1.e. RAR and SAR with its merits and demerits are discussed. Various applications of SAR
are discussed. The entire process of SAR image creation is discussed with the clear reason for
the presence of bright and dark points in the SAR images. All the problems related to SAR
images are discussed in detail and explaining their effect on the SAR images with their major
sources. A specific noise problem in the SAR image i.e. speckle noise is targeted and all the
perspectives related to the speckle noise in the SAR images is explained. The pioneer
research work i.e. traditional and non-traditional methods of despeckling are discussed in the
chapter 2 right from beginning to the current period. The strength and limitation of each work

are discussed in brief.
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The preliminaries of the research work including the theories related to the proposed
methodology are discussed. It analyses the effect of speckle noise over SAR images at
different noise variance level. Further, homomorphic filtering needed for nature
transformation of speckle noise from multiplicative to additive is discussed. It discusses the
general model of wavelet-based SAR image despeckling. The DWT and CWT are discussed
in detail with their merits and demerits in respect of SAR image despeckling. The concept of
method noise is applied and experimented on the various standard SAR image despeckling
techniques. The advantage of using method noise in despeckling is discussed. The dual nature
of MSE metric used for performance evaluation is verified in with and without reference
indexes. Various quantitative metrics used for performance evaluation are discussed in two
cases 1.e. with and without-reference indexes.

The new speckle reduction methods for both simulated and real speckled SAR images are
proposed. The proposed methods are based on various Bayesian and non-Bayesian method in
transform domain using method noise thresholding and fusion concept in wavelet transform.
The first proposed method i.e. HMN-AD is homomorphic and method noise thresholding
based despeckling of SAR image using anisotropic diffusion and is successfully
experimented on simulated and real speckled SAR images. It efficiently preserves the fine
details and smoothness in the image and removes the blurriness. The second proposed
despeckling algorithm i.e. HMN-DSF is based on the hybrid combination of directed
smoothing filter and method noise thresholding using wavelet transform. It is also
successfully experimented on simulated and real speckled SAR images. It is an edge-
preserving technique. The third proposed despeckling method i.e. HMN-CF is a SAR image
despeckling technique using a local correlation based fusion of high-frequency coefficients
using DWT. It displays the best despeckling results in terms of visual appearance and
quantitative measure.

The application of method noise in SAR image despeckling is new and has vast scope in this
area. The concept of fusion in SAR image despeckling is also new and enhances the
performance than normal despeckling method but is comparatively costly. The despeckling
results of all proposed methods are shown in visual, graphical and tabular form. The HMN-
CF has the highest execution time than the other two but its despeckling results are better
than them. The proposed methods are validated by hypothesis testing using paired T-test by

analyzing the quantitative values before and after despeckling of SAR images.
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1.13 Thesis Organization

The thesis is comprised of six chapters including an introduction, literature survey,

preliminaries, proposed methodology, experimental results with discussion and conclusion.

Chapter 1 discussed the background of the RADAR including its types i.e. RAR and SAR,
types of SAR, its applications, SAR image creation, the presence of dark and bright points in
the SAR image, problems in the SAR, speckle noise. It also discusses the motivation,

problem statement, objectives and significance of the work.

Chapter 2 discusses the major literature work related to SAR image despeckling. It reviews
all the standard “‘state of art” filters and pioneer conventional and non-conventional works in

SAR image despeckling. The merits and demerits are discussed with the brief description.

Chapter 3 discusses the various wavelet transform used in SAR image despeckling like DWT
with their merits and demerits. It discusses the few linear and non-linear filters used in the
proposed methodology. The importance of homomorphic filtering over non-homomorphic
filtering is also discussed. It briefly discusses various performance measures used in the SAR
image despeckling in two different cases: with and without reference indexes. The concept of
method noise is discussed. The effect of speckle noise over SAR image at various noise
variance levels is also discussed. The dual and diverse nature of MSE metric is further

discussed in the chapter.

Chapter 4 discusses the proposed methodology. It explains the proposed method of SAR

image despeckling using framework and step-by-step procedure.

Chapter 5 shows the results of the proposed method. The despeckling result of various
traditional and non-traditional methods is compared with the proposed method. The
performance of the proposed method is analyzed using various performance metrics like
PSNR, MSE, CV, ENL etc. It also analyses the data before and after the despeckling process
and then validates the proposed methods 1, 2 and 3 by hypothesis testing using paired T-test.

Chapter 6 concludes the work with a major contribution. It also proposes the future scope of

the work.
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1.14 Conclusion

The chapter briefly introduces the basic theory of Radar and its types. It also introduces the
SAR and its main types. Various applications related to SAR imaging are discussed. The
major problem found in the SAR image is targeted in this chapter i.e. speckle noise. Speckle
noise is multiplicative in nature. Its effects on the SAR image are more adverse than additive
noises. This is one of the most challenging tasks in satellite imagery. Reducing speckle noise
from SAR images is the main problem statement of this thesis while preserving the fine
details of the SAR image i.e. edges, lines, texture and maintaining the smoothness in the

homogeneous areas. All the contributions of this thesis are also discussed.
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2.1 Background

A mass of despeckling filters, methods, and techniques can be acquired by linking the
dissimilar domains of estimation (spatial, homomorphic, wavelet, and homomorphic-
wavelet), A non-comprehensive evaluation and classification of approaches are presented in
this chapter. The major literature related to Bayesian and non-Bayesian methods are
discussed in this section in the chronological order of the year. Most of the traditional and
non-traditional works are discussed in this section. The merits and demerits of the work are

also mentioned in their discussion.

2.2 Categorization of SAR Image Despeckling Methods

A lot of despeckling techniques can be derived by merging the different domains like spatial
and transform domain in Bayesian approach and non-Bayesian approach. This section
classifies the speckle reduction methods in SAR images in various domains as shown in
Figure 2.1. The despeckling methods are divided into two categories: Bayesian and non-
Bayesian methods. The Bayesian method is further researched in spatial and transform
domain. The initial research on SAR image despeckling is performed in the spatial domain
and the results were acquired by assuming on the statistical properties of reflectivity and

speckle. The output results in this domain are satisfactory.
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Figure 2.1 Classification of SAR image despeckling methods

2.3 Major Related Work

Lee JS [21] in 1980 used the neighborhood intensity values in the kernel. All the pixels are
processed separately. During the movement of kernel, the local statistics of the pixels within
the kernel are taken into consideration. Minimum Mean Square Error estimator (MMSE)
calculates the weight function. This filter efficiently eliminates the speckle noise but the fine
details are distorted in the image. This originally first paper [21] contains the solution for
both additive noise and multiplicative speckle noise. [21] is reportedly the first ever model-
based despeckling filtering method. Later the solution was systematically established in [22]
and revised in [23] incorporated with the sigma filter. The Lee filter has a drawback of losing

edge details as they left noisy after despeckling.

The Lee refined filter [24] in 1981 was intended to remove the demerit of remaining noisy
edge boundaries left by Lee filter. In order to improve this filtering methodology, as 7 x 7
sliding window is moved over a SAR image and edge is detected, then the system practices

the local gradient to evaluate its orientation. At maximum 8 edge-directed non-square masks
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are allowed. The local mean and local variance is evaluated and implemented within the local
7 x 7 mask that better fits the edge orientation. If no edge is detected, the estimates are
computed on the whole 7 x 7 window. The major demerit of this filter is it only works using

the fixed mask size 7 x 7.

The Frost filter [25] in 1982 is an exponentially weighted averaging filter and is adaptive in
nature. An optimal MMSE filter is used for smoothing images. The speckle noise is reduced
by this filter and fine details are preserved in the image. Its major demerit is blurriness in the
output despeckled images. An ideal framework for the SAR imaging process is derived in
[25] and smoothening is shown. The SAR imaging framework demonstrates that the SAR
image is degraded by multiplicative speckle noise. The framework leads to the smoothing
radar images using optimum (minimum MSE) filter. The local block processing is applied
here inside the homogeneous areas of the SAR image which preserves the edge and texture
information and provides the minimum MSE value inside this region. This filter shows better
computationally complexity and performance of this adaptive filter is qualitatively 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 adjustment were

made to all spatial Bayesian filters [26] by Kuan in 1985.

Kuan [26] in 1985 proposed a method based on the advancement to Lee’s algorithm. It is an
adaptive noise smoothing filter. It is adapted to local changes in image statistics based on a
non-stationary mean, non-stationary variance image model. This filter can deal with various
noises which depend on signal characteristics. This filter is capable of smoothing the
speckled SAR image whose speckle distribution and image statistics is unknown. Film-grain
and Poisson signal-dependent restoration problems are also considered as examples. Also,
prior knowledge about the original image is also not required. The demerit of Kuan filter is
over smoothing of edges and textures and the computational complexity of the algorithm is

also very high.

A. Lopes [33] in 1990 analyzed the best-renowned filters. It is done by analyzing the
experiments related to the local coefficient of variation 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 the filters are verified on a speckle added original SAR
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image and real speckled SAR image. As it is believed, the new fresh innovative filters
perform superior, i.e., it average and smooth the uniform regions better and maintains texture

and edges information, linear features, and point target responses efficiently at the same time.

P. Perona and J. Malik [45] in 1990 introduced a concept of anisotropic diffusion and
proposed a new description of scale-space, and a category of procedures used to understand a
diffusion method is familiarized. This technique is widespread in image processing. The main
motive of this technique was to reduce the image noise and preserving of the fine details of
the image especially edges, lines and other details which are necessary for the understanding
of the image. Y. Yu and S. T. Acton [60] in 2002 smartly fitted the concept of anisotropic
diffusion [45] in the reducing the speckle noise and applied it on the coherent images. This
research shows better performance in terms of mean preservation, speckle reduction, and
edge localization. The performance is better than traditional methods and conventional
anisotropic diffusion method. Y. Yu and S. T. Acton [141] in 2004 introduced a prominent

application for coastline detection using the despeckling based on anisotropic diffusion.

The model of MAP filters in the spatial domain is the C-MAP filter, introduced in [27] in
1990 and exhaustively analyzed in [28] in 1993. This model supposes that the radar
reflectivity and the speckle noise both follow Gamma distribution and solves the MAP
equation. It is intended to reduce and eliminate the speckle noise while retaining edges,
texture, shape features and homogeneous and heterogeneous region in the image. The
dissimilar sizes of the filter affect the quality of processed SAR images. If the filter size is
very small, then the speckle filtering procedure is not effective. If the filter size is very large,
then the information of the image gets lost in the filtering method. A filter of size 7 x 7 gives

the best trade-off.

Donoho, D.L. and I.M. Johnstone [77] in 1994 introduced a technique to recover a function
of unknown smoothness from noisy data. The Sure Shrink technique was introduced that
eliminates the noise by performing the operation of thresholding on empirical wavelet
coefficients. The thresholding is adaptive: a threshold level is allocated to each dyadic
resolution level by the principle of minimizing the Stein Unbiased Estimate of Risk (Sure) for

threshold estimates.

Meer’s filter [60] in 1994 considers a native neighborhood organized by three concentric
sliding masks, 3 x 3, 5 x 5, and 7 x 7. A uniformity index is specified by C,, calculated over

each of the masks. The spatial average on the biggest mask satisfying a uniformity criterion,
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explained by thresholding its C,, is specified as output. If this type of mask is not present,
then Kuan’s LLMMSE estimate on the innermost 3 x 3 mask is allocated to the center pixel.
This filter is efficient in restoring and preserving point objects, linear features, and edges. It
has the meritorious capability of shrinking its mask size. The performance of this filter is
better on point objects and linear features than Lee’s refined filter which, still, is better on

linear edges.

H. Guo, J. E. Odegard, M. Lang, R. A. Gopinath, I. W. Selesnick, and C. S. Burrus [75] in
1994 introduced a novel despeckling method based on wavelet thresholding of the log-
transformed speckled images. The computational cost of the method is low and it reduces the
speckle noise while preserving the fine details image. Both soft and hard thresholding

methods are considered.

D.L. Donoho [104] in 1995 proposed the method for reconstructing an unknown function f
from noisy data by giving the classical hard and soft thresholding method. The work
presented in the [104] is one of the pioneers works in the field of image denoising. The
reconstruction process is stated in the wavelet domain by translating all the experimental

wavelet coefficients.

Gagnon [34] in 1997 proposed a wavelet-based despeckling method grounded on Symmetric
Daubechies. The speckled wavelet coefficients are modified by the shrinkage rule and
restores the filtered image from it. The concept of elliptical soft thresholding method is used.
The speckled image is directed to log transform followed by N level transform and then its
covariance and mean is evaluated. Then inverse wavelet transform and exponential
transformation are performed. The method reduces the speckle noise efficiently, but the

computational load is increased.

B. Aiazzi [42] in 1998 applied an adaptive smoothing filter to the different resolutions of the
Laplacian pyramid of a speckled SAR image. For real speckled SAR images, each layer is
regarded by Signal to Noise Ratio (SNR) that rises as the resolution gets reduced. The
hypothetical based theoretical framework is established for SAR image-dependent speckle
noise models. A rational Laplacian pyramid is engaged to deal with multiplicative speckle
noise. The experimental results are shown on gray-level SAR images degraded by real and
simulated noise. Later improved by B. Aiazzi [43] in 1998, here ratio Laplacian pyramid
(RLP) is presented to match the SAR image-dependent nature of speckle noise. Local
statistics filtering is applied to the different spatial resolutions of the RLP of a speckled
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image. In addition, the estimation of the local statistics driving the filter is more accurate
thanks to the multiresolution framework. This filter is aimed at speckle reduction while
smoothing the homogeneous regions and preserving point targets, edges, and linear features.
A compromise, however, should be arranged on textured areas. In this work, A complete
procedure is set up, and a general formulation, in which the variance of speckle is

theoretically derived at each resolution, is developed.

E. Hervet [125] in 1998 presented a detailed investigational assessment of representative
filters from both groups i.e. spatially adaptive filters and wavelet methods. Here the spatially
adaptive statistical filters produce improved speckle noise reduction and preservation of
details than wavelet-based methods. Bu the wavelet-based methods have certain benefits

related to statistical filters which are not spatially adaptive.

The bilateral filter, originally familiarized by C. Tomasi and R. Manduchi [144] in 1998 for
grayscale images, which is extended in recent times in the field of despeckling of SAR
images by W. G. Zhang, Q. Zhang, and C. S. Yang [145] 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. It substitutes the intensity of each and every pixel
with a weighted average of intensity values from nearby pixels. The adaptive version of
bilateral filter appropriate for despeckling of SAR images is proposed by the G.-T. Li, C.-L.
Wang, P.- P. Huang, and W.-D. Yu [56] in 2013, the spatial weighting is a Gaussian function,
whose duration rest on the local coefficient of variation, equivalent to the enhanced Frost

filter.

J. R. Sveinsson and J. A. Benediktsson [126] in 2003 presented a SAR image despeckling
method based on two wavelet transformations. First, a DWT grounded on oversampled filter
banks is used. This oversampled DWT is called a double-density DWT (DD-DWT). Second,
a DWT based on two dual real wavelet trees is applied. The despeckling technique offered
demonstrates the abundant potential for speckle removal and, later, can deliver decent

detection performance for SAR-based recognition.

S. Solbo and T. Eltoft [127] in 2004 introduced the homomorphic wavelet maximum a
posteriori filter and a wavelet-based statistical speckle filter comparable to the renowned /spl
Gamma/-MAP filter. The log transform is applied to make the speckle noise additive in
nature and statistically free of the radar cross-section. Additional, it is proposed to practice

the normal inverse Gaussian distribution as a statistical model for the wavelet coefficients of
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both the reflectance image and the speckled image. The speckle noise eliminated by the
homomorphic /spl Gamma/-WMAP filter has information nearer to the theoretic model than
the speckle contribution removed with the other filters. The wavelet despeckling method
based on Bayesian shrinkage preserves the edge details is proposed by Dai M [35]. The
speckle-free wavelet coefficients are projected from a Bayesian wavelet shrinkage factor.
Edge details are obtained using an improved ratio edge detector. This acquired information is

later used in the despeckling procedure to retain edges.

M. Mastriani, A. E. Giraldez [66] in 2004 introduced an enhanced directional smoothing
(EDS) algorithm for edge-preserving filtering of SAR images. The EDS eliminates speckle
noise from SAR images without distorting or disturbing edges. This new filtering method is
proved effective by associating it to well-known speckle noise deduction methods on SAR
images. The EDS algorithm delivers greater performance in assessment to the classical filters
in terms of smoothing homogeneous areas and preserving the fine details i.e. edges and
features. The efficiency of the method inspires the likelihood of using the method in a
number of ultrasound and radar applications. Besides, the method is computationally
effective and can considerably reduce the speckle noise while preserving the resolution of the

original image.

M. L. H. Bhuiyan, M. O. Ahmad, and M. N. S. Swam [128] in 2005 introduced a new
homomorphic Bayesian wavelet-based minimum mean absolute error filter for despeckling of
SAR images. The logarithmically transformed reflectance image’s wavelet coefficients and
the speckled SAR image are modeled using a Cauchy prior and an additive white Gaussian
noise distribution, respectively. These prototypes are later used to develop a Bayesian
minimum mean absolute error estimator. The experimental results are tested on the classic
speckle-free image degraded with synthetic speckle noise and a real speckled SAR image,
and the consequences demonstrates that this method has a performance that is higher to that
of the other prevailing approaches in terms of the PSNR, smoothness in the homogeneous
regions and the visual appearances of the despeckled image. Later this work was enhanced by
M. 1. H. Bhuiyan, M. O. Ahmad, and M. N. S. Swam in the year 2007 by introducing a new
spatially adaptive wavelet-based Bayesian method for despeckling of the SAR images. The
wavelet coefficients of the logarithmically transformed reflectance and speckle noise are

modeled using the zero-location Cauchy and zero-mean Gaussian distributions, respectively.
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A. Buades, B. Coll, J.-M. Morel [78] in 2005 proposed a new measure, ‘method noise’, to
estimate and relate the performance 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) algorithm is
proposed which is grounded on nonlocal averaging of all pixels in the image. Finally, the NL-

means algorithm and the local smoothing filters are experimentally compared.

Achim [29] in 2006 suggested an adaptive MAP estimator with a heavy-tailed Rayleigh
signal model. The multiplicative nature of speckle noise is transformed into additive by
implementing the log transform. Here the real and imaginary part is presumed to be described
by the alpha-stable family of distribution. There is another statistical theory that depends on

the Mellin transform, is used to estimate the model parameters from noisy interpretations.

Sparse models are at the foundation of compressed sensing suggested by D. L. Donoho [153]
in 2006, which is the depiction of signals with a number of samples at a sub-Nyquist rate. A
new signal depiction model has lately become very prevalent and has fascinated the attention
of scholars who are functioning in the arena of image restoration which is distorted by
additive noise as well as in several other areas. Recently, some despeckling methods based on

the compressed sensing paradigm and sparse representations have appeared [154]-[156].

J.-S. Lee, J.-H. Wen, T. L. Ainsworth, K.-S. Chen, and A. J. Chen [142] in 2009 extended
and advance the Lee sigma filter [143] by eliminating its drawbacks i.e. blurring effect,
disappointing solid reflected targets, and biased estimation. The bias difficulty is resolved by
redefining the sigma range based on the probability density function of speckle noise. To
resolve the difficulties of blurring effects and disappointing solid reflected scatterers, a target

signature preservation method is established.

Wu [37] in 2010 proposed a method that performs an amalgamation of wavelet and curvelet
soft thresholding method and then calculates the variance between the obtained two images.
This method is proficient enough to suppress the speckle noise efficiently and preserves the
fine details of the image. The major drawback is it produces blurriness. In the same year, J.
Jennifer Ranjani and S. J. Thiruvengadam [32] proposed a DTCWT based despeckling of
SAR image that considers the major requirements of the wavelet coefficients across various
scales. The DTCWT has the benefit of better directional selectivity, approximate shift
invariance, and perfect reconstruction over DWT. The wavelet coefficients of DTCWT in

each and every sub-band are prototyped with a bivariate Cauchy PDF which takes into
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account the statistical dependence among the wavelet coefficients. The 2-D Mellin transform
derives the dispersion parameter of the bivariate Cauchy prior to the noisy observations. This
method is quicker and operative when equated with other earlier methods of experimental

integration.

V.R.Vijaykumar [31] in 2012 proposed a dual-tree complex wavelet transform (DTCWT)
based despeckling algorithm for SAR images that work for the interscale and intrascale
requirements of DTCWT. A multivariate Cauchy PDF is in a job to implement the interscale
and intrascale dependence of the wavelet coefficients in each sub-band. This method uses
mean and directional median values of the neighborhood mask for estimating the interscale
and intrascale dependency vector of wavelet coefficients. The 2-D Mellin transform derives
the dispersion parameter of the multivariate Cauchy prior. In the same year, R. Tao, H. Wan,
and Y. Wang [130] 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, F. Argenti, T. Bianchi, A. Lapini, and L. Alparone
[131] introduced a SAR image despeckling technique using undecimated wavelet transform
and the MAP criterion. The MAP solution is grounded on the hypothesis that wavelet
coefficients have an identified scattering. The computational cost is reduced which was the
major drawback of using the GG distribution. In 2012, H. Chen, Y. Zhang, H. Wang, and C.
Ding [132] introduced a stationary-wavelet-based despeckling algorithm based on the two-
sided generalized gamma distribution model. The model has low computational cost and
decent quantitative values. It preserves the structural details and also reduces the speckle

noise effectively.

Sara Parrilli [73] in 2012 presented a despeckling method based on non-local filtering and
wavelet shrinkage using probabilistic similarity measure. The results are with consistent
PSNR values that show better texture preservation and speckle reduction. Also, the technique
has the capacity of better smoothing in the homogeneous areas. The other effective non-local
filtering based Bayesian framework is presented in the [138] which is tested on both the
ultrasound [139] as well as SAR images [140]. This work presents the effectiveness of non-

local mean filtering in the domain of despeckling.

T. Teuber and A. Lang [146] in 2012 proposed an original similarity quantity and nonlocal

filters for images degraded by multiplicative noise. The measured filters are simplifications
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of the nonlocal means filter of Buades [78], which is well recognized for eliminating additive
Gaussian noise. At last, the restoration outcomes for coherent images degraded by
multiplicative Gamma and Rayleigh noise are offered to validate the decent performance of
these nonlocal filters. D. Gragnaniello, G. Poggi, and L. Verdoliva [147] in 2012 deliver
some vision into the perspective of classification-based nonlocal filtering by executing
simulation tests in a well-ordered atmosphere. Then suggests a novel kind of the SAR-BM3D
despeckling method in which each and every pixel is first classified as uniform or not, and
then filtered with class-adapted factors. While outcomes on real SAR images are still
doubtful, there is previously some important improvement in particular areas that validate the

attention towards this methodology.

Christy [38] in 2013 put forward an improvement to the principal Non-Local Means Filtering
(NLMF) Method. A discontinuity adaptive Non-Local Means Filtering (DA-NLMF) is
proposed that implements a discontinuity adaptive weighting function that preserves the
edges and other fine details better than the basic Non-Local Means. This DA-NLMF is used
as resourceful post-processing process along with Importance Sampling Unscented Kalman
Filter (ISUKF) for SAR image despeckling. This combination of (ISUKF and DANLMF)
provides efficient despeckling result. In the same year, Heng-Chao Li [89] proposed a new
Bayesian multiscale technique for speckle reduction technique for SAR images in the non-
homomorphic agenda. In order to handle multiplicative speckle noise, linear decomposition is
used for speckle contribution. Later in SWT, a two-sided general Gamma distribution is
familiarized as an earlier to handle the heavy-tailed nature of wavelet coefficients of the
speckle-free reflectivity. The used shrinkage rule performs thresholding on the diagonal
component of the image which causes the horizontal and vertical component to be unfiltered

so there is a high scope for improvement in the denoising process.

Sethunadh and T. Thomas [90] in 2014 introduced a new adaptive SAR image despeckling
procedure in the spatial domain by using statistical interscale dependency of the directionlet
transform coefficients; the work is highly efficient in preserving the high textured region. Lei
Zhu [91] in 2014 introduced a recognized detail-preserving anisotropic diffusion (IDPAD)
for despeckling speckled SAR image that undergoes from reduced despeckling presentation

mainly at the edges and serious blocking artifacts in uniform areas.

David de la Mata-Moya, Alvaro Diaz-Soria, Jaime Martin-de-Nicolas, Maria-Pilar Jarabo-

Amores, Victor Manuel Pelaez [76] in 2014 introduced a SAR image despeckling technique
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grounded on Empirical Mode Decomposition. The work calculates a new threshold value
with a sliding mask to preserve the fine details i.e. edges and removing the speckle noise. The

outcomes display an acceptable despeckling avoiding an over-smoothing in the whole image.

Bin Xu, Yi Cui, Zenghui Li, Bin Zuo, Jian Yang and Jianshe Song [74] in 2015 proposed
despeckling method grounded on patch ordering and transform-domain filtering. The log
transform with bias correction is implemented on SAR image to transform the nature of
speckle from multiplicative to the additive. The proposed technique has very robust speckle
reduction capability and execution time of the planned method is also suitable for applied

applications of SAR image processing.

Yao Zhao, Jianguo Liu, Bingchen Zhang, Wen Hong and Yirong Wu [72] in 2015 proposed a
dual-formulation-based Adaptive Total Variation (ATV) regularization method which is
implemented to explain the Total Variation Regularization. The parameter adaptation of the
Total Variation regularization is accomplished grounded on the noise level assessed via
wavelets. The work presented shows a great advancement than the previous standard total
variation method in terms of speckle reduction in the homogeneous areas and detail
preservation in the heterogeneous areas, but still, sometimes the generation of blocky artifacts
is found. Some of the variational based despeckling works are grounded on total variation

regularization are discussed in [133]-[137].

Abdourrahmane Mahamane Atto [39] in 2016 presented a paper that provides statistical
characteristics of wavelet operators when the thought model can be realized as the product of
a deterministic piecewise regular function (signal) and a stationary random field (noise). This
multiplicative observation model is analyzed in two standard frameworks, (1) direct wavelet

transform of the model (2) log transform of the model prior to wavelet decomposition.

Diego Gragnaniello [40] in 2016 proposed a new approach to synthetic aperture radar (SAR)
despeckling, based on the arrangement of multiple alternative estimates of the same data.
They have given a dependable pixel-wise characterization of the image; one can take gain of
this diversity by selecting the most suitable combination of estimators for each image region.
Following this example, they improved a simple algorithm where only two state-of-the-art

despeckling tools, characterized by complementary properties, are linearly joined.
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2.4 Conclusion

The chapter critically analyses the published work on the SAR image despeckling. The
literature is assessed, analyzed and compared theoretically. It is concluded that the Bayesian
approaches in the transform domain and non-Bayesian approaches perform better than the
Bayesian approaches in the spatial domain during the process of despeckling. The non-
Bayesian approaches are the efficient but complex approaches and the computational cost is
also high. The Bayesian approaches in transform domain deliver the most optimal techniques

in terms of details preservation, speckle reduction, and computational cost.

34



3.RELATED THEORIES

3.1 Background..........ooiiiiii 35
3.2 Wavelet Transform. .. .....ooiuiiiii e 36
3.2.1 Concept of Wavelet Transform................c.ooviiiiiiiiiiiiiiiin 36

3.3 Types of Wavelet Transform..............ooooiiiiiiiiiiiii e, 38
3.3.1 Discrete Wavelet Transform..............cooeiiiiiiiiiiiiiiiniiiiiine, 38

3.3.2 Continuous Wavelet Transform..................coooiiiiiiiiiii . 41

3.4 Importance of DWT over other Wavelet Transforms.........................o..e. 42
3.5 Homomorphic Filtering in Wavelet Transform......................cooviiinn. 43
3.6 Despeckling SAR Images using Wavelet Transform......................c.oeeeee. 46
3.6.1 Analysis and Effect of Speckle-Noise on SAR Images..................... 46

3.6.2 Wavelet Despeckling..........ccoviiiiiiiiiiiiii e 49

3.6.3 Wavelet Thresholding using Bivariate Shrinkage Rule..................... 54

3.7 Anisotropic Diffusion............oooiiiiiii 56
3.8 Directional Smoothing Filter..............oooiiiii e 57
3.9 Median Filter.. ... ... 58
310 Wiener FIlter. .. ..o 59
311 MethOd NOISE. ...ttt e 59
3.12  Quality Assessment of Despeckling Methods...............ccoooeiiiiiiiiiiiiin, 66
3.12.1 With—Reference Indexes...........coooeiuiiiiiiiiiiii i, 67
3.12.2 Without—Reference Indexes.............ccoviiiiiiiiiiiiiiiii, 68

3.13 Quantitative Dual Nature Analysis of Mean Square Error in SAR Image
DeSPECKIING. .. eeee e e 69
314 CONCIUSION. ... utttt e e 73

3.1 Background

The chapter discusses the methods and techniques that are related to the HMN-AD, HMN-
DSF and HMN-CF i.e. DWT, homomorphic filtering using natural log and exponential
operations, wavelet thresholding using Bayesian and Bivariate shrinkage rule, anisotropic
diffusion, median filter, Wiener filter, method noise. The chapter also analyses the effect of

speckle noise on the SAR images. Various quality assessment parameters required for the
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despeckling method are also discussed for both with and without reference indexes. The dual

nature of MSE is also discussed in the chapter.

3.2 Wavelet Transform

The wavelet transform is related to the Fourier transform and much more similar to the
windowed Fourier transform with a totally dissimilar merit utility. The principal difference
between Fourier and wavelet transform is that the Fourier transform decomposes the image
into the functions that are localized in Fourier space i.e. sines and cosines while the wavelet
transform practices those functions which are confined to both the real and Fourier space.

Generally, the wavelet transform can be expressed by Eq. (3.1).

here the * is the complex conjugate symbol, W is the wavelet function, a and b are the input
denoting scaling factor and time respectively. Wavelets are mostly used in image
compression and denoising. Wavelet is a quickly decaying wave-like oscillation that has zero
mean, unlike sinusoidal waves which extend to infinity. A wavelet survives for a finite period
of time. The wavelet comes in different sizes and shapes. Some are Morlet, Daubechies,
Coiflets, Bi-orthogonal, Haar, Mexican Hat, and Symlets. An availability of wide range of

wavelet is the key strength of data analysis.

3.2.1 Concept of Wavelet Transform
A. Scaling

Scaling states to the procedure of stretching and shrinking the image or signal in time that

can be stated using Eq. (3.2).

here s denotes scaling factor. It is a positive value that resembles to how much a signal scaled

in time. The scale factor is inversely proportional to frequency.

36



In wavelet, there is a reciprocal relationship between scale and frequency to the constant of
proportionality (COP). This COP is called as the center frequency of the wavelet because,
unlike the sine wave, the wavelet has a bandpass characteristic in the frequency domain.

Mathematically the equivalent frequency is calculated by Eq. (3.3).

here C; denotes center frequency of the wavelet, s denotes wavelet scale, and &t denotes
sampling interval. By scaling a wavelet by the factor by 2, it results in reducing the

equivalent frequency by an octave is shown in Table 3.1.

Table 3.1 Relation between wavelet scale and equivalent

frequency in the wavelet transform

Wavelet
2 4 8 16
Scale
Equivalent
Fey/2 Feo/4 Feo/8 Fe/16
Frequency(F,)

A larger scale factor results to the stretched wavelet which corresponds to the lower
frequency while small-scale factor results to the shrunk wavelet which corresponds to the
higher frequency. Hence this helps in capturing the abrupt changes more efficiently. It is
possible to construct different scales that inversely correspond to the equivalent frequency as

mentioned earlier.

B. Shifting
Shifting a wavelet means delaying and advancing the onset of the wavelet along with the

length of the signal.

A shifted wavelet is represented using above notation means; the wavelet is moved and

centered at k. The shifting and scaling process of the DWT is shown in Figure 3.1.
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Figure 3.1 Scaling and Shifting process of DWT [105]

3.3 Types of Wavelet Transform

3.3.1. Discrete Wavelet Transform

Wavelets are mainly used in image compression and denoising. The DWT transforms the
image from the spatial to the frequency domain [34], [47]. In the proposed methods, the 2D-
DWT is applied to analyze the low and high-frequency component in the image. 2D-DWT
corresponds to multi-resolution approximation expressions. The wavelet function is analyzed

in Figure 3.2.
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Figure 3.2 Comparison of sine wave and daubechies 5 wavelet [105]

In 1976 scientists Croiser, Esteban, and Galand established a technique to decompose the
discrete-time signals that sited the foundation for DWT. Few other researchers named
Crochiere, Weber, and Flanagan did the similar work of coding the speech signals in the
same year. The title of their study is sub-band coding. In 1983, a technique associated to
subband coding was explained by Burt and called that technique as pyramidal coding that is

also acknowledged as multi-resolution analysis.

—»| LPF —b@—bu
LPF 45@_
L p| HPF ~>®—>LH
—
> LPE —»@—»m
HPF —>@—
Lp| HpE b@—brm

Figure 3.3 Wavelet decomposition by filter banks [106]

A low pass and high pass filter are selected in such a way the that they exactly halve the
frequency range among themselves. This filter pair is known as analysis filter pair. The low
pass filter is implemented at each row to obtain the low-frequency components [107]. The
low pass filter is a half-band filter and output data comprise of frequencies in the first half of
the original frequency range [129]. Now for the same row of data, high pass filter is
implemented, and the high-frequency components can be parted similarly and located on the
side of low pass components [107]. The method is implemented on all the rows. The DWT

decomposition employed using filter bank is shown in Figure 3.3.
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Next stage is to implement filtering at every column of the intermediary data. On applying
2D-DWT on the image at level one, it transforms the image into four subband i.e. LL
(Approximate Image), HL (Horizontal Noisy Coefficients), LH (Vertical Noisy Coefficients),
and HH (Diagonal Noisy Coefficients) [107]. In order to obtain the two-level decomposition,
once again 2D-DWT is applied on the LL subband and it is further decomposed in the same
way, thus generating additional sub-bands. This wavelet decomposition can be performed up
to any level. Thus resultant is pyramidal decomposition as shown below in Figure 3.4 for
single level decomposition and Figure 3.5 for two-level decomposition [107]. In Figure 3.4,
the decomposed subbands are represented by X,, where X denotes specific decomposed
subband and n denotes the level of decomposition, for example LL, is aproximate component

of the image at decomposition level 2.

LL, HL,

LH, HH,

Figure 3.4 Single level decomposition

LL; HL;

HL,

LH; HH,

LH; HH;

Figure 3.5 Two level decomposition

Same as the forward transformation to separate the image data into different classes, a reverse
transformation is used to reunite the dissimilar classes of data into a restored image. A pair of
high and low pass filter is in use here too. Such filter pair is identified as Synthesis Filter pair.
This filtering process is just reverse as it is initiated from the highest level, implement the
filter initially column wise and later row-wise, and this continues until this process reaches

the first level. The DWT reconstruction employed using filter bank is shown in Figure 3.6.
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Figure 3.6 Wavelet reconstruction using filter banks [106]

The only drawback of 2D-DWT is that on applying DWT on the image, at every level it
reduces the size of the image to half of the previous level size as shown in Figure 3.7. This

causes loss of information.

Input SAR image

512+<512
N
DWT
LL LH HL HH

256256 256256 256256 256256

Figure 3.7 Frequency band decomposition using DWT

3.3.2 Continuous Wavelet Transform

Continuous wavelet transform (CoWT) is an execution of the wavelet transform using
random scales and almost random wavelets. The wavelets here used in CoWT are not
orthogonal and highly correlated data are obtained by this transform. This transform can also
be used for the discrete time series, with the restriction that the least wavelet translations must

be identical to the data sampling. This is at times called as the Discrete-Time Continuous
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Wavelet Transform (DT-CoWT) and it is one of the most used methods of calculating CoWT

in real-time and practical applications.

According to standards, CoWT works by using directly the characterization of the wavelet
transform, i.e. here a convolution of the image with the scaled wavelet is calculated. For each
and every scale, an array is obtained of the identical length A as the image has. By using B
randomly selected scales we attain a field AXB that signifies the time-frequency plane
directly. The procedure used for this calculation can be based on a direct convolution or on a
convolution by means of multiplication in Fourier space (this is sometimes called Fast

Wavelet Transform (FWT)).

The optimal selection of the wavelet that is used for time-frequency breakdown is the most
significant thing. Through this optimal selection, we can guide the time and frequency
resolution of the outcome. The chief features of wavelet transform can’t be changed by this
way (low frequencies have decent frequency and corrupt time resolution where high
frequencies have a decent time and corrupt frequency resolution), but it can someway upturn
the full frequency of full-time resolution. This is directly proportional to the width of the used
wavelet in real and Fourier space. If the Morlet wavelet is used for instance (real part —
damped cosine function), then high-frequency resolution can be expected as such a wavelet is
exactly localized in frequencies. In opposing, using Derivative of Gaussian (DOG) wavelet

will result in decent time localization, but poor frequency resolution.

3.4 Importance of DWT over other Wavelet Transforms

DWT is one of the mostly used wavelet transforms and it delivers an effective outcome in
image denoising due to localization in both frequency and time domain and multi-resolution
analysis. There are various forms of the wavelet transform, out of them, the complex wavelet
transform (CWT), DWT and stationary wavelet transform (SWT) are the predominant
wavelet transforms used in image denoising. CWT and SWT are the extended versions of
DWT. The CWT is a complex-valued extension to the traditional DWT. It is a 2D wavelet
transform that delivers multiresolution, sparse illustration, and useful description of the
structure of an image [108]. The SWT [33] is a wavelet transform procedure aimed to
improve the DWT by overcoming the lack of translation-invariance. The translation-
invariance is accomplished by eliminating the downsamplers and upsamplers in the DWT and

upsampling the filter coefficients by a factor of 2(j-1) in the jth level of the procedure [41]-
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[43], [109]. Despite the existence of these extended versions, the DWT has the capability to
outperform CWT and SWT. The results using DWT can be enhanced by incorporating the

concept of method noise at detailed and approximate components.

The DWT holds the time and frequency information. DWT shows the more flexibility than
other transforms. The DWT breaks the data into four components which makes the analysis
of data easier. The DWT is less complex than SWT and CWT. The theory of DWT is far easy
than SWT and CWT due to the vast availability of literature. The result interpretation of
DWT results is easier than SWT and CWT. The implementation is also easier than SWT and
CWT.

Even though the working of the CoWT by the computer system is facilitated by the
discretized continuous wavelet transform but still it is not treated as a real discrete transform.
In actuality, the wavelet series is just a experimented form of CoWT. In terms of image
restoration, the information provided by it is very redundant. This redundancy causes wastage
of resources and time. On the other hand, the computational cost of DWT is far less than
CoWT as it offers adequate statistical data both for analysis and synthesis of the reference

image.

The implementation of DWT is easier and efficient than CoWT. The main application of
CoWT is filtering of time localized frequency components while that of DWT is image/
signal denoising and compression. The immediate time and frequency analysis of the signal is

obtained by CoWT.

3.5 Homomorphic Filtering in Wavelet Transform

The homomorphic filtering is one of the most used techniques for multiplicative noise model.
It uses natural log and exponential function for its operation. This method converts the
multiplicative nature of speckle noise into additive nature. Later this nature transformation
way helps in using the additive noise model for SAR image filtering. It is normally used for
fixing and improving the non-homogeneous illumination in the SAR images. According to
the illumination-reflectance model, the intensity value of the pixel is dependent on the light
reflected by the point on the object and is equal to the product of the illumination of the scene

and the reflectance of the objects in the scene, i.e.
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X(a,b) =Y (a,b)XZ(@,D).ccooemiiiiieicicicccice s (3.5)

where X is the image, Y is the illumination of the scene, and Z is the reflectance of the scene.
Reflectance Z rises from the characteristics of the scene entities themselves, but illumination
Y outcomes from the lighting surroundings at the time of image acquisition. To recompense
the non-uniform illumination, the significant point is to eliminate the illumination module Y
and preserve the reflectance module Z. If the illumination is considered as the noise signal
(which is needed to be eliminated), this model is alike to the multiplicative noise model.

[llumination characteristically differs gradually across the image as related to reflectance
which can change quite shortly at object edges. This dissimilarity is vital for sorting out the
illumination module from the reflectance module [52]. In homomorphic filtering, the
multiplicative modules are transformed into additive modules by applying the log domain

using the formulas shown in Eq. 3.6.

ln(X(a,b)) = ln(Y(a,b)Z(a,b))

In(X (a,0))=In(Y(@.b))+(Z(@h)).ccoiorrrrrrrrriirirrrrrrrr. (3.6)

Then we use a high-pass filter in the log domain to remove the low-frequency illumination

component while preserving the high-frequency reflectance component.
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Figure 3.8 Gray-level transformation operations used for image enhancement [109]
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The log transformation curvature is shown in Figure 3.8. The Eq. 3.7 shows the log

transformation of the image.

S =CXI0ZTH T 3.7)

In the Eq. 3.7, c denotes a constant, and it is supposed that r > 0. r is a input image’s intensity
value, and s is a output image’s intensity value. The value i.e. 1 is taken into account in Eq.
3.7 in order to handle the situation when input image’s intensity value is 0. In this case the
log(0) becomes infinity. Therefore to make minimum value at least 1, the value 1 is added.
The value of ¢ in Eq. 3.7 adjusts the image enhancement as per needed by the researcher. The
signal dependent and signal independent homomorphic models in respect of spatial domain
are shown in Figure 3.9. The practical implementation of log and exponential operation on

real SAR data is shown in the Figure 3.10.
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Figure 3.9 Additive models used in despeckling procedures [103]: (a) signal-dependent:

spatial domain (b) signal-independent: spatial domain.

Original Image Log Transformed Exponential of Log Transformed

Figure 3.10 Applying log and exponential transform to the reference SAR image.
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3.6 Despeckling SAR Images using Wavelet Transform
3.6.1 Analysis and Effect of Speckle-Noise on SAR Images

Noise plays a vital role in the field of image restoration. There are different kinds of noise
that corrupt the image. Reducing noise from the satellite images is one of the major
challenges. The kind of granular pattern present in the radar coherent image is called as the
speckle noise [151]. The speckle noise is mainly found in the SAR image and ultrasound
images. The speckle noise is a common phenomenon in all coherent imaging systems like a
laser, acoustic and SAR imagery.

Speckle noise is an undesirable effect [ 150]. The source of this type of noise is caused due to
random interference between the coherent returns issued from the so many scatterers present
on an earth surface, on the scale of a wavelength of the incident radar wave. Thus reducing
such noise from the image is turned out to be a most critical step [149]. In general, speckle
noise is the grainy salt-and-pepper pattern present in radar imagery. Also speckle noise can
be understood as a granular 'noise' that inherently exists in and degrades the quality of the
medical ultrasound, SAR, active radar, and optical coherence tomography images. The
effects of speckle noise are far adverse than any other kind of noise due to its multiplicative
in nature. Due to which its denoising is more challenging task. This sub-section analyses the
effects of speckle noise on SAR image at different noise variances i.e. ¢ = 5; 10; 15; 20; 25;
30; 35; 40; 45; 50 [150].

The Figure 3.11 depicts the SAR image at different noise variance levels ranging from (5-
50)%. The quality degradation of the SAR image due to speckle noise is analyzed using the
performance parameters such as PSNR and SSIM in the Table 3.2. This degradation is
graphically analyzed in Figure 3.12 and 3.13 using PSNR and SSIM respectively.

Table 3.2 PSNR and SSIM values of SAR images at different noise variances i.e. 6 =5;
10; 15; 20; 25; 30; 35; 40; 45; 50

Noise variance (o) PSNR SSIM
5 25.1471 0.6275
10 25.1620 0.6283
15 20.3862 0.3756
20 19.1516 0.3149
25 18.1897 0.2708
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30 17.3828 0.2390
35 16.7366 0.2147
40 16.1876 0.1957
45 15.7469 0.1818
50 15.3763 0.1686

(b) (c)

(i) (j) (k)
Figure 3.11 SAR images at different noise variances (a) Reference SAR image (b) 6 =
5% (¢) 6 =10% (d) 6 =15% (e) 6 =20% (f) 6 =25% (g) 6 =30% (h) 6 =35% (i) 6 =
40% (j) 6 =45% (k) 6 =50%
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Figure 3.12 PSNR of speckled SAR image at different noise variances
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Figure 3.13 SSIM of speckled SAR image at different noise variances

Since Radar images are formed by the coherent interaction of the transmitted microwave with

the targets. So it suffers from the adverse effects of speckle noise that arises from the
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consistent summation of the signals from ground scatterers loosely distributed randomly
within each pixel. A SAR image appears noisier than an optical image. Reducing speckle
noise completely from the speckled SAR image is an impossible task and as the noise part
increases, the probability to achieve the original reference image decreases [152]. The
intensity of each and every pixel represents the microwave backscattered relative to that area
on the ground which depends on a variety of factors: shape, sizes, types and orientations of
the scatterers in the target area; moisture content of the target area; polarisation and frequency

of the radar pulses; as well as the incident angles of the radar beam.

3.6.2 Wavelet Despeckling

The Figure 3.14 shows the detailed despeckling procedure using wavelet transform. The SAR
images are already influenced by speckle noise i.e. SAR image are speckled in nature. Since
the speckle noise is multiplicative in nature. Therefore homomorphic filtering is applied to
deal with multiplicative nature of speckle noise. The wavelet transform is applied on the log-

transformed speckled SAR image. The wavelet thresholding has following steps.

Step 1: Perform DWT on input speckled SAR image to obtain approximate and detail parts.
Step 2: Perform the despeckling using following steps:

1. Estimate noise variance.
il. Calculate threshold.
1il. Apply thresholding on detail parts.
Step 3: Apply inverse DWT to obtain final despeckled SAR image.

Before applying DWT on SAR image, there are certain points to be taken care of. First of all,
wavelet family basis is needed to be chosen for every decomposition layer like db2, haar etc.
Secondly, the decomposition level is needed to be decided. Although in image denoising, the
image can be decomposed up to any level, but it is observed in most of the cases that the

better denoising results are obtained from level 3 to 5.
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Figure 3.15 Basic block diagram of wavelet-based denoising




Figure 3.15 shows the basic block diagram of wavelet-based SAR image. It includes three
elementary stages: the first stage is to apply the wavelet transform on the input speckled SAR
image, the second stage implements the wavelet thresholding method on wavelet coefficients
of the input image, and the last stage is to apply inverse wavelet transform. The resultant

provides the despeckled SAR image.

The brief introduction of wavelet shrinkage rule, thresholding value and wavelet thresholding
is given below:

A. Wavelet Shrinkage

The wavelet shrinkage is an important phase of wavelet-based SAR image despeckling
process. It involves two major steps, first is selection of threshold value and second is
selection of thresholding method. The selection of threshold value is crucial task. The
despeckling method selects the optimal threshold value. The optimal threshold value is
selected in three ways shown in Figure 3.16. The thresholding is performed by soft and hard
thresholding method using the optimal threshold value.

Wavelet shrinkage

l

) [
| Threshold function | Threshold value |

l
| l 1 l

SOFT UNIVERSAL SUBBAND SPATIALLY

THRESHOLD ADAPTIVE METHOD ADAPTIVE
THRESHOLD

HARD

Figure 3.16 Block diagram of threshold process and its different methods [112]

B. Thresholding Value

The selection of threshold value is one of the important and critical tasks in wavelet
despeckling method. The threshold value separates the speckled coefficients from the detailed
coefficients. The detailed coefficients hold the major information of the image thus used for
the image restoration. The threshold value is selected by three different ways as shown in
Figure 3.16 i.e. universal threshold, subband adaptive threshold, and spatially adaptive
threshold. The threshold value is exclusively selected for all wavelet coefficients in universal
threshold [21], [112]. The threshold value is selected distinctly for each detailed subband in
subband adaptive thresholding [112], [113]. In spatially adaptive threshold way, the selected
threshold value is different for each detailed wavelet coefficient [25], [112], [113].
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C. Wavelet Thresholding

According to the literature available in wavelet-based SAR image despeckling, it is observed
that small threshold value preserves the fine details of the image. But such threshold is not
sufficient to remove the speckle noise completely. The large threshold value can remove the
speckle noise competently, but here the fine details of the image get destroyed. Therefore

selecting a threshold value is one of the most important steps in wavelet thresholding.

e Visu Shrink

This wavelet thresholding technique was invented by Donoho and Johnstone [77], [114]. It
uses the universal threshold method for threshold selection purpose. It is described by Eq.
3.8.

T, =07 J2102 N oo (3.8)

The artifacts are generated during the despeckling process [115], [116]. An estimate of the
noise level g, in Eq. 3.8 is grounded on the median absolute deviation given by [117] in the

Eq. 3.9.

o = {media"(HHl (n’m))} ......................................... (3.9)
0.6745

where n and m signify the pixel indexes of the wavelet decomposed diagonal subband of the
first level decomposition i.e. HH;. The despeckled SAR images are excessively sharp image

that eliminates most of the coefficients.

e Sure Shrink

This wavelet thresholding method combines the Stein’s Unbiased Risk Estimator (SURE)
method and universal threshold [117]. A distinctive threshold value is evaluated for each
subband that is well-matched to the SAR images with sharp discontinuities. This shrinkage
rule demonstrates efficient despeckling and promises low MSE values [115]. In Sure Shrink,

the soft threshold is expressed as,

T, = min(T, GZJZIQgN) .............................................. (3.10)
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Here, T represents the value that minimizes the SURE.

e Bayes Shrink

It is a thresholding method that is grounded on the hypothesis of wavelet coefficients that are
verified as random variables with general Gaussian distribution (GGD) within each sub-band.
Under this condition, in order to minimize the Bayesian risk, the value is calculated using

estimated threshold [104], [115].

The threshold A is evaluated using below equation,

The noise variance is estimated using robust median estimation method (Abramovitch et al.

1998) as follows:

~ median (‘X(x,y)‘)
! 0.6754

where, X(x,y) € LH;, X(x,y) € HL; and X(x,y) € HH;, and L is decomposition level. The
standard Bayesian shrinkage rule works on the HH;, but in the proposed research work i.e.
HMN-AD, HMN-DSF and HMN-CF, it is applied to all the detail components

(LH,,HL;,HH;). The standard deviation of noise less image (ay) is calculated using:

07 =max(0% =07,0) i (3.13)

where, 07 = %Zle X7, and c is the patch size of the input image.

The Bayes Shrink displays better despeckling results when GGD 1is supposed [103], [148].
The coefficients are processed in the thresholding operation that describes the procedure used
to differentiate between the detailed and speckled coefficients. The thresholding can be done
either by hard and soft thresholding as shown in Figure 3.17 [75], [104], [118].

Hard thresholding sets any coefficient less than or equal to the threshold to zero [119].
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Y(A,A):{Afoml”A'M ............................................. (3.14)

Ootherwise

The proposed method uses soft thresholding. It is equated as:

Y= 0 x| < 3.15
= g (X)X~ )i | 4 (3.15)

1 1 1
05} { o5} { o5
0 o} 0
-05 {-05 05
- 0 1N 0 1 0 1

Figure 3.17 (a) Original signal (b) Hard threshold signal (c) Soft threshold signal [120]

D. Wavelet families

There are large numbers of wavelet families that can be used for both continuous and discrete
analysis [124]. Some of them are 'haar'-Haar wavelet, 'db'-Daubechies wavelets, ‘meyr’-
Meyer wavelet, ‘gaus’-Gaussian wavelets, ‘shan’-Shannon wavelets, etc. [121]. In the thesis,
the research work is performed using Daubechies (db2) wavelets as Daubechies wavelets are

the most admired wavelets in the field of image denoising [122], [123].

3.6.3 Wavelet Thresholding using Bivariate Shrinkage Rule

To despeckle the high-frequency coefficients, a Bivariate shrinkage function is performed
using adaptive thresholding. Suppose, by, signifies the parent of by, (by, is the wavelet
coefficient at the identical location as the p™ wavelet coefficient bip, but at the next coarser

scale). Then

a,, = b1p+ n,
A, = b, F M (3.16)
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where, aj, and ay, are speckled wavelet coefficients, by, and by, are speckle less wavelet

coefficients and n;, and ny, are additive noise coefficients. Eq. 3.16 can be re-written as:

where, b, = (bip, bap), a, = (aip, azp) and n, = (nyp, n2p). To despeckle the high-frequency

coefficients, Bivariate shrinkage rule [23] can be conveyed as:

i _(,fafp+a22p —ip)+

= Wl et (3.18)
o e,
The function (z), is well-defined as:
0, i <0
(z) :={ S s (3.19)
* z, if z>0
The term A, in Eq. 3.18 is the threshold for the p™ coefficient, calculated as:
2
2, = 3t e (3.20)
o

To calculate the noise variance o2 from the noisy wavelet coefficients, a robust median
estimator is used from the finest scale wavelet coefficients (LH, HL and HH subbands) stated

in the Eq. 3.12 and marginal variance of 05 for each wavelet coefficient can be estimated as:

where, 63,, is the marginal variance for noisy coefficients of a;, and a,,. Since, a;, and ay, are

modeled as zero mean, c?gp can be estimated as:

where, |S(p)| is the size of the neighborhood S(p).
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3.7 Anisotropic Diffusion

Noise occurrence and its restoration is a common and universal problem in the image
processing. The fine details of the image are degraded by this noise such as edges and objects
that holds the important information of the image. There are various methods and filters
available that provides smoothening of the degraded image. These methods and filters are
based on the diffusion of the pixel values. Diffusion can be either isotropic or anisotropic
diffusion. In isotropic, there is a diffusion of pixel values all across the image due to which
blurring occurs as it performs the averaging all across the image regardless of any edge or
object. It simply averages the image due to which the pixels at edge and objects get mixed up.
Here diffusion is same in every direction regardless of boundaries in the image. In the case of
anisotropic diffusion, diffusion varies with the direction. It tries to average the image only at
either side of the edge, object or boundary. It smooths the correct object. This is achieved by
the evaluating the gradient of the image [44] which is also called as edge stopping function.
The basic equation of anisotropic diffusion is,

Gl(x,y,t)

= =div[g(|| VI(x,y,t))VI(x, y,z)] ........................... (3.23)

here, I(x,y, 0) is original image, VI(X,y, t) is the gradient of the image at time t, t is the time
parameter and g(-) is the conductance function that controls the conduction as a function of
gradient. The conductance function is selected to satisfy lim,_,g(x) =1, so that the
diffusion of pixel values is maximum within the homogenous regions and lim,_,, g(x) = 0,
so that the diffusion of pixel values gets stopped across the edges. In other words if
conductance function is low, then small intensity gradients are capable enough to block
conduction and hence diffusion across step edges and if it is large then it decreases the impact

of intensity gradients on conduction. Perona and Malik [45] proposed two function,

and,
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where K is the gradient magnitude threshold parameter that controls the speed of the
diffusion. Diffusion Eq. 3.24 provides preferential treatment for high contrast edges over low
contrast ones while the diffusion Eq. 3.25 supports wide regions over smaller ones.

Anisotropic diffusion filtering is an iterative process. It is extremely sensitive to the number
of iterations. Choosing the time parameter T is vital, since misjudging it may result in
blurring the true edges and boundaries, while undervaluing it may leave unfiltered noise
artifacts. The correct choice of conductance function and gradient thresholding parameters
may lead to higher PSNR values. The slope of the reduction of PSNR values will be low,
keeping the diffused image close to the original one. It is noticed that PSNR value is always

maximized in a specific iteration, which is the ideal time to terminate the process.

3.8 Directional Smoothing Filter

In the despeckling of SAR images, there is a great possibility of loss of image information,
predominantly edges. During the process of smoothing, DSF is used to protect the edges from
blurring [9], [10]. Applying DSF on an image is a parameter sensitive process as shown in
Figure 3.18. The outcome changes as the parameter changes. The filtering caused by DSF
depends upon two parameters: size of the mask and type of block processing applied. The
proposed method i.e. HMN-DSF uses the mask of 3 x 3 size. HMN-DSF is experimentally
performed on this mask using block processing in a non-overlapping fashion. The non-
overlapping fashion prevents the filtering from over smoothing. The HMN-DSF is also
experimentally tested on different mask sizes, but the best result is obtained at smallest mask
size. The spatial average v(m, n, 6) is estimated in many directions as
1

v(m,n,@):V(k; Zy(m—k,n—=1).iiiicienanee. (3.26)
0 (kL )ewy

And a direction 8" is calculated such that the Eq. 3.27 is minimum
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Figure 3.18 Directional smoothing [53]

3.9 Median Filter

The median filter is a nonlinear smoothing method. It is used to eliminate salt and pepper and
impulsive noise from an image. This kind of filter is basically used as a classical pre-
processing step to improve the outcomes of future image processing and denoising steps i.e.
edge detection, noise reduction on an image [158]. Median filtering preserves the fine details
of the image and removes the random noise. It has wide applications in image as well as in
signal processing [158]. The median filter is slightly like the mean filter which is used to
eliminate the noise from the image or signal. However, the results of the median filter are far
better than the mean filter of preserving significant detail in the image [157].

The median filter studies each and every pixel in the image and looks at its neighboring
pixels to judge whether or not it is representative of its surroundings. As an alternative of
merely substituting the pixel value with the mean of nearby pixel values, it substitutes it with
the median of those values [157].

The median is computed primarily by arranging all the pixel values from the nearby
neighborhood into mathematical order and then substituting the pixel being measured with
the central pixel value. If the neighborhood pixels under consideration contain an even
number of pixels, the average of the two middle pixel values is used. Figure 3.19 illustrates

an example calculation [157]. The median filter is formulated as,

y[m,n]:median{x[i,j],(i,j)ew} .................................... (3.29)

where, w is a neighborhood mask defined by the user, centered around location [m,n] in the

image.
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Figure 3.19 Computing the median value of a pixel neighborhood. The intensity value of
central pixel 150 is somewhat to be regarded with suspicion of the nearby pixels and is

substituted with the median value: 124. A 3x3 square neighborhood is castoff here [157]

3.10 Wiener Filter

The Wiener filter is used for reducing the additive noise in the image. It is based on Fourier
iteration. It takes less computational time for filtering the image. It is mainly used for de-
blurring [48]. The Wiener filter is used in both spatial and frequency domain filtering. It is
more effective in the frequency domain. The disadvantage of Wiener filter is that it cannot
reconstruct the image to its original form. It only reduces noise up to a limited extent. It can
be used to filter the frequency components but can only suppress noise and is unable to
reconstruct the frequency components which are degraded by the noise [49]. The Wiener
filtering reduces the overall MSE in the procedure of inverse filtering and noise smoothing.
The Wiener filtering is a linear approximation of the original image. The approach is based

on a stochastic framework [50].

H (f1,/,)8,. (fi, 1>)
H (i o) S (S 1)+, (fin o)

W (f.fo)=

3.11 Method Noise

This section explains the concept, use, implementation and effectiveness of method noise in
the field of SAR image despeckling. The method noise has the capability to enhance the
performance of any despeckling method. It is easy and efficient way of enhancing the results.
The difference between noisy image and denoised image contains some residual image

information that is due to the inefficiency of the denoising method. The comparison of
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despeckling results of some well-known despeckling methods in two different cases i.e. with
and without the use of method noise is presented in the Table 3.3. The despeckling results
will be compared on the basis of PSNR and SSIM. The concept of method noise is not
restricted to only classical and medical images. It has vast usages and applications. It can also
be used in the despeckling methods.

The despeckling method depends on the filtering constraint ‘f”. This constraint calculates the
degree of filtering applied to the image. For most of the despeckling methods, the constraint f
depends on an approximation of the noise variance. There are various ways of applying
method noise but in most of the literature the concept of method noise is implemented of a
post-processing step i.e. it is used after the filtering is performed. It enhances the result and
improves the quality of the denoised image. Method noise is simple and effective concept
that is easy to understand and implement.

Let D is the noisy image and after denoising E is obtained as the final denoised image. Now

mathematically E1 is evaluated by Eq. 3.31,

Now EI contains the residual image information, so further any denoising technique can be
applied to E1 like thresholding or any filtering method. After denoising E1, let say E2 is
achieved. Then Eq. 3.32 is executed to obtain the resultant denoised image, E3 that contains
the lowest noise. The Fig 3.20 and 3.21 describe the step by step procedure of using method

noise.
Yok T o N (3.32)

The Figure 3.20 shows the specific model of method noise application based on the wavelet
transform. The Figure 3.21 shows the general model of method noise application. It depicts
how any filtering technique can be easily incorporated with the concept of method noise. Here
the residual component or unfiltered component can be filtered using any despeckling method.

The method noise thresholding is applied to the unfiltered component of the image.
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image

Figure 3.20 Wavelet-based despeckling using method noise thresholding

Method noise is a robust and adaptive way of improving a degraded image. It is a 100%
working method. It may be any standard or custom filter that can be applied directly on the
method noise. The thresholding can also be performed on the method noise, but it is
experimentally observed that use of thresholding in method noise is more efficient than any
other denoising method. It is observed that the application of method noise with wavelet

transform is more efficient than other methods as shown in Table 3.3.
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Figure 3.21 General model of method noise filtering.

The experimental results is shown using both the cases i.e. with and without method noise.
The validity and efficiency of the despeckling method using method noise is shown on real

SAR image. The real speckled SAR image at ¢ = 20 is shown in Figure 3.22.

During the experiment the compared method resizes the SAR images to 512 x 512 images for
the faster execution of method. It uses db2 type wavelet basis during the DWT operation. The
method noise is incorporated to the standard methods and filters as the post-processing step.
The despeckled SAR images shown in Figure 3.23(a) and 3.23(b) are obtained by db2 based

DWT thresholding using Bayesian shrinkage rule with and without method noise.
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Figure 3.22 Reference speckled SAR image
The performance metrics used to assess the quality of the despeckled SAR image are PSNR
and SSIM. The mathematical aspect of these metrics is available in [51]. The high value of
PSNR depicts better image quality and in SSIM, the value tending towards 1 indicates the
good image quality and tending towards O indicates bad image quality. The quantitative
results are shown in Table 3.3 using various standard despeckling filters and methods. The
comparison is made using Frost, homomorphic Frost, Kuan, homomorphic Kuan, Lee,
homomorphic Lee, Kuwahara, Mean, Median, Hard and Soft thresholding, Universal

threshold, Visu threshold and Bayesian thresholding strategies.

(@) (b)

Figure 3.23 Despeckled images (a) without method noise (b) with method noise

The efficiency of method noise can be analyzed by the visual appearance of the despeckled
SAR image shown in Fig 3.23(b). In Fig 3.23, it can be observed that the despeckled image in
Fig 3.23(Db) is better than the despeckled image in Fig 3.23(a). The speckle content is reduced

63



and edges are preserved using method noise. The preservation of fine details in the non-

uniform regions and smoothness in the uniform region is well maintained. Table 3.3 shows

the quantitative analysis of despeckling techniques with and without method noise using

PSNR and SSIM values.

Table 3.3 Performance evaluation of despeckling techniques with and without method

noise using PSNR and SSIM

Speckled SAR
Image
Fig 3(b).
c=20

PSNR SSIM
w/o with w/o with

S. no Techniques method | method | method | method

noise noise noise noise

1 Frost 18.5679 | 19.0001 | 0.7006 | 0.8025
2 Homomorphic Frost | 18.5031 | 19.5238 | 0.7309 | 0.7993
3 Kuan 18.9513 | 20.8937 | 0.7892 | 0.8002
4 Homomorphic Kuan | 18.1243 | 18.9937 | 0.7911 | 0.8258
5 Lee 18.4526 | 19.0023 | 0.7872 | 0.8235
6 Homomorphic Lee | 18.8039 | 18.9790 | 0.7095 | 0.7925
7 Kuwahara 19.6609 | 20.9008 | 0.8974 | 0.9002
8 Mean 16.0001 | 16.9909 | 0.7931 | 0.8632
9 Median 16.9278 | 18.2973 | 0.8002 | 0.8403
10 Soft Thresholding | 19.7049 | 20.7395 | 0.8901 | 0.9567
11 Hard Thresholding | 18.8419 | 19.5637 | 0.8193 | 0.8881
12 Universal Threshold | 17.4019 | 18.6792 | 0.8991 | 0.9006
13 Visu Threshold 16.0002 | 16.9835 | 0.8031 | 0.8563
14 Bayesian 19.9509 | 21.2386 | 0.9181 | 0.9500

Threshold

Figure 3.24 and 3.25 plots the PSNR and SSIM values of compared despeckling techniques

with and without use of method noise using quantitative values. In Figure 3.24 and 3.25, it can
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be observed that PSNR and SSIM values of the techniques with method noise are higher than

techniques without method noise. This shows the validity and effectiveness of method noise.
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Figure 3.24 Plotting PSNR of all despeckling techniques with and without method noise.
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Figure 3.25 Plotting SSIM of all despeckling techniques with and without method noise
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The experimental analysis of using method noise on the real speckled SAR image validates the
effectiveness of method noise in despeckling method that enhances the visual appearance of

the despeckled image and also preserves the fine details in the heterogeneous areas.

3.12 Quality Assessment of Despeckling Methods

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 originality 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 methodology for the assessment of quality
of the image. It allows the detection of the main human naked eye visible features that best
describes the nature of the despeckling procedures. It includes edge and point target
preservation capability, blurriness, and structural and blocky artifacts that are not identified by
objective and direct measurements. The visual assessment has a limitation of not allowing
either quantitative assessment among the performances of different despeckling methods to be
made or the bias introduced by the filter to be effectively estimated. To overcome these
restrictions of visual investigation, several other performance metrics have been proposed for
the assessment of the despeckling techniques. These quantitative metrics are divided in two
segments: with—reference and without-reference indexes [36]. The performance of the
proposed methods is assessed by these metrics. There are also other ways available for
evaluating the performance of any despeckling algorithm like performance percentage
calculation using confusion matrix [85]-[88] and quantitative values [55] of despeckled image.
In the thesis, the performance percentage is calculated of HMN-AD by analyzing the

quantitative values of the despeckled image in chapter 5.

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. In this case, there are many metrics available

for edge detection, preservation of edge and texture, preservation of smoothness in
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homogeneous and non-homogeneous areas. Here, the information of the despeckled image is

compared with the reference SAR image using all perspectives into account.

In the case of without-reference index, the knowledge of original image information is
unknown. This is completely based on arithmetical theories on the image model, as the image
model is powerfully reliant on the unit of scene heterogeneity, a controlled choice of the

homogeneous areas may be required for the computation of specific index.

3.12.1 With—Reference Indexes

A numerous literature is available for calculating the performance of the despeckled SAR
image in the case of with-reference index [29], [51]-[53]. The quantitative metrics used under
this category uses the information of the reference SAR image. These metrics uses two
parameters: first is the reference SAR image and second is the despeckled SAR image. Here,
the information of the despeckled SAR image is compared with the reference SAR image.
The performance evaluation measures under this category are Mean square error (MSE),
Structural Similarity Index Measurement (SSIM), Signal to Noise Ratio (SNR), Peak Signal
to Noise Ratio (PSNR), Energy Signal-to-Noise Ratio (ESNR), Universal Image Quality
Index (UIQI), Feature Similarity Index Metric (FSIM) [57], Edge Correlation (EC) [58], [59]
and Pratt’s Figure Of Merit (FOM) [60]. Some of the experimented metrics in the thesis are

discussed below:

MSE [54] is a performance measure that evaluates the average squared difference between
the despeckled SAR image and reference SAR image. It assesses the overall despeckled SAR
image. It fails to evaluate the small specific details of the image.

1 N-1

MSE :NZ(X—Y) ............................................... (3.33)

j=0
where X and Y are the despeckled and reference images respectively.

The SSIM is used to estimate the similarity between despeckled image and reference image.
It depends upon three factors, luminance, contrast and structure [55]. The SSIM is a

multiplicative mixture of the three terms.

(2ﬂaﬂb +P1)(2Gab +P2)
(42 +u; +R)(0 +0; +B,)

a

SSIM (a,b) =
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where, U,, Up, 04, 0p and g, are the local means, standard deviation and cross variance for
images x, y. P1 = (0.01 = L)*and P2 = (0:03 = L)*, where L is the specified dynamic range

value. The range of SSIM varies from 0 to 1 according to the literature [56].

The SNR is a quantitative metric used to measure the sensitivity of an imaging system.

I/ar[g]
SNR =10.10g, 5| ——==7 [eeremereneneeeneneseseeeees 3.35
Ogl{ MSE } (3-35)

where Var|[g] is reference image variance.

PSNR is one of the mostly used performances metric in the field of denoising. The high value

of PSNR indicates better results. PSNR is computed by:

10log,, (%;255) ............................................... (3.36)

The UIQI is defined by three components. The defined components are degree of linear
correlation, the closeness of mean luminance and similarity of contrast in images. The range
of the three components is in [0, 1]. Therefore, the final range of the UIQI is in between [0,
1]. The UIQI value that tends toward 1 indicates better image quality and those that tends

towards 0 indicates the low image quality.

3.12.2 Without—Reference Indexes

The performance metrics under the without-reference index does not depend upon the real
SAR data. These metrics depend upon the arithmetical SAR data model as well as on core
resolutions on the level of features like heterogeneity and homogeneity of the image. These
metrics are concentrated on the statistics of the arrangement of the pixel values of the real
speckled SAR image and assessed by Ratio Images, Coefficient of Variation (CV), Equivalent
Number of Looks (ENL), Target—to—Clutter Ratio (TCR) [64], [65] and Noise Variance (NV).

Some of the used metrics in the thesis are discussed below:

The ENL [61] is a performance assessment metric of despeckled SAR image, that analyzes the
factor of smoothening during the image formation and post-processing operation. This metric

depends upon the minimal number of looks that gets increased after the despeckling of SAR
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image. It is calculated over the homogenous area and is defined as the ratio between the mean

(1) squared to the variance (o).

The Ratio Image is the metric that contains the significant information both in homogeneous

and non-homogeneous areas, defined as the pixel-by—pixel ratio among the speckled SAR

(a(m)) and the despeckled SAR image (b(m)) [62].

The CV [63] is used to assess the texture of the heterogeneous areas of the despeckled SAR
image and is a statistical parameter defined as the ratio of standard deviation and means value

and expressed as a percentage.

cv =( Standard deviation j y
Mean

The NV is used to show the amount of speckle content that currently exist in the image [66].
The smaller value of the NV indicates the reduction of speckle noise in the image. It
necessarily doesn’t depend upon the intensity of the image [66]. The NV is calculated using

below formula:

where N is the size of the image.

3.13 Quantitative Dual Nature Analysis of MSE in SAR Image
Despeckling

The despeckling of SAR images is a critical task. There are certain quantitative metrics that
analyses the quality of despeckled SAR image. This section statistically analyses the dual and
diverse nature of MSE in despeckling method. This dual and diverse nature of MSE is
examined in two different cases. Case 1: when the reference SAR image is available (with-
reference index). Case 2: when reference SAR image is not available (without-reference
index). In both the cases, the comparative statistics of the MSE is different. In case 1, the

MSE should be as low as possible for better image quality. In case 2, MSE must be high for
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significant speckle reduction. This analysis will show the dual and diverse behavior of MSE

as a performance metric in both the cases. MSE is a valuable metric in despeckling.
Case 1: When reference SAR image is available (with-reference index).

MSE and PSNR are the two performance evaluation metrics for assessing the image quality.
MSE denotes the cumulative squared difference between despeckled and reference SAR
image. PSNR depicts the maximum error possible [51]. The low MSE value indicates low

error and high-quality image.

MSE =

m, n are rows and column of the input SAR image.

R?
PSNR =10 lo e e 343
g0 (MSE) ( )

R is the maximum pixel value of the input SAR image. The PSNR should be comparatively
high for the best image quality results.

According to the Eq. 3.43,

1

PSNR is inversely proportional to MSE. When the PSNR value is high then the MSE value is
low and low MSE value denotes better image quality results. It concludes that in case 1, MSE

must be comparatively low among other filtering techniques for best despeckling results [92].

Theoretically, MSE is the average squared difference between reference SAR image and
despeckled SAR image. If this cumulative difference is large, then the final despeckled SAR
image is different from reference SAR image that represents bad despeckling results. If the
cumulative difference is small, then the pixel statistics of the despeckled image is close to

reference image that represents efficient despeckling results.
Case 2: When reference SAR image is not available (without-reference index).

In case 2, MSE indicates the average squared difference between despeckled and real

speckled SAR image. The comparatively small MSE value shows the smaller difference
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between despeckled and real speckled SAR image that denotes less reduction of speckle
noise i.e. weak algorithm. The comparatively high MSE value indicates the greater difference
despeckled and real speckled SAR image that means that there is a significant speckle
reduction [66]. In case 2, it is extremely necessary to be very careful with the edge and region

preservation while analyzing the MSE value.

Table 3.4 MSE value comparison of AS with other filtering techniques for best

quantitative results in two different cases: case 1 and case 2. ¢ = speckle noise variance.

MSE
Filtering CASE 1 CASE 2
Techniques (Ato=20)
Al Bl C1
A2 B2 C2
A3 B3 C3
A4 B4 C4
AS B5 C5

Let say, AS is the proposed technique that is compared with the four other techniques [Al,
A2, A3 and A4] on the basis of MSE metric.

According to statistical study of MSE, the performance of the A5 is best for the following

results,
CASE 1:|B5] < [B1,B2,B3, B4]
CASE 2:[C5] > [C1,C2,C3,C4]

For the best despeckling results of the A5 method, the MSE value i.e. B5S must be minimum
in the case 1 and the MSE value i.e. C5 must be maximum in the case 2 [55] as shown in

Table 3.4.
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Figure 3.27 MSE results of the article [6].

This study of MSE metric is experimented on two articles of despeckling i.e. [3] and [6]. The
above experimental analysis verifies the dual nature of MSE metric. In Figure 3.26, the best
despeckling results are obtained at minimum MSE values in the case of with reference
indexes while in Figure 3.27 the best results are obtained at maximum MSE values in the

case of without reference indexes.

There are certain specified performance metrics for with-reference and without-reference

indexes, out of them; MSE is experimentally observed to be the only metric to be used for
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performance evaluation in both the cases. MSE is a valuable metric. Its dual nature in
different situations validates the importance of its use. This study clears the air of confusion
of using MSE in the case of without-reference indexes. Its diversity is the real strength. It can

be easily used in either case.

3.14 Conclusion

This chapter discusses all the methodology related to proposed methods i.e. HMN-AD,
HMN-DSF and HMN-CF. Various quantitative metrics related to SAR image despeckling are
discussed. On intelligently applying the method noise in DWT, the despeckling results can be
enhanced and it can outperform the despeckling results with SWT and CoWT. The effect of
speckle noise on SAR images is analyzed. The effect of speckle noise are adverse than other
types of noise due to its multiplicative nature that is handled by the homomorphic filtering.
The concept, use and various perspectives of method noise and its implementation is also
discussed. The concept of method noise is 100% working method in SAR image despeckling.
It has the capability to enhance the results of any denoising or despeckling method. Lastly, it
verifies the dual nature of quantitative measure i.e. MSE in two different scenarios i.e. with

and without-reference indexes.
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4. PROPOSED METHODOLOGY
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4.2 A New Homomorphic SAR Image Despeckling using Method Noise
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4.4 A New Homomorphic SAR Image Despeckling using Correlation
based Fusion and Method Noise Thresholding (HMN-CF).............. 87
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4.4.2 Flowchart of HMN-CF...... ..., 91
4.43 Summary of HMN-CF............cooiiiia 92
4.5 ConCIUSION. ....entii i 93

4.1 Background

All the proposed SAR image despeckling methods i.e. HMN-AD, HMN-DSF and HMN-CF
are discussed in this section. The proposed methodology is grounded on db2 based 2D-DWT.
The concept of method noise is intelligently incorporated in the proposed methods. The
HMN-AD and HMN-DSF are based on global filtering and HMN-CF is based on local
filtering. The concept of fusion is used in HMN-CF. The proposed methods are easily
analyzed by flowchart. All the despeckling methods are briefly summarized. The switching
from HMN-AD to HMN-DSF and HMN-DSF to HMN-CF is also discussed at the last of
each section of proposed methods. The role and importance of related methodology and flow

of proposed method is discussed in the summary section.
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4.2 A New Homomorphic SAR Image Despeckling using
Method Noise Thresholding and Anisotropic Diffusion
(HMN-AD)

4.2.1 Algorithm of HMN-AD

Input: Speckled SAR Image, S.
Output: Despeckled SAR image, Desupdated-
Step 1: Apply iterative anisotropic diffusion/filtering on S.

a) Initiate the parameters, g(*) and K.
b) Compute Perona-Malik diffusion Eq. 3.25 using required parameters.
c) for i=1 ton;i=No. of iterations, do

i.  solve the standard Eq. 3.23 of anisotropic diffusion.

ii.  Update the values.
end for
d) Resultant image is S,q.
Step 2: Apply log transformation, S;.
Step 3: for j =1 to 3; j = level of decomposition, do

a) Apply DWT on S,.

b) Decomposition into 4 subbands, approximate part (al, a2, a3) and detail part (b1 cl
dl), (b2 c2 d2), (b3 c3 d3).

c) Apply 2D median filtering on a2 and a3 subbands using 3*3 neighborhood mask
using Eq. 3.29.

d) Apply 2D adaptive Wiener filtering on al subbands using 3*3 neighborhood mask
using Eq. 3.30.

e) Perform thresholding on the detailed part (bl cl dl), (b2 c2 d2), (b3 ¢3 d3) using
following step:

1. Estimate noise variance using Eq. 3.12.

ii.  Threshold calculation using Eq. 3.11.
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iii.  Apply soft thresholding using Eq. 3.13 and Eq. 3.15.
end for

Step 4: Apply inverse DWT.

Step 7: Apply exponential transform, S..

Step 5: S —S..

Step 6: for i =1 to 3, i = level of decomposition, do

a) Apply db2 based 2D-DWT on S - Se.
b) Decomposition into two sub-bands, approximate subband (all, a22, a33) and a

detailed subband (b11, c11, d11), (b22, c22, d22) and (b33, ¢33, d33).

c) Apply wavelet thresholding on detailed diagonal part (b11, c11, d11), (b22, c22, d22)

and (b33, ¢33, d33) of (S-Se) using below steps:
1. Noise variance estimation using Eq. 3.12.
it.  Threshold calculation using Eq. 3.11.
iii.  Apply soft thresholding using Eq. 3.13 and 3.15.

end for

d) Apply inverse DWT, the resultant image is H.
e) AddH and S, to get Dgs, as Dgs = H + Se.

Step 8: Final output despeckled SAR image, Dgsypdated-
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4.2.2 Flowchart of HMN-AD
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Figure 4.1 Flowchart of HMN-AD.
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4.2.3 Summary of HMN-AD

The proposed approach i.e. HMN-AD is based on the homomorphic filtering in the wavelet
domain as shown in Figure 4.1. The despeckling methods that are based on homomorphic
filtering are more adaptive and robust than other methods [34], [67]. The linear, non-linear
filters and non-Bayesian methods can easily be incorporated in the homomorphic filtering
methods. This despeckling technique proposes a new hybrid method based on the Bayesian
approach in a transform domain (homomorphic filtering using wavelet) and non-Bayesian
approach (anisotropic diffusion). There is no such despeckling method available that can
assure full noise removal. There is always a scope for enhancement in this field. The HMN-

AD is efficient in despeckling the simulated as well as real speckled SAR images.

The speckle noise is multiplicative in nature. Therefore most of the literature related to
wavelet transforms implement the homomorphic filtering that applies the log and exponential
operations to deal with the multiplicative nature of the speckle noise. The non-Bayesian
approach works directly over the speckled image without modifying their nature. The HMN-
AD implements anisotropic diffusion directly on the speckled SAR image iteratively. This
operation is followed by the homomorphic filtering based on wavelet transform using a linear

and non-linear filter.

The anisotropic diffusion is efficient in preserving edges, but slightly inefficient in preserving
the smoothness in the homogeneous regions. It is observed in the experimental testing that
after applying anisotropic diffusion on the speckled SAR image, there is still presence of
speckle content in the image and the smoothness is also bit lost in the homogeneous areas. In
order to handle this situation, homomorphic filtering using 2D-DWT based on modified
Bayesian shrinkage rule using method noise thresholding is proposed. This operation reduces
the speckle content without disturbing the fine details of the image. The log transform
converts the multiplicative nature of speckle noise into additive nature. Now, 2D-DWT is
applied and it decomposes the image into two components: approximate (al, a2, a3) and
detail components (bl cl d1), (b2 c2 d2), (b3 c3 d3). The approximate part is the residual part
while, the detailed component comprises of the vertical, horizontal and diagonal part. The
decomposition is performed up to level 3. The HMN-AD is experimented from
decomposition level 1 to 7. It is observed that in the field of image restoration the better
denoising results are obtained at decomposition level 3 to 5 in terms of detail preservation

and computational cost. So the final decomposition is set at level 3 in HMN-AD. The
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approximate and detailed components are separately processed. The 2D adaptive Wiener
filtering is applied on the (al) subband using 3%3 neighborhood mask. The 2D median
filtering is applied on the (a2) and (a3) subbands using 3x3 neighborhood mask. The detailed
components are thresholded using modified Bayesian shrinkage rule. In the standard
Bayesian shrinkage rule, the thresholding is usually applied to the diagonal part of the
detailed component. But in HMN-AD, the thresholding is applied to all the detailed
components i.e. vertical, horizontal and diagonal. The soft thresholding is applied after noise
variance estimation and threshold calculation. After these operations, the approximate and
detailed parts are directed to the IDWT followed by anti-log operation i.e. exponential

operation.

The HMN-AD is a three-layered approach. The first layer is applying anisotropic diffusion,
second is applying wavelet thresholding using modified Bayesian shrinkage rule and linear
and non-linear filters and third layer is applying method noise thresholding. After the second
layer, method noise thresholding is applied. The output image of the second layer is
subtracted from the input speckled SAR image. The resultant is the residual part and directed
to the 2D-DWT. Again wavelet decomposition is set to level 3 and now wavelet thresholding
using modified Bayesian shrinkage rule is applied on the high-frequency component of the
residual part. Later IDWT is applied. And the resultant image is added to the output image of
the second layer (wavelet thresholding). This resultant is the final despeckled output SAR

image.

As it may appear that there may be over smoothing due to multi-layered approach. But the
HMN-AD has the potential for the best speckle reduction and detail preservation. The first
layer preserves edges and other fine details of the image that are significant for the better
interpretation of the image. The prime advantage of wavelet thresholding is that they in spite
of having uneven shape are able to flawlessly restructure functions with linear and higher
order polynomial shapes. As a consequence, wavelets are capable enough to despeckle the
SAR images in comparison to traditional methods. The method noise thresholding is applied
to restore the unfiltered edges. Method noise thresholding is highly effective method for
enhancing the despeckled results. It recover the fine details of the image. An efficient and

intelligent use of method noise can enhance the results.

This three-layered hybrid combination presents high image quality with good visual

appearance. The computational cost of this method is highly efficient. The concept of method
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noise is implemented as the post-processing operation. It enhances the quantitative results as
well as the visual quality of the image. During the experimental testing of HMN-AD it is
observed that the use of method noise thresholding as the post-processing step enhances the
quality of the despeckled image. If the concept of method noise is applied more intelligently
and in more robust way, then it can give much better results. The results of this technique
persuade to go for designing a new despeckling method i.e. HMN-DSF with more intelligent

use of method noise using DSF for better edge preservation.

4.3 A New Homomorphic SAR Image Despeckling using
Directional Smoothing Filter and Method Noise

Thresholding (HMN-DSF)
4.3.1 Algorithm of HMN-DSF

Input: Speckled SAR image
Output: Despeckled SAR image
1. Read input speckled SAR image.
2. Apply log transformation, S.
3. fori=1to 3, 1= level of decomposition, do
A. Apply db2 based 2D-DWT on S.
B. Decomposition into two subbands, approximate sub-band A; = (LL1, LL2, LL3)
and detailed sub-band D; = (LH1, HL1, HH1), (LH2, HL2, HH2) and (LH3, HL3,
HH3).
C. Apply DSF followed by method noise thresholding (step(b-d)) on approximate
subbands using following steps:
a. Apply DSF on A; using mask [3x3] using Eq. 3.26, 3.27 and 3.28, L".
b. Ai—-L".
c. Apply wavelet thresholding on the (A; — L") using below steps:
i.  Noise variance estimation using Eq. 3.12.
ii. = Threshold calculation using Eq. 3.11.
iii.  Apply soft thresholding using Eq. 3.13 and 3.15. The resultant
image is L.

d. L”+L".
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7.
8.
9.

D. Apply wavelet thresholding followed by method noise thresholding (step(b-d)) on
detailed subbands using following steps:
a. Apply wavelet thresholding on D; using below steps:
i.  Noise variance estimation using Eq. 3.12.
ii. = Threshold calculation using Eq. 3.11.
iii.  Apply soft thresholding using Eq. 3.13 and 3.15. The resultant
image is H’.
b. D;—-H’.
c. Apply wavelet thresholding on (D; — H’) using below steps:
i.  Noise variance estimation using Eq. 3.12.
ii. = Threshold calculation using Eq. 3.11.
iii.  Apply soft thresholding using Eq. 3.13 and 3.15. The resultant

image is H.
d. H”+H".
end for
Apply inverse DWT, S°.
S-S

for i =1 to 3, i = level of decomposition, do
A. Apply db2 based 2D-DWT on S - S’.
B. Decomposition into two subbands, approximate subband (LL11, LL22, LL3) and
a detailed subband (LHI11, HL11, HHI1), (LH22, HL22, HH22) and (LH33,
HL33, HH33).
C. Apply wavelet thresholding on detailed diagonal part (HH11, HH22, HH33) of (S
— S’) using below steps:
a. Noise variance estimation using Eq. 3.12.
b. Threshold calculation using Eq. 3.11.
c. Apply soft thresholding using Eq. 3.13 and 3.15.
end for
Apply inverse DWT, the resultant image is S”’.
S+ S

Apply exponential transform on (S”” + S°).

10. Final output despeckled SAR image, S’”’.
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4.3.2 Flowchart of HMN-DSF
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4.3.3 Summary of HMN-DSF

The approach is focused on despeckling the simulated [68], [69] as well as real speckled SAR
images. It uses a bit complex but efficient method to remove the speckle noise. The HMN-
DSF uses a wavelet-based hybrid combination of DSF, wavelet thresholding and method
noise thresholding. The core idea of HMN-DSF is to implement the concept of method noise
intelligently. The method noise is an adaptive concept. It can be incorporated in any
despeckling technique. An intelligent use of method noise can enhance the result efficiently
[93]-[96]. In the previous literature [93]-[96], the concept of method noise is mainly used as
the post-processing step. In HMN-DSF, a new application of method noise is proposed that
processes the low and high-frequency subband of the image after DWT decomposition as
shown in Figure 4.2. In Figure 4.2, flowchart of HMN-DSF is shown where db2 based 2D-
DWT based decomposition is performed up to level 3, that decomposes the image into
approximate (Al, A2, and A3) and detailed part (D1, D2, and D3). The approximate part is
directed to operation 1 and the detailed part is directed to operation 2. Operation 1 = DSF
followed by method noise thresholding. Operation 2 = wavelet thresholding followed by
method noise thresholding. ‘i’ in Ai denotes the level of wavelet decomposition. The DSF is
applied on the approximate component followed by method noise thresholding and the
detailed component is directed to wavelet thresholding followed by method noise
thresholding. The HMN-DSF 1is developed with the intention to improve the despeckling
results in terms of fine detail preservation, especially edges. The multiplicative nature of

speckle noise is handled by homomorphic filtering [92].

On DWT decomposition, the approximate part of the image contains lot of information. Since
HMN-DSF works up to three level of decomposition. So DSF is applied three times to the
approximate part till the third level of decomposition. The method noise thresholding follows
DSEF to restore the remaining degraded information after DSF. The approximate part contains
the maximum information that is actually degraded. The DSF performs the block-wise
smoothing. This operation does not guarantee the complete speckle reduction of the
approximate part. The unfiltered part of the approximate component is directed to the method
noise thresholding that efficiently preserves the edges and other fine details. The concept of
method noise thresholding is introduced to process the remaining unfiltered parts. Its main

application is fine detail preservation especially edges.
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The difference between the speckled image and the despeckled image shows the noise
removed by the algorithm that is called as method noise [93]-[96]. Let say, D is the noisy
image. Let denoising technique ‘T’ is applied on D. E is obtained as the final denoised image.
Now mathematically F is evaluated by, F = D — E. F contains the residual noisy part, so
further any denoising method can be applied to it like thresholding technique or some filter.
After denoising F, let say E1 is achieved. Then E2 = E + E1 is performed to get the resultant
denoised image, which contains the minimum noise, ‘E2’.

Since the HMN-DSF works up to three level of decomposition hence the approximate parts
are denoted as A1, A2, and A3. Therefore, A; represents the approximate component, where
‘1’ is the decomposition level. The wavelet thresholding is represented by ‘W’. The DSF

followed by method noise thresholding is shown in the below equations,
Apply DSF on the approximate part(4;),

FEy 51 ol 07 S (4.1)

D S (4.2)

up

L

updated

The Lypaateq at the third level of decomposition contains the optimal noise free approximate

component.

The HMN-DSF works on the universal threshold where the threshold value is exclusively
chosen for all wavelet coefficients [67], [103]. The HMN-DSF is experimented from 1 to 7
decomposition level. The best results are obtained at the third level of DWT decomposition in
terms of speckle reduction, detail preservation and computational cost. HMN-DSF is also
tested at several wavelet families that are proven to be specifically valuable in DWT. The
tested wavelet families are 'haar', 'db’, 'sym', 'coif', 'bior', 'tbio’, 'meyr' etc. The comparative
result of the HMN-DSF at these wavelet families is shown in the result section. The best
results are obtained at ‘db2’. Since the noise is uniformly distributed in simulated SAR

images, then both the global thresholding and block processing give better results. The HMN-
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DSF implements global thresholding due to better computational cost. The same procedure is
experimented on the real SAR images and the obtained results are good as in the first case.
Since the speckle distribution is unknown in the real speckled SAR images, still HMN-DSF
works fine in this case. This is due to the efficient and intelligent use of method noise
thresholding.

In the field image denoising, the complete denoising is not possible but the maximal
restoration of the information is possible. After DWT decomposition, image is decomposed
into approximate and detailed components. The approximate component contains the low-
frequency components. The detailed component contains the high-frequency components.
The detailed component contains the information related to the edges while the approximate
component contains the other information including edges information such as information
related to homogeneous and heterogeneous regions. Since the detailed component contains
the edge information, therefore, a dual thresholding is performed using the concept of method
noise to restore the maximum information as much as possible.

The method noise thresholding plays an excellent role in restoring the remaining unfiltered
edge components. In the previous literature, the method noise is used as the post-processing
step. But the concept of method noise can be more intelligently used. The best use of method
noise gives the best result. In order to obtain best results, the method noise thresholding is
applied to the wavelet coefficients that deliver noise-free coefficients to the next level for
further processing.

The combination advantage of DWT and method noise gives the best outcome as edges are
preserved locally rather than globally. It is done by processing the wavelet coefficients in the
2D-DWT operation. The wavelet thresholding followed by method noise thresholding is
applied to the detailed parts (horizontal, vertical and diagonal) that delivers the best outcome
in terms of edge preservation. The detailed parts are represented as D1, D2, and D3, i.e. D;,

where ‘i’ denotes the level of wavelet decomposition.
Apply wavelet thresholding (W) on every detailed part(D;),

H' =W (D))o (4.5)

Now, again operation ‘W’ is applied on the H,,,,
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updated —

The Hypaatea at the third level of decomposition contains the optimal noise free detailed

components (horizontal, vertical and diagonal).

The standard use (as a post-processing step) of method noise in the HMN-AD presents the
decent despeckling result. HMN-DSF concludes with a new idea of using method noise in the
more intelligent way for better results. The HMN-DSF is completely based on the use of
method noise. The method noise is used for fine detail preservation. The other filter used in
this method is DSF which is also an edge-preserving filter. This method offers a new
intelligent use of method noise in two different ways. In HMN-DSF, the method noise is used
three times. Firstly, on the low-frequency components, secondly on the high-frequency
components and lastly as a post-processing operation. This unique way of implementing the
method noise enhances the despeckling result.

The HMN-AD and HMN-DSF works on global filtering. According to the literature
available, the despeckling results using local filtering shows a better result than the global
filtering. In HMN-AD and HMN-DSF, the decomposition level is manually set by
experimenting the method from level 1-7. The optimal despeckling results are obtained at
level 3. The computational cost of HMN-DSF is low. The use of local filtering i.e. blocks
processing and automatic selection of decomposition level can enhance the despeckling
results by preserving more information. This advancement lead to design a new despeckling

method 1.e. HMN-CF.
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4.4 A New Homomorphic SAR Image Despeckling using
Correlation based Fusion and Method Noise Thresholding
(HMN-CF)

4.4.1 Algorithm of HMN-CF

Step 1: The speckled SAR image is multiplicative in nature. Natural log transform is applied
to convert this multiplicative nature to the additive. Let the speckled SAR image is S.

Step 2: Entropy-based Wavelet Decomposition to n-level

The db2 based 2D-DWT is applied to the log-transformed speckled SAR image up to level n
depending on the measurement of texture using entropy parameter for best results. The
entropy metric (E’) is used for automatic selection of decomposition level which is an
arithmetical parameter of measuring the uncertainty of pixel values that can be used to

illustrate the texture of the input image [159].

On the every next decomposition level (n), E’ is evaluated for the parent and child node. The
higher value of E’ of parent node than the child node indicates the presence of information in
the image that requires next decomposition for detail preservation. This process continues
until the above condition fails. This process of setting the decomposition level gives the best

outcome in terms of detail preservation. E’ is formulated as,

The entropy-based wavelet decomposition level is decided by following steps:
A: Firstly apply 2D-DWT on the image and set the maximum number of levels.
B: Perform decomposition into four components (LL, LH, HL, HH) for each level.

C: Compute the entropy of each component (LL, LH, HL, HH) for each layer using Eq. 4.9
and then calculate average entropy value (AEV) for each layer using Eq. 4.10,

AEV=[E’(LL)+E’(LH)+E'(HL)+E'(HH)]

4
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D: In top-down approach manner, check the AEV,

i. if (AEV (parent node) > AEV (child node)), then go for next decomposition level.
ii. ~ Otherwise, remove the remaining child nodes.

E: Finish the procedure, if there is no node to decompose.

Step 3: The dual thresholding (Bayesian (A.) and Bivariate (B.) shrinkage) is applied in
parallel on the detailed part. The improved detailed parts of both thresholding are later fused

to get more enhanced results.

A. For each decomposition level, apply wavelet thresholding using Bayesian shrinkage rule
on the detailed part (HL, LH, HH).
i. Noise variance estimation using Eq. 3.12.
ii. Threshold calculation using Eq. 3.11.
iii. Apply soft thresholding using Eq. 3.13 and 3.15, resultant detailed parts are (HL’, LH’,
HH’).
B. For each decomposition level, apply wavelet thresholding using bivariate shrinkage rule
on the detailed part (HL, LH, HH).
i.  Calculate local noise variance o2 using Eq. 3.12.
ii.  For each coefficient of each high pass subbands
a) Compute 67, using Eq. 3.22
b) Compute 6; using Eq. 3.21
c¢) Compute the threshold 4, using Eq. 3.20
d) Estimate each coefficient using Eq. 3.18
e) Restore the value in a;, The resultant detailed parts are (HL*’, LH,”” HH"").

Step 4: Locally correlation based fusion.

The obtained high-frequency coefficients (HL’, LH’, HH’) and (HL*’, LH,”” HH”’) after two
different parallel thresholding methods are fused using local correlation based approach.
Firstly, the threshold value is calculated by this way: the non-overlapping block-wise
correlation coefficients (CC) are calculated from these high-frequency coefficients (HL’,
LH’, HH’) and (HL*’, LH,”” HH*’) using 3 X 3 mask size. The average of all the CC is
evaluated and is decided as the threshold value. In the proposed work, the evaluated threshold

value is denoted as 7. The CC [24] is evaluated using the below Eq. 4.11:
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22,4 A)BwB) @.11)
[z -D) (L2 e -2))

where, A = mean2(A), and B = mean2(B). The m and n represents the source images.
mean2(A) = A (i,j) and mean2(B) = B) (i, )). A (i,j) and B} (i,j) are mean values of their
respective high frequencies subbands. 2D-DWT is applied upto I-level of decomposition over
the source images X and Y. (i,j) represents the pixel coordinates. The value of CC lies

2

between [-1 to 1] range, where ‘1’ specifies a strong positive relationship, ‘-1’ specifies a

strong negative relationship. A CC of ‘0’ specifies no relationship at all.

In the local correlation based fusion strategy of obtained high-frequency coefficients (HL’,
LH’, HH’) and (HL*’, LH,”” HH"’), a non-overlapping block-wise CC are calculated from
these high frequencies using 5 x 5 mask size using Eq. 4.11. Here, the acquired CC is
compared with the threshold value (7). If the CC value is less than or equal to the 7, then the
maximum operation is executed. In maximum operation, fusion is implemented by choosing
the largest values from both of the transformed images. Or else, the average operation is
applied, which calculates the average value using both of the transformed images to perform
fusion. Local correlation-based fusion strategy is given as follows:
max (4,B/) if (CC<T)

A = opn e (4.12)
avg(Al , B, ) otherwise

In the Eq. 4.12, the operations “max” and “avg” stand for maximum and average values,

respectively, and A}®Y for the fused coefficients (HL™", LH"", HH™").

Theoretically, when (CC < T), this means that the similarity rate between the detailed
despeckled components is less, so “max” operation is used to take the best despeckled
component between the two that helps to preserve the edges. When (CC > T), this means the
similarity rate between the detailed despeckled components is more and both the components
are almost equivalent, so it is better to average them. On the experimental note, the detailed
despeckled components are experimentally tested and fused using ‘max’ and ‘avg’ operations
and on the basis of experimental evaluation, it is observed this formulation i.e. Eq. 4.12

delivers the best result.
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Step 5: Apply inverse DWT using low-frequency coefficient (LL) and fused high-frequency
coefficients (HL"™", LH™", HH"™") to get the despeckled SAR image, D.

Step 6: Apply method noise thresholding.

Perform (S - D) operation. Now apply 2D-DWT on (S - D) up to n-level of decomposition
using step 2. The detailed part is filtered using Bayesian thresholding method. After
performing this step, the output image S’. Now perform addition operation i.e. (S’ + D). The
final step is to perform an exponential operation on (S’ + D). The output image is the

despeckled SAR image, S’.
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4.4.2 Flowchart of HMN-CF
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4.4.3 Summary of HMN-CF

The proposed despeckling technique i.e. HMN-CF is experimented on the simulated speckled
SAR image and real speckled SAR image. The quantitative despeckling results are shown
using with-reference indexes case. The quality of despeckled image is visually analyzed
based on certain parameters. These parameters are preservation of edges and corners,
preservation of smoothness in the homogeneous regions and preservation of fine details in
heterogeneous region. The designed despeckling method grounded on four major steps: the
decomposition level is automatically set using entropy metric, the detailed components are
thresholded using two different shrinkage rules that executes in parallel i.e. Bayesian and
Bivariate shrinkage rules, the two enhanced output detailed components are fused using local
correlation strategy and finally method noise thresholding is applied as the post-processing as

shown in Figure 4.3.

In HMN-AD and HMN-DSF, the decomposition is set at level 3 for optimal results and low
computational cost. The HMN-CF proposes an automatic setting of decomposition level
using entropy metric based on texture feature analysis. This is an information preserving
method applied for wavelet decomposition using entropy factor that checks the availability of

information left at each decomposition level in the form texture analysis.

After wavelet decomposition, the image is transformed into two components i.e. approximate
and detailed component. The detailed components consist of the vertical, horizontal and
diagonal part. The detailed part contains the fine details of the image like edges etc. The
Bayesian and Bivariate shrinkage rule are executed in parallel on the same detailed
component of the image. This operation provides two enhanced detailed components. These
two enhanced detailed components are fused using local correlation based strategy. This
fusion strategy is based on the correlation coefficient, selection of threshold value, max and

average operation.

The last step of this despeckling method is method noise thresholding that is implemented as
post-processing step of the despeckled image. Its use is explained in the summary sub-section
of HMN-AD. The method noise thresholding is applied as the post-processing step that
results to a more enhanced and sharp despeckled image. The main advantage of method noise

is the preservation of fine detail like edges.

92



4.5 Conclusion

The chapter discusses the HMN-AD, HMN-DSF and HMN-CF in detail. Each section of the
proposed method comprises of three sub-sections i.e. algorithm, flowchart and summary of
the proposed method. The proposed methods are grounded on wavelet transform using
method noise thresholding. It implements global as well as local filtering. The concept of

method noise and fusion enhances the despeckling results.
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5.1 Background

This chapter discusses the experimental results of HMN-AD, HMN-DSF and HMN-CF with
their validation using hypothesis testing by paired T-test. The experimental results are
analyzed and discussed in detail. The proposed methods are experimented on real SAR data
and simulated speckled classical images. The performance of the HMN-AD, HMN-DSF and
HMN-CF is tested by assessing the visual quality of the despeckled image and by using
quantitative metrics like SNR, PSNR, ENL, CV, and SSIM etc. The performance of the
proposed methods is compared with some of the traditional and non-traditional methods. The
quantitative values are shown in tabular as well as in graphical form for easy understanding
of the results. The proposed methods are also compared on the basis of their computational
cost. In the final section, the proposed methods are compared among themselves on the basis

of visual quality, quantitative measure and computational cost.

5.2 Result and Analysis of HMN-AD: A New
Homomorphic SAR Image Despeckling using Method

Noise Thresholding and Anisotropic Diffusion

This section displays the experimental result with their performance aspect on simulated as
well as on real SAR images. Figure 5.1 shows speckled SAR image dataset at 6 = 20. The
proposed method i.e. HMN-AD is experimented at different noise variance levels i.e. (c € 4;
10; 20; 30; 40). The despeckled results of HMN-AD and other compared methods are shown

in Figure 5.2 - 5.9, that are experimented at ¢ = 20.

(@) (b)
Figure 5.1 Speckled SAR image data set o = 20.

The experimental testing is performed on the speckled SAR images of size 512x512. It helps
in comparing and verifying the performance of HMN-AD for qualitative and quantitative

evaluation on a specific system. All experiment results are evaluated in MATLAB version =

95



8.3, name = R2014a on Intel(R) Core(TM) 15-2410 M CPU @ 2.30 GHz, 4 GB RAM and 64-
bit operating system. The system configuration is necessary to note down as the execution
time of the HMN-AD will be compared to the other despeckling techniques on the same
system [51]. During the experiment, the window size is fixed at 3 % 3. The no. of iteration ‘I’
is not fixed. I is tested from (1 - 10) and despeckling results are displayed at best iteration

number.

In order to validate the HMN-AD, the experimental result are compared with the result of
well-known standard filters and techniques, such as log compression filtering method [80],
Frost filter [25], Kuan filter [81], Kuwahara filter [82], Lee filter [21], SRAD (Speckle
Reduction using Anisotropic Diffusion) [83], and HFLF (Homomorphic Filtering with Log
Function) [80]. The code of SRAD [83] is taken from Image Despeckle Filtering Toolbox of
[80] available on the MathWorks website [84]. Anisotropic total variation and diffusion
delivers best results in terms of high visual quality and edge preservation [21], [79]. The
required parameters are ‘I’, window size and lambda (time step). I is the common parameter
used in all the compared work, the window size is fixed at 3 x 3, used in [82] and lambda
[0.00 — 0.25] is used in [83]. All the parameters are changed and measured for values of best
results except for window size. The experimental results are shown at noise variance ¢ = 20

in Figure 5.2 - 5.9.
5.2.1 Performance Evaluation

In order to measure the performance of the any despeckling method in the case of with-
reference indexes, some of the commonly used metrics are, Root Mean Square Error
(RMSE), Signal to Noise Ratio (SNR), Peak Signal to Noise Ratio (PSNR), Energy Signal-
to-Noise Ratio (ESNR), Structural Similarity Index Measure (SSIM), Edge Correlation (EC)
index and Pratts Figure Of Merit (FOM) etc [36]. Among these performance measures,
PSNR, SSIM, RMSE and Universal Image Quality Index (UIQI) are used to assess the
quantitative performance of the HMN-AD.

5.2.2 Experimental Evaluation and Comparison

Figures 5.2 — 5.9 shows the despeckling result of log compression filtering, Fost filter, Kuan
filter, Kuwabhara filter, Lee filter, SRAD, HFLF and HMN-AD respectively. There are certain

measures for analysing the quality of despeckled SAR image through their visual appearance

96



such as, (i) presence of the artifacts (i) edge preservation (iii) visibility of low contrast
objects (iv) texture preservation (v) smoothness in the homogeneous regions and (vi)
preservation of fine details in the heterogeneous region, but there is no such mathematical

formula or specific process available to do so.

Figure 5.5 Results of Kuwahara filter.
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Figure 5.9 Results of HMN-AD

In terms of texture and edge preservation Kuan, Kuwahara and SRAD filter show the better
results, fine details are preserved properly and not over-smoothed over the homogeneous
areas. In the SAR4 image, the edges are well preserved by Kuan, Kuwahara and SRAD filter.
The log compression and HFLF does not show good despeckling results as edges get
distorted especially in the SAR1 image. The proper smoothing is not performed and the

presence of speckle content can be observed in the despeckled images of log compression and
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HFLF on zooming the image. The Frost filter performs better than lee filter, although the
results of both methods are satisfactory but still there is a blurriness which can be seen in

SAR1 and SAR2 image, but in rest two images, their results are better.

The Figure 5.2 — 5.9 shows the despeckling result in the simulated SAR image at ¢ = 20. The
Figure 5.26 shows the despeckling results on the real speckled SAR image. The speckle
distribution behavior in case of simulated SAR image is known but in real speckled SAR
images, it is unknown. Therefore it is a tricky task to despeckle the real speckled SAR image

as the speckle distribution is unknown.

On analyzing the despeckling results of HMN-AD in the SARI image, fine details and
texture are well preserved, details are not blurred and smoothness is maintained in the
homogeneous areas without the inclusion of any artifacts. In the SAR2 image, edges are well
preserved and the visual appearance of the SAR3 and SAR4 image is best among all methods
in respect of all parameters. The results of HMN-AD on SAR2 image shows that it can be
used in various applications like wave forecasting, marine climatology, regional ice
monitoring, and ship detection in the coastal regions, while the results of the SAR1, SAR3,
and SAR4 of earth’s land terrain area shows that it can also be used in field of agricultural

and tropical forest monitoring.

The performance metrics (PSNR, SSIM, UIQI, and RMSE) are evaluated at different noise
variances shown in Tables 5.1 — 5.4. The best results are shown in bold. On comparing Table
5.1 = 5.5, it is clear that the results of the HMN-AD are better than the standard despeckling
methods. Table 5.1 and 5.2, shows a comparative table of various despeckling methods
including a HMN-AD based on PSNR and UIQI respectively, while Table 5.3 and 5.4, based
on UIQI and RMSE respectively. The results of Kuan and Kuwahara filters show the good
performance results in terms of visual appearance of the image, but still, presence of artifacts

and slight disturbance in edges can be seen there.
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Table 5.1 PSNR of despeckled SAR images

PSNR

Image Noise Variance 4 10 20 30 40
SAR1 Log Compression 36.647 36.0538 34.9534 33.9844 33.1368
Frost 43.112 41.4352 39.0494 36.8906 34.9803
Kuan 42.4187 41.3284 38.6061 37.3362 37.1907
Kuwahara  40.4171 39.4169 37.7651 36.4102 35.2912
Lee 42.4187 41.1534 39.0061 37.3362 34.1907
SRAD 43.2369 40.9462 38.4532 37.9469 35.4101
HFLF 38.5577 37.9848 36.7265 35.6321 34.7107
HMN-AD 43.7758 41.601 39.9001 38.4579 36.6709
SAR2 Log Compression36.1302 34.8258 32.9989 31.665 30.5224
Frost 41.9545 38.2017 33.7232 31.5344 30.0437
Kuan 33.5174 33.4021 32.7725 32.1921 31.4272
Kuwahara 35.468 34.4955 32.9353 31.9244 30.8737
Lee 35.7995 35.5979 34.5047 33.667 32.6689
SRAD 40.4123 39.4624 35.0432 33.9467 32.1256
HFLF 34.6708 33.7066 32.3736 31.3879 30.517
HMN-AD 42.7729 40.7504 37.0465 34.9169 32.8688
SAR3 Log Compression32.1007 31.5781 30.3034 29.8619 29.2327
Frost 41.1252 36.4462 34.1957 32.0019 30.8811
Kuan 36.125 35.4573 33.8029 34.1759 31.0092
Kuwahara  33.9882 33.4617 32.0788 31.6396 30.9167
Lee 38.125 36.4763 34.1123 33.9769 30.1694
SRAD 29.0049 29.4843 32.2613 30.5044 30.2244
HFLF 34.7756 34.0279 32.4083 31.8244 30.9849
HMN-AD 39.2991 36.9472 34.3189 34.9939 31.1602
SAR4 Log Compression31.8743 31.8187 30.1481 29.2254 28.4631
Frost 36.8249 32.2271 31.1902 30.0011 29.0040
Kuan 32.6358 34.4218 31.5743 29.9742 28.9994
Kuwahara  32.9419 32.3182 31.2995 30.0035 29.0091
Lee 33.6358 33.1421 31.5743 29.3073 28.9461
SRAD 31.1452 31.0094 30.4683 28.4321 26.4414
HFLF 32.6814 31.1111 31.0843 30.0037 29.5014
HMN-AD 36.9001 33.3331 31.9939 30.0272 29.9536
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Table 5.2 SSIM of despeckled SAR images

SSIM

Image Noise Variance 4 10 20 30 40
Log Compression0.7186 0.7186 0.7106 0.7981 0.7589
Frost 0.9676 0.9472 0.9296 0.8761 0.8247
Kuan 0.9404 0.9414 0.9597 09117 0.9205
Kuwahara  0.9443 0.9282 0.9008 0.8756 0.8539
SARI Lee 0.9304 0.936 0.9297 0.9151 0.9005
SRAD 0.9642 0.9543 0.8962 0.9001 0.8911
HFLF 0.9470 0.9276 0.8914 0.8573 0.8277
HMN-AD 0.9725 0.9691 0.9358 0.9229 0.9209
Log Compression0.9215 0.9016 0.8456 0.8035 0.7752
Frost 0.9605 0.9202 0.8272 0.7562 0.7102
Kuan 0.9643 0.9270 0.9167 0.8901 0.8850
Kuwahara  0.9405 0.9070 0.8638 0.8334 0.8113

SAR2

Lee 0.9644 0.9371 0.9248 0.8946 0.8851
SRAD 0.9423 0.9231 0.9142 0.8991 0.8712
HFLF 0.9495 0.9021 0.8449 0.8016 0.7723
HMN-AD 0.9749 0.9489 0.9252 0.9001 0.8914
Log Compression0.8246 0.8274 0.7849 0.7512 0.7132
Frost 0.9797 0.9344 0.8804 0.8258 0.7769
Kuan 0.9260 0.9311 0.9150 0.8964 0.88064
Kuwahara  0.9110 0.8965 0.8702 0.8498 0.8328
SAR3 Lee 0.9460 0.9211 0.9149 0.8925 0.8164
SRAD 0.8848 0.9263 0.9846 0.8964 0.8764
HFLF 0.9245 0.9009 0.8639 0.8325 0.8059
HMN-AD 0.9808 0.9377 0.9211 0.9085 0.8957
Log Compression0.7946 0.7640 0.7177 0.6787 0.6522
Frost 0.8912 0.8783 0.8424 0.7692 0.7244
Kuan 0.9002 0.9237 0.8295 0.7692 0.8504
Kuwahara  0.8877 0.8713 0.8428 0.8147 0.8022
SARA Lee 0.9254 0.8759 0.8659 0.8564 0.8491
SRAD 0.8843 0.8613 0.8015 0.7751 0.7561
HFLF 0.8833 0.8592 0.8174 0.7837 0.7599
HMN-AD 0.9040 0.9244 0.8758 0.8655 0.8529
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Table 5.3 UIQI of despeckled SAR images.

UIQI

Image Noise Variance 4 10 20 30 40
Log Compression0.7349 0.7009 0.6763 0.6505 0.6268
Frost 0.9001 0.8743 0.8631 0.8319 0.7804
Kuan 0.9051 0.886 0.8315 0.9151 0.8701
Kuwahara  0.8620 0.8568 0.8419 0.8258 0.8133
SARI Lee 0.8916 0.8863 0.8531 0.8452 0.8562
SRAD 0.9004 0.8464 0.8345 0.8311 0.8312
HFLF 0.8296 0.8168 0.7921 0.7676 0.7492
HMN-AD 0.9060 0.8952 0.8761 0.8656 0.8758
Log Compression0.8185 0.8447 0.8033 0.7704 0.7539
Frost 0.8715 0.8264 0.8001 0.7328 0.7006
Kuan 0.8115 0.9243 0.8003 0.8124 0.8148
Kuwahara  0.8615 0.8447 0.8204 0.8008 0.7902
SAR2 Lee 0.8156 0.8248 0.8248 0.8348 0.8153
SRAD 0.8123 0.8001 0.8002 0.8124 0.8227
HFLF 0.8401 0.8036 0.7690 0.7411 0.7276
HMN-AD 0.8773 0.8458 0.8384 0.8399 0.8228
Log Compression0.8021 0.7805 0.7524 0.7295 0.7132
Frost 0.9074 0.8946 0.8838 0.8376 0.7962
Kuan 0.8962 0.8896 0.8846 0.8766 0.8562
SAR3 Kuwahara  0.8856 0.8776 0.8617 0.8480 0.8372
Lee 0.8664 0.8567 0.8434 0.8764 0.8264
SRAD 0.8846 0.9061 0.8912 0.8641 0.8162
HFLF 0.8919 0.8723 0.8467 0.8227 0.8055
HMN-AD 0.9079 0.9016 0.8921 0.8804 0.8737
Log Compression0.7412 0.7193 0.6882 0.6611 0.6502
Frost 0.8611 0.8179 0.8516 0.7893 0.7544
Kuan 0.8512 0.8934 0.9320 0.7896 0.7942
Kuwahara  0.8562 0.8145 0.8439 0.8261 0.8156

SAR4

Lee 0.8612 0.8611 0.8421 0.8166 0.7944
SRAD 0.8441 0.8292 0.8041 0.7760 0.7599
HFLF 0.8572 0.8390 0.8075 0.7833 0.7667
HMN-AD 0.8681 0.8648 0.8521 0.8457 0.8375
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Table 5.4 RMSE of despeckled SAR images.

RMSE
Image Noise Variance 4 10 20 30 40
Log Compression5.2637  5.6803  6.4474  7.2083  7.9472
Frost 1.2712  1.8153 3.6273 5.1585 6.4275
Kuan 2.7083 2.8144 3.3632 3.8926 4.4414
Kuwahara 3.4102 3.8566 4.6645 5.4519 6.2015
SAR] Lee 2.7008 2.8144 3.3632 3.8926 4.4498
SRAD 0.9041 1.2352 1.3256 1.7432 2.4326
HFLF 4.2242  4.548 5.2569 5.9628  6.6301
HMN-AD 0.0072 0.0094 0.0127 0.0151 0.0164
SAR2 Log Compression5.6305 6.5428 8.0744 9.4146  10.7383
Frost 2.0386 4.4358 7.4284 9.5572 11.3467
Kuan 7.6065 7.7081  8.2877 8.8604  9.676
Kuwahara 6.0766  6.7964  8.1337 9.1377 10.3127
Lee 5.849 5.9868 6.7892 7.4766  8.3871
SRAD 0.8461 1.2034 2.1234 2.9846 3.1456
HFLF 6.6606 7.4426 8.6772 9.7198 10.745
HMN-AD 0.0072 0.0116 0.0157 0.0201  0.0227
SAR3 Log Compression8.954 9.5093 10.5374 11.5867 12.4573
Frost 2.5165 4.0846 6.7316 8.6661 10.3039
Kuan 4.4751 4.8327 5.5914 6.4037 7.1715
Kuwahara 7.2052  7.6554 8.5894 9.4422 10.2617
Lee 4.4751 4.8328 55945 6.4307 7.1715
SRAD 12.7882 12.1016 8.4109 10.7605 6.1712
HFLF 6.5805 7.1723  8.2697 9.2438  10.1815
HMN-AD 0.0153 0.0178 0.0215 0.0245  0.0277
SAR4 Log Compression9.1905  9.9473 11.2113 12.4678 13.3374
Frost 2.9229 49625 7.8985 10.194 11.8836
Kuan 4.2195 4.825 6.0026 10.195  7.7929
Kuwahara 8.1275 8.7326 9.8193 10.9531 11.9014
Lee 42195 4.8254 6.0026 6.9453  7.7929
SRAD 2.2951 3.1375 3.9467 4.6742 5.9919
HFLF 8.375 8.9423 10.0656 11.1012 12.0777
HMN-AD 0.0218 0.0241 0.0282 0.0315 0.0348
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On applying all the methods on the SAR1 image, it is observed that at noise variance level
40, Kuan filter shows the best results in terms of PSNR, while in rest of the noise variances,
HMN-AD shows the best results. On SAR2 image, HMN-AD shows the best results in terms
of PSNR and SSIM. On the SAR3 image, frost filter shows better results at low variance
level i.e. 4 in terms of PSNR. SRAD shows better results at variance level 20 in terms of
SSIM, while in rest cases in terms of PSNR and SSIM, HMN-AD shows the best results as
depicted in Table 5.1 and 5.2. In the SAR1 image, Kuan filter shows good result at noise
level 30 in terms of UIQI. In the SAR2 image, again Kuan filter shows good result at
variance level 10 in terms of UIQI. In the SAR3 image, SRAD method shows better result at
variance level 10 in terms of UIQIL In SAR4 image Kuan filter shows good result at noise
variance level 10 and 20 in terms of UIQI. On comparing Kuan and HMN-AD in terms of
UIQI, the HMN-AD is better in 80 percent of the cases while Kuan shows best results in
almost all the rest cases. The results of the HMN-AD are far better than other methods in
terms of RMSE. The RMSE value should be as low as possible and RMSE value of the
HMN-AD is evaluated very low than others, thus PSNR also shows better results. For easy
understanding and analysis, the PSNR value of the despeckled SAR images is graphically
analyzed in the Figure 5.10 — 5.13. The SSIM value of the despeckled SAR images is
graphically analyzed in the Figure 5.14 — 5.17. The UIQI value of the despeckled SAR
images is graphically analyzed in the Figure 5.18 — 5.21. The RMSE value of the despeckled
SAR images is graphically analyzed in the Figure 5.22 — 5.25.
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Figure 5.10 PSNR of despeckled SAR image 1
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Figure 5.11 PSNR of despeckled SAR image 2
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Figure 5.12 PSNR of despeckled SAR image 3
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Figure 5.14 SSIM values of despeckled SAR image 1
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Figure 5.15 SSIM values of despeckled SAR image 2
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Figure 5.16 SSIM values of despeckled SAR image 3
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Figure 5.17 SSIM values of despeckled SAR image 4
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Figure 5.18 UIQI values of despeckled SAR image 1
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Figure 5.19 UIQI values of despeckled SAR image 2
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Figure 5.20 UIQI values of despeckled SAR image 3
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Figure 5.21 UIQI values of despeckled SAR image 4
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Figure 5.22 RMSE values of despeckled SAR image 1
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Figure 5.24 RMSE values of despeckled SAR image 3
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Figure 5.25 RMSE values of despeckled SAR image 4

The performance percentage of HMN-AD is evaluated by analyzing the quantitative values at
different noise variance levels in Table 5.1 — 5.4. There are 20 cases each for every metrics.
There are 4 metrics used for performance evaluation. Therefore there are total 80 cases, over
which the HMN-AD is compared with other standard work. Out of 80 cases, the HMN-AD
shows better results in 70 cases. So, the performance percentage of the HMN-AD is 87.50 %.

Figure 5.26 Analysis on real speckled SAR image: (a) real speckled SAR image; (b)

result of Log compression; (c) result of Frost; (d) result of Kuan; (e) result of
Kuwahara; (f) result of Lee; (g) result of SRAD; (h) result of HFLF; and (i) result of
HMN-AD.
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Figure 5.26 shows the comparative result of HMN-AD with other standard works on real
speckled SAR image. The visual quality of despeckled image of HMN-AD is better than
other methods in terms of edge and texture preservation and smoothness in homogeneous
areas. For critically analyzing the HMN-AD, Figure 5.27 shows the intensity profile of line
on the SARI image. Figure 5.27 critically analyses and compares the HMN-AD with the
standard despeckling methods. The accurate overlapping of two waves shows that HMN-AD
delivers the best result. The method is further analyzed by plotting the histogram of the full
reference image and despeckled image on the same plot in Figure 5.28. Again overlapping of
two histograms is shown at different noise variances to check the impact of the HMN-AD. It
can be observed that even at noise variance = 40, the HMN-AD shows descent despeckling

result.
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Figure 5.27 Intensity profile of a line on the SAR1 image. In each plot, the noise-free
intensity profile is plotted in red and despeckled profile is plotted in blue.
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variance level on the SAR2 image using the proposed method. In each plot, reference

image is plotted in red and despeckled image is plotted in blue.
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5.2.3 Execution Time Comparison

Apart from evaluating a despeckled image based on visual appearance and quantitative
metrics, the computational time is also one important factor for performance evaluation. The
computational time of the HMN-AD is shown in comparative Table 5.5 and graphically
analyzed in Figure 5.29. It can be observed from the Table 5.5 that the HMN-AD takes
comparatively less computational time than Frost, Kuan, Kuwahara, lee, and SRAD but
slightly more time than Log compression and HFLF. Although the computational time is
slightly more than Log compression and HFLF, still HMN-AD displays better results than
these two. So, more execution time than Log compression and HFLF doesn’t underrate the
proposed method. The computational time of the algorithm depends upon the number of
iteration involved in the execution. So, it is better to check the algorithm at a maximum
number of iterations and then later resolve the issue by fixing the values of inner parameters
to perform the proposed method iteratively. The results may be get changed by changing the
inner parameter values of the proposed method.

Table 5.5 Execution time of different despeckling techniques

Despeckling Log
Frost Kuan | Kuwahara Lee SRAD | HFLF | HMN-AD
Methods compression

Time
) 2.0034 17.5055 | 24.6968 | 25.0012 | 36.6120 | 4.1567 | 1.7898 | 3.2136
(in seconds)
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Figure 5.29 Execution time of different despeckling techniques (in seconds).
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5.2.4 Validation of HMN-AD: Hypothesis Testing using Paired T-

Test.

The proposed method i.e. HMN-AD is validated using paired T-test based on the defined
hypothesis testing. The hypothesis testing can be performed by three different tests: Chi test,
T-test, and Z-test. The HMN-AD is validated using T-test over 60 numbers of samples. The
HMN-AD is experimented using different metrics like PSNR, SSIM, UIQI, and RMSE at
different noise variances over four different SAR images. Based on the experimented results
over the different SAR images as shown in Table 5.6 of dataset 1, the experimented sample
data is collected and tested using hypothesis testing based on paired T-test.

There is total of 60 numbers of experimented sample data collected using the PSNR, SSIM,
and UIQI at different noise variances (c = 4, 10, 20, 30, 40). This data is collected by
performing the experiment over four different SAR images. The RMSE values are not
included in the results as MSE is the part of the PSNR. The related sample data is the
quantitative values of the SAR image before and after despeckling. The level of significance
is set to 5.

The following null and alternate hypothesis needs to be tested: The H, denotes the null
hypothesis and H, denotes the alternate hypothesis.

H,: up = 0 (There is no difference between SAR image before and after despeckling in terms
of quality, i.e. “No despeckling”)

H,: up # 0 (There is a difference between SAR image before and after despeckling in terms

of quality, i.e. “Good despeckling”)

Table 5.6 Dataset 1
No. of Values before Values after Difference
Samples | Despeckling (X;) | Despeckling(Y;) (Di=X; -Yj)
1. 25.1588 43.7758 -18.617
2. 22.1475 41.6010 -19.4535
3. 19.1526 39.9001 -20.7475
4. 17.3726 38.4579 -21.0853
5. 16.2027 36.6709 -20.4682
6. 16.5492 42.7729 -26.2237
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7. 14.5746 40.7504 -26.1758
8. 12.1826 37.0465 -24.8639
9. 11.6207 34.9169 -23.2962
10. 11.5692 32.8688 -21.2996
11. 22.3314 39.2991 -16.9677
12. 14.4002 36.9472 -22.547
13. 15.4900 34.3189 -18.8289
14. 13.8670 34.9939 -21.1269
15. 12.7947 31.1602 -18.3655
16. 20.2091 36.9001 -16.691
17. 17.3042 33.3331 -16.0289
18. 14.4775 31.9939 -17.5164
19. 12.8544 30.1272 -17.2728
20. 11.7723 29.9536 -18.1813
21. 0.6281 0.9725 -0.3444
22. 0.4682 0.9691 -0.5009
23. 0.3144 0.9358 -0.6214
24. 0.2380 0.9229 -0.6849
25. 0.1950 0.9209 -0.7259
26. 0.3292 0.9749 -0.6457
27. 0.1875 0.9489 -0.7614
28. 0.1149 0.9252 -0.8103
29. 0.0863 0.9001 -0.8138
30. 0.0696 0.8914 -0.8218
31. 0.7058 0.9808 -0.275
32. 0.5311 0.9377 -0.4066
33. 0.3925 0.9211 -0.5286
34. 0.3112 0.9085 -0.5973
35. 0.2622 0.8957 -0.6335
36. 0.7895 0.9040 -0.1145
37. 0.6575 0.9244 -0.2669
38. 0.4959 0.8758 -0.3799
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30, 0.3992 0.8655 20,4663
40. 0.3364 0.8529 205165
A1, 0.6409 0.9060 20.2651
0. 0.4305 0.8952 20,4647
5. 0.2834 08761 20,5927
44, 02118 0.8656 20,6538
45, 0.1715 0.8758 20.7043
46, 02134 08773 20.6639
47 0.1270 0.8458 20.7188
43, 0.0812 0.8384 207572
49. 0.0616 0.8399 20.7783
50. 0.0511 0.8228 207717
51, 0.6879 0.9079 2022
52, 0.5550 0.9016 20,3466
53, 0.4195 0.8921 204726
54, 03373 0.8804 20.5431
55, 0.2862 0.8737 20.5875
56, 0.7569 0.8631 01112
57, 0.6724 0.8648 20.1924
53, 0.5104 08521 203417
59, 04109 0.8457 20,4348
60. 0.3464 0.8375 20,4911

n =60 z D, = 426.7842

As calculated from the above sample data, the corresponding sample means are X,=5.6130
and ¥,;=12.7260 and the calculated sample standard deviation are s;=7.8090 and s,=17.0360.
The mean of difference (D) and standard deviation of difference (gy;f) are calculated using

below two equation respectively.
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Depending on the information available, the significance level is o = 0.05, and the degree of
freedom (df)=n—-1=159.

Hence, it is found that the critical value for this two-tailed test is

te=2.001, for a = 0.05 and df = 59.

The rejection region for this two-tailed testis R = {t:|t|>2.001}.

The t-statistic is calculated as shown in the following formulation:

Since it is observed that | t | = 5.765 > t. =2.001. It is concluded that the null hypothesis H,
is rejected. Therefore, there is enough evidence to claim that the difference of quantitative
values before and after despeckling is considered to be extremely statistically significant, at

the 0.05 significance level.

5.3 Result and Analysis of HMN-DSF: A New
Homomorphic SAR Image Despeckling using Directional

Smoothing Filter and Method Noise Thresholding

The proposed method i.e. HMN-DSF is experimented on simulated as well as real speckled
SAR image. In simulated SAR image experiment, the speckle generation is performed
through multiplicative speckle noise model. Here the speckle noise is uniformly distributed in
the SAR image. The noise distribution in the real speckled SAR images is unknown. The
concept despeckling of simulated speckled SAR images was discussed in [68], [69]. The
purpose of showing result in the simulated SAR images is to test the effectiveness, validity
and adaptive feature of the HMN-DSF in different situations at different noise variances. The
reference SAR image at noise variance (o) = 20 is shown in Figure 5.30 and real speckled
SAR image is shown in Figure 5.35(a). The HMN-DSF is experimented at various noise
variance levels i.e. (c = 5; 10; 20; 30; 40). The Figure 5.31 shows the comparative

experimental results of HMN-DSF at noise variance level, ¢ = 20.
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Figure 5.30 Reference speckled SAR image (¢ = 20)

The experiment is performed on speckled SAR image at size 512 X 512 to validate the
efficiency of the HMN-DSF for the quantitative and qualitative evaluation. It also helps in
advancing the computational complexity of the HMN-DSF. The standard filters and
techniques used for comparison are Frost filter, homomorphic Frost filter, Kuan filter,
homomorphic Kuan filter, Refined-Lee filter, homomorphic Refined-Lee filter, Kuwahara
filter, Median filter, SRAD, soft thresholding, hard thresholding, universal thresholding, visu
thresholding, Bayesian thresholding, Bivariate Cauchy based MAP (BCMAP) [32],
Multivariate Cauchy MAP (MCMAP) [31], ATV [72], H-BM3D [73], H-PPB [73], coarse
filtering [74], DSF, NLM filter and refined filtering [74]. The window size used in DSF is

fixed at [3%3] in a non-overlapping fashion.

5.3.1 Performance Evaluation

The HMN-DSF despeckle the SAR image in both the cases: with and without reference
indexes. In order to overcome the restrictions of the visual evaluation, numerous other
objective performance measures have been suggested in the literature for the quality
assessment of the despeckling filters [66], [36]. They are mainly divided into two classes:
with and without reference indexes [36]. In the first case (with-reference indexes) it is
believed that the actual reflectivity (information) or ground truth is known and the
performance of the despeckled image is evaluated by comparing it with the reference image.
In the second case (without-reference indexes), the whole knowledge of true reflectivity
(ground truth) is not known. The performance metrics used in the case of without-reference
indexes are based on the statistical model of multiplicative SAR noise model and the degree
of heterogeneity of the underlying scene. The performance metrics used in the first case are

PSNR, SSIM and UIQI, while in the second case, the metrics used are Equivalent Numbers
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of Looks (ENL), Noise Variance (NV), Coefficient of Variation (CV) and Mean-squared
Error (MSE).

5.3.2 Experimental Evaluation and Comparison

Case 1: With-Reference Indexes

Figures 5.31(a-x), shows the comparative despeckling result of Frost filter, homomorphic
Frost filter, Kuan filter, homomorphic Kuan filter, Refined-Lee filter, homomorphic Refined-
Lee filter, Kuwahara filter, Median filter, SRAD, soft thresholding, hard thresholding,
universal thresholding, Visu thresholding, Bayesian thresholding, BCMAP, MCMAP, ATV
[72], H-BM3D [73], H-PPB [73], coarse filtering [74], refined filtering [74], DSF, NLM filter
and HMN-DSF respectively. There are some specific parameters for analyzing the quality of
despeckled SAR image through their visual appearances such as (i) presence of the artifacts;
(i1) edge preservation; (iii) visibility of low contrast objects (iv) texture preservation and (v)
preservation of smoothness in homogeneous and non-homogeneous regions. The
performance metrics like PSNR, SSIM and UIQI are evaluated at different noise variances
shown in Table 5.7, 5.8 and 5.9 for simulated SAR images. The best quantitative values are
specified in bold in Table 5.7, 5.8 and 5.9. Table 5.7, 5.8 and 5.9, shows the validation and
effectiveness of HMN-DSF among best despeckling techniques. BCMAP, MCMAP, ATV,
H-BM3D, H-PPB, coarse filtering and refined filtering that are advanced works in the field of
SAR image despeckling and on comparing the HMN-DSF with these work, it shows better
results in terms of overall texture preservation. The PSNR value of the despeckled SAR
images is graphically analyzed in the Figure 5.32. The SSIM value of the despeckled SAR
images is graphically analyzed in the Figure 5.33.
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Figure 5.31 Results of despeckling algorithm on simulated SAR Image (a) result of
Frost filter (b) result of homomorphic Frost filter (¢) result of Kuan filter (d) result of
homomorphic Kuan filter (e) result of Refined-Lee filter (f) result of homomorphic
Refined-Lee filter (g) result of Kuwahara filter (h) result of Median filter (i) result of
SRAD (j) result of Soft thresholding (k) result of Hard thresholding (1) result of
Universal thresholding (m) result of Visu thresholding (n) result of Bayesian
thresholding (o) result of BCMAP (p) result of MCMAP (q) result of ATV (r) result of
H-BM3D (s) result of H-PPB (t) result of Coarse filtering (u) result of Refined filtering
(V) result of DSF (w) result of NLM filter (x) result of HMN-DSF

Out of all compared methods, BCMAP, MCMAP, ATV, H-BM3D, H-PPB, coarse filtering
and refined filtering are close to HMN-DSF. The Bayesian thresholding, soft thresholding,
and SRAD also show decent performance in terms of quantitative analysis. ATV and refined
filtering preserve the edges better. In terms of PSNR, at lesser speckled images, the refined
filtering shows the better results in terms no artifact generation and texture preservation
mainly at 6 = 5 and 10. Coarse filtering and H-PPB shows better results and preserves the
texture and generate no artifacts at 6 = 30. In the case of average and highly speckled images,
HMN-DSF shows the best result and maintains the smoothness and generates no artifacts.
The edges are well preserved by the HMN-DSF that can be visually analyzed in Figure
5.31(x). In terms of SSIM, HMN-DSF shows the better result in lesser speckled and average
speckled SAR images specifically at 6 =5, 20 and 30. The low contrast objects can be easily
identified in the despeckling results of the HMN-DSF; fine details are well preserved that
validates the effectiveness of HMN-DSF. At ¢ =10 and 40, ATV and refined filtering show
the better performance respectively. The quantitative and qualitative results of these two

methods are close to the HMN-DSF. The preservation of the low contrast objects and object
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structure preservation is also seen in the results of ATV and refined filtering. The DSF and
NLM filter also shows the decent result in terms of speckle reduction and smoothness in the
homogeneous region.

In terms of UIQI, the HMN-DSF depicts the best correlation between despeckled and
reference SAR image. At ¢ = 10, 30 and 40, the HMN-DSF outperforms all the other
compared methods, even at other noise variances the results are fairly good. Refined filtering
at lesser noise 6 =5, shows the better despeckling result and H-PPB at ¢ = 20, shows the
better result. The DSF and NLM also give competitive results in terms of UIQI. The structure
preservation at the high contrast areas is high. The UIQI value of the despeckled SAR images
is graphically analyzed in the Figure 5.34.

On comparing the HMN-DSF with other 23 conventional and non-conventional despeckling
methods, the visual appearance of BCMAP, MCMAP, ATV, H-BM3D, H-PPB, coarse
filtering and refined filtering are close to the HMN-DSF. But on zooming the image and
analyzing the fine details, it is observed that the despeckling results of HMN-DSF are best
among all other compared methods. The smoothness over the uniform and non-uniform areas
in the image is well preserved. The object structure and edges are preserved in the resultant

despeckled images of HMN-DSF.
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Table 5.7 PSNR of despeckled SAR images

PSNR
Image Noise Variance 5 10 20 30 40
Frost 41.7888 | 39.3939 | 38.5937 | 32.5930 | 30.2976
Homomorphic
42.0275 | 40.2180 | 39.6021 | 34.2973 | 31.2846
Frost
Kuan 40.9711 | 37.8980 | 35.0001 | 33.9137 | 32.9697
Homomorphic
41.9948 | 39.3363 | 39.6590 | 34.2500 | 31.2307
Kuan
Refined-Lee [24] 41.8732 | 40.1240 | 39.2569 | 38.8891 | 34.8952
Homomorphic
41.9593 | 40.0071 | 38.4587 | 37.0725 | 34.0097
Refined-Lee
Kuwahara 41.7584 | 38.3298 | 36.2381 | 35.6002 | 33.2657
Median 40.7524 | 37.2035 | 35.6350 | 33.56987 | 32.3263
SRAD 43.9562 | 42.2837 | 38.5671 | 36.5687 | 34.1259
DWT with Soft
42.5338 | 41.2973 | 40.1121 | 37.9189 | 34.9299
Speckled Thresholding [75]
SAR DWT with Hard
Image Thresholding 40.0021 | 38.2819 | 38.1120 | 36.2917 | 33.2657
Figure [75]
5.30. Universal Threshold
41.9351 | 40.5639 | 38.5637 | 37.2614 | 30.2973
[c =20] [76]
Visu Threshold [77] | 42.9482 | 40.2910 | 39.2310 | 37.2858 | 32.2310
DWT with Bayesian
43.0115 | 42.2927 | 39.6308 | 37.2350 | 35.0023
Threshold
BCMAP [32] 43.2897 | 42.1121 | 39.8029 | 37.9580 | 34.2698
MCMAP [31] 44.3290 | 42.3197 | 39.9898 | 39.2581 | 34.8896
ATV [72] 45.4259 | 42.3333 | 40.3891 | 38.5690 | 34.5297
H-BM3D [73] 44.1898 | 42.2158 | 40.5894 | 38.1555 | 34.2361
H-PPB [73] 44.2954 | 42.1567 | 40.3258 | 40.2582 | 34.9597
Coarse filtering [74] | 44.3791 | 42.1012 | 40.7939 | 40.3230 | 34.1595
Refined filtering [74] | 44.5734 | 43.6427 | 40.3281 | 39.2589 | 34.3267
DSF [66] 42.2358 | 42,1258 | 42.0279 | 41.8598 | 34.2879
NLM filter [76] 43.2679 | 41.2589 | 39.5105 | 39.0005 | 34.1289
HMN-DSF 44.5715 | 42.3764 | 40.9403 | 40.0023 | 35.0193
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Table 5.8 SSIM of despeckled SAR images

SSIM
Image Noise Variance 5 10 20 30 40
Frost 0.8481 | 0.8085 | 0.7714 | 0.7011 0.6859
Homomorphic
0.8601 | 0.8200 | 0.7982 | 0.7819 0.7008
Frost
Kuan 0.8330 | 0.7989 | 0.7989 | 0.7012 0.6592
Homomorphic
0.8491 | 0.8123 | 0.8025 | 0.7706 0.7149
Kuan
Refined-Lee [24] 0.8783 | 0.8681 | 0.8302 | 0.8059 0.7994
Homomorphic
0.8421 | 0.8158 | 0.8005 | 0.7901 0.7795
Refined-Lee
Kuwahara 0.8671 | 0.8437 | 0.8025 | 0.7878 0.7253
Median 0.8520 | 0.8312 | 0.8147 | 0.7898 0.6197
SRAD 0.9562 | 0.9359 | 0.8989 | 0.9001 0.8107
DWT with Soft
Speckled ) 0.9141 | 0.9108 | 0.8828 | 0.8858 0.8817
Thresholding [75]
SAR
DWT with Hard
Image ) 0.8230 | 0.7985 | 0.7710 | 0.7485 0.7194
Thresholding [75]
Figure
Universal Threshold
5.30. 76] 0.8761 | 0.8561 | 0.8181 | 0.7892 0.7529
[o=20]
Visu Threshold [77] | 0.9104 | 0.8952 | 0.8587 | 0.8320 0.8028
DWT with Bayesian
0.9382 | 0.9257 | 0.8981 | 0.8567 0.8753
Threshold
BCMAP [32] 0.9701 | 0.9411 | 0.9001 | 0.9194 0.9093
MCMAP [31] 0.9858 | 0.9251 | 0.9217 | 0.9027 0.9025
ATV [72] 0.9723 | 0.9510 | 0.9123 | 0.9090 09117
H-BM3D [73] 0.9849 | 0.9368 | 0.9258 | 0.9164 0.9057
H-PPB [73] 0.9528 | 0.9267 | 0.9158 | 0.9151 0.9005
Coarse filtering [74] | 0.9552 | 0.9441 | 09112 | 0.9012 0.9087
Refined filtering [74] | 0.9689 | 0.9399 | 0.9078 | 0.9111 0.9257
DSF [66] 0.9457 | 0.9258 | 0.8965 | 0.8874 0.8659
NLM filter [76] 0.9359 | 0.9021 | 0.8859 | 0.8879 0.8698
HMN-DSF 0.9958 | 0.9487 | 0.9261 | 0.9220 09119
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Figure 5.32 Performance evaluation using PSNR
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Figure 5.33 Performance evaluation using SSIM
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Table 5.9 UIQI of despeckled SAR images

UIQI
Image Noise Variance 5 10 20 30 40
Frost 0.7174 | 0.7199 | 0.6901 | 0.6644 | 0.6987
Homomorphic
0.6919 | 0.7213 | 0.7004 | 0.6859 | 0.6589
Frost
Kuan 0.7250 | 0.7249 | 0.7211 | 0.6859 | 0.7147
Homomorphic
0.7191 | 0.7093 | 0.6991 | 0.6591 | 0.6684
Kuan
Refined-Lee [24] 0.8717 | 0.8359 | 0.8019 | 0.7812 | 0.7089
Homomorphic
0.8821 | 0.8431 | 0.8232 | 0.8081 | 0.7948
Refined-Lee
Kuwahara 0.8191 | 0.8016 | 0.7757 | 0.7161 | 0.6874
Median 0.7813 | 0.7691 | 0.7522 | 0.7491 | 0.7149
SRAD 0.7952 | 0.7901 | 0.7599 | 0.8603 | 0.8127
DWT with Soft
' 0.8492 | 0.8693 | 0.8362 | 0.8123 | 0.7548
Thresholding [75]
Speckled SAR Image .
DWT with Hard
Figure 4(b). _ 0.7730 | 0.7959 | 0.7569 | 0.7341 | 0.6984
Thresholding [75]
=20
: ) Universal Threshold [76] | 0.7952 | 0.8042 | 0.7951 | 0.7802 | 0.7328
Visu Threshold [77] 0.8111 | 0.8041 | 0.7962 | 0.7760 | 0.7713
DWT with Bayesian
0.8991 | 0.8662 | 0.8831 | 0.8204 | 0.7981
Threshold
BCMAP [32] 0.9102 | 0.8723 | 0.8565 | 0.8250 | 0.8020
MCMAP [31] 0.9139 | 0.8851 | 0.8599 | 0.8425 | 0.8101
ATV [72] 0.9217 | 0.9028 | 0.8758 | 0.8494 | 0.8058
H-BM3D [73] 0.9198 | 0.8987 | 0.8657 | 0.8359 | 0.8100
H-PPB [73] 0.9115 | 0.9014 | 0.8797 | 0.8258 | 0.7989
Coarse filtering [74] 0.9356 | 0.8965 | 0.8754 | 0.8420 | 0.8029
Refined filtering [74] | 0.9489 | 0.8999 | 0.8870 | 0.8367 | 0.8057
DSF [66] 0.9345 | 0.9019 | 0.8441 | 0.8001 | 0.7948
NLM filter [78] 0.9256 | 0.8875 | 0.8551 | 0.8350 | 0.8056
HMN-DSF 0.9438 | 0.9065 | 0.8872 | 0.8591 | 0.8134
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Figure 5.34 Performance evaluation using UIQI
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Case 2: Without-Reference Indexes

The quantitative despeckling results shown in Table 5.10 shows that the performance of
HMN-DSF on real speckled SAR images. It performs better than most of the compared
traditional and non-traditional methods. The CV metric investigates the introduction of the
artifacts and poor preservation of the details. The CV of HMN-DSF is 33.0083 and of
reference real speckled SAR image is 32.6373. There is no big difference between them;
hence there is no poor preservation of details but a bit introduction of the artifacts that is
almost negligible. The CV of BCMAP, MCMAP, ATV, H-BM3D, H-PPB, coarse filtering
and refined filtering are 33.9510, 34.2325, 34.1919, 34.4837, 34.9180, 34.3672 and 34.7653
respectively. These values clearly indicate the small difference between them and CV of
reference SAR image, which shows their effective results too. But on the ground of visual
appearance, the HMN-DSF shows the better despeckling results. Refined-Lee, SRAD, and
Bayesian thresholding also show descent quantitative CV result. On evaluating NV, it is
calculated that the non-traditional methods work far better than the standard filters which can
be visualized by looking at the smoothness in the homogeneous and non-homogeneous areas
of the image. The NV of real speckled SAR image is 7.2567 and that of despeckled SAR
image of the proposed method is 0.3915, which represents an excellent noise reduction. Only
refined filtering shows better NV than HMN-DSF i.e. 0.3838. The NV of BCMAP, MCMAP,
ATV, H-BM3D, H-PPB and coarse filtering are 0.9025, 0.5632, 0.4561, 0.4125, 0.4672 and

0.4009 respectively and are decent results too.

(@ (b) (©)
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)
Figure 5.35 Results of despeckling algorithm (a) Real speckled SAR image (b) result of

Frost filter (c) result of homomorphic Frost filter (d) result of Kuan filter (e) result of
homomorphic Kuan filter; (f) result of Refined-Lee filter (g) result of homomorphic
Refined-Lee filter (h) result of Kuwahara filter (i) result of Median filter (j) result of

SRAD (k) result of Soft thresholding (1) result of Hard thresholding (m) result of
Universal thresholding (n) result of Visu thresholding (o) result of Bayesian
thresholding (p) result of BCMAP (q) result of MCMAP (r) result of ATV (s) result of

H-BM3D (t) result of H-PPB (u) result of Coarse filtering (v) result of Refined filtering

(w) result of DSF (x) result of NLM filter (y) result of HMN-DSF.

In terms of ENL values, it is observed that HMN-DSF shows comparative better results that
can also be visually analyzed in Figure 5.35 as the smoothness in homogeneous areas is
somewhat proportional to the speckle reduction in the image. High ENL value (2.5657) of
HMN-DSF depicts descent smoothness in the homogeneous areas. Since the SAR image has
both homogeneous and non-homogeneous regions, so the ENL is evaluated using block

processing in a non-overlapping fashion. The despeckled SAR image is divided into multiple
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blocks of 25 x 25. ENL is evaluated for each and every block using Eq. 3.38 and then
average of all ENL’s is calculated. Other methods like Frost, homomorphic Frost,
homomorphic Kuan, Refined-Lee, homomorphic Refined-Lee, Kuwahara, median, SRAD,
soft thresholding, universal thresholding, Visu and Bayesian thresholding, BCMAP,
MCMAP, ATV, H-BM3D, H-PPB, coarse filtering and refined filtering evaluates ENL

ranging from {2-3} which shows nice quantitative values.

MSE is one performance evaluation metric used in both the cases with and without reference
image. Here MSE is used in the case of without reference indexes. It evaluates the average
difference between real speckled SAR image and despeckled SAR image. Here in this case,
the high MSE values correspond to high image quality. In the case 1: with-reference indexes,
low MSE values correspond to high image quality. The MSE is inversely proportional to the
PSNR. On analyzing the Table 5.10, MSE of the HMN-DSF is 991.1201. There are three
other methods that show high MSE values i.e. refined filtering (997.9037), MCMAP
(1001.0281) and Kuwahara (1079.3087). All other methods having low MSE value depicts
the minimum speckle reduction. While comparing on the basis of MSE, it is very necessary
to take special care of edges, texture, and structure of the objects. The despeckling results of
NLM show better results in the terms of visual appearance. Also, the speckle reduction and
smoothness are also well preserved in the despeckled images. The despeckling results of DSF
are also satisfactory. In the case of MSE, the Kuwahara filter shows the highest MSE
depicting the best result, but when looking at the visual results and other performance
measure’s value it is observed that the HMN-DSF is better than the Kuwahara filter. Figure
5.40 (c) and 5.40 (d) shows the intensity profile of the specified line on SAR image 1 and 2
shown in 5.40 (a) and 5.40 (b) before and after despeckling respectively. The overlapping of
the plot in 5.40 (c) denotes the better results of HMN-DSF. The NV value of the despeckled
SAR images is graphically analyzed in the Figure 5.36. The MSE value of the despeckled
SAR images is graphically analyzed in the Figure 5.37. The ENL value of the despeckled
SAR images is graphically analyzed in the Figure 5.38. The CV value of the despeckled SAR
images is graphically analyzed in the Figure 5.39.
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Table 5.10 Performance assessment parameters vs. filtering methods

Filtering Performance assessment parameters
S. No. methods NV MSE ENL Cv
Real speckled SAR image | 7.2567 - 1.8055 | 32.6373
b. Frost 6.3378 | 841.8739 | 2.3461 | 34.9981
Homomorphic
c. 6.2341 | 825.8911 | 2.3981 | 34.5671
Frost
d. Kuan 6.0981 | 913.8233 | 1.9091 | 36.2341
Homomorphic
e. 5.9912 | 908.2391 | 2.3323 | 36.1101
Kuan
f. Refined-Lee [24] 5.0002 | 689.0156 | 2.5058 | 31.9958
Homomorphic
g. 4.9851 | 701.1219 | 2.5091 | 30.0017
Refined-Lee
h. Kuwahara 6.7743 | 1079.3087 | 2.4156 | 36.6391
1. Median 59123 | 625.601 | 2.1001 | 29.7629
J- SRAD 5.2134 | 795.2331 | 2.1089 | 33.4568
DWT with Soft
k. 3.1251 | 635.2523 | 2.2509 | 34.6291
Thresholding [75]
DWT with Hard
L. ) 4.9824 | 680.2001 | 1.9128 | 34.9981
Thresholding[75]
m. Universal Threshold [76] | 4.9671 | 699.8975 | 2.0191 | 35.7294
n. Visu Threshold [77] 4.997 | 681.1221 | 2.1741 | 35.7912
DWT with Bayesian
0. 3.8926 | 617.2301 | 2.1791 | 33.9891
Threshold
p- BCMAP [32] 0.9025 | 980.1683 | 2.4281 | 33.9510
q. MCMAP [31] 0.5632 | 1001.0281 | 2.5601 | 34.2325
I. ATV [72] 0.4561 | 984.0909 | 2.5229 | 34.1919
. H-BM3D [73] 0.4125 | 899.9462 | 2.5119 | 34.4837
t. H-PPB [73] 0.4672 | 958.9826 | 2.2361 | 34.9180
u. Coarse filtering [74] 0.4009 | 957.8947 | 2.4345 | 34.3672
V. Refined filtering [74] 0.4038 | 997.9037 | 2.5465 | 34.7653
w DSF [66] 0.4084 | 890.2846 | 2.4928 | 35.9696
X. NLM filter [78] 0.4001 | 925.6580 | 2.5028 | 34.0819
y. HMN-DSF 0.3915 | 991.1201 | 2.5657 | 33.0083
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Figure 5.36 Performance assessment using noise variance

139



B MSE -

1200

Figure 5.37 Performance assessment using MSE
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Figure 5.38 Performance assessment using ENL
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Figure 5.39 Performance assessment using CV
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Figure 5.40 Plotting the line profile of SAR image 1 and SAR image 2 with their

despeckled results using intensity profile
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Table 5.11 Preservation of mean values before and after despeckling of SAR images in

simulated SAR image (at 6 =5; 10; 20; 30; 40) and in real speckled SAR images

Result of simulated SAR image

Mean of . .
Mean of simulated SAR image before
reference . . . . Mean of
' despeckling at different noise variances (c)
SAR image despeckled
c Mean SAR image
59.9881 60.0658
10 59.9781 60.0205
20 59.9226 60.0794
SAR
60.0354 30 59.9124 60.0056
Image 1
40 59.9090 60.1015
Result of real speckled SAR image
Mean (after
Mean (before despeckling) )
despeckling)
SAR Image 2 132.1021 131.3164

Table 5.11 depicts the preservation of mean values in both the cases: simulated SAR images
at different noise variances and real speckled SAR image before and after despeckling. An
efficient image denoising method retains the mean value of the image after denoising. This
concept similarly applies to the SAR image despeckling. The Table 5.11 shows the
preservation of mean values before and after despeckling using HMN-DSF. The values in the
Table 5.11 shows well preservation of the mean values which validates accurate filtering as

the mean values before and after filtering are almost same in both the cases.

5.3.3 Experimental Results on Standard Digital Images

This sub-section experiment the HMN-DSF on the standard classical images shown in Figure
5.41 through speckle simulation process in order to check the effectiveness and strength of
despeckling method. It is done by experimenting the method on the ‘Lena’, ’Boat’ and
‘Baboon’ through speckle simulation process. These results are shown in Figure 5.43. The

despeckled results obtained by the HMN-DS are experimented at ¢ = 25 shown in Figure
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5.42. The histogram is plotted for the speckled and despeckled classical images in the Figure
5.44.

(@ (b) (©)

(@) (b) (©)

Figure 5.42 Speckled classical images at ¢ = 25

(@ (b) (©)

Figure 5.43 Despeckled classical images
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Figure 5.44 Comparison by plotting a histogram of speckled and despeckled classical
images using HMN-DSF at ¢ = 25 (a) Lena (b) Boat (¢) Baboon

5.3.4 Experimental Results over other Wavelet Families and

Transforms

The HMN-DSF specifically works on ‘db2’ wavelet family for best results, although the
HMN-DSF is tested on several wavelet families that are proven to be specifically valuable in
DWT. The tested wavelet families are 'haar', 'db’, 'sym', 'coif', 'bior', 'rbio', 'meyr' etc. The
comparative analysis of the HMN-DSF at these wavelet families demonstrates the
effectiveness of ’db2’ over other wavelet families. The zoomed despeckling results of HMN-
DSF with different wavelet families are shown in Figure 5.45. The experiment is performed
at noise variance (¢ = 20) and visually analyzed on the zoomed part. Table 5.12 shows the

performance of HMN-DSF using different wavelet families.
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(© ®
Figure 5.45 Result of HMN-DSF at different wavelet families (a) haar (b) sym4 (c) coif3

(d) bior4.4 (e) rbio2.6 (f) meyr (g) db2

(2

Table 5.12 Performance evaluation of HMN-DSF at various wavelet families

Wavelet family | haar sym4 coif3 | bior4.4 | rbio2.6 | Meyr db2
PSNR 37.2970 | 32.4689 | 33.2028 | 34.2597 | 35.2598 | 37.2323 | 40.9403
SSIM 0.8898 | 0.7585 | 0.7981 | 0.8101 | 0.8569 | 0.8968 | 0.9261

The DWT is one of the widely used and accepted transform in the real-time applications
among other wavelet transforms [97]. The two main reasons behind its wide use are its
simplicity and low computational time. The CoWT and SWT [98] are the advanced versions
of DWT, but they are complex and take much time in execution [99]-[103]. The HMN-DSF
proposes advancement in the methodology of DWT by merging the concept of method noise
thresholding in it. The HMN-DSF advances DWT by enhancing the filtering operation on the
approximate and detailed part of the image during DWT operation using method noise
thresholding. The comparative analysis of these three wavelet transform validates the
effectiveness of DWT over CoWT and SWT. The computational results are evaluated at

noise variance (¢ = 20).
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The despeckling results of HMN-DSF are compared with the standard despeckling
techniques using SWT and CoWT . The intelligent use of method noise using DWT has
enhanced the despeckling results. The computational cost, PSNR, and SSIM using DWT
show the better performance than the CoWT and SWT. The UIQI parameter using SWT
shows a better result than the DWT. Apart from visual results and quantitative result, there
are many other parameters due to which the DWT is preferred over SWT which is considered
as advanced transform than the DWT. The DWT holds the time and frequency information.
DWT shows the more flexibility than other transforms. The DWT breaks the data into four
components which makes the analysis of data easier. The DWT is less complex than SWT
and CoWT. The result interpretation of DWT results is easier than SWT and CoWT. The
implementation is also easier than SWT and CoWT. These are the few reasons which
motivate to use DWT over SWT and CoWT. Figure 5.46 and Table 5.13 shows the
effectiveness of DWT over SWT and CoWT in terms of visual appearance and objective

quantitative measures respectively.

(b)
Figure 5.46 Comparative analysis (a) CoWT using wavelet thresholding (b) SWT using
wavelet thresholding (¢) DWT using wavelet thresholding (HMN-DSF)

Table 5.13 Comparative analysis of different wavelet transforms

Execution time
Wavelet transform | PSNR | SSIM | UIQI .
(in seconds)

CoWT 38.5820 | 0.8856 | 0.9014 34
SWT 40.1102 | 0.9157 | 0.9299 42
DWT 40.9403 | 0.9261 | 0.9145 6
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5.3.5 Execution Time Comparison
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Figure 5.47 Computational time of different despeckling techniques (in seconds)

All the experimental results are evaluated on the system with MATLAB version=8.3,
name=R2014a on Intel(R) Core(TM) 15-2410M CPU @ 2.30 GHz, 4GB RAM and 64-bit
operating system. It is necessary to note down system configuration in order to match the
processing time of the HMN-DSF with other methods as shown in Figure 5.47. The execution
time of HMN-DSF is around 6-7 seconds. It is faster than most of the compared methods.
The Visu thresholding method shows better processing time but it lacks behind in
performance. Bayesian, universal, soft thresholding and SRAD also shows decent processing
time, out of which universal thresholding lacks in performance, rest three techniques shows
good result. The NLM is an effective filter but has high computational cost. It can be said
computationally that the HMN-DSF is the faster than others. The high visual quality of
despeckled images and low computational cost validates the high performance of the HMN-

DSF.

5.3.6 Validation of HMN-DSF: Hypothesis Testing using Paired

T-test.

The HMN-DSF is validated using T-test over 18 numbers of samples. The HMN-DSF is
experimented using different metrics like PSNR, SSIM, UIQI, NV, ENL and CV values at
different noise variances over two different SAR images i.e. simulated SAR image (PSNR,

SSIM, UIQI) and real speckled SAR image (NV, ENL, CV). Based on the experimented
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results over the different SAR images as shown in Table 5.14, the experimented sample data
is collected and tested using hypothesis testing based on paired T-test.

There is total of 18 numbers of experimented sample data collected using the PSNR, SSIM,
UIQI, NV, ENL, and CV at different noise variances (c = 5, 10, 20, 30, 40). This data is
collected by performing the experiment over two different SAR images, i.e. simulated SAR
image (PSNR, SSIM, UIQI) and real speckled SAR image (NV, ENL, CV). The related
sample data is the quantitative values of the SAR image before and after despeckling. The
level of significance is set to 5.

The following null and alternate hypothesis needs to be tested: The H, denotes the null
hypothesis and H, denotes the alternate hypothesis.

H,: up = 0 (There is no difference between SAR image before and after despeckling in terms
of quality, i.e. “No despeckling”)

H,: up # 0 (There is a difference between SAR image before and after despeckling in terms

of quality, i.e. “Good despeckling”)

Table 5.14 Dataset 2
No. of | Values before Values after Difference
Samples | Despeckling (X;) | Despeckling(Y;) (Di=X; -Yj)
1. 25.1588 44.5715 -19.4127
2. 22.1475 42.3764 -20.2289
3. 19.1526 40.9403 -21.7877
4. 17.3726 40.0023 -22.6297
5. 16.2027 35.0193 -18.8166
6. 0.6281 0.9958 -0.3677
7. 0.4682 0.9487 -0.4805
8. 0.3144 0.9261 -0.6117
0. 0.2380 0.9220 -0.684
10. 0.1950 0.9119 -0.7169
11. 0.6409 0.9438 -0.3029
12. 0.4305 0.9065 -0.476
13. 0.2834 0.8872 -0.6038
14. 0.2118 0.8591 -0.6473
15. 0.1715 0.8134 -0.6419
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16. 7.2567 0.3915 6.8652

17. 1.8055 2.5657 -0.7602

18. 32.6373 33.0083 -0.371
n=18 Z D; = 116.4047

As calculated from the above sample data, the corresponding sample means are X,=8.073 and

Y,=13.777 and the calculated sample standard deviation are s;=10.858 and s,=18.744. The

mean of difference (D) and standard deviation of difference (04irf) are calculated using

below two equation respectively.

_ D,
D= 2 L= —5.704
n
Y. D?—(D)?*n
adiff = L n— 1 = 9678

Depending on the information available, the significance level is a = 0.05, and the degree of

freedom (df)=n—-1=17.

Hence, it is found that the critical value for this two-tailed test is
te=2.11, for a = 0.05 and df = 17.

The rejection region for this two-tailed testis R = {t: |t |>2.11}.
The t-statistic is calculated as shown in the following formulation:

D —5.704

O ~ 9678
dlff/\/E /\/1_8

= —2.501

Since it is observed that | t | = 2.501 > t, =2.11, It is concluded that the null hypothesis H,

is rejected. Therefore, there is enough evidence to claim that the difference of quantitative

values before and after despeckling is considered to be extremely statistically significant, at

the 0.05 significance level.
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5.4 Result and Analysis of HMN-CF: A New
Homomorphic SAR Image Despeckling using Correlation

based Fusion and Method Noise Thresholding

This section discusses the experimental despeckling result of HMN-CF on simulated as well
as real speckled SAR images. The dataset of speckled SAR image at noise variance ¢ = 25 is
shown in the Figure 5.48. The despeckling results are tested at various noise variance level
i.e. (o = 5; 10; 20; 30; 40). The size of input speckled SAR image is fixed at 512 X 512 in
order to evaluate the performance of the HMN-CF for the quantitative and qualitative

assessment.

The proposed method i.e. HMN-CF is a multi-step procedure that contains various
changeable parameters that are user sensitive. The HMN-CF is grounded on db2 based 2D-
DWT and the level of decomposition is automatically set by using entropy metric based on
the texture analysis of image. Here the detailed component is filtered using two parallel
processing shrinkage rule i.e. Bivariate and modified Bayesian shrinkage rule. The Bivariate
and modified Bayesian shrinkage rule are applied in parallel on the detailed component of
speckled SAR image after DWT decomposition. The 3 x 3 mask is used for selecting the
threshold value during the fusion process and 5 x 5 mask is used for comparing the two
enhanced detailed components during the fusion process. The soft thresholding using

Bayesian shrinkage rule is applied in the method noise thresholding step.

(@ (b)
Figure 5.48 Speckled SAR images (¢ = 25)
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In order to validate the HMN-CF, the despeckling results of HMN-CF are compared with the
results of well-known despeckling techniques such as ATV [72], BayesWS-HAW [89],
Bivariate thresholding [90] and IDPAD [91]. In this section the results of HMN-CF are
shown on three different kinds of SAR images shown in the Figure 5.48 and 5.61.

5.4.1 Performance Evaluation Metrics

The experimental results of HMN-CF are performed on simulated as well as on real speckled
SAR image. In case of simulated SAR images, the performance of the HMN-CF is evaluated
using quantitative metrics like PSNR, SNR and SSIM. In case of real speckled SAR images,
the performance of HMN-CF is analyzed by visual appearance of the despeckled SAR image.

The HMN-CF is also compared on the basis of computational time.

5.4.2 Experimental Evaluation and Comparison

The comparative despeckling results of HMN-CF on simulated speckled SAR images at noise
variance, ¢ = 25 are shown in the Figure 5.49 — 5.53. There are certain parameters that
analyses the quality of despeckled SAR image. These parameters depend on the visual
appearance of the despeckled SAR image. These parameters are (i) occurrence of the
artifacts; (i) edge preservation; (iii) visibility of low contrast objects and (iv) texture and
structure preservation (v) smoothness in the homogeneous region and, (vi) preservation of
fine details in heterogeneous region. Since there is no such scientific principle available to do
so, therefore the analysis is done by analyzing the visual appearance of the despeckled SAR
image. The decomposition level of HMN-CF is decided by the entropy metric based on the
texture analysis. In HMN-CF, the decomposition level is different for different SAR images.

The Bivariate thresholding and IDPAD show decent despeckling results. The results of ATV
method appear over smooth and minor details are lost. The results of Bayesian (BayesWS-
HAW) also show some loss of information and the output images appear quite blurred. The
HMN-CF overcomes all the compared methods in terms of edge, texture preservation. In
terms of artifact generation in the despeckled results, it is seen that there is no occurrence of
artifacts in the HMN-CF. Blocky artifacts can be seen in the despeckling results of BayWS-
HAW. The ATV, Bivariate and IDPAD don't generate any artifacts. The structure of the
objects observed in the despeckled image of HMN-CF is well preserved. The SAR images
are low contrast images and speckle noise distorts the overall texture of the image. The

proposed method is capable of preserving the low contrast objects in the SAR image.
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(@ (b)
Figure 5.49 Results of ATV

(@ (b)

Figure 5.50 Results

(a) (b)
Figure 5.51 Results of Bivariate thresholding
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Figure 5.52 Results of IDPAD

(b)
Figure 5.53 Results of the HMN-CF

On analyzing the small details by zooming the despeckled images, the HMN-CF shows the
best preservation of the detail. The HMN-CF utilizes meritorious attributes of both Bayesian
and Bivariate shrinkage methods, as it is observed that corners and edge details are well
preserved and even the smoothness over the homogeneous areas is well maintained. The
fusion strategy of high-frequency coefficients is the core of the proposed method as it
provides the best enhancement of the high-frequency coefficients on the basis of local
correlation. In order to select the best threshold value, a mask of 3 x 3 is taken that decides on
the basis of correlation coefficients. The method is tested on the 5 x 5, 7 x 7 and 9 x 9 masks.
As the mask size increases the despeckled image quality degrades, this shows the importance
of the threshold value in this method. The average and max operation depends on the
threshold value. Hence the fusion strategy depends on the threshold value. The wavelet
decomposition level is set using the entropy factor. The decomposition is performed till the

level n™ until the entropy value of level n is approximately equal to the level n-1.
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Table 5.15 PSNR of despeckled SAR images

Before After
Despeckling Despeckling
Default ATV BayesWS- Bivariate IDPAD Proposed
Image | o PSNR [26] HAWI[27] Thresholding [29] Method
Values [28]
5 25.1588 44.6736 43.2879 43.9918 44.8527 48.8954
SAR | 10 22.1475 44.5672 43.2341 42.7834 44.4261 45.1272
Image | 20 19.1526 44.6732 42.5641 41.5642 43.7659 44.8522
1 30 17.3726 43.2431 42.9867 41.4451 43.0909 43.7231
40 16.2027 42.1101 41.6739 40.0934 41.6452 42.6387
5 20.2091 46.5643 43.3923 44.1983 46.1131 46.7341
SAR | 10 17.3042 45.6294 42.4562 43.8563 45.9321 45.7563
Image | 20 14.4775 45.0095 42.2231 43.1951 44.0774 45.1247
2 30 12.8544 44.6719 42.2495 42.6443 44.2341 44.7684
40 11.7723 44.0035 41.0941 42.0902 43.7675 44.1191
50
48
46
44
42 —m -
40 T
38
36 —s— Default values
o gg —e— ATV [26]
= - —a— BayesWS-HAW [27]
o 8 —uv— Bivariate Thresholding [28]
6 —<4— |DPAD [29]
24 —»— Proposed Method
22
20
18
16
) v v v L) M v v L) M v v L} M ) v v M L
0 5 10 15 20 25 30 35 40 45

Noise variance

Figure 5.54 PSNR of SAR image 1
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% 1 —v— Bivariate Thresholding [28]
0 254 —<— IDPAD [29]
. —»— Proposed Method
20 =
154
10 L] M Ll | L M L | M L L L}
0 5 10 15 20 25 30 35 40 45
Noise variance
Figure 5.55 PSNR of SAR image 2
Table 5.16 SSIM of despeckled SAR images
Before After
Despeckling Despeckling
Default ATV BayesWS- Bivariate IDPAD Proposed
Image c SSIM [26] HAW[27] Thresholding [29] Method
Values [28]
5 0.6281 0.9878 0.9543 0.9673 0.9784 0.9989
SAR 10 0.4682 0.9564 0.9432 0.9564 0.9453 0.9647
Image | 20 0.3144 0.9153 0.9274 0.9241 0.9213 0.9389
1 30 0.2380 0.9057 0.9094 0.9075 0.9091 0.9182
40 0.1950 0.8954 0.8971 0.8745 0.8875 0.8973
5 0.7895 0.9785 0.9674 0.9666 0.9817 0.9853
SAR 10 0.6575 0.9666 0.9561 0.9654 0.9563 0.9756
Image | 20 0.4959 0.9514 0.9153 0.9482 0.9063 0.9541
2 30 0.3992 0.9219 0.9085 09131 0.9063 0.9191
40 0.3364 0.8974 0.8751 0.8821 0.8874 0.9093
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Figure 5.56 SSIM of SAR image 1
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Figure 5.57 SSIM of SAR image 2
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Table 5.17 SNR of despeckled SAR images

Before After
Despeckling Despeckling
Default ATV | BayesWS- Bivariate IDPAD | Proposed
Image | © SNR [26] HAW Thresholding [29] Method
Values [27] [28]
5 20.4960 24.1256 | 25.0068 23.5674 24.0019 | 25.3430
SAR | 10 19.2512 23.4561 | 24.9989 23.1258 24.2985 | 24.3198
Image | 20 17.4705 23.0258 | 23.9898 22.9478 24.3333 | 24.1021
1 30 16.2215 22.5689 | 23.0258 22.0201 23.0589 | 23.1230
40 15.2771 22.0145 | 229157 21.5698 22.9971 | 23.0090
5 13.7497 21.2365 | 22.3495 21.2598 23.0989 | 23.1964
SAR | 10 13.0248 22.3598 | 22.1254 21.0547 22.9589 | 23.0101
Image | 20 119114 21.1211 | 21.2864 20.3256 22.5646 | 22.9184
2 30 11.0817 20.1254 | 21.0597 20.0201 22.0358 | 22.1614
40 10.4375 20.0032 | 20.7613 20.5632 21.9898 | 22.1009
26 -
25
24
23 -
22 <
21 -
o 4 —a— Default values
Z 20 —e— ATV [26]
19 4 —a— BayesWS-HAW [27]
5% 1 —v¥— Bivariate Thresholding [28]
i —<—|DPAD [29]
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Figure 5.58 SNR of SAR image 1
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Figure 5.59 SNR of SAR image 2

Table 5.15, 5.16 and 5.17 shows the comparative analysis of HMN-CF with respect to other
existing methods in terms of PSNR, SSIM and SNR. The best quantitative results are denoted
in bold. The despeckling results displayed in 5.15, 5.16 and 5.17 shows the superiority of the
HMN-CF among other existing methods. In Table 5.15, the PSNR of the HMN-CF shows the
best results among the compared method. The IDPAD method at ¢ = 10 in SAR image 2
shows the best result among all methods but still, the overall texture of the HMN-CF is better
than IDPAD at ¢ = 10. In Table 5.16, The SSIM of the HMN-CF also shows the best result
among all compared methods. The ATV method at 6 = 30 in SAR image 2 shows the better
result but on zooming the output image it is seen that the small detail parts are lost and
overall structure of the image is slightly distorted. The method based on anisotropic diffusion
(IDPAD) shows better result in terms of texture and edge preservation. In Table 5.17, the
results of the HMN-CF are compared on the basis of SNR values. All the SNR quantitative
values show the better performance than the other compared methods. Only two methods i.e.
BayesWS-HAW and IDPAD show better results than the HMN-CF at ¢ = 10 and 20
respectively. The Table 5.15, 5.16 and 5.17 shows the quantitative analysis of the despeckling
methods before and after despeckling. It helps in understanding the effectiveness and strength

of the despeckling methods at different noise variances. The PSNR value of the despeckled
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SAR image 1 and 2 are graphically analyzed in the Figure 5.54 and 5.55. The SSIM value of

the despeckled SAR image 1 and 2 are graphically analyzed in the Figure 5.56 and 5.57. The

SNR value of the despeckled SAR image 1 and 2 are graphically analyzed in the Figure 5.58

and 5.59.
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Figure 5.60 Plotting reference SAR image and results of proposed method (HMN-CF),

ATV, IDPAD, Bivariate and BayesWS-HAW methods using histogram at (a) 6 = 10 (b)
6 =20 (c) 6 =30 (d) ¢ = 40.

The Figure 5.60 shows the comparative analysis of the despeckled results of despeckling

methods at various noise variance levels i.e. (¢ = 10, 20, 30, 40). The plot is generated using

histogram. It depicts the similarity and closeness of the despeckling output result with the

reference SAR image. The plot closer to the reference SAR image shows the best result. It

can be observed that the HMN-CF is close to the reference SAR image. This indicates the

best despeckling results of HMN-CF.
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(d) (e ®
Figure 5.61 Results of the despeckling algorithm on real SAR images (a) real speckled
SAR image (b) results of ATV (c) results of BayesWS-HAW (d) results of Bivariate
thresholding (e) results of IDPAD (f) results of the HMN-CF

The HMN-CF is experimented on the both simulated and real speckled SAR image. The
visual results of the despeckling methods on the real speckled SAR images are shown in
Figure 5.61 and analyzed in Figure 5.62 and 5.63. The detail preservation can be analyzed by
concentrating on the important features of the image. In Figure 5.62 and 5.63, the despeckling
results of the HMN-CF are shown in terms of edge and texture preservation. The smoothness
in the homogeneous region and detail preservation in the heterogeneous areas is better
achieved by HMN-CF and analyzed by zooming the specific parts of the image as shown in
Figure 5.63.
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Edges

Homogeneous
region

Non-
homogeneous
region

Figure 5.62 Analysis of speckle reduction and detail preservation in the HMN-CF

(@) (e) ®

Figure 5.63 Analysis of zoomed part of the despeckled SAR image 3 using HMN-CF
assessing the detail preservation like edge preservation, smoothness in the homogeneous
region, texture preservation in the heterogeneous region and speckle reduction
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(a) (b) () (d

(e) ®

Figure 5.64 Results of zoomed areas of SAR image 1 using different despeckling
algorithm (a) reference SAR image (b) results of ATV (c¢) results of BayesWS-HAW (d)
results of Bivariate thresholding (e) results of IDPAD (f) results of the HMN-CF

The smoothness of the homogeneous region, preservation of edge, point scatterers and
textured region are assessed in Figure 5.64. On comparing the zoomed-in despeckling result
of despeckling methods i.e. Figure 5.64(b-f); it is observed that the HMN-CF (Figure 5.64(f))
shows the best preservation of details in the despeckled SAR image as a comparison to other
methods (Figure 5.64(b-¢)). The Figure 5.64(a) shows the reference zoomed-in SAR image.
On visual inspection, the Figure 5.64(f) shows that it is the most similar image to Figure

5.66(a). This validates the best speckle reduction and detail preservation in the HMN-CF.

5.4.3 Analysis of Locally Correlated Detailed Subband

The resultant high-frequency subbands of Bayesian and Bivariate shrinkage methods are
fused using local correlation based strategy. Table 5.18 shows the degree of similarity i.e.
correlation between the despeckled detailed subbands of Bayesian and Bivariate shrinkage

methods at various noise variances (c = 5, 10, 20, 30, 40).
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Let, at 6 = 20, the despeckled detailed subbands of Bayesian and Bivariate shrinkage rule are

(HL’, LH’, HH’) and (HL"’, LH,”” HH”) respectively, the CC is calculated using Eq. 4.11.
At o =20,

CC(LH’, LH*’) = 0.8759,

CC(HL’, HL>’) = 0.8598,

CC(HH’, HH’*) = 0.8479.

Similarly, the correlation of rest of the subbands is evaluated. This analysis determines the
degree of similarity between these two subbands. Based on this correlation similarity factor,
the local correlation based fusion strategy is designed using which these two high-frequency

coefficients are fused.

Table 5.18 Correlation values between detailed subbands at various noise levels

Noise variance LH subband | HL subband | HH subband
c=5 0.9527 0.9658 09758
c=10 0.9159 0.9158 0.9258
c=20 0.8759 0.8598 0.8479
c =30 0.8143 0.8258 0.8157
c =40 0.7589 0.7656 0.7458

The HMN-CF uses local correlation based fusion strategy. Here the local filtering is applied
based on the fusion strategy which is grounded on the correlation coefficients of the selected

masks.

5.4.4 Execution Time Comparison

The experiment is performed on following system configuration: MATLAB version = 8.3,
name = R2014a on Intel(R) Core(TM) 15-2410 M CPU @ 2.30 GHz, 4 GB RAM and 64-bit
operating system. The system configuration is essential to note down for the comparative

evaluation of the execution time of the proposed method. The HMN-CF is computationally
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costly due to two main reasons. First, the selection of the threshold value takes time as a

mask of 3 x 3 is run over the two different enhanced detailed components. A non-overlapping

block processing is done for the calculation of threshold value. The second reason for high

cost is a fusion of two enhanced detailed component using a mask of 5 x 5 by defined local

correlation based strategy. The local block processing is always time-consuming. But the

results are better than global block processing in most of the case.

Table 5.19 Execution time of various despeckling techniques

Execution time

Despeckling methods
(in seconds)
ATV 27.2658
BayesWS-HAW 28.1673
Bivariate Thresholding 75.2697
IDPAD 55.2366
HMN-CF 73.561
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ATV BayesWS-HAW  Bivariate IDPAD
Thresholding

Despeckling schemes
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Figure 5.65 Graphical comparative computational cost analysis
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Therefore the selection of threshold value and fusion strategy are the two main reasons for
the high computational cost of HMN-CF as shown in Table 5.19 and analyzed in Figure 5.65.
But the despeckling result of HMN-CF is better than the compared methods. Therefore the

demerit of high computation cost can be ignored against better visual and quantitative results.

5.4.5 Validation of HMN-CF: Hypothesis Testing using Paired T-
test.

The HMN-CF is validated using T-test over 30 numbers of samples as shown in Table 5.20.
The HMN-CF is experimented using different metrics like PSNR, SSIM and SNR values at
different noise variances over two different SAR images. Based on the experimented results
over the different SAR images, the experimented sample data is collected and tested using
hypothesis testing based on paired T-test.

There is total of 30 numbers of experimented sample data collected using the PSNR, SSIM,
and SNR at different noise variances (c = 5, 10, 20, 30, 40). This data is collected by
performing the experiment over two different SAR images. The related sample data is the
quantitative values of the SAR image before and after despeckling. The level of significance
is set to 5.

The following null and alternate hypothesis needs to be tested: The H, denotes the null
hypothesis and H, denotes the alternate hypothesis.

H,: up = 0 (There is no difference between SAR image before and after despeckling in terms
of quality, i.e. “No despeckling”).

H,: up # 0 (There is a difference between SAR image before and after despeckling in terms

of quality, i.e. “Good despeckling”).

Table 5.20 Dataset 3

No. of Values before Values after Difference
Samples | Despeckling (X;) | Despeckling(Y;) (D=X; -Yj)

1. 25.1588 48.8954 -23.7366

2. 22.1475 45.1272 -22.9797

3. 19.1526 44.8522 -25.6996

4. 17.3726 43.7231 -26.3505

5. 16.2027 42.6387 -26.436
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6 202001 467341 26,525
7 17.3042 457563 284521
8 144775 451247 30,6472
9 12.8544 447684 31914
10. 11.7723 241191 323468
. 0.6281 0.9989 203708
. 0.4682 0.9647 20,4965
3 03144 0.9389 20.6245
4 0.2380 0.9182 20.6802
s, 0.1950 0.8973 20.7023
6. 0.7895 0.9853 20,1958
7. 0.6575 0.9756 03181
3. 0.4959 0.9541 20.4582
9. 0.3992 0.9191 205199
20. 0.3364 0.9093 205729
2. 20,4960 253430 4847
2. 19.2512 243198 35,0686
23, 17.4705 241021 6.6316
24, 162215 23.1230 69015
25, 152771 23.0090 77319
2. 13.7497 23.1964 20,4467
27, 13.0248 230101 29.9853
28, 119114 220184 11,007
2. 11.0817 221614 [11.0797
30. 10.4375 22.1009 (11,6634
n=30 z D, = 364.3894

As calculated from the above sample data, the corresponding sample means are X,=11.003
and Y,=23.149 and the calculated sample standard deviation are s;=8.244 and s,=18.398. The
mean of difference (D) and standard deviation of difference (04iff) are calculated using

below two equation respectively.

™

_ YD,
D= = —12.146
n
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YD = (D)2 *n
O-diff =\/ L n—1 = 11.757

Depending on the information available, the significance level is a = 0.05, and the degree of
freedom (df)=n—-1=29.

Hence, it is found that the critical value for this two-tailed test is

te=2.045, for a = 0.05 and df = 29.

The rejection region for this two-tailed testis R = { t: | t|> 2.045}.

The t-statistic is calculated as shown in the following formulation:

_ D -12146 5 659
Gaiff/ - 11.757/ -
Vn V30

Since it is observed that | t | = 5.659 > t. = 2.045, It is concluded that the null hypothesis H,
is rejected. Therefore, there is enough evidence to claim that the difference of quantitative
values before and after despeckling is considered to be extremely statistically significant, at

the 0.05 significance level.

5.5 Comparison of HMN-AD, HMN-DSF and HMN-CF

The proposed methods i.e. HMN-AD, HMN-DSF and HMN-CF are experimented on
simulated as well as real speckled SAR images. The performance of the HMN-AD, HMN-
DSF and HMN-CF are evaluated in both cases i.e. with and without-reference indexes. This
section compares the HMN-AD, HMN-DSF and HMN-CF on the basis of quantitative
metrics used in with and without-reference index cases. The despeckling results of HMN-AD,
HMN-DSF and HMN-CF are also analyzed by visual quality of the despeckled image and

computational time.

5.5.1 Results (With-Reference Indexes)
In order to compare HMN-AD, HMN-DSF and HMN-CF in terms of performance

evaluation, their experimental results are performed on simulated SAR image 1 as shown in
Figure 5.66. In this case it is assumed that the actual reflectivity or actual ground truth is
known. The experimental and quantitative results are computed with respect to the results of

the reference SAR image 1. The quantitative measures used to evaluate the performance are
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PSNR and SSIM. The PSNR measures the overall quality of the image and SSIM emphasis

on the structure of the objects in the image.

Figure 5.66 SAR image 1

Table 5.21 PSNR values of HMN-AD, HMN-DSF and HMN-CF

Before .

) After Despeckling

Despeckling
Default

PSNR HMN-AD | HMN-DSF | HMN-CF

Image c
Values

5 25.1588 43.7059 44.5715 48.8954
10 | 22.1475 41.6010 42.3764 45.1272
SAR Image 1 | 20 19.1526 39.9001 40.9403 44.8522
30 17.3726 38.4579 40.0023 43.7231
40 16.2027 36.6709 35.0193 42.6387
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Table 5.22 SSIM values of HMN-AD, HMN-DSF and HMN-CF

Before
_ After Despeckling
Despeckling
Default
SSIM HMN-AD | HMN-DSF | HMN-CF
Image c
Values
5 0.6281 0.9725 0.9958 0.9989

10 0.4682 0.9691 0.9487 0.9647
20 0.3144 0.9358 0.9261 0.9389
30 0.2380 0.9229 0.9220 0.9182
40 0.1950 0.9209 09119 0.8973

SAR Image 1

(@ (b)
Figure 5.67 Results of HMN-AD, HMN-DSF and HMN-CF at ¢ = 25

After applying HMN-AD, HMN-DSF and HMN-CF on SAR image 1 at different noise
variances ranging from (c =~ 1-50); it is observed that the HMN-CF performs best among all
the three proposed methods. The observed PSNR and SSIM value denotes the best
quantitative results of the HMN-CF as shown in the Table 5.21 and 5.22. The despeckling
results shown in the Figure 5.67, Table 5.21 and 5.22 is experimented at the 6 = 25. At high
noise variances the HMN-AD shows better result than the other two methods in terms of
structure preservation but on visually analyzing the Figure 5.67, it can be easily observed that
the visual appearance of the Figure 5.67(c) is best among all in terms of edge, texture and
structure preservation. The HMN-AD and HMN-DSF perform well in terms of detail
preservation, but the HMN-CF is best among all.
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The performance of the HMN-AD, HMN-DSF and HMN-CF are graphically shown in the
Figure 5.68 and 5.69, that demonstrates the despeckling results at the o = 25 before and after

the despeckling process.

I At variance =5

I At variance = 10

I At variance = 20
50-| | At variance = 30
I At variance = 40

40

30

20

PSNR values

10

Default Proposed Proposed Proposed
PSNR Method 1 Method 2 Method 3
values

Figure 5.68 Plotting PSNR of HMN-AD, HMN-DSF and HMN-CF

(I At variance = 5

/I At variance = 10
/I At variance = 20
(I At variance = 30

" /I At variance = 40

0.8
0.6 4

0.4 4

SSIM values

0.2+

0.04

Default Proposed Proposed Proposed
S5IM Method 1 Method 2 Method 3

values

Figure 5.69 Plotting SSIM of HMN-AD, HMN-DSF and HMN-CF
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5.5.2 Results (Without-Reference Indexes)

Figure 5.70 SAR image 2

The proposed methods i.e. HMN-AD, HMN-DSF and HMN-CF are experimented on real
speckled SAR image 2 with the noise variance = 7.2567 as shown in Figure 5.70. The
quantitative metrics used for performance evaluation are different from the metrics used in

with-reference indexes case. Here the performance metrics are grounded on the multiplicative

noise model i.e. NV and ENL.

Table 5.23 Noise Variance of HMN-AD, HMN-DSF and HMN-CF

Before
After Despeckling
Despeckling
Noise
) HMN-AD | HMN-DSF | HMN-CF
Image Variance
SAR Image 2 7.2567 0.5013 0.3915 0.3591
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Table 5.24 ENL values of HMN-AD, HMN-DSF and HMN-CF

Before )
) After Despeckling
Despeckling

ENL HMN-AD | HMN-DSF | HMN-CF
Image

SAR Image 2 1.8055 2.4013 2.6657 2.8612

(@) (b) (c)
Figure 5.71 Results of HMN-AD, HMN-DSF and HMN-CF

The quantitative values of the despeckling results are shown in the Table 5.23 and 5.24. The
NV of real speckled SAR image is calculated to 7.2567. After applying all three proposed
methods, HMN-CF performs the best among all. The NV after despeckling using HMN-CF is
calculated as 0.3591 that is lowest among all the three methods that demonstrate the lowest
speckle content. The second metric used for performance evaluation is ENL. It evaluates the
smoothness in the homogeneous areas of the image. The ENL of the HMN-CF is highest i.e.
2.8612. The results in the Figure 5.71, Table 5.23 and Table 5.24 concludes that the HMN-
CF performs the best among all the three methods in terms of speckle reduction, deblurring
and smoothness in the homogeneous regions. The NV values of HMN-AD, HMN-DSF and
HMN-CF are graphically analyzed in the Figure 5.72. The ENL values of HMN-AD, HMN-
DSF and HMN-CF are graphically analyzed in the Figure 5.73.
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Noise variance

, . [T N
Noise HMN-AD HMN-DSF HMN-CF
variance of
SAR image 2
before
despeckling

Figure 5.72 Plotting noise variance of HMN-AD, HMN-DSF and HMN-CF

ENL

ENL of HMN-AD HMN-DSF HMN-CF
SAR image 2

before
despeckling

Figure 5.73 Plotting ENL of HMN-AD, HMN-DSF and HMN-CF
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5.5.3 Execution Time Comparison

The visual quality and quantitative values of the HMN-CF is best among the proposed
methods. But the computation cost of the HMN-CF is highest among them. The HMN-CF
takes approximately 73 seconds to execute. This time is very large as a comparison to the
time taken by the HMN-AD and HMN-DSF as shown in Table 5.25 and comparatively
analyzed in Figure 5.74.

Table 5.25 Execution time of HMN-AD, HMN-DSF and HMN-CF

Execution time
Despeckling method
(in seconds )
HMN-AD 3.2136
HMN-DSF 6.3219
HMN-CF 73.5610
70 -
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Despeckling methods

Figure 5.74 Plotting computational time of HMN-AD, HMN-DSF and HMN-CF
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5.6 Conclusion

This chapter discusses the experimental results of HMN-AD, HMN-DSF and HMN-CF in
detail and analyses in tabular and graphical form. The proposed methods are compared with
some conventional and non-conventional methods. All the three proposed methods are
analyzed using visual quality of the despeckled SAR image and quantitative measures like
PSNR, SNR, and ENL etc. The HMN-AD, HMN-DSF and HMN-CF show better
performance among the compared despeckling methods. Among the three proposed methods,
the HMN-CF shows the best performance in terms of visual quality and quantitative measure.
But this method is computationally costly. The HMN-AD is best in terms of computational
cost. The HMN-DSF shows better visual results than HMN-AD but again it is slightly more
costly than the HMN-AD.
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6. CONCLUSION AND FUTURE SCOPE
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6.1. Background

This chapter summarizes the thesis with the major finding and achievements of the research.
Other analytical findings related to SAR image despeckling are also discussed. The transition
from one method to another is highlighted. The possible future scope and directions are also

discussed at the end of this chapter.
6.2 Major Findings

The main motive behind this thesis is to design and develop a speckle reduction technique for
SAR images with better preservation of fine details like texture, edges and other features. The
experimental results are performed on simulated SAR image at different noise variance level
and on real speckled SAR images. The image denoising is one of the highly researched fields
in the domain of image processing. The wavelet-based image denoising techniques that offer
multiresolution analysis have established significant landmark in last few years. But due to
the restriction of directional selectivity, the wavelet-based multi-resolution image restoration
techniques cannot easily cater to the growing requirements of effective denoising with an
edge and feature preservation. Despite this restriction of the wavelet transform, the proposed
methods i.e. HMN-AD, HMN-DSF and HMN-CF based on the wavelet transform show
better despeckling results than many of the other conventional and non-conventional methods
by the intelligent use of method noise and local correlation based fusion strategy. The optical

imaging, SAR imaging, medical imaging etc. are the major application fields that contain the
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highest information and require detail preservation, image enhancement and denoising
procedures. The thesis proposes three different despeckling techniques for SAR images. The
proposed methods are based on wavelet transform using hybrid combination of Bayesian and
non-Bayesian methods. The experimented result of proposed methods is compared with the
traditional and non-traditional methods. In order to validate the proposed methods, the
experiment is also performed on the optical images by simulation process. For more rigorous
analysis of proposed methods, the speckle noise is added ranging from (o =5 to 50) in those
SAR images where the noise variance is low. This tests the effectiveness and strength of the

proposed methods at the higher noise level.

A new wavelet-based SAR image despeckling technique is proposed to reduce the speckle
noise by preserving the fine details of the image using anisotropic diffusion and method noise
thresholding i.e. HMN-AD. The part of the despeckled image that still contains the speckle
noise i.e. unfiltered part of the image is processed again using method noise thresholding.
The performance of the HMN-AD is assessed by visual appearance of the despeckled SAR
image and with quantitative metrics such as PSNR, SSIM, UIQI, and RMSE. It is observed
that the visual quality of the despeckled image of HMN-AD is better than the compared
standard methods. The computational time of the HMN-AD is compared with some standard
filters. The execution time of the HMN-AD is very low. The performance percentage of the
HMN-AD is 87.50 % that is calculated by analyzing the comparative quantitative value of the
performance metrics. The HMN-AD is implemented and tested on simulated SAR images at
various noise variance levels as well as on real speckled SAR images. On critical
comparative analysis, it can be said that HMN-AD eliminates the speckle noise efficiently
and recovers the lost edges and structures in the SAR image. No blocky artifacts are
generated during the despeckling process. The HMN-AD has the potential ability to be used

in various practical applications of SAR images.

This HMN-AD is the hybrid combination of the Bayesian method in a transform domain
(homomorphic filtering in wavelet domain) and non-Bayesian methods (anisotropic
diffusion). This unique despeckling combination delivers high image quality with good visual
appearance. The computational cost of HMN-AD is highly efficient. The method noise
thresholding is implemented as the post-processing step. It enhances the quantitative results
as well as the visual quality of the despeckled image. This hybrid combination and easy use

of method noise can give such good results, then a way better and intelligent use of method
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noise can give much better results. The results of HMN-AD motivate to go for designing of

new proposed method i.e. HMN-DSF with more intelligent use of method noise.

A new wavelet-based homomorphic SAR image despeckling method has been proposed for
eliminating the speckle noise using DSF and method noise thresholding i.e. HMN-DSF. The
first step of this method is to decompose speckled SAR image using db2 based 2D-DWT into
approximation and detailed component. The second step is to filter the approximate
component using DSF followed by method noise thresholding and the third step is to filter
the detailed component by wavelet thresholding followed by method noise thresholding. The
detailed analysis is performed on the experimental results of the HMN-DSF and competitive
comparison is done with 23 standard filters and advanced methods. It validates the best
performance of the HMN-DSF over other conventional and non-conventional methods. The
qualitative analysis of the despeckled SAR image is performed by analyzing the visual
appearance and it is concluded that there is no presence of the artifacts after the despeckling
process, the edges and texture are well preserved, the low contrast objects are visible and the
smoothness in homogeneous and non-homogeneous region is well maintained. The execution
time of HMN-DSF is low. The quantitative analysis is done using ENL, NV, CV, and MSE
for real speckled SAR image and PSNR, SSIM and UIQI for simulated SAR image. The
statistical results of the HMN-DSF are normalized and encouraging. On comparing with the
23 traditional and non-traditional filters, the proposed method gives a very competitive
performance in terms of speckle noise removal, performance metrics and computational cost.

The HMN-DSF has the capability to be used in the practical and real-time applications.

The basic implementation (as a post-processing step) of method noise in the HMN-AD shows
the decent result. This concludes with the new idea of using the concept of method noise in
the more intelligent way for best results. The HMN-DSF is entirely based on the use of
method noise. The method noise is used for fine detail preservation like edges. Another filter
used in HMN-DSF is DSF that is specifically used for edge preservation. HMN-DSF is an
edge-preserving procedure. This method offers a new intelligent use of method noise in two
different ways. The concept of method noise is used in three different ways. First is on the
low-frequency components, secondly on the high-frequency components and lastly as a post-
processing operation. This new way of implementing the method noise enhances the result.
The HMN-AD and HMN-DSF operates on global filtering. According to the literature

available, the despeckling results using local filtering shows a better result than the global
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filtering. Also in the HMN-AD and HMN-DSF, the decomposition level is manually set by
experimenting the methods from level 1-7 and the optimal results are obtained at level 3. The

local filtering and automatic selection of decomposition level motivate to design a new

despeckling method that leads to HMN-CF.

Here a new homomorphic SAR image despeckling method is proposed using local correlation
based fusion in wavelet transform and method noise thresholding i.e. HMN-CF. The
proposed method uses two different wavelet shrinkage rule in parallel i.e. Bayesian and
Bivariate shrinkage rule for filtering the high-frequency coefficients. The Bayesian method
smooths the homogenous region but it is sensitive to the edges. The Bivariate method
analyses the dependence between the child coefficient and its parent coefficient and enhances
the edge component of the image. The high-frequency coefficient components of both the
shrinkage rules are fused using local correlation based strategy. After fusion of two improved
high-frequency coefficient components, the despeckled image results into a higher quality
image. Entropy-based wavelet decomposition decides the decomposition level of the wavelet
transform based on the texture feature analysis. This automatic selection of decomposition
level extracts the maximum information possible. The method noise thresholding is applied
to process the unfiltered components of the image and to restore the remaining fine details of
the image. This concept is capable of restoring the significant information like edges and
corners which remain unfiltered in the initial stage of despeckling. The performance of the
HMN-CF is assessed by the visual appearance of the despeckled SAR image and with the
help of quantitative metrics like PSNR, SSIM, and SNR. From the critical comparative
analysis, it can be said that HMN-CF preserves the edges and structure of the object in the
SAR image. During this research, no visual artifacts are generated. Therefore HMN-CF has

the potential ability to be used in various practical applications of SAR images.

The HMN-CF uses local correlation based fusion strategy. Here the local filtering is applied
based on the fusion strategy which is grounded on the correlation coefficients of the selected
masks. The HMN-CF selects wavelet decomposition level automatically on analyzing the
texture of the speckled SAR image by entropy metric. The concept of method noise is used as
a post-processing step. The visual appearance of the despeckled image in HMN-CF is better
than the despeckled image obtained from the HMN-AD and HMN-DSF and the quantitative
values of the metrics in HMN-CF shows better result than HMN-AD and HMN-DSF. But the
computational cost of HMN-CF is a higher than HMN-AD and HMN-DSF-.
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6.3 Other Findings

The thesis stands upon three novel SAR image despeckling methods i.e. HMN-AD, HMN-
DSF and HMN-CF. Their quantitative and qualitative results are better than many of the
traditional and non-traditional methods. Apart from these despeckling techniques, the thesis
concludes with two more analytical findings i.e. first is the intelligent use of method noise
that can improve the result of any despeckling method and another is the performance metric
1.e. MSE that can be used as a performance metric in both the cases i.e. with and without

reference indexes.

6.3.1 Use of Method Noise in Despeckling of SAR Images

The concept of method noise is well known in the field of image denoising. In the past
decade, there are many applications of method noise discussed in the literature especially in
the field of classical imagery and medical imagery. The concept of method noise is still
untouched in the field of SAR imagery. So before applying method noise on the proposed
methods, it is experimentally tested on the traditional and non-traditional despeckling
methods of SAR images as a post-processing step and obtained results are brilliant (discussed
in chapter 3). It is a 100% working method. It is observed that the quality of the despeckled
SAR image with method noise is better than without method noise. It is validated by
analyzing the performance of the despeckled SAR images using qualitative parameters i.e.
visual appearance and quantitative metrics i.e. PSNR and SSIM. On the basis this analysis, it
is concluded that the concept of method noise is efficient in the despeckling process.

On analyzing the efficient results of various despeckling method with method noise, this
concept is implemented in proposed methods i.e. HMN-AD, HMN-DSF and HMN-CF. In
HMN-AD, the method noise is implemented as post-processing step and it enhances the
result of the HMN-AD. On observing the better results of HMN-AD with method noise, it is
again applied in the HMN-DSF in an intelligent manner. In HMN-DSF, the method noise is
applied in three different ways. Firstly on the low-frequency coefficient, secondly on the
high-frequency coefficient and lastly as the post-processing step. On analyzing the results it is
observed that it’s more intelligent use can enhance the results in terms of fine detail
preservation. In HMN-DSF, the low-frequency coefficients are directed to the DSF followed
by the method noise thresholding. The high-frequency coefficients are directed to the wavelet
thresholding using Bayesian shrinkage rule followed by the method noise thresholding.

Lastly it is used as the post-processing operation. It is an excellent tool to enhance the results
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by preserving the fine details of the image mainly edges and corners. No blocky artifacts are
generated due to method noise operation. It is concluded from the results of the HMN-DSF
that, if the concept of method noise is used more efficiently and intelligently then, the results
of any despeckling algorithm can be enhanced. The HMN-CF also uses the concept of
method noise as the final post-processing step.

This is concluded from the experimental result of the proposed methods using method noise
that, the use of method noise in SAR image despeckling can enhance the results more than
it’s without use. Method noise has the capability to enhance the quality of the despeckled
image of any despeckling technique. It is an extremely effective tool in the field of

despeckling.

6.3.2 Use of MSE in Despeckling

The experimental analysis of MSE in the cases i.e. with and without reference indexes
verifies the dual nature of MSE metric in assessing the performance of the despeckled SAR
image. In the case of with reference index, the best results are obtained at minimum MSE
values i.e. when the actual reflectivity or the ground truth is known. In the case of without
reference indexes, the best results are obtained at maximum MSE values i.e. when the actual
reflectivity or the ground truth is unknown.

There is certain number of quantitative metrics used for assessing the quality of despeckled
SAR image in two different cases of despeckling i.e. with and without- reference indexes, out
of them; MSE is observed as the only metric to be used for performance evaluation in both
the cases. In the case of with-reference index, the small MSE value of despeckled SAR image
indicates the small difference between reference image and despeckled image, this means
efficient despeckling. In the case of without-reference indexes, the high MSE value of
despeckled SAR image indicates the efficient speckle reduction. During the analysis of MSE
in this case, it is necessary to keep an eye on the quantitative values of other metrics. MSE is
a valuable metric. Its dual nature in different situations validates the importance of its use.
This thesis clears the air of confusion of using MSE in case of without reference indexes. It

can be easily used in either case.
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6.4 Future Scope

The research work presented in this thesis can be extended in many directions. There is
never-ending scope of research in the field of SAR image despeckling because it is not
possible to completely restore the degraded image to its original form. The proposed methods
are grounded on the db2 based 2D-DWT. Here the applied transform in the proposed
methods is DWT but the work is also tested on CWT and SWT. With the intelligent use of
method noise, the results obtained with DWT are better than CWT and SWT. There are
various other types of wavelet related transforms. The work can be extended using those
transforms. Some of them are, fast wavelet transform, complex wavelet transform,
undecimated wavelet transform where the downsampling is omitted, wavelet packet
decomposition where the detailed coefficients are decomposed too, second generation
wavelet transform, dual-tree complex wavelet transform, and there is a collection of a
hundredth of wavelet names in-let and associated multiscale, directional, geometric,
representations, from activelets to x-lets through bandelets, chirplets, contourlets, curvelets,

noiselets, wedgelets, ridgelet, shearlet, chirplet etc.

The concept of method noise is used to enhance the quality of the image and preserve the fine
details of the image. It has been used in the digital as well as medical images in the past but
never used in the SAR imagery. The despeckling methods proposed in the thesis
demonstrated three types of application of method noise using DWT. Those three application
are on low and high-frequency coefficients and as a post-processing step. The method noise
can also be used with the other advanced wavelet related transform. Even more intelligent use
of method noise can be discovered and applied to other wavelet transforms using several

ways.

The concept of image fusion can be used for the image enhancement purpose. The fusion
strategy is developed and applied to two enhanced detailed components in the HMN-CF.
After DWT decomposition, the detailed component are filtered by Bayesian shrinkage rule
and Bivariate shrinkage rule in parallel. Their output is fused using local correlation based
strategy. This strategy uses “max’ and “avg” operation for fusion. In this scenario, there is a
lot scope of work to be done in future. The “min” operation can also be introduced in the
local correlation based strategy. Other shrinkage rules can be used. A new fusion strategy can

be developed.
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The wavelet family used in the HMN-AD, HMN-DSF and HMN-CF is Daubechies (db2).
There are several other wavelet families that can be used and tested like Haar, Daubechies,
Biorthogonal, Coiflets, Symlets, Morlet, Mexican Hat, Meyer, Other Real Wavelets: Reverse
Biorthogonal, Gaussian derivatives family, FIR based approximation of the Meyer wavelet
and Complex Wavelets: Gaussian derivatives, Morlet, Frequency B-Spline, Shannon. Few of
them are used, tested and compared in the result section of HMN-DSF. There is an extensive
option for spontaneously choosing the mother wavelet from the extensive range of wavelet

family associated with the DWT.

In the HMN-AD and HMN-DSF, the wavelet decomposition level experiments from level 1
to 7. The optimal results are obtained at the level ranging from 3 to 5. In the HMN-CF, the
decomposition level is automatically set by analyzing the texture of the image based on
entropy metric. So there are other ways which can also automatically choose the wavelet
decomposition level like, local range, MSE, contrast etc. The field of SAR image despeckling

is never ending research field. There is always a scope improvement in this field.

6.5 Conclusion

The chapter concludes with all the achieved objectives of all the proposed methodologies i.e.
HMN-AD, HMN-DSF and HMN-CF. It also discusses the merits and limitations of the
proposed methods. It briefly describes the other findings like the use of method noise and use
of MSE metric in with and without reference index cases. The future scope is also discussed

in the last.
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In synthetic aperture radar (SAR) images, degradation due to multiplicative speckle noise and detail blur-
ring is one of the common problem. This problem is solved by despeckling method. The main objective of
image despeckling is to eliminate the speckle noise and preserve the important details of SAR images
such as texture, edges, structures and corners. Usually SAR images are high dimensional images and
preserving the edge and corner components is one major issue. Anisotropic diffusion also called
Perona-Malik diffusion is used to reduce noise without disturbing the significant parts of the image.
An homomorphic scheme is proposed using anisotropic diffusion in db2-type wavelet transform.
Linear and non-linear filters are used on the approximate part of the image to remove blurring.
Method noise thresholding is used to restore the unfiltered part of the despeckled image. The proposed
method is applied and tested on correlated speckle noise as well as uncorrelated speckle noise on the real
dataset of SAR images. The performance of the proposed method is evaluated by its visual quality and by
using other metrics such as PSNR, SSIM, UIQI and RMSE. The performance and computational time are
calculated and compared with standard filters and methods. The critical analysis of the result shows that
proposed method gives the brilliant outcome in terms of structure, edge preservation and noise suppres-
sion. The proposed method has the ability to be used in practical applications.

© 2017 Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Image restoration is one of the most researched area in the field
of image processing where original image is recovered from the
noisy image. Satellite imagery is sub field of the image processing,
where satellite images are obtained from synthetic aperture radar,
This is an form of radar that is fixed on the satellites and aircraft
that captures the high resolution images of the broad areas of
the earth surface. SAR images are formed by the consistent interac-
tion of the emitted microwave radiation with target areas. This
consistent interaction originates arbitrary constructive and
destructive nosiness resulting into multiplicative kind of noise
known as speckle noise all over the image. There are many
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despeckling techniques and filters available in spatial as well as
frequency domain to handle speckled SAR images by preserving
the major information in the image like edge, boundary and
objects. Few standard and conventional filters for despeckling pur-
pose in the field of satellite imagery are frost filter (Frost et al.,
1982), kuan filter (Kuan et al., 1987), kuwahara filter (Hachimura
et al., 1976), (Kyprianidis et al., 2009), lee filter (Lee, 1980; Lee,
1981), mean filter (Acharya and Ray, 2005) and median filter
(Jain, 1989). The denoising schemes under homomorphic filtering
are highly effective and adaptive. The non homomorphic denoising
techniques are also effective but less frequently used due to its
complexity.

It is observed that bayesian approaches in transform domain
shows better results than bayesian approaches in spatial domain.
But there some non-bayesian approaches that gives as better
results as bayesian approaches in transform domain. Order Statis-
tics and Morphological Filters (Alparone et al., 1995; Alparone
et al., 1996; Crimmins, 1985) are used for preserving edges, retain-
ing textures and smoothing the noisy background, but thicker
objects left unprocessed. This method is not built for speckle noise
model but still provides fair results in some cases. Anisotropic
diffusion (Yuand and Acton, 2004; Perona and Malik, 1990) is a

1319-1578/© 2017 Production and hosting by Elsevier B.V. on behalf of King Saud University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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popular technique that retains significant parts mainly edges, lines
and other fine details. Speckle Reduction using Anisotropic Diffu-
sion (McConnell and Oliver, 1994) exploits sudden occurring coef-
ficient of variation. It shows better results than conventional
methods in the terms of variance minimization, mean preservation
and edge localization. SRAD (Yuand and Acton, 2002) (Speckle
Reducing Anisotropic Diffusion) developed the pioneer scheme of
reducing speckle noise using anisotropic diffusion by validating
the new algorithm using both synthetic and real linear scan ultra-
sonic imagery of the carotid artery. In despeckling based on com-
pressed sensing (Foucher, 2008; Yangand and Zhang, 2012; Hao
et al., 2012), it is known that in order to obtain good quality image,
multiple degraded images can be merged. Keeping this in mind,
compressed sensing is employed to get multiple SAR images from
a single SAR image. Other non bayesian approaches that also gives
satisfactory results in terms of visual appearance and edge preser-
vation are bilateral filtering (Tomasiand and Manduchi, 1998;
Zhang et al., 2011; Li et al., 2013), sigma filter (Lee, 1983) and
non-local filtering (Deledalle et al., 2009; Parrilli et al., 2012).

Homomorphic and non-homomorphic filtering are the two
bayesian methods in transform domain that provide best schemes
in wavelet domain. Homomorphic filtering (Gagnon and Jouan,
1997; Hervet et al., 1998) is used to remove the multiplicative
noise using log and exponential operations, while non-homomor-
phic filtering (Foucher et al., 2001; Argenti and Alparone, 2002; Dai
et al.,, 2004) is less frequently seen in literature as it directly han-
dles multiplicative noise without removing it. Since last two dec-
ades, homomorphic filtering is the commonly used method as
after transforming multiplicative noise to additive, other additive
noise restoration models can be used easily to handle this situa-
tion. It is easy understandable method. Non-homomorphic filtering
methods directly works on multiplicative noise. This method is
comparatively difficult to work upon. Basically homomorphic fil-
tering is used for improving non-homogeneous illumination in
images. Classical hard and soft thresholding methods (Donoho,
1995) were implemented in (Guo et al.,, 1994). The undecimated
wavelet transform and the MAP standard have been implemented
in the issue of SAR image despeckling (Argenti et al., 2012).

The article is organized in the following way: Section 2
describes the background of anisotropic diffusion, speckle noise
model, thresholding mechanism, linear, non linear filters and
method noise. Section 3 elaborates the proposed method. Section 4
presents all the experimental results and discusses its comparative
performance, finally conclusions are drawn in Section 5.

2. Background
2.1. Anisotropic diffusion

In order to smooth the speckled images, the available methods
and filters are based on the diffusion of the pixel values. Diffusion
can be either isotropic or anisotropic diffusion. In isotropic, there is
a diffusion of pixel values all across the image due to which blur-
ring occurs as it performs the averaging all across the image
regardless of any edge or object. It simply averages the image
due to which the pixels at edge and objects gets mixed up. Here
diffusion is same in every direction regardless of boundaries in
the image. In the case of anisotropic diffusion, diffusion varies with
the direction. It tries to average the image only at the either side of
the edge, object or boundary. It smooths the correct object. This is
achieved by the evaluating the gradient of the image (Jacobs, 2005)
which is also called as edge stopping function. Basic equation of
anisotropic diffusion is,

ol(x,y,t))

an div|g(|V(I(x,y.0))NVI(x.y.1))] (1)

here, I(x,y,0) is original image, V(I(x,y,t)), is the gradient of the
image at time ¢, t is the time parameter and g(x) is the conductance
function that controls the conduction as a function of gradient. The
conductance function is selected to satisfy lim,_g(x) = 1, so that
the diffusion of pixel values is maximum within the homogeneous
regions and lim,_g(x) = 0, so that the diffusion of pixel values gets
stopped across the edges. In other words if conductance function is
low, then small intensity gradients are capable enough to block con-
duction and hence diffusion across step edges and if it is large then
it decreases the impact of intensity gradients on conduction. Perona
and Malik (Perona and Malik, 1990) proposed two function as given
below,

2100 = e |~ | @)
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where, K is the gradient magnitude threshold parameter that con-
trols the speed of the diffusion. Diffusion Eq. 2 provides preferential
treatment for high contrast edges over low contrast ones while the
diffusion Eq. 3 supports wide regions over smaller ones.

Anisotropic diffusion filtering is an iterative process. It is extre-
mely sensitive to the number of iterations. Choosing the time
parameter T is vital, since misjudging it may result in blurring
the true edges and boundaries, while undervaluing it may leave
unfiltered noise artefacts. Correct choice of conductance function
and gradient thresholding parameters may lead to higher PSNR
values. The slope of the reduction of PSNR values will be low, keep-
ing the diffused image close to the original one. It is noticed that
PSNR value is always maximized in a specific iteration, which is
the ideal time to terminate the process.

2.2. Speckle noise model

Speckle noise is mainly found in SAR images and ulrasound
images. Speckle has a negative influence on SAR images (Singh
and Shree, 2016). Speckle noise is modelled as product of clean
image pixel S(i,j) to be estimated from I(i,j) and multiplicative
noise with unit mean and standard deviation N(i,j). I(i,j) is
degraded pixel of the image. Speckle noise is modelled as,

I(i.j) = S(i.j) x N(i.j) 4)

Speckle noise is multiplicative in nature and most of the noise
restoration models are additive model. So these models cannot
be directly implemented to the SAR image despeckling process. A
proper pre-processing step is required to handle this situation.
The Lee filter can convert this multiplicative model into an additive
one, thus reduces the problem of dealing with speckle noise. Some
image enhancement methods can also be used for the same pur-
pose. Log transform is one of them. It degrades the quality of the
image (Singh and Shree, 2016) but it is easy and efficient in nature
conversion of speckle noise, so it is applied in the work. Exponen-
tial transform is applied to perform the reverse operation of log
transform to get back its original form.

2.3. Wavelet thresholding and adaptive filters

Wavelets are preferred mathematical function for denoising
purpose. MATLAB Wavelet Toolbox offers a function, dwt2 for
2D-DWT which is used to analyse the high-frequency component
in the image. Daubechies wavelet (db2) (Walker, 2008) is used as
it easily solves the self-similarity properties of a signal or fractal
problems. Decomposition is tested and performed up to 5 levels
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for visual quality analysis. Decomposition at level 3 delivers the
best results. DWT decomposes the image into approximate part
(LL) and detailed part (LH, HL and HH). Approximate part is sub-
jected to median and wiener filtering while detailed part is thresh-
olded using bayesian shrinkage rule using soft thresholding.

Median filtering is a nonlinear method for eliminating salt and
pepper and impulsive noise. It reduces the random noise and pre-
serves the edges in the image (Huang et al., 1979; Arias-Castro and
Donoho, 2009) and is formulated as,

y[m,n] = median{x[i,j], (i,j)ew} (5)

where, w is a neighbourhood mask defined by the user, centered
around location [m,n] in the image.

Wiener filter is the linear filter mainly used for reducing addi-
tive noise and avoid blurring. Wiener filters are commonly prac-
tised in the frequency domain (Brown et al., 1996; Wiener, 1949)
and defined by,

H « (f1 ,fz)sxx(f] 7f2)
. 6
(f1.f2) |H(f 1, f2)PSe(F1,f2) + Sy (F1.f2) ?

where, S (f1,f,) and S, (f1,f,) are the power spectra of reference
image and additive noise respectively and H(f,,f,) is the blurring
filter.

Threshold choice method includes three classes: universal
threshold, sub-band adaptive threshold and spatially adaptive
threshold. In universal threshold, the threshold value is uniquely
chosen for all wavelet coefficients (Lee, 1980; Dixit and Sharma,
2014). In sub-band adaptive thresholding, the threshold value is
selected separately for each detail sub-band (Dixit and Sharma,
2014; Acharya and Ray, 2005). In spatially adaptive threshold
way, each detailed wavelet coefficient has its own threshold value
(Dixit and Sharma, 2014; Frost et al., 1982). The proposed scheme
uses the universal threshold selection category.

Selection of threshold value in satellite images is not a easy task
as satellite images are low contrast in nature. Selection of small
threshold value causes resultant image to be noisy, while resultant
image at the edges and boundaries gets blurred for the large
threshold value. Therefore selecting an optimal threshold value is
an important task for preserving edges, boundaries and objects.
In the proposed scheme, bayes shrink method is used for
wavelet thresholding. Bayes Shrink is a mathematical frame where
it is expected that all high frequency sub bands of wavelet
coefficients are generalized by Gaussian distribution to evaluate
the threshold value that reduces the Bayesian risk (Kumar and
Diwakar, 2016a,b).

Threshold is calculated using,

02
J= <G—Yi> (7)

Abramovitch et al. 1998 suggested robust median estimation
method using which noise variance is estimated. According to this
method thresholding is performed only at the diagonal (HH) com-
ponent of the detailed part, but here in the proposed scheme,
thresholding is performed in all the detailed parts (HL, LH and
HH). Noise variance is estimated as:

,  [median(| X(m,n) |)]?
n= 0.6754 (®)

where, X(m,n) € LH;,X(m,n) € HL, and X(m,n) € HH;, and L depicts
the level of decomposition in DWT. The standard deviation of noise
less image (oy) can be estimated as:

0y = max(oy — 07,0) (9)

where, 6% = 1X? X7, and b is the patch size of the input image.

Hard and Soft thresholding are the two most popular threshold-
ing algorithm used for performing thresholding using the selected
threshold value. In hard thresholding, every coefficient value is
matched with 1 and values less than 4 are changed to zero while
the replacement process in soft thresholding is similar to hard
thresholding, moreover remaining coefficients are modified by
subtracting threshold values. On comparing, soft thresholding
delivers improved performance in terms of visual appearance of
images. The soft thresholding is equated as:

ifIX|<a

if1X|> 4 (10)
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2.4. Method noise

The difference between the noisy image and denoised image
shows the noise removed by the algorithm, which is called as
method noise. Let say, D is the noisy image and after denoising it
we get E as the final denoised image. Now mathematically F is eval-
uated by below equation,

F=D-E (11)

Now F contains the noisy part, so further any denoising scheme
can be applied to it like thresholding or filtering. After denoising F,
let say E1 is achieved. Then below equation is performed to get the
resultant denoised image, E2 which contains the lowest noise.

E2=E+El (12)

All despeckling approaches depend on the filtering constraint 2.
This constraint measures the degree of filtering applied to the
image. For most of the methods, the parameter » depends on an
approximation of the noise variance ¢2?. Method noise is a kind
of a post processing step. It is used after the filtering is applied.
It enhances the result and improves the quality of the image.
Method noise is simple to understand and implement.

3. Proposed methodology

The proposed work is based on the homomorphic filtering in
wavelet domain. Homomorphic filtering method is adaptive and
robust than other methods (Gagnon and Jouan, 1997), (Hervet
et al., 1998). Efficient linear and non-linear filters and non-
bayesian methods can easily be incorporated in the homomorphic
filtering schemes. The proposed algorithm is explained below:

Algorithm 1: Proposed despeckling scheme using method
noise and anisotropic diffusion

Input: Speckled SAR image
Output: Despeckled SAR image
1: Apply iterative anisotropic diffusion/filtering on S.
(a) Initiate the parameters, g(x) and K.
(b) Compute Perona-Malik diffusion Eq. 3 using required
parameters.
(c)fori=1ton,i=No. of iterations, do
i. solve the standard Eq. 1 of anisotropic diffusion.
ii. update the values.
end for
(d) Resultant image is Sy4.
2: Apply log transformation, S,.
3:forj =1 to 3,j = level of decomposition, do
(a) Apply DWT on §,.
(b) Decomposition into 4 subbands, approximate part (al,
a2, a3) and detail part (b1 c1 d1), (b2 c2 d2), (b3 c3 d3).

(continued on next page)
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(c) Apply 2D median filtering on a2 and a3 subbands using
3*3 neighborhood mask using Eq. 5.
(d) Apply 2D adaptive wiener filtering on a1 subbands using
3*3 neighborhood mask using Eq. 6.
(e) Perform thresholding on the detailed part (b1 c1 d1), (b2
c2 d2), (b3 ¢3 d3) using following step:

i. Estimate noise variance using Eq. 8.

ii. Threshold calculation using Eq. 7.

iii. Apply soft thresholding using Eq. 10 and Eq. 9.

end for

4: Apply inverse DWT.

5: Apply exponential transform, S..

5: Apply method noise using input high frequency speckled
image (S) and thresholded high frequency subband (Se).
(a) Subtract S, from S and get D, as D =S — S..

(b) Apply step 3(e) on D and then apply IDWT and resultant
is H.
(c) Add H and S, to get Dgs, as Dgs = H + Se.

4. Experimental results and discussion

In this section, experimental results with their performance
aspects are presented on some real SAR images in order to verify
the effectiveness of proposed algorithm. The real sample dataset
of SAR images shown in Fig. 1. Fig. 2 shows speckled SAR image
dataset at ¢ = 20. This sample dataset is made noisy by adding
speckle noise at various levels (¢ € 4,10,20, 30, 40).

Noisy SAR images are of size 512 x 512 used to verify the per-
formance of the proposed algorithm for the quantitative and qual-
itative evaluation. All experiment results are evaluated in MATLAB
version = 8.3, name = R2014a on Intel(R) Core(TM) i5-2410 M CPU
@ 2.30 GHz, 4 GB RAM and 64-bit operating system. System config-
uration is necessary to note down as the execution time of the pro-
posed algorithm will be compared to the other techniques on the
same system (Singh and Shree, 2017). Anisotropic total variation

(b)

and diffusion gives the best results in terms of visual appearance
as it restores the edges (Lee, 1980; Kumar and Diwakar, 2017).
For all the experiments, the window size is fixed for 3 x 3 but
No. of iteration, I is not fixed. I is tested from (1 — 10) and results
are presented on the best number of iterations.

In order to validate the proposed algorithm, the experimental
results are compared with the results of some well known stan-
dard filters and techniques, such as log compression filtering
method (Loizou et al., 2014), frost filter (Frost et al., 1982), kuan fil-
ter (Kuan et al., 1987), kuwahara filter (Hachimura et al., 1976), lee
filter (Lee, 1980), SRAD (Speckle Reduction using Anisotropic Diffu-
sion) (Yuand and Acton, 2002), and HFLF (Homomorphic Filering
with Log Function) (Loizou et al., 2014). The code of SRAD
(Yuand and Acton, 2002) is taken from Image Despeckle Filtering
Toolbox of (Loizou et al., 2014) available on the mathsworks web-
site (Image Despeckle Filtering Toolbox, 2014). The parameters
required are No. of iterations I, window size and lambda (time
step). I is the common parameter used in all the compared work,
window size is fixed to 3 x 3, used in (Hachimura et al., 1976)
and lambda [0.00 — 0.25] is used in (Yuand and Acton, 2002).
Except window size, all the other parameters are changed and
measured for values of best results. The experimental results are
performed at noise variance ¢ = 20.

4.1. SAR data

Here in the experiment, five different SAR images are taken of
different background nature to verify credibility of the proposed
algorithm. Original SAR image dataset in Fig. 1 is taken from
public access database (http://photojournal.jpl.nasa.gov/catalog/
PIA01763, http://eo.belspo.be/directory/SensorDetail.aspx?senID =
152 and http://www.sandia.gov/RADAR/imagery/). The real
speckled SAR image displayed in the Fig. 11 is taken from the
dataset of standard 512 x 512 grayscale test images available at
http://decsai.ugr.es/cvg/CG/base.htm. For easy understanding,
SAR images in Figs. 1d are denoted as SAR1, SAR2, SAR3 and

Fig. 2. Noisy SAR image data set ¢ = 20.
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SAR4, respectively. Apart from SAR images, speckle noise is also
seen medical images specially in ultrasound images.

4.2. Performance evaluation

In order to measure the accuracy of the proposed algorithm,
there are some commonly used performance metrics with-
references indexes of despeckling algorithms like, Root Mean
Square Error (RMSE), Signal to Noise Ratio (SNR), Peak Signal to
Noise Ratio (PSNR), Energy Signal-to-Noise Ratio (ESNR), Structural
Similarity Index Measure (SSIM), Edge Correlation (EC) index and
Pratts Figure Of Merit (FOM) (Argenti et al., 2013). Among these
metrics, mostly used measures are used like PSNR, SSIM, RMSE
and a new measure is used Universal Image Quality Index (UIQI)
to analyze the linear correlation, luminance and contrast of the
image. SSIM is used measure the similarity between denoised
image against reference image. It depends upon three terms, lumi-
nance, contrast and structural term. The overall index is a multi-
plicative combination of the three terms. SSIM is computed by,

(21,4, + C1)(20, + C2)
G2+ 12+ C)(02 + 03 1 Cy)

SSIM(X,y) = (13)

here p,, 1i,,0x,0y and gy, are the local means, standard deviation
images x,y. C;=(0.01«L)*> and
C; = (0.03 L)%, where L is the specified dynamic range value.
According to the literature (Li et al., 2013) its value lies between
—1 to 1, value near to 1 represents better image quality.

PSNR is one of the important performance metric in the case of
the denoising procedure. When the value of the PSNR is high, then
the quality of the denoised image is good, otherwise considered as
bad. PSNR is computed by:

and cross variance for

255 x 255
where Mean Square Error (MSE) is calculated as:
1 T ..
MSE = — -2 S0 X 0.4) = R(LJ)) (15)

RMSE also known as Root Mean Square Deviation (RMSD) is one
of the most widely used statistics in geographic information sys-
tem and remote sensing imagery. RMSE measures the error
between two images dataset comparing a despeckled image and
reference image. RMSE is mostly used in the performance evalua-
tion of geostatistical and remote sensing applications. RMSE is
evaluated as:

RMSE = vMSE (16)

UIQI performs the comparison between reference image and
despeckled image on the basis of: luminance, contrast, and struc-

tural components. UIQI is a simple and widely used metric that
counts only on first and second order statistic of the reference
and despeckled SAR images, but sometimes UIQI is considered as
a unstable measure as it doesnt correlate with subjective quality
assessment of image due to which a new metric is proposed called
as SSIM which is explained above and used in the work. UIQI can be
written as a product of three components:

_ Oy 2xy _ 20,0y
040y (5()2+07)2 0%+ 03

(17)

The first component is used to measures the degree of linear
correlation. The second component measures how close the mean
luminance is. The third component measures how similar the con-
trasts of the images are. The range of the three components is in
[0, 1]. Therefore, the final range of the UIQI is in between [0, 1].

4.3. Experimental evaluation and comparison

Figs. 3-10, show the results of log compression filtering, frost
filter, kuan filter, kuwahara filter, lee filter, SRAD, HFLF and pro-
posed algorithm respectively. There are certain measures for ana-
lysing the quality of despeckled SAR image through their visual
appearance such as, (i) presence of the artifacts; (ii) edge preserva-
tion; (iii) visibility of low contrast objects and (iv) texture preser-
vation, but there is no such mathematical formula or specific
process available to do so.

The performance measures(PSNR, SSIM, UIQI and RMSE) are
evaluated at different noise variances shown in Tables 1 and 2.
The best results are shown in bold. The computational time of
the proposed algorithm is shown in comparative Table 3. On
comparing Table 1-3, it is clear that the results of the proposed
algorithm are better than the mentioned standard methods.

Table 1, shows comparative table of various despeckling meth-
ods including proposed method based on PSNR and UIQI, while
Table 2, based on UIQI and RMSE. The results of kuan and kuwa-
hara filters shows the good performance results in terms of visual
appearance of image, but still presence of artifacts and slight dis-
turbance in edges is seen there. The proposed method shows the
best results among all the mentioned methods.

On applying all the methods on SAR1 image, it is observed that
at noise variance level 40, kuan filter shows the best results in
terms of PSNR, while in rest of the noise variances, proposed
method shows the best results. On SAR2 image proposed method
shows the best results in terms of PSNR and SSIM. On SAR3 image,
frost filter shows better results at low variance level i.e. 4 in terms
of PSNR. SRAD shows better results at variance level 20 in terms of
SSIM, while in rest cases in terms of PSNR and SSIM, proposed
method shows the best results as depicted in Table 1.

In SAR1 image, kuan filter shows good result at noise level 30
in terms of UIQI In SAR2 image, again kuan filter shows good

Fig. 3. Results of Log compression filtering.
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Fig. 6. Results of Kuwahara filter.

(a)

Fig. 8. Results of SRAD filter.
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S,

Fig. 9. Results of HFLF filter.

(b)

Fig. 10. Results of proposed algorithm

Table 1
PSNR and SSIM of despeckled SAR images.
PSNR SSIM

Image Noise Variance 4 10 20 30 40 4 10 20 30 40

SAR1 Log Compression 36.647 36.0538 34.9534 33.9844 33.1368 0.7186 0.7186 0.7106 0.7981 0.7589
Frost 43.112 41.4352 39.0494 36.8906 34.9803 0.9676 0.9472 0.9296 0.8761 0.8247
Kuan 42.4187 41.3284 38.6061 37.3362 37.1907 0.9404 0.9414 0.9597 09117 0.9205
Kuwahara 40.4171 39.4169 37.7651 36.4102 35.2912 0.9443 0.9282 0.9008 0.8756 0.8539
Lee 42.4187 41.1534 39.0061 37.3362 34.1907 0.9304 0.936 0.9297 0.9151 0.9005
SRAD 43.2369 40.9462 38.4532 37.9469 35.4101 0.9642 0.9543 0.8962 0.9001 0.8911
HFLF 38.5577 37.9848 36.7265 35.6321 34.7107 0.947 0.9276 0.8914 0.8573 0.8277
Proposed 43.7758 41.601 39.9001 38.4579 36.6709 0.9725 0.9691 0.9358 0.9229 0.9209

SAR2 Log Compression 36.1302 34.8258 32.9989 31.665 30.5224 0.9215 0.9016 0.8456 0.8035 0.7752
Frost 41.9545 38.2017 33.7232 31.5344 30.0437 0.9605 0.9202 0.8272 0.7562 0.7102
Kuan 33.5174 33.4021 32.7725 32.1921 31.4272 0.9643 0.927 09167 0.8901 0.885
Kuwahara 35.468 34.4955 32.9353 31.9244 30.8737 0.9405 0.907 0.8638 0.8334 0.8113
Lee 35.7995 35.5979 34.5047 33.667 32.6689 0.9644 0.9371 0.9248 0.8946 0.8851
SRAD 40.4123 39.4624 35.0432 33.9467 32.1256 0.9423 0.9231 0.9142 0.8991 0.8712
HFLF 34.6708 33.7066 32.3736 31.3879 30.517 0.9495 0.9021 0.8449 0.8016 0.7723
Proposed 42.7729 40.7504 37.0465 34.9169 32.8688 0.9749 0.9489 0.9252 0.9001 0.8914

SAR3 Log Compression 32.1007 31.5781 30.3034 29.8619 29.2327 0.8246 0.8274 0.7849 0.7512 0.7132
Frost 41.1252 36.4462 34.1957 32.0019 30.8811 0.9797 0.9344 0.8804 0.8258 0.7769
Kuan 36.125 35.4573 33.8029 34.1759 31.0092 0.926 0.9311 0915 0.8964 0.8864
Kuwahara 33.9882 33.4617 32.0788 31.6396 30.9167 0911 0.8965 0.8702 0.8498 0.8328
Lee 38.125 36.4763 34.1123 33.9769 30.1694 0.946 0.9211 0.9149 0.8925 0.8164
SRAD 29.0049 29.4843 32.2613 30.5044 30.2244 0.8848 0.9263 0.9846 0.8964 0.8764
HFLF 34.7756 34.0279 32.4083 31.8244 30.9849 0.9245 0.9009 0.8639 0.8325 0.8059
Proposed 39.2991 36.9472 34.3189 34.9939 31.1602 0.9808 0.9377 0.9211 0.9085 0.8957

SAR4 Log Compression 31.8743 31.8187 30.1481 29.2254 28.4631 0.7946 0.764 0.7177 0.6787 0.6522
Frost 36.8249 32.2271 31.1902 30.0011 29.004 0.8912 0.8783 0.8424 0.7692 0.7244
Kuan 32.6358 34.4218 31.5743 29.9742 28.9994 0.9002 0.9237 0.8295 0.7692 0.8504
Kuwahara 32.9419 32.3182 31.2995 30.0035 29.0091 0.8877 0.8713 0.8428 0.8147 0.8022
Lee 33.6358 33.1421 31.5743 29.3073 28.9461 0.9254 0.8759 0.8659 0.8564 0.8491
SRAD 31.1452 31.0094 30.4683 28.4321 26.4414 0.8843 0.8613 0.8015 0.7751 0.7561
HFLF 32.6814 31.1111 31.0843 30.0037 29.5014 0.8833 0.8592 0.8174 0.7837 0.7599
Proposed 36.9001 33.3331 31.9939 30.0272 29.9536 0.904 0.9244 0.8758 0.8655 0.8529
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Table 2
UIQI and RMSE of despeckled SAR images.
uIQl RMSE
Image Noise Variance 4 10 20 30 40 4 10 20 30 40
SAR1 Log Compression 0.7349 0.7009 0.6763 0.6505 0.6268 5.2637 5.6803 6.4474 7.2083 7.9472
Frost 0.9001 0.8743 0.8631 0.8319 0.7804 1.2712 1.8153 3.6273 5.1585 6.4275
Kuan 0.9051 0.886 0.8315 0.9151 0.8701 2.7083 2.8144 3.3632 3.8926 44414
Kuwahara 0.862 0.8568 0.8419 0.8258 0.8133 3.4102 3.8566 4.6645 5.4519 6.2015
Lee 0.8916 0.8863 0.8531 0.8452 0.8562 2.7008 2.8144 3.3632 3.8926 4.4498
SRAD 0.9004 0.8464 0.8345 0.8311 0.8312 0.9041 1.2352 1.3256 1.7432 2.4326
HFLF 0.8296 0.8168 0.7921 0.7676 0.7492 4.2242 4.548 5.2569 5.9628 6.6301
Proposed 0.906 0.8952 0.8761 0.8656 0.8758 0.0072 0.0094 0.0127 0.0151 0.0164
SAR2 Log Compression 0.8185 0.8447 0.8033 0.7704 0.7539 5.6305 6.5428 8.0744 9.4146 10.7383
Frost 0.8715 0.8264 0.8001 0.7328 0.7006 2.0386 4.4358 7.4284 9.5572 11.3467
Kuan 0.8115 0.9243 0.8003 0.8124 0.8148 7.6065 7.7081 8.2877 8.8604 9.676
Kuwahara 0.8615 0.8447 0.8204 0.8008 0.7902 6.0766 6.7964 8.1337 9.1377 103127
Lee 0.8156 0.8248 0.8248 0.8348 0.8153 5.849 5.9868 6.7892 7.4766 8.3871
SRAD 0.8123 0.8001 0.8002 0.8124 0.8227 0.8461 1.2034 2.1234 2.9846 3.1456
HFLF 0.8401 0.8036 0.769 0.7411 0.7276 6.6606 7.4426 8.6772 9.7198 10.745
Proposed 0.8773 0.8458 0.8384 0.8399 0.8228 0.0072 0.0116 0.0157 0.0201 0.0227
SAR3 Log Compression 0.8021 0.7805 0.7524 0.7295 0.7132 8.954 9.5093 10.5374 11.5867 12.4573
Frost 0.9074 0.8946 0.8838 0.8376 0.7962 2.5165 4.0846 6.7316 8.6661 10.3039
Kuan 0.8962 0.8896 0.8846 0.8766 0.8562 4.4751 4.8327 5.5914 6.4037 7.1715
Kuwahara 0.8856 0.8776 0.8617 0.848 0.8372 7.2052 7.6554 8.5894 9.4422 10.2617
Lee 0.8664 0.8567 0.8434 0.8764 0.8264 4.4751 4.8328 5.5945 6.4307 7.1715
SRAD 0.8846 0.9061 0.8912 0.8641 0.8162 12.7882 12.1016 8.4109 10.7605 6.1712
HFLF 0.8919 0.8723 0.8467 0.8227 0.8055 6.5805 7.1723 8.2697 9.2438 10.1815
Proposed 0.9079 0.9016 0.8921 0.8804 0.8737 0.0153 0.0178 0.0215 0.0245 0.0277
SAR4 Log Compression 0.7412 0.7193 0.6882 0.6611 0.6502 9.1905 9.9473 11.2113 12.4678 13.3374
Frost 0.8611 0.8179 0.8516 0.7893 0.7544 2.9229 4.9625 7.8985 10.194 11.8836
Kuan 0.8512 0.8934 0.932 0.7896 0.7942 4.2195 4.825 6.0026 10.195 7.7929
Kuwahara 0.8562 0.8145 0.8439 0.8261 0.8156 8.1275 8.7326 9.8193 10.9531 11.9014
Lee 0.8612 0.8611 0.8421 0.8166 0.7944 42195 4.8254 6.0026 6.9453 7.7929
SRAD 0.8441 0.8292 0.8041 0.776 0.7599 2.2951 3.1375 3.9467 4.6742 5.9919
HFLF 0.8572 0.839 0.8075 0.7833 0.7667 8.375 8.9423 10.0656 11.1012 12.0777
Proposed 0.8681 0.8648 0.8521 0.8457 0.8375 0.0218 0.0241 0.0282 0.0315 0.0348
Table 3
Execution time of different despeckling techniques (in seconds).
Method Log Compression Frost Kuan Kuwahara Lee SRAD HFLF Proposed
Time 2.0034 17.5055 24.6968 25.0012 36.612 41567 1.7898 3.2136

result at variance level 10 in terms of UIQI. In SAR3 image, SRAD
method shows better result at variance level 10 in terms of UIQI.
In SAR4 image kuan filter shows good result at noise variance
level 10 and 20 in terms of UIQL. On comparing kuan and pro-
posed method in terms of UIQI, the proposed method is better
in 80 percent of the cases while kuan shows best results in
almost all the rest cases. The result of proposed method are
far better than other methods in terms of RMSE. RMSE value
should be as low as possible and RMSE value of the proposed
method is evaluated very low than others, thus PSNR also shows
better results.

In terms of texture and edge preservation kuan, kuwahara and
SRAD filter shows the better results, small objects are retained
properly and not over smoothed over the homogeneous areas. In
SAR4 image, the edges are well preserved by above three methods.
Log compression and HFLF does not provide good results as edges
gets distorted specially in the SAR1 image and smoothing is also
not performed properly as speckle noise can be observed in the
results on zooming the images. Frost filter performs better than
lee filter, although the results of both methods are satisfactory
but still there is a blurriness which can be seen in SAR1 and
SAR2 image, but in rest two images results are better.

The Fig. 11 shows the analysis and comparison of proposed
method and other compared methods and filters on the real speck-
led SAR image. This figure shows the result of the proposed method
on uncorrelated speckle noise, as in the Fig. 11, the distributional
behavior of the speckle can be analyzed and known but the degree
of noise variance in the image cannot be estimated. Hence it is a
tricky task to despeckle the real noisy SAR image, but still the pro-
posed method shows comparatively good result among the other
methods and filters.

On analysing the results of proposed method in SAR1 image,
small objects are preserved, details are not blurred and texture is
also preserved over homogeneous areas without inclusion of any
artefacts. In SAR2 image, edges are well preserved and the visual
appearance of the SAR3 and SAR4 image are best among all meth-
ods in respect of all parameters. This result shows that this exper-
imental method can be used in various applications like wave
forecasting, marine climatology, regional ice monitoring, and ship
detection in the coastal regions, while the results of the SAR1,
SAR3 and SAR4 of earth’s land terrain area shows that it can also
be used in field of agricultural and tropical forest monitoring.

Performance percentage of the proposed method is evaluated
using all the results at different noise variance cases of
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(f)

Fig. 11. Analysis on real speckled SAR image: (a) real speckled SAR image; (b) result of log compression; (c) result of frost; (d) result of kuan; (e) result of kuwahara; (f) result

of lee; (g) result of SRAD; (h) result of HFLF; and (i) result of proposed algorithm.

performance metrics in the Table 1 and 2. There are 20 cases each
for every metrics. There are 4 metrics evaluated. Therefore there
are total 80 cases, over which the proposed method is compared
with other standard work. Out of 80 cases, the proposed method
shows better results in 71 cases. So, the performance percentage
of the proposed method is 88.75 percent.

In order to visualize the performance of the algorithm over
the real SAR dataset at different classification of the noise vari-
ances (o €4,10,20,30,40), a concept of confusion matrix
(Semwal et al,, 2015; Semwal et al., 2015) is used to evaluate
the performance and also provides the detailed statistical learn-
ing (Singh et al., 2016) at all discussed noise variances in Table 1
and 2. The training images used are the ones shown in Fig. 1 and
are corrupted with speckle noise at above defined noise vari-
ances. In order to test this classifier performance, the confusion
matrix (Semwal et al.,, 2016) is evaluated as shown in Fig. 12.
The major diagonal depicts the percentage of speckled image
and not speckled image correctly detected by the proposed
method. The secondary diagonal shows the false positives and
false negatives.

Real
Image
Speckled Not Speckled
SPECKLED SAR
IMAGE
Speckled CORRECTLY FALSE POSITIVE
DETECTED
Denoised
Image
NorMAL SAR
IMAGE
Not FALSE NEGATIVE CORRECTLY
Speckled DETECTED

Fig. 12. Confusion matrix.

Now the proposed algorithm is checked at (¢ € 4, 10,20, 30, 40)
using all four performance metric values used in Tables 1 and 2 and
evaluates the performance percentage of the proposed approach
while comparing with other mentioned methods and filters. A
Table 4 is created using the concept of confusion matrix where
the performance percentage is evaluated using metrics values at
different noise levels. The table is divided into two major cate-
gories, first is Algorithm Best Performance Percentage (ABPP) and
second is Algorithm Not Best Performance Percentage (ANBPP).
ABPP depicts that percentage when proposed method shows the
best result among other methods and filters. ANBPP shows that
percentage where other methods and filters overcome the pro-
posed method. The false negative and false positive comes under
the category of ANBPP. The ABPP shows the performance percent-
age at different noise variance level. Using this analysis, average of
ABPP can be calculated to define whole sole performance percent-
age of algorithm which is equivalent to 91.25 according to confu-
sion matrix.

Apart from evaluating an denoised image based on visual
appearance and performance metrics, computational time of the
algorithm is also one important factor. The execution time of all
despeckling algorithm involving proposed method is shown in
the Table 3. It can be observed from the Table 3 that the proposed
method takes comparatively less computational time than frost,
kuan, kuwahara, lee and SRAD but slightly more time than log
compression and HFLF. Although the computational time is slightly
more than log compression and HFLF, but still proposed method
presents the result far better than these two. So, the less time
doesn’t underrates the proposed method. The computational time

Table 4
Computing performance percentage of proposed method on comparing with different
methods and filters.

Algorithm % Noise variance % ANBPP % ABPP
Proposed Algorithm 4 12,5 87.5
10 6.25 93.75
20 12.5 87.5
30 6.25 93.75
40 6.25 93.75
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of the algorithm depends upon the number of iteration involved in
the execution. So, it is better to check the algorithm at maximum
number of iterations and then later resolve the issue by fixing
the values of inner parameters to perform the proposed method
iteratively. The results may be gets changed by changing the inner
parameter values of the proposed method.

For critically analysing the proposed method, Fig. 13 shows the
intensity profile of line on the SAR1 image. Fig. 13 critically analy-
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ses and compares the proposed method with the standard work.
The accurate overlapping of two waves shows that proposed
method delivers the best result. The method is further analysed
by drawing the histogram of full reference image and despeckled
image on the same plot in Fig. 14. Again overlapping of two his-
togram is shown at different noise levels to check the impact of
proposed method. It can be seen that at noise variance = 40, the
method shows good result.
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Fig. 13. Intensity profile of a line on SAR1 image. In each plot, the noise free intensity profile is plotted in red and despeckled profile is plotted in blue. For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.
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Histogram of Reference Image and Despeckled Image(Noise Variance=4)
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Fig. 14. Histogram of reference image and despeckled image at different noise variance level on SAR2 image using proposed method, in each plot reference image is plotted in
red and despeckled image is plotted in blue. For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.

5. Conclusion

In this article, a new homomorphic scheme is developed to des-
peckle the SAR images using anisotropic diffusion. The unfiltered
part of the despeckled image is restored using the concept of
method noise thresholding. The performance of the proposed
method is evaluated by analysing the defined parameters of visual
appearance and with different metrics such as PSNR, SSIM, UIQI
and RMSE. The performance and computational time of the pro-
posed method is compared with some standard filters and meth-
ods using confusion matrix. The proposed method is applied and
tested on correlated speckle noise as well as uncorrelated speckle
noise on the real dataset of SAR images. From the critical compar-
ative analysis, it can be said that proposed method recovers the
speckled image edges and structures of the SAR image. No visual
artifacts are generated during the process. The proposed method
has the potential ability to be used in various practical applications
of SAR images.
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This paper presents a new technique for despeckling of Synthetic Aperture Radar (SAR) images using a
local correlation based fusion of high-frequency coefficients in Discrete Wavelet Transform (DWT) with
method noise thresholding. The decomposition level is decided by analyzing the texture of the input
image at each level by calculating entropy. The core idea of the proposed technique lies in the selection
of decomposition level in 2D-DWT based on entropy parameter and on the fusion of high-frequency coef-
ficients. On decomposition, the low-frequency coefficients remain untouched and the high-frequency
coefficients are thresholded using two different shrinkage rules. Therefore the Bayesian and Bivariate
shrinkage methods are applied to the high-frequency coefficients. After performing two different thresh-
olding methods, the improved high-frequency coefficients are fused using local correlation based strat-
egy. The threshold value is calculated by correlation strategy. Later the correlation coefficient (CC) is
evaluated between the two improved high-frequency coefficients. The CC is now compared with the
threshold value for the fusion purpose. On the basis of defined fusion strategy, the average and maximum
operation are applied to perform the fusion of high-frequency coefficients. The despeckling scheme is fol-
lowed by method noise thresholding in order to preserve the fine details of the image. The performance of
the proposed method is assessed using metrics such as Signal-to-Noise Ratio (SNR), Peak-Signal-to-Noise
Ratio (PSNR), Structural Similarity Index Metric (SSIM) and visual appearance of the despeckled image.
The experimental results demonstrate the effectiveness of proposed work over prior works on SAR image
despeckling.
© 2018 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

arbitrary constructive and destructive noisiness that results into
granular pattern on captured SAR image. This granular pattern of

Image restoration is one of the most investigated fields of image
processing where the original image is recovered from the noisy
image. In this research work, image restoration is done on SAR
images. SAR is one form of radar that is fixed on the satellites
and aircrafts that captures the high-resolution images of large area
of the earth surface from different view angles. SAR images are
formed by the consistent interaction of the emitted microwave
radiation with target areas. This consistent interaction originates
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E-mail address: prabhisheksingh88@gmail.com (P. Singh).
Peer review under responsibility of King Saud University.
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noise is known as speckle noise. This noise is multiplicative in
nature. A granular pattern of speckle noise in the SAR image
corresponds to the “salt-and-pepper” kind of noisy effect
(Bhattacharya; Guozhong and Xingzhao, 2005). The granular pat-
tern of speckle noise is the interference or fading pattern. The
intensity distribution is called the speckle pattern. Speckle is the
scattering phenomenon but not the noise (Lopez-Martinez,
2013). The consistent interaction of high-frequency radar waves
with a complex set of scatterers are possibly the restrictive aspect
of SAR processing system design and application. Fig. 1(b) shows
the classical speckle pattern (Singh and Shree, 2017a). In the SAR
image processing, the multiplicative nature of speckle noise is
modeled in Eq. (1) (Saevarsson et al., 2004). Let I (i,j) is the
degraded pixel of an observed SAR image with the pixel coordinate
(i,j), where the SAR image is assumed as average of L looks and
S(i,j) be the speckle-free SAR image that is to be recovered.

1319-1578/© 2018 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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(a)

Fig. 1. (a) Real speckled SAR image (b) Classical speckle pattern.

Iu(i,j) = S(i.J) * Nu(i.J) (1)

In Eq. (1), N.(i,j) depicts the uncorrelated multiplicative speckle
component with unit mean and variance v and L looks (Gao, 2010).
An inherent characteristic of SAR images is the presence of speckle
noise. Speckle noise is random and deterministic in an image.
Speckle has a negative impact on SAR images. Fig. 1(a) depicts
the real SAR image.

The sample mean and variance of a single pixel are equal to the
mean and variance of the local area (Garg and Kumar, 2012). The
points where the interference is constructive are the bright points
and the points where the interference is destructive are dark points
(Lopez-Martinez, 2013). The statistical properties of a speckle pat-
tern depend on two factors: first on the coherence of the incident
light and secondly on the statistics of the scattering surface
(Dainty, 1976). It is recognized (Ulaby et al., 1986; Oliver and
Quegan, 1998; Walessa and Datcu, 2000) that the perceived inten-
sity of an L-look SAR image conditioned on the underlying reflec-
tivity is gamma distributed (Escamilla and Méndez, 1991; Intajag
and Chitwong, 2006). The speckle noise follows gamma distribu-
tion (Gao, 2010) which is shown below:

L jL-S
P(11S) = (g) ﬁe’% (2)

Under this model, the multiplicative noise is also gamma dis-
tributed (Intajag and Chitwong, 2006; Oliver and Quegan, 1998) .
Here, the speckle is treated in a single image as a multiplicative
procedure, and the speckle noise probability density function
(PDF), Ny, from Eq. (1) is added with gamma distribution Eq. (2).
The expected value (E) and variance (V) of N; are conveyed by
moment technique i.e. E(N;) =1 and E(N;, = 1 + 1/L, respectively.
The single-look amplitude has a Rayleigh (Oliver and Quegan,
1998) distribution; the single-look intensity has a negative expo-
nential distribution (Oliver and Quegan, 1998) with unit mean;
the multi-look amplitude has a square root Gamma distribution;
the multi-look intensity has a Gamma (or Nakagami-Gamma)
(Oliver and Quegan, 1998; Moser et al., 2006a,b; Goodman, 1975)
distribution with unit mean (Gao, 2010).

The SAR image despeckling methods come under three cate-
gories: Bayesian methods in the spatial domain, Bayesian methods
in the transform domain and non-Bayesian approaches. The stan-
dard and traditional filters for despeckling in the ground of SAR
imagery lies under the category of Bayesian methods in the spatial
domain. Some of the effective standard works are Frost filter (Frost
et al., 1982), Kuan filter (Kuan et al., 1987); Kuwahara filter

(Kuwahara et al., 1976; Kyprianidis et al., 2009) , Lee filter (Lee,
1980, 1981), Mean filter (Acharya et al., 2005) and Median filter
(Jain, 1989). These works were obtained by making suppositions
on the statistical characteristics of reflectivity and speckle, e.g.,
pdf and autocorrelation function (Argenti et al., 2013).

In recent times, the theory of least square fidelity minimization
(Yan and Lu, 2011a,b, 2012, 2015) is also prevalent to eliminate the
noise from images. In order to reduce the least square fidelity term,
many regularization functions were examined such as anisotropic
diffusion and total variation (TV) approaches. The anisotropic dif-
fusion based methods were projected to improve the fine details
of the images by preventing the diffusion at the edges, but it
blurred the speckled edges (Catté et al., 1992; Esedoglu and
Osher, 2004). In parallel with anisotropic diffusion (Yu and
Acton, 2004; Perona and Malik, 1990; Weickert, 1998); TV-based
regularization was projected to overcome the smoothness in
denoised images (Diwakar and Kumar, 2018). From the past liter-
ature, it is observed that TV-based approaches achieve better
results in terms of noise reduction, but it had a difficulty of unde-
sirable stair-artifacts (Chambolle and Pock, 2011; Rudin and Osher,
1994; Vogel, 1995; Vogel and Oman, 1996). The benefits of TV and
anisotropic diffusion were united to recover the disadvantages of
TV method and this grouping is called as anisotropic total variation
method (Cai et al., 2009a; Diwakar and Kumar, 2018). Speckle
Reduction using Anisotropic Diffusion (McConnell and Oliver,
1994) exploits sudden occurring coefficient of variation. It shows
improved outcomes than conventional approaches in the terms
of variance minimization, mean preservation and edge localization.
The Speckle Reducing Anisotropic Diffusion (SRAD) (Yu and Acton,
2002) established the landmark method of despeckling using ani-
sotropic diffusion by authenticating the new algorithm using both
synthetic and real linear scan ultrasonic imagery of the carotid
artery enhancing the detailed information of the image, mainly
edges. The work presented in (McConnell and Oliver, 1994) and
(Yu and Acton, 2002) shows better results in the terms edge and
texture preservation and also in visual quality appearance but
the speckle reduction in the homogeneous regions is not satisfac-
tory which causes non-uniformity in that area. Lei Zhu (Zhu
et al., 2014) introduced a recognized detail-preserving anisotropic
diffusion (IDPAD) for despeckling speckled SAR image that under-
goes from reduced despeckling presentation mainly at the edges
and serious blocking artifacts in uniform areas.

Yao Zhao (Zhao et al., 2015) proposed a dual-formulation-based
Adaptive TV regularization scheme which is implemented to
explain the TV Regularization. The parameter adaptation of the
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TV regularization is grounded on the noise level assessed via wave-
lets. The work presented shows a great advancement than the pre-
vious standard total variation method in terms of speckle
reduction in the homogeneous areas and detail preservation in
the heterogeneous areas, but still generation of blocky artifacts is
observed. Rudin-Osher-Fatemi (R.O.F.) model (Rudin et al., 1992)
was suggested to offer the smooth and denoised images using TV
approach by L2 norm fidelity optimization. Rudin (Rudin et al.,
1992) also argued on the problems like non-linearity and non-
differentiability which causes a computational error. Later, R.O.F.
model was improved to avoid problems like non-linearity and
non-differentiability and enhanced the performance of image
denoising (Chambolle, 2004). A non-differential TV method was
familiarized using Bregman iteration and it achieves its goal by
reducing the problems like non-linearity and non-
differentiability. Later, the Bregman iteration was enhanced by
applying linearization function (Goldstein and Osher, 2009). Later
the work (Goldstein and Osher, 2009) was again stretched to
diminish the L1 regularization by familiarizing Split Bregman tech-
nique (Deng et al., 2011; Li et al., 2012; Osher et al., 2005; Wotao
et al., 2008). Lately, many approaches (Cai et al., 2009a,b,c; Candes
et al., 2008; Chen et al., 2015) have been projected via Split Breg-
man technique by changing norms as well as regularization terms.
A number of authors also suggested the mixed models such as L2-
L1 (Lou et al., 2015; Zibulevsky and Elad, 2010). These mixed mod-
els are focused on higher degree based image denoising (Hu and
Jacob, 2012) and gradient-based algorithms for constrained total
variation (Beck and Teboulle, 2009). These mixed models show
better results than the classical TV method and some of the stan-
dard methods, but still, self-generated artifacts can be seen near
the noisy edges. To solve this problem, a technique (Sun et al,,
2015) was projected grounded on exponentially TV method. Fur-
ther, image denoising was performed by Split Bregman using expo-
nential TV function. This technique offers improved noise decrease.
In recent times, the TV techniques were enhanced such as coeffi-
cients driven based TV (Guozhong and Xingzhao, 2005), non-
negativity constrained based TV (Osher et al., 2005), to reduce
the noise from the noisy images.

The Nonlocal means filters (NLM) filter keeps updating the pixel
by a weighted average of the pixels judged to be most similar
where neighborhood comparisons are done within a specified
search window (Diwakar and Kumar, 2018). The NLM filter deliv-
ers a decent outcome in terms of speckle reduction and preserving
fine details of the image (Diwakar and Kumar, 2018). In recent
years, The NLM (Buades et al., 2005) filter is very prevalent in
the field of image denoising. Sara Parrilli (Parrilli et al., 2012) pre-
sented a despeckling scheme based on non-local filtering and
wavelet shrinkage using probabilistic similarity measure. The
results are with consistent PSNR values that show better texture
preservation and speckle reduction. Also, the technique has the
capacity of better smoothing in the homogeneous areas. The other
effective non-local filtering based Bayesian framework is presented
in the (Kervrann et al., 2007) which is tested on both the ultra-
sound (Coupe et al., 2008) as well as SAR images (Zhong et al.,
2011). These works present the effectiveness of non-local mean fil-
tering in the domain of despeckling in terms of speckle reduction
and maintaining the smoothness in the uniform areas.

The despeckling techniques under homomorphic filtering are
effective and highly adaptive. They are easy to understand and
implement due to the application of a log and exponential opera-
tions. It simplifies the despeckling approach by allowing the use
of any additive restoration models in the SAR image despeckling.
This is the main reason of high popularity of homomorphic filtering
in SAR image despeckling field. The non-homomorphic despeckling
methods are also effective and adaptive but still less in use due to
its high complexity in understanding and implementation; hence

the literature available of non-homomorphic despeckling methods
is less in comparison to the homomorphic despeckling methods
(Argenti et al., 2013). The available literature shows the Bayesian
methods in transform domain demonstrates improved outcomes
than Bayesian methods in the spatial domain (Argenti et al.,
2013). There are some non-Bayesian methods that also show better
results similar to Bayesian methods in the transform domain
(Argenti et al., 2013). The homomorphic filtering (Gagnon and
Jouan, 1997; Hervet, 1998) is used to convert the multiplicative
nature of speckle noise into additive nature using log operations.
This simplifies the despeckling procedure and also opens the area
of research in various dimensions.

In (Singh and Shree, 2017), a homomorphic method is proposed
using method noise thresholding where anisotropic diffusion is
applied as a pre-processing step using db2 based 2D-DWT. Median
and Wiener filters are used on the approximate part of the image to
remove blurring. Method noise thresholding is applied as the post-
processing step in the despeckling process that processes the unfil-
tered part of the despeckled image. This work shows best results in
terms of speckle reduction, edge preservation and removing the
blurry areas but still there is a scope of improvement by the intel-
ligent use of method noise. Manoj Diwakar (Diwakar and Kumar,
2014) proposed a noise reduction method to enhance the image
quality using adaptive Wiener filtering and Wavelet Packet Thresh-
old algorithm. The work is effective to remove the blurring but still,
some high contrast and high textured areas are unprocessed.
Sonam and Manoj Kumar (2017) proposed a local correlation and
directive contrast-based image fusion technique using Discrete
Wavelet Packet Transform where low-frequency coefficients are
fused using local correlation. The work shows the effective method
of fusing the low and high-frequency coefficients. Manoj Diwakar
(Kumar and Diwakar, 2016) proposed a two-phase denoising
scheme, firstly denoising using wavelet thresholding followed by
its method noise thresholding and second phase consists of aggre-
gation in the wavelet domain, the presented work is highly effi-
cient in detail preservation but the two-stage process makes it
computationally costly. Here author proposed an effective applica-
tion of method noise. Heng-Chao Li (Li et al., 2013) proposed a new
Bayesian multiscale technique for speckle reduction of SAR images
in the non-homomorphic agenda. In order to handle multiplicative
speckle noise, linear decomposition is used for speckle contribu-
tion. Later in SWT, a two-sided general Gamma distribution is
familiarized as an earlier phase to handle the heavy-tailed nature
of wavelet coefficients of the speckle-free reflectivity. The used
shrinkage rule performs thresholding on the diagonal component
of the image which causes the horizontal and vertical component
to be unfiltered so there is a high scope for improvement in the
denoising process. R. Sethunadh and T. Thomas (2014) presented
a new adaptive SAR image despeckling procedure in the spatial
domain by using statistical interscale dependency of the direction-
let transform coefficients; the work is highly efficient in preserving
the high textured region. ]J. Jennifer Ranjani and S. ]J. Thiruven-
gadam (2010) presented a dual-tree complex wavelet transform
based SAR image despeckling using interscale dependence. This
technique employs maximum a posteriori estimator in the frame-
work. This work is better in suppressing the speckle noise in the
uniform areas and has better edge preservation capabilities. Bin
Xu (Xu et al., 2015) proposed despeckling method grounded on
patch ordering and transform-domain filtering. Log transform with
bias correction is implemented on SAR image to transform the nat-
ure of speckle from multiplicative to the additive. The proposed
technique has very robust speckle reduction capability and execu-
tion time of the planned scheme is also suitable for applied appli-
cations of SAR image processing.

This article proposes a new method noise thresholding based
SAR image despeckling technique based on dual wavelet shrinkage
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rule using a local correlation based fusion of high-frequency coef-
ficients. The dual thresholding is applied in parallel using Bayesian
and Bivariate shrinkage rule on the detailed part of the speckled
SAR image. The Bayesian method evaluates different threshold
value for each decomposition level and therefore is subband
dependent, while bivariate shrinkage rule uses the parent and child
wavelet coefficient for evaluating the threshold value. The Baye-
sian approach works better at smoothing the flat regions while
the bivariate approach is better at smoothing the edge part. The
parallel filtered detailed part (by Bayesian and Bivariate shrinkage
rule) of the SAR image are fused using local correlation strategy
which is grounded on ‘avg’ and ‘max’ operations. The decomposi-
tion level is decided by the entropy metric depending on the tex-
ture of the SAR image. The proposed scheme is compared with
some of the latest works of Bayesian (Li et al., 2013) and Bivariate
(Sethunadh and Thomas, 2014) thresholding, anisotropic diffusion
(Zhu et al., 2014) and total variation method (Zhao et al., 2015).

The article is organized into five sections. Section 2 briefly
describes the homomorphic filtering with DWT, wavelet thresh-
olding using Bayesian shrinkage and bivariate shrinkage rule,
method noise thresholding and entropy based wavelet decomposi-
tion. Section 3 presents the proposed flowchart and step by step
procedure of the proposed despeckling scheme. Section 4 shows
the experimental results and statistical analysis of work and Sec-
tion 5 concludes the article with a future scope.

2. Background
2.1. Homomorphic filtering and discrete wavelet transform

Speckle noise is multiplicative in nature. The homomorphic fil-
tering is applied to convert the multiplicative nature of speckle
noise into additive. It transforms it into additive noise. Most of
the effective image restoration models available works on the
additive noises. In order to use these additive restoration models,
homomorphic filtering is applied. The log and exponential trans-
form are the operations that are used for the purpose of multiplica-
tive nature conversion. The log transform converts multiplicative
speckle noise into additive noise and after the despeckling process,
the exponential transform is applied to perform the reverse-log
operation.

Wavelets are most commonly used the mathematical function
in image denoising. DWT provides the transformation of the image
from the spatial to the frequency domain (Singh and Shree, 2016a).
2D-DWT corresponds to multi-resolution approximation expres-
sions. On applying DWT, it transforms the speckled image into four
parts: appropriate part (LL) and detailed part (Vertical Noisy Coef-
ficients (LH), Horizontal Noisy Coefficients (HL) and Diagonal Noisy
Coefficients (HH)). The approximate component is the low-
frequency coefficient while the detailed part is the high-

the DWT decomposition of the speckled SAR image up to level-2
(Singh and Shree, 2016Db).

The LL component is used for further decomposition or other
smoothing processing as it has important information of SAR
images like the texture and it has less speckle distribution. The
LH, HL and HH components have vertical, horizontal and diagonal
statistics of an input SAR image (Singh and Shree, 2017a). The
input SAR image can be remodeled by considering only LL band
image and neglecting other unimportant information from other
components.

The only drawback of 2D-DWT is that on applying DWT on the
image, at every level it reduces the size of the image to half of the
previous level as shown in Fig. 3. This causes loss of information.
The article evaluates the loss of information during decomposi-
tions and decides the best decomposition level using entropy cal-
culation at each band level using specified formula mentioned in
the next sub-section (See Fig. 4).

In order to apply DWT in image denoising, there are certain
parameters which need to fix. Firstly the wavelet family basis is
desired to be preferred for every decomposition layer like db2,
haar, sym etc. Secondly, appropriate n-level decomposition is
required to be decided. According to the available literature, most
of the time in image denoising, the image is decomposed up to a 3—-
5 level which is considered as the best decomposition but in real-
ity, there is a loss of information at each decomposition (Singh and
Shree, 2017b). This loss of information is needed to be evaluated
which should be the considered as a decisive parameter for the
exact decomposition level. The article has decided the entropy as
a decisive parameter for setting up the decomposition level.
Wavelet-based denoising is performed by following three steps:

Step 1: Perform DWT on input speckled SAR image to obtain
approximate and detail parts.

Step 2: Perform the denoising using following steps:

i. Estimate noise variance.
ii. Calculate threshold.
iii. Apply thresholding on detail parts.

Step 3: Apply inverse DWT to obtain final despeckled SAR
image.

2.2. Wavelet thresholding using Bayesian shrinkage rule
The threshold / is evaluated using below equation,

-@

The noise variance is estimated using robust median estimation
method (Abramovich et al., 1998) as follows:

frequency coefficient. The major image information is present in -
the detailed part as high-frequency corresponds to noise and also Input SAR image
to edges. This settles in processing the heterogeneous areas of 512x512
the image on priority for better detail preservation. Fig. 2 shows \l/
DWT
LL2| HL2 HL1
Speckled LL1 HLI1
SAR _ LH2| HH2
Image LL LH HL HH
LHL ~ HHI LHI HHI 256x256 256x256 || 256x256 || 256x256

Fig. 2. 2D-DWT decomposition up to two level.

Fig. 3. Frequency band decomposition using DWT.
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Fig. 4. Flowchart of proposed despeckling method.
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where, X(x,y)€eLH,, X(x,y)eHL,and X(x,y)eHH;, and L is decomposi-
tion level. The standard method works only on the HH;, but in the
proposed work, it is applied to all the detail components
(LH.,HL;,HH;). The standard deviation of noise less image (oy) is
calculated using:

&% = max(c} — 03.0) (5)

where, 6% =137 X7, and c is the patch size of the input image.
Thresholding can be done either by hard and soft thresholding.
The proposed method uses soft thresholding. It is equated as:

ifIX| < 7

iFIX] > ©)

V= {{signooaxw - )

2.3. Wavelet thresholding using Bivariate shrinkage rule

To despeckle the high frequency coefficients, a Bivariate shrink-
age function is performed using adaptive thresholding. Suppose,
by, signifies the parent of by, (by, is the wavelet coefficient at

the identical location as the pth wavelet coefficient byp, but at
the next coarser scale). Then

ayp = blp + My

aZp = b2p + n2p (7)

where, a;, and a;, are speckled wavelet coefficients, by, and by, are
speckle less wavelet coefficients and ny, and ny,, are additive noise
coefficients. Eq. (7) can be re-written as:

ay = by +n, 8)

where, b, = (byp, bap), ap = (a1p, azp) and np, = (nyp, Nap). To despeckle
the high frequency coefficients, Bivariate shrinkage rule (Chang
et al., 2000) can be conveyed as:

(Mﬁ + a3 —A>+
2 p 2p P
b]p = > > .al,, (9)
\/ alp + a2p

The function (z), is well-defined as:

0, ifz<O
@. N_{z, ifz>0

(10)

The term X, in Eq. (9) is the threshold for the pth coefficient, cal-
culated as:

_V3a;

A
p
Op

(11)

To calculate the noise variance ¢2 from the noisy wavelet coef-
ficients, a robust median estimator is used from the finest scale
wavelet coefficients (LH, HL and HH subbands) stated in the Eq.
(4) and marginal variance of Jﬁ for each wavelet coefficient can
be estimated as:

57 = (6%, - o) (12)

where, (fgpis the marginal variance for noisy coefficients of a;, and
azp. Since, a;, and ay, are modeled as zero mean, 6, can be esti-
mated as:

52 _ 1 2
% = I5p)] 2 (13)

a;€S(p)

where, |S(p)| is the size of the neighborhood S(p).
2.4. Method noise thresholding

The difference between the noisy image and denoised image
shows the noise removed by the algorithm, which is called as
method noise (Kumar, 2013); (Shreyamsha Kumar, 2013) . Let
say, S is the noisy image and after denoising it, we get D as the final
denoised image. Now mathematically F is evaluated by F =S — D.
Now F contains the noisy residual part which is unfiltered, so fur-
ther, any denoising scheme can be applied to it like thresholding or
filtering. After denoising F, let say S’ is achieved. Then S" =S’ + D is
performed to get the final denoised image, S” which contains the
lowest noise (Kumar and Diwakar, 2016; Buades et al., 2004;
Zhang, 2016). The proposed method implements the method noise
thresholding as the post-processing step.

2.5. Entropy-based wavelet decomposition

The 2D-DWT is applied to the log-transformed speckled SAR
image up to level n depending on the measurement of texture
using entropy parameter for best results. The entropy (E’) is used
for deciding the decomposition level which is an arithmetical
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parameter of measuring the uncertainty of pixel values that can be
used to illustrate the texture of the input image (Diwakar and
Kumar, 2014).

On the every next decomposition level (n), E’ is evaluated for
the parent and child node. The higher value of E’ of parent node
than the child node indicates the presence of information in the
image which requires next decomposition for detail preservation.
This process continues until the above condition fails. This process
of setting the decomposition level gives the best outcome in terms
of detail preservation. E’ is formulated as,

E'=-) Pilog,Pi (14)
i

3. Proposed methodology

The despeckling technique is tested on the real speckled SAR
images and simulated speckled classical images. The assessment
of the image quality is performed by comparing the despeckled
image with the reference image. The simulation is performed by
adding the speckle noise in the classical image. The speckle distri-
bution in the real SAR data is unknown but in simulated classical
images, the speckle noise is uniformly distributed. A dual
wavelet-based global thresholding rule is executed in parallel
(Bayesian and Bivariate shrinkage rule) using local correlation
based fusion strategy.

Step 1: The speckled SAR image is multiplicative in nature. Nat-
ural log transform is applied to convert this multiplicative nature
to the additive. Let the speckled SAR image is S.

Step 2: Entropy-based Wavelet Decomposition to n-level

The entropy-based wavelet decomposition level is decided by
following steps:

A: Firstly apply 2D-DWT on the image and set the maximum
number of levels.

B: Perform decomposition into four components (LL, LH, HL,
HH) for each level.

C: Compute the entropy of each component (LL, LH, HL, HH) for
each layer using Eq. (14) and then calculate average entropy
value (AEV) for each layer by,

(15)

AEV — (E’(LL) +E(LH) + E'(HL) + E’(HH)>

4

D: In top-down approach manner, check the AEV,
i. if (AEV(parent node) > AEV(child node)), then go for next
decomposition level.
ii. Otherwise, remove the remaining child nodes.
E: Finish the procedure, if there is no node to decompose.

Step 3: The dual thresholding (Bayesian (A.) and Bivariate (B.)
shrinkage) is applied in parallel on the detailed part. The improved
detailed parts of both thresholding are later fused to get more
enhanced results.

A. For each decomposition level, apply wavelet thresholding
using Bayesian shrinkage rule on the detailed part (HL, LH,
HH).

i. Noise variance estimation using Eq. (4).

ii. Threshold calculation using Eq. (3).

iii. Apply soft thresholding using Eqs. (5) and (6), resultant
detailed parts are (HL, LH’, HH’).

B. For each decomposition level, apply wavelet thresholding
using bivariate shrinkage rule on the detailed part (HL, LH,
HH).

i. Calculate local noise variance g2 using Eq. (4).

ii. For each coefficient of each high pass subbands

a) Compute 67, using Eq. (13)

b) Compute G2 using Eq. (12)

c) Compute the threshold 4, using Eq. (11)

d) Estimate each coefficient using Eq. (9)

e) Restore the value in a;p The resultant detailed parts are
(HL”, LH,” HH").

Step 4: Locally correlation based fusion.

The obtained high-frequency coefficients (HL’, LH’, HH’) and
(HL”, LH,” HH") after two different parallel thresholding methods
are fused using local correlation based approach. Firstly, the
threshold value is calculated using this approach:

Non-overlapping block-wise correlation coefficients (CC) are
calculated from these high-frequency coefficients (HL’, LH’, HH’)
and (HL”, LH,” HH”) using 3 x 3 mask size. The average of all the
CC is evaluated and is decided as the threshold value. In the pro-
posed work, the evaluated threshold value is denoted as T. The
CC (Shi, 2005) is evaluated using the below Eq. (16)

ZZ(AWUI - A)(an - B)
\/<ZZ<AW )Y B -B)))

where, A = mean2(A), and B = mean2(B). The m and n represents the
source images. mean2(A)=Af((i,j) and mean2(B) = B! (i, ). A,X(i,j)
and B (i, j) are mean values of their respective high frequencies sub-
bands. 2D-DWT is applied up to I-level of decomposition over the
source images X and Y. (i,j) represents the pixel coordinates. The
value of CC lies between [-1 to 1] range, where ‘1’ specifies a strong
positive relationship, ‘-1’ specifies a strong negative relationship. A
CC of ‘0’ specifies no relationship at all.

In the local correlation based fusion strategy of obtained high-
frequency coefficients (HL', LH’, HH’) and (HL”, LH,” HH”), a non-
overlapping block-wise CC are calculated from these high frequen-
cies using 5 x 5 mask size using Eq. (16). Here, the acquired CC is
compared with the threshold value (T). If the CC value is less than
or equal to the T, then the maximum operation is executed. In max-
imum operation, fusion is implemented by choosing the largest
values from both of the transformed images. Or else, the average
operation is applied, which calculates the average value using both
of the transformed images to perform fusion. Local correlation-
based fusion strategy is given as follows:

qrev _ [ MaX(ASB) f(CCLT)
avg(A*,Bf) otherwise

CC=

(16)

(17)

In the Eq (17), the operations “max” and “avg” stand for maxi-
mum and average values, respectively, and A/®" for the fused coef-
ficients (HL"®%, LH"¢Y, HH"¢").

Theoretically, when (CC < T), this means that the similarity rate
between the detailed despeckled components is less, so “max”
operation is used to take the best despeckled component between
the two which helps to preserve the edges. When (CC < T), this
means the similarity rate between the detailed despeckled compo-
nents is more and both the components are almost equivalent, so it
is better to average them. On the experimental note, the detailed
despeckled components are experimentally tested and fused using
‘max’, ‘min’ and ‘avg’ operations and on the basis of experimental
evaluation, it is observed this formulation i.e. Eq. (17) gives the
best result.

Step 5: Finally, apply inverse DWT to get out denoised SAR
image using low-frequency coefficients (LL) and shrinkage and
fused high-frequency coefficients (HL"®", LH"*", HH"*Y). This out-
put denoised image is D.
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Step 6: Apply method noise thresholding.

Perform (S - D) operation. Now apply 2D-DWT on (S - D) up to
n-level of decomposition using step 2. The detailed part is filtered
using Bayesian thresholding method. After performing this step,
the output image S’. Now perform addition operation i.e. (S’ + D).
The final step is to perform an exponential operation on (S’ + D).
The output image is the despeckled SAR image, S”.

4. Experimental results and discussion

In this section, statistical and experimental results with respect
to image quality performance measurements are shown on the real
SAR data and simulated speckled classical images. It validates the
practicality of the proposed method. The dataset of real SAR images
for noise variance at o = 20 is shown in Fig. 5. The experimentation
is performed on real SAR dataset for various noise variance level i.e.
[o =5; 10; 20; 30; 40]. The proposed method is also tested on sim-
ulated speckled classical images Figs. 11 and 12) and the results are
presented in the Fig. 13. The experimental analysis is performed on
the images of size 512 x 512 in order to authenticate the perfor-
mance of the proposed scheme. The experimental analysis is per-
formed on following system configuration: MATLAB version = 8.3,
name = R2014a on Intel(R) Core(TM) i5-2410 M CPU @ 2.30 GHz,
4 GB RAM and 64-bit operating system. The system configuration
is essential to note down for the evaluation of the computational
time of the proposed algorithm. The proposed methodology is a
multi-step procedure which contains various changeable parame-
ters which are user sensitive. The experimental results are per-
formed using db2 based 2D-DWT and the level of decomposition
is set after calculating the entropy metric. The standard bivariate
shrinkage rule and modified Bayesian shrinkage rule are applied
using soft thresholding method on the detailed components sepa-
rately. The [3 x 3] mask is used for calculating the threshold value.
The [5 x 5] mask is used for performing the fusion based on local
correlation strategy. The discussed modified Bayesian shrinkage
rule is applied in the method noise thresholding section also. The
remaining parameters remain the same.

For validating the proposed scheme, the experimental and sta-
tistical results are compared with the outcomes of some well-
known techniques in the field of SAR images despeckling such as
ATV (Zhao et al., 2015), BayesWS-HAW (Li et al., 2013), Bivariate
thresholding (Sethunadh and Thomas, 2014) and IDPAD (Zhu
et al., 2014). The result of the proposed algorithm on simulated
classical images is shown in Fig. 13.

In this research work, results and discussion are presented on
three different kind of SAR images. The real SAR data is taken from

the open public database. SAR1 image shown in Fig. 5(a) is Ka-band
image of a variety of military vehicles in the desert near Albu-
querque, NM, taken from the Sandia National Laboratories, Air-
borne ISR, available at http://www.sandia.gov/RADAR/imagery/,
SAR2 depicted in Fig. 5(b) is Space Radar Image of Kilauea, Hawaii
- Interferometry 1, taken from the database of Jet propulsion labo-
ratory, California Institute of Technology, available at: https://pho
tojournal.jpl.nasa.gov/catalog/PIA01763 and the SAR3 image
shown in Fig. 5(c) is the aerial photography of the cemetery of
Cologne, Germany which is available at open public access data-
base (DATASET OF STANDARD; Test Images).

4.1. Performance evaluation

PSNR is one of the most used performance evaluation metrics in
denoising or despeckling used to describe the overall texture of the
image. The high value of PSNR indicates better image quality. The
unit of PSNR is dB. PSNR is computed by:

255 x 255
10log;, (W) (18)
where,
MSE:li(X— Y)? (19)
N %

SSIM is used to measure the similarity between the despeckled
image and the reference image. It depends upon three parameters:
luminance, contrast and structure. It is a perceptual metric that
calculates the degradation in the image quality caused by data
compression or data transmission losses. It is grounded on visible
structures present in the image. It is an improved version of the
UIQI The overall index is a multiplicative combination of the lumi-
nance, contrast and structure. SSIM is computed by,

2ty + )20y + G)
1z + 15 + Cr) (0% + 05 + )

SSIM(x,y) = (20)

According to the literature (Cho and Lee, 2016), the standard
range of SSIM varies from —1 to 1.

SNR is frequently used performance metric in the field of
denoising or despeckling. SNR is used to measure the sensitivity
of the image. SNR is evaluated as the ratio of noise-free image vari-
ance to the MSE. The noise-free image variance is calculated from
the difference of average signal and background values and the
MSE is defined from the background region. It is expressed in dB.
SNR is calculated by,

(a)

“(b) T (0

Fig. 5. Speckled SAR images.
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SNR = 10log,, [‘;\‘}Ig[g] 1)

where Var|f] = noise-free image variance.
4.2. Analysis of Locally correlated detailed subbands

The resultant high-frequency subbands of Bayesian and Bivari-
ate shrinkage methods are fused using local correlation based
strategy. Table 1 shows the degree of similarity i.e. correlation
between the despeckled detailed subbands of Bayesian and Bivari-
ate shrinkage methods for various noise variance level i.e. (c =5,
10, 20, 30, 40).

Let, at G = 20, the despeckled detailed subbands of Bayesian and
Bivariate shrinkage rule are (HL’, LH’, HH’) and (HL”, LH,” HH")
respectively, the correlation coefficient (CC) is calculated using
Eq. (16).

Table 1

Correlation values between detailed subbands at various noise levels.
Noise variance LH subband HL subband HH subband
c=5 0.9527 0.9658 09,758
=10 0.9159 0.9158 0.9258
c=20 0.8759 0.8598 0.8479
c =30 0.8143 0.8258 0.8157
c =40 0.7589 0.7656 0.7458

(a)

At c =20,
CC(LH',LH") = 0.8759,

CC(HL',HL") = 0.8598,

CC(HH',HH") = 0.8479.

Similarly, the correlation of rest of the subbands is evaluated.
This analysis determines the degree of similarity between these
two subbands. Based on this correlation similarity factor, the local
correlation based fusion strategy is designed that fuses the two
enhanced high-frequency coefficients.

4.3. Experimental evaluation and comparison

The experimental results are shown in this section represented
in the Figs. 6-10 for SAR image dataset and in Figs. 11-13 for
classical image dataset. The reference SAR images are shown in
Fig. 5. The Figs. 6-10 show the result of the despeckling methods
i.e. ATV, BayesWS-HAW, Bivariate thresholding, IDPAD and
proposed method. There are certain parameters for analyzing
the despeckled SAR image quality on the basis of visual
appearances such as (i) occurrence of the artifacts; (ii) edge
preservation; (iii) visibility of low contrast objects and (iv)
texture and structure preservation. Since there is not any

Fig. 7. Results of BayesWS-HAW.
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Fig. 8. Results of Bivariate thresholding.

(a) (b ] O

Fig. 9. Results of IDPAD.

(a) B by T (©

Fig. 10. Results of the proposed method.

scientific principle available to do so, therefore the analysis is The Bivariate thresholding and IDPAD show decent despeckling
done through a visual appearance on the basis of these results. The results of ATV method appear over smooth and minor
above-discussed parameters. The level of decomposition in the details are lost. The results of Bayesian (BayesWS-HAW) also show
proposed method is set on the basis of the entropy metric. The some loss of information as output images appear quite blurred.
decomposition level is not fixed and it is different on different The proposed method overcomes all the compared methods in
SAR images due to varying texture. terms of edge and texture preservation.
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In terms of artifact generation in the output images, it is seen
that there is no occurrence of artifacts in the results of proposed
scheme. BaysWS-HAW shows some occurrence of blocking
artifacts in the output results. ATV, bivariate and IDPAD don’t gen-
erate any artifacts. The structures of the objects seen in the output
images of proposed methodology are well preserved. The SAR
images are basically low contrast images and speckle noise dis-
turbs the overall texture of the image, in the despeckling results,
it can be seen that in proposed method output, the low contrast
objects are well preserved.

On analyzing the details of the output images in Figs. 6-10, it is
observed that the proposed method shows the best result in terms
of preservation of the significant information. The proposed
method utilizes meritorious attributes of both Bayesian and Bivari-
ate shrinkage methods, as it can be seen the corners and edges are
well preserved and even the smoothness over the homogeneous
areas are well maintained. The despeckling scheme is grounded
on the local correlation based fusion strategy of high-frequency
coefficients. It provides the effective enhancement of the high-
frequency coefficients. A mask of 3 x 3 is used to calculate the opti-
mal threshold value using correlation coefficient. The work is
tested on the 5 x5, 7x 7 and 9 x 9 masks. As the mask size
increases the despeckled image quality degrades, this proves the
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5000 Bivariate U
BayesWS-HAW
3 : : i : 3
_D_- 4000 - A .............. .............. \ \ ............. -
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(c)

importance of the threshold value in this scheme. The ‘average’
and ‘max’ operation depends on the threshold value. Hence the
fusion strategy depends on the threshold value. The scheme uses
the db2 wavelet family basis in DWT operation. The wavelet
decomposition level is set using the entropy factor. The decompo-
sition is performed till the level nth until the entropy value of level
n is approximately equal to the level n-1.

Tables 2, 3 and 4, respectively show the PSNR (dB), SSIM and
SNR (dB) values of the despeckled SAR images using proposed
and existing methods. The finest values among all the approaches
are denoted in bold. The outcomes displayed in tables validate the
superiority of the proposed method among other methods. The
improvement in the quantitative measures (PSNR, SSIM, and
SNR) is analyzed by studying their values before and after the
despeckling process. It provides an analysis of incremental
improvement in the despeckled image with respect to its reference
image using proposed method.

In Table 2, the PSNR values of the proposed method show the
best result among the compared method. The IDPAD method at
o =10 in SAR image 2 shows the best result among all methods
but still, the overall texture of the proposed method is better than
IDPAD at ¢ = 10. In SAR image 3, the proposed method shows best
result at ¢ = 10, 30 and 40. The BayesWS-HAW and IDPAD shows
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Fig. 11. Plotting noise-free SAR image and results of proposed, ATV, IDPAD, Bivariate and BayesWS-HAW methods using histogram at (a) ¢ =10 (b) 6 =20 (c) 6 =30 (d)

o =40.
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better result than proposed method at ¢ = 20 and 5 respectively in
terms of PSNR. In Table 3, The SSIM of the proposed method also
shows the best result among all compared methods. The ATV
method at ¢ =30 in SAR image 2 shows the best result but on
zooming the output image it is seen that the minor detail parts
are lost and overall structure of the image is also over smooth.

The method based on anisotropic diffusion (IDPAD) shows a better
result in terms of texture and edge preservation. In SAR image 3, en
efficient preservation of structures is observed at o =5, 10, 30 and
40 by the proposed method. The IDPAD method shows better
result at ¢ = 20 than the proposed method. In Table 4, the results
of the proposed method are compared on the basis of SNR values.

Fig. 12. Speckle-free classical images.

(a) (b)
Fig. 13. Speckled classical images at o = 20.
Table 2
PSNR of Despeckled SAR Images.
Before Despeckling After Despeckling
Image c Default PSNR ATV BayesWS-HAW Bivariate Thresholding IDPAD Proposed
Values (Zhao et al., 2015) (Li et al., 2013) (Sethunadh and (Zhu et al., 2014) Method
Thomas, 2014)
SAR Image 1 5 25.1588 44.6736 43.2879 43.9918 44.8527 48.8954
10 22.1475 44.5672 43.2341 42.7834 44.4261 45.1272
20 19.1526 44.6732 42.5641 41.5642 43.7659 44.8522
30 17.3726 43.2431 42.9867 41.4451 43.0909 43.7231
40 16.2027 42.1101 41.6739 40.0934 41.6452 42.6387
SAR Image 2 5 20.2091 46.5643 43.3923 44.1983 46.1131 46.7341
10 17.3042 45.6294 42.4562 43.8563 45.9321 45.7563
20 14.4775 45.0095 42.2231 43.1951 44.0774 45.1247
30 12.8544 44.6719 42.2495 42.6443 44.2341 44.7684
40 11.7723 44.0035 41.0941 42.0902 43.7675 44.1191
SAR Image 3 5 18.6959 42.6598 43.0202 43.0298 44.2368 43.2368
10 15.8382 42.1010 41.9056 42.1350 42.3569 42.3910
20 13.0255 39.3598 40.3659 39.5913 40.2598 40.3265
30 11.4343 37.2946 38.2159 38.1278 37.9898 38.2791
40 10.3691 35.0303 36.0891 35.2136 36.1297 36.2590
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All the SNR quantitative values show the better performance than
the other compared methods. Only two methods i.e. BayesWS-
HAW and IDPAD show better results than the proposed method
at o =10 and 20 respectively. In SAR image 3, the SNR values of
IDPAD at 6 = 5 and ATV at & = 20 shows better result than the pro-
posed method. In the rest cases, the SNR values of the proposed

Table 3
SSIM of Despeckled SAR Images.

method are better. The Table 2, 3 and 4 shows the quantitative
analysis of the despeckling methods before and after despeckling.
It helps in understanding the effectiveness and capability of the
despeckling algorithms at different noise variances.

The Fig. 14. shows the comparative graphical analysis of the
output result of despeckling methods at various noise variances

Before Despeckling

After Despeckling

Image > Default SSIM Values ATV BayesWS-HAW Bivariate Thresholding IDPAD Proposed
(Zhao et al., 2015) (Li et al., 2013) (Sethunadh and Thomas, 2014) (Zhu et al.,, 2014) Method
SAR Image 1 5 0.6281 0.9878 0.9543 0.9673 0.9784 0.9989
10 0.4682 0.9564 0.9432 0.9564 0.9453 0.9647
20 0.3144 0.9153 0.9274 0.9241 0.9213 0.9389
30 0.2380 0.9057 0.9094 0.9075 0.9091 0.9182
40 0.1950 0.8954 0.8971 0.8745 0.8875 0.8973
SAR Image 2 5 0.7895 0.9785 0.9674 0.9666 0.9817 0.9853
10 0.6575 0.9666 0.9561 0.9654 0.9563 0.9756
20 0.4959 0.9514 0.9153 0.9482 0.9063 0.9541
30 0.3992 0.9219 0.9085 0.9131 0.9063 0.9191
40 0.3364 0.8974 0.8751 0.8821 0.8874 0.9093
SAR Image 3 5 0.7492 0.9251 0.9511 0.9256 0.9354 0.9546
10 0.6072 0.9018 0.9154 0.8959 0.9025 0.9157
20 0.4390 0.8512 0.8467 0.8415 0.8559 0.8549
30 0.3416 0.8057 0.7989 0.8027 0.8125 0.8127
40 0.2808 0.7301 0.7250 0.7125 0.7259 0.7325
Table 4
SNR of Despeckled SAR Images.
Before Despeckling After Despeckling
Image c Default SNR Values ATV (Zhao et al., 2015) BayesWS-HAW Bivariate Thresholding IDPAD Proposed
(Li et al., 2013) (Sethunadh and Thomas, 2014) (Zhu et al., 2014) Method
SAR Image 1 5 20.4960 24.1256 25.0068 23.5674 24.0019 25.3430
10 19.2512 23.4561 24.9989 23.1258 24.2985 24.3198
20 17.4705 23.0258 23.9898 22,9478 24.3333 24.1021
30 16.2215 22.5689 23.0258 22.0201 23.0589 23.1230
40 15.2771 22.0145 229157 21.5698 22.9971 23.0090
SAR Image 2 5 13.7497 21.2365 22.3495 21.2598 23.0989 23.1964
10 13.0248 22.3598 22.1254 21.0547 22.9589 23.0101
20 119114 21.1211 21.2864 20.3256 22.5646 229184
30 11.0817 20.1254 21.0597 20.0201 22.0358 22.1614
40 10.4375 20.0032 20.7613 20.5632 21.9898 22.1009
SAR Image 3 5 13.0469 21.5478 21.5987 21.8780 22.0040 21.9870
10 12.3241 21.2658 21.2910 21.3294 21.4560 21.5897
20 11.1980 21.1254 20.8910 20.8978 20.0992 21.0123
30 10.3512 20.8478 20.3325 20.1587 20.5894 20.9878
40 9.6860 20.1015 20.1214 20.0121 19.5656 20.5898

Fig. 14. Despeckled classical images using the proposed method.
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Edges
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Non- region
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Fig. 15. Analysis of speckle reduction and detail preservation in the proposed method on SAR image 3.

Fig. 16. Analysis of zoomed part of the despeckled SAR image 3 using proposed method assessing the detail preservation like edge preservation, smoothness in the
homogeneous region, texture preservation in the heterogeneous region and speckle reduction.
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(a) (b) (©)

(d)

®

Fig. 17. Results of zoomed areas of SAR image 1 using different despeckling algorithm (a) reference SAR image (b) results of ATV (c) results of BayesWS-HAW (d) results of

Bivariate thresholding (e) results of IDPAD (f) results of the proposed method.

(o =10, 20, 30, 40). The plot is generated of all despeckling results
using the histogram. It depicts the similarity and closeness of the
despeckling output result with the reference SAR image. It can be
easily seen that the result of the proposed method show the best
results and it is closest to the noise-free SAR image in comparison
to other compared work.

The despeckling scheme performs successfully on real SAR data.
Since the SAR images are already influenced by the speckle noise
and distribution of noise pattern in SAR images is unknown. The
capability and strength of designed despeckling scheme are tested
by applying it to the classical digital images like ‘Lena’, and
‘Baboon’. The proposed algorithm experiments on these classical
images at noise variance (G) =20 shown in the Figs. 11-13. In this
case, the quality of the despeckled image can be checked easily and
efficiently. Here the original speckle-free i.e. clean reference image
is available which can be used for performance analysis. The result
of the proposed method on speckled classical images is tested by
visual quality. It is observed that the high visual quality of the
despeckled image in Fig. 13 is achieved. The smoothness in the
homogeneous areas is obtained. The granular pattern i.e. speckle
noise is also eliminated.

The Figs. 15 and 16 shows the zoom-in result of the proposed
method in terms of edge preservation and smoothness in the
homogeneous and heterogeneous areas. The smoothness and the
speckle reduction in the homogeneous regions are well achieved.
The structure preservation in the heterogeneous areas is efficiently
achieved using proposed method.speckle noise reduction, smooth-
ness in homogenous region, preservation of edges, point scatterers
and textured regions are compared in Fig. 17. On comparing the
zoomed-in result of despeckling schemes i.e. Fig. 17(b-f); it is
observed that the proposed method Fig. 17(f)) shows the best
preservation of fine detail in the SAR image as a comparison to
other methods Fig. 17(b-e)). The Fig. 17(a) shows the reference
zoomed-in SAR image. On visual inspection, the Fig. 17(f) shows
that it is the closest to the Fig. 17(a). It proves the best speckle
reduction and detail preservation in the proposed method.

5. Conclusion and future scope

In this research work, a new homomorphic SAR image
despeckling scheme is developed using local correlation based
fusion in wavelet transform. The developed scheme uses two dif-
ferent wavelet shrinkage rule i.e. Bayesian and Bivariate shrinkage
rule for filtering the high-frequency coefficients. The Bayesian
method smoothes the uniform region but it is sensitive to the
edges. The bivariate method analyses the dependence between
the child coefficient and its parent coefficient and enhances the
edge component of the image. The high-frequency coefficient
components of both the shrinkage rules are fused using local cor-
relation based strategy. After fusion of two improved high fre-
quency coefficient components, then the despeckled image
results into a higher quality image. Entropy-based wavelet
decomposition decides the decomposition level of the wavelet
transform. The method noise thresholding is applied to process
the unfiltered components of the image and to restore the
remaining fine details of the image. This concept is capable of
restoring the significant information like edges and corners which
remain unfiltered in the initial stage of despeckling. The perfor-
mance of the proposed method is assessed by the visual appear-
ance of the despeckled SAR image and with the help of
quantitative metrics like PSNR, SSIM, and SNR. From the critical
comparative analysis, it can be said that proposed method pre-
serves the edges and structure of the object in the SAR image. This
research shows that no visual artifacts are generated during the
process. Therefore proposed method has the potential ability to
be used in various practical applications of SAR images.

The authors believe that there is a lot of scope for adding new
dimensions in the proposed scheme. In the proposed scheme the
authors set the decomposition level using entropy factor by
analyzing the texture feature. So there are also other ways that can
decide the decomposition level like, local range, MSE, contrast etc.
There is the scope of using advanced transform like curvelet,
shearlet, and many others. The researchers can develop a new way
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to evaluate the threshold value. A new fusion strategy can be
developed. The developed despeckling model is highly adaptive
and robust.
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