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ABSTRACT

This thesis is aimed towards a deep analysis and synthesis of Kalman filters
for reducing the speckle noise in Synthetic Aperture Radar (SAR) images. The
motivation stems from an increased number of applications of radar imagery in
civilian related projects. For example, in 1996, SAR images acquired from the
Canadian RADARSAT satellite were used for environmental monitoring, oil spill
detection off the Japanese coast, and floods in northwest United States. Many other
useful applications can be mentioned in agriculture, hydrology, geology, forestry,
oceanography, etc. Despite its wide usage in the above domains the radar imagery
encounters a major drawback due to the quantity of a large speckle component. The
purpose of the filters developed in this thesis is the reduction of this component using
a Kalman filter in combination with model identification techniques. A justification
for using Kalman filters is given. This justification is based, besides a theoretical
analysis of the speckle reduction problem, on a set of experiments and tests which
are applied to almost all the known filters used in this problem. Special Kalman
filters are developed theoretically and applied on practical test and real life images.
Special attention is given to the noise component. In the Kalman filtering technique
it is well known that small variations in the values of the noise covariances affect
the performance. A special chapter is dedicated to the development of an optimal
technique for determining the appropriate covariance matrices. Many results and

illustrations shown in chapter 7 demonstrate practically the validity of the approach.
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Notation

Various symbols, superscripts, subscripts, and abbreviations used frequently in

this thesis are summarized below. All notation is fully defined where it first arises

in the text.

Symbols used in description of synthetic aperture radar

AT Round trip delay of a radar echo.
R Distance in range from radar to target.
¢ Speed of the radar echo.
T  Time between two radar pulses.
AR  Difference in range distance between two resolvable points.
AR; Ground range resolution.

¥ Depression angle of the line of sight to the target with respect to

local horizon
p() Magnitude of radar pulse.
wo Modulated frequency.
a  Amplitude coefficient.
6  Phase shift associated with the reflection process.
o Radar cross-section.

fa  Doppler frequency.



St

Sr

A(z,y)
I(z,y)

<A:>

()

Velocity of the radar platform.
Wavelength.
Minimum resolvable distance in y-direction.

Acquisition time; it is also used as inter-pulse time between two

radar echos.

Length of footprint in y-direction.
Physical antenna length in y-direction.
Antenna beam width.

Transmitted sinusoid.

Received sinusoid.

Absolute value.

Monochromatic frequency.

Amplitude of a complex phasor.
Observed irradiance.

Ensemble average of the x component of phasor A.
Inner product operator.

Probability density function.

The envelope mean of A.

Irradiance from the ¢th image.

Gamma function.



Cov,.
h(z,y)

5:(f)

varz(ia j )

Symbols

L
()

(i, 7)

Statistical expectation.

Estimate of the image pixel.

Kronecker delta.

Observed image intensity at Cartesian coordinate (i,j).
Noise at Cartesian coordinate (i,j).

H is the blurring matrix in the formulation of Kuan and MAP
filters.

Cross variance of x and z.
Covariance of z.

System impulse response.

Power spectral density of reflectivity.
Mean square error.

Local variance of x measured from a window centred at Cartesian

coordinate (i,j).

Integers quantized to 16 bits.
The mathematical expectation.
The state values of the image.
Block state space value of image.
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y(2,7)

¢°(R)
P()
Z(¢)

K

PO

The observed values of the image.
Block state space value of observed image.

Identity matrix

Mean backscatter received from transmitted radar.

Probability distribution.
Innovation/Estimation error.

Kalman gain.

Parameter estimation gain.

Error Covariance of Kalman Filter.
Approximation of Hessian of quadratic norm.
Covariance of innovation process.

Coefficient of variation.

Contrast Ratio.

Greek Letters

7/T

74

Multiplicative observation noise
Multiplicative dynamic process noise
The mean of the value x

Statistical variance of x
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¥: Estimation derivative

® Parameter vector

A  Gradient

V  Gateux Derivative or directional derivative
k&  Derivative of Kalman Gain

A Forgetting Factor

Special Symbols

The mean of the value x

8

The estimate of the value x

8

N

—1  Spatial shift operator

Acronyms and Definitions

2-D  Two Dimensional
AR  Auto-regressive
ABKF  Adaptive Block Kalman Filter
FABKF  Full Plane Adaptive Block Kalman Filter
MFABKF  Modified Full Plane Adaptive Block Kalman Filter

MMABKF  Markov Modified Full Plane Adaptive Block Kalman Filter
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SMABKF

ENL

SAR

RUPK

NSHP

LSI

RPE

EKF

MAP

MMSE

LLMMSE

SNR

State Multiplicative Full Plane Adaptive Block Kalman Filter

Equivalent Number of Looks

Synthetic Aperture Radar.

Reduced Update Kalman filter
Non-Symmetric Half Plane

Linear Space Invariant

Recursive Parameter Estimation

Extended Kalman Filter

Maximum A Posteriori

Minimum Mean Square Error

Localy Linear Minimum Mean Square Error

Signal to Noise Ratio



Chapter 1

Introduction

1.1 Introduction

Synthetic Aperture Radar (SAR) images are used more and more for various re-
mote sensing projects such as ice reconnaissance, ocean current measurement, oil
slick detection, natural resource monitoring, geological structure identification, and
topological mapping etc. However, the quality of SAR images is affected by noise
and especially by a component of it which is called speckle noise. The speckle noise
was classified by various researchers of the field [28, 21, 40, 49] as multiplicative noise
present in the observation (image). The removal of this component has been the
subject of research. Different kinds of filters were designed and applied on various
SAR. images. The degree of successfully removing this noise component is variable
and disputable. So far, there are no precise scientific and well-recognized measure-
ment methods for assessing the performance of a speckle filter. In this thesis a few

Kalman filtering techniques will be developed and explored. As well as a series of



qualitative and quantitative measurements for evaluating the performance of speckle

noise filters in SAR images will be devised.

1.2 Rationale

Airborne and space borne synthetic aperture radars have important economic values,
particularly in monitoring natural resources and land applications [71]. Its ability
to "see through” clouds is significant for civilian applications. St-Pierre [73] pointed
out that between 1986 and 1988 Canada received and archived 245,559 SPOT images
of which only 8.9% were completely cloud free images and 15.9% were called usable
images (containing a limited amount of clouds). After three years of operation, there
were still areas of Canada for which Canada had not yet been able to obtain at least

a usable image.

Speckle obscures information on radar images. Consequently, applications of
radar images are affected. For example, speckle reduces the accuracy of measurement
of terrain heights [62], it causes classification errors in crop identifications [29], and
target identifications. Speckle also makes image registration difficult [23]. However,
the high spatial resolution of the images and the capability to image the surface of
earth through cloud and in darkness make SAR a unique sensor complementary to

optical sensors.

To reduce or remove the speckle effects on images generated from echo returns
of synthetic aperture radar (SAR) has been a big problem for target recognition and
image interpretation. Despite decades of research and different suggested ways to
reduce speckle effect, the problem remains. Some experimenters suggest trading off

the speckle effect by reducing spatial resolution. This approach has a certain degree



of success, but it cannot satisfy the need for more advanced applications. Numerous
attempts have been made to reduce speckle effects on SAR images. The more
successful approach is to use digital filters with local statistics [44][41][21][36][45]
[46](55]. These filters work well with multiple-look SAR images which are of better
signal to noise (SNR) ratio. Multiple look technique lowers image spatial resolution
according to VM, where M is the number of looks, and it also reduces speckle noise

by the same factor.

Recently, more advanced applications of SAR images require that the phase in-
formation of an image be well preserved. Raney [65] describes that in the late 1980's,
conventional SAR image processors have proved to be inadequate for advanced ap-
plication (such as terrain heights estimation), special SAR processors based on Dif-
ferential Range Deramp (DRD) [83] or Chirp Scaling algorithm, are built. The main
feature of the new generation SAR processors is their capability to perform accurate
Range Cell Migration Correction (RCMC) without using any interpolation proce-
dure. Consequently, these processors preserve the phase of a point target on a single
look image. Raney [64] also points out that by using interference pattern derived
from two different pairs of SAR images of the same area, it is possible to derive
terrain heights which can be accurate to a fraction of its wavelength. However, only
single look image can provide meaningful phase information. Phase information is

generally destroyed in the process of generating multiple look image.

Because of the above fact, we emphasize our speckle reduction efforts on single

look SAR images.

In order to reduce speckle effectively, we suggest establishing a system model,
and characterizing the speckle noise accordingly. In fact, we introduce a noise factor

to account for the changes in the system state equation; and another factor in the



observation model. The ensemble statistics of speckle is then used in deriving the
covariance matrices. A reduced update approach is used in the implementation.
However, the speckle noise is modeled as a wide sense stationary Markov process in

the filter support.

In this thesis, we approach the speckle method from the basics. We concentrate
on the speckle problem in the single look situation which is the worst case as far
as noise is concerned. Our research begins with modeling the image as a Markov
random field and treats the speckle problem as a bandlimited colour noise. By fol-
lowing the statistical distribution of the speckle noise in power and intensity images,
we construct an auto-regressive image model based on Markov random field. The
multiplicative effect of the speckle noise is modeled both in the state representa-
tion and the observation equation. The thermal noise is included in the observation
equation. To improve the transitions of the filter around edges a multiplicative noise

effect will be introduced in the state equation.

1.3 Known Filters for Speckle Removal in SAR

Images

Different forms of digital filters for speckle reduction in SAR images have been
suggested [49]. The simplest form includes the mean and median filters. Digital
image restoration and enhancement methods are also used [41] to design speckle
reduction filters. However, the more popular filters are derived using estimation
theory and simplification with the use of local statistics from a scanning window.
Speckle noise is assumed to be fully developed. Under such a condition, speckle noise

is modeled as a noise term multiplied by the input signal. This kind of digital filter



includes the MAP filter [41], the different versions of Lee filters [49], Sigma filter [45]
and Frost filter. Lopes et al [55] found that the local statistics filters should include
the effects of texture within the local scanning window. They proposed an enhanced
version of the popular SAR filters by introducing the speckle index to differentiate

the homogeneity of the regions.

There are also other filters that are not used as widely as the local statistics
filter [49]. They include the homomorphic filter [36, 4, 5], the Crimmins geometric
filter [16] etc. There have been many variations of the basic digital filters. Some of
them are modified to locate specific features, such as edges [58, 49]. However, the
main concern of this thesis is in the research and development of basic SAR speckle

reduction filters.

1.4 Kalman Filters

Kalman filter is known as the best estimator for stochastic signals produced by
linear systems. Extensions of Kalman filter to image processing are also known
[85, 87]. Due to its complexity and difficulty in tuning its paramaters, only a few
researchers apply Kalman filter to speckle reduction to SAR images. One of the last
implementations is the work done by Geling [24] where a half plane and full plane
model [9, 6] were explored. Here we will work only on the full plane model which

seems to produce better results when applied to one-look speckled SAR images.

The Kalman filter is applied to state space model of the image in the form of :

Xy = AXi.; +BU; state transition (1.1)
Yi = CIi X+ V2 observation (1.2)



where A, B and C the following matrices:
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A filtered image is obtained in terms of the a posteriori estimate given by the

following equation:

x® = xP v+ Kz, (1.6)

where Kj is the Kalman filter gain given as in Chapter 4 by:

K =, PC'CTR, (1.7)

where the details of the derivation of the previous equation are given, and Z;

is the innovation process defined also in Chapter 4 by the following equation:

Zi = Y — Cpp X{) (1.8)

The a posteriori estimate is used to rebuild the image using the observation
equation given above. The new image obtained will have the additive and mul-
tiplicative noise greatly removed by the Kalman filter. Distortions of the original
image might appear in the result depending on the various combinations of the val-
ues of the Kalman filter parameters. The excessive sensitivity of the Kalman filter

on the above parameters is a very known fact.
1.5 New Developments in the Speckle Reduction
Problem

In this thesis we have concentrated on the following developments:
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® The development of a full plane based Kalman filter for SAR speckle noise

reduction with state multiplicative noise;

® The development of a full plane based Kalman filter for SAR speckle noise

reduction with additive output noise being Markov:;

® The development of a full plane based Kalman filter for SAR speckle noise

reduction with Markovian state multiplicative noise;

® The development of a full plane based Kalman filter for SAR speckle noise

reduction under unknown noise conditions;

® A series of test methods for filters for SAR speckle noise removal.

1.6 Thesis Content

This thesis is organized as follows. Chapter 2 reviews briefly the synthetic aperture
radar: its image formation process, the theoretical image resolution in the azimuth
and range directions. It then continues to describes the radiometric and geometric
characteristics of images formed from radar echoes. Finally, it continues to show the
statistical characteristics of speckle noise in terms of different image formation pro-
cesses. Chapter 3 provides a review of the existing popular speckle filters. It begins
with the simple digital speckle reduction filters and finishes with the Kalman filter-
ing techniques. Chapter 4 is dedicated to the development of a full plane Kalman
filter and its extension to the state multiplicative noise case. Chapter 5 examines the
extension of the Kalman filter when the output and the state multiplicative noises
are Markovian. Chapter 6 is dedicated to the development of the Kalman filter

equations under unknown noise conditions. In chapter 7, a series of tests and results



from applying the above tests to the new Kalman filters and previously developed

filters (Lee, Kuan etc.) are introduced. Finally conclusions are given in chapter 8.



Chapter 2

Introduction to SAR Image

Formation and Speckle Noise

2.1 Introduction

Radar had a major impact during the Second World War [39]. After that, the devel-
opment of synthetic radars marked one of the major innovations in imaging. There
are two types of imaging radars: real aperture and synthetic aperture radars (SAR).
SAR is also referred to as array imaging radar [33]. Both the real and synthetic
aperture radars obtain their y-direction (along track) resolution by antenna beam
width. Since the antenna beam width in each direction is inversely proportional to
its length, the y-direction resolution of real array imaging radars is obtained through
the use of long antenna typically mounted at the bottom of the platform. Synthetic
aperture radar uses synthetic array to increase its antenna length (which uses the

incremental Doppler shift of the adjacent points on the ground) to increase its reso-
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lution in the y-direction. Both types of radars use transmitted pulse length for the

x-direction (cross-track) resolution.

Since the successful demonstration of the C-band radar by the SEASAT satel-
lite, attention has been focused on using synthetic aperture radar for civil applica-
tions. This chapter first describes what is a synthetic aperture radar (SAR), then it
follows up with a description on the SAR imagery, and concludes with a statistical

characterization of different types of SAR images.

2.2 A Brief Review of Synthetic Aperture Radar

The concept of synthetic aperture radar was first introduced by Carl Wiley of the
Goodyear Aircraft Corp. in the 1950s [12][39]. It was observed that a one-to-one
correspondence exists between the along-track coordinate of a reflecting object and
the instantaneous Doppler shift of the signal reflected to the radar by that object.
The famous "Doppler Sharpening Concept” was born. It suggested @ frequency
analysis of the reflected signals could enable finer along-track resolution than that

permitted by the along-track width of the physical beam itself.

2.2.1 Resolution of SAR imagery

Synthetic Aperture Radar is a side looking radar. Its basic imaging geometry for
imaging terrain is shown in Figure 2.1. The radar on a moving platform (airborne or
space borne) emits the microwave pulse of a designed beam pattern which is usually
narrow in the along-track (azimuth) direction. The terrain is illuminated strip by

strip as the platform moves in the azimuth direction Figure 2.1.
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Figure 2.1: Geometry of a simple SAR configuration

The slant range resolution is achieved by the use of pulsing and time-delay

2.1. For an object on the surface of the earth, the round trip delay of a radar echo

depends on its slant distance from the radar. Therefore, the round trip time for a
radar echo AT is given by

AT = 2R (2.1)

C

where cis the speed of the radar echo. The delays of an echo return from two adjacent
points on the surface in the slant range are different. If this delay is smaller than
the pulse width, these two points will not be resolvable in the image. Therefore, the
pulse width of the radar governs the resolution in the range direction. By reasoning

this way, the range resolution, AR can be determined as:

cT

AR> = (2.2)

By reasoning in a similar way, the maximum measurable range R, is a function

of inter-pulse period T, and is given by [33]:

Brmaz = —- (2.3)
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Ground Range

Figure 2.2: The profile of a simple SAR configuration

The corresponding ground range resolution is

AR, = %secd) (2.4)

where 9 is the depression angle of the line of sight to the target with respect to local
horizon (see figure 2.2).

The correspondence between the along-track coordinate of a reflecting object
and the instantaneous Doppler shift is explained by Chastant [14]. Referring to figure

2.3, assume a simple case that the radar emits an amplitude-modulated sinusoid
s¢(t) = p(t) cos(wot) (2.5)

which illuminates a target at slant range R, and along-track position Xy. The

reflected echo has the form

sr(t) = ap(t — -2C—R) cosfwo(t — gg) + 0] (2.6)
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Figure 2.3: The geometry of a target at Xo within the radar pulse generated at X.

a = amplitude coefficient such that o? is proportional to
where the radar cross section ( o ) of the target
0 = phase shift associated with the reflection process.

For a first order approximation, each single pulse p(t) provides range resolution,

while the modulated sinusoid cosfwo(t—22)+0] contains the information to obtaining

fine along track resolution.
From figure 2.3, it is obvious that
RS > |z — zof* (2.7)
Using binomial expansion, equation 2.7 can be expressed as

~ ("B - 270)2
R~ Ry + BET (2.8)
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and the reflected sinusoid can be expressed in the expanded form of

2w,
2 20 (g ag)t 48] (2.9)

cos[wot —

This signal, equation 2.9, is received and then coherently detected. The output of

the synchronous demodulator has the form:

2wo Ry
c

cos[(0 — T — z9)?] (2.10)

) - RO c\
where the first term is a time-invariant phase; the second term, a quadratic in

(z — zo), varies with time as the radar proceeds along its trajectory.

After demodulation, this sinusoid has an instantaneous frequency of
fi= g=F[—5=(z — 70)?] (2.11)

This is the Doppler frequency of the echo return from the target. Since the radar

moves with a velocity u along its trajectory, therefore using z = ut, we can express

fa as
1 d Wo

fa= 27;{[‘@(“ ~ 0)’] (2.12)

therefore,

fa= gz — o) (2.13)

which reduces to

fa= %(z — o) (2.14)

From equation 2.14, it is obvious that the Doppler shift is linear in (z — zo)
with a slope in terms of u,\,andRo. However, this relationship only holds for
|z — zo| < Ro.

With equation 2.14, Hovanessian [33] derives the theoretical maximum resolu-

tion in azimuth direction. The derivation assumes a simple case, such that (z — z0)
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is the minimum resolvable distance represented by AR,, by neglecting the direction

sign, equation 2.14 can be written as
ARfq

ARy = 2u

In a matched transmit/receive system, the duration of target illumination 7" is de-

(2.15)

signed to be 7‘; That means, during the acquisition time T of a target, the radar

moves a distance of 4T, where u is the velocity. Thus

u
L=uT=— 2.16
T 210
By substituting in equation 2.14 and ignoring the sign, we have
AR
= 2.
AR, (2.17)
or
AR
=29 9
AR, 5T (2.18)

Maximum resolution in the along track (azimuth) direction can be obtained by
considering the fact that the antenna coverage on the ground should be greater
than the equivalent antenna array length. This insures the return of target energy
from a point on the ground during the filter charge up time T = 1/f,. Thus referring
to figure 2.1, the length of the footprint L in azimuth direction is proportional to
R, but according to antenna theory, B is proportional to % where A is the half

power bandwidth of the beam, and [ is the physical antenna length. That is:

A
L<T (2.19)

Substituting equation 2.17 into equation 2.19, we have

A&Zé (2.20)

That is, the best azimuth direction resolution obtainable is equal to one half of

the physical antenna length /.
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Position A Position B Position C

Figure 2.4: A configuration in the slant plane showing the change in range distance
as it is being observed during the duration the target is within the coverage of the

radar pulses

2.2.2 Focused and Unfocused Arrays

As the synthetic aperture radar moves from position A to position B (Figure
2.4), or as the target on the ground enters and leaves the coverage of the radar
pulses, the range distance of the target to the radar changes from R to R, and then
back up R again. Since the radar wavelength ) is much smaller than the range
distance R, this change represents changes in phase angles at the receiver by the

reflected signal.

In order to have the azimuth resolution close to the theoretical limit, the echo
returns at the receiver during the period that the radar travels from position A to
position B, must be phase corrected. In synthetic array radars, this phase correction

and adjustment is called focusing, and arrays using it are called focused arrays [33].

Without phase correction, the resolution is much lower. In fact, it can be
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deduced as follows. Assuming that the processor can tolerate as much as 90 degrees
of phase shift of the received radar echo returns, let L be the distance that the radar
travels corresponding to this 90 degrees phase shift. Since 90 degrees corresponds

to % for a one way phase shift, therefore, using the triangle properties, we have

B+(3P = (Raty) (221)
2 B g Mo ¥
B+ = B+="+o (2.22)

Simplifying and dropping the small term fg—,

L =\/ARo (2.23)

Substituting equation 2.23 into equation 2.17, we have

ar, - VT 22

Thus, the unfocused resolution in the azimuth direction is only @

2.3 Synthetic Aperture Radar imagery

Synthetic aperture radar (SAR) imagery finds an increasing number of applications
nowadays due to its capacity for displaying the objects on the scene. Its usage is
multiple, ranging from military to civil applications. Imagery from space borne and
airborne synthetic aperture radars has been used in several remote sensing disci-
plines such as geologic feature mapping, oceanic phenomena studies, land use and
urban morphology studies, flood and disasters mappings and environmental mon-
itoring [50]. SAR images are generated by coherently summing the radar echoes

generated and received by a moving antenna (which simulates a very long aperture
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antenna). High cross-track (range) resolution in a SAR image is accomplished by
transmitting short, coded pulses (such as chirps). High along- track (azimuth) reso-
lution is obtained by synthesizing a large antenna aperture and moving the platform
with coherent return received over many radar echoes. The maximum achievable
resolution along azimuth is independent of height, but is approximately half the
physical antenna length the radar [33]. Furthermore, the width of the impulse re-
sponse in either the range or the azimuth dimension is inversely proportional to the
bandwidth of the processed signal in that dimension. Thus, in order to obtain high
resolution imagery, large bandwidths are required (i.e. a narrow impulse response)
[66][67][50]. Because the image formation process depends on the time traveled
by the radar echoes from target to the receiver, radar images differ in many ways
from optical images. Geometrically, curved features, such as mountain ranges, may
appear folded together; tall objects are displaced towards the radar antenna, and
there are also radar shadows which are devoid of measurements. However, the most
noticeable radiometric effect is the speckle (also referred to as a fading or a scintil-
lation effect [50]). Other parameters influencing SAR. images include the presence
of moisture, the presence of waves on water surfaces, the wind in areas covered by

vegetation, etc.

It is very well known that from urban areas it is difficult to identify and extract
(both manually and by digital computer) the linear features due to some of a series
of geometrical distortions already mentioned above, such as relief layover, object
folding, radar shadow, corner reflection effects, directional pattern effects, and the
density of buildings, etc. [32]{42].

In general, one can say that the noise content in a SAR image is quite high such
that the signal to noise ratio is low. The dominant factor affecting the interpretation

of SAR images is the speckle or the granular noise. The speckle noise is caused by
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the coherent summation of the wavelets emanating from the microscopic scatterers
on the surface. In general terms, the speckle is caused by the roughness of the
surface when compared to the wavelength of the radar signal. [28].

This kind of granular patterns have been observed also when objects are illumi-
nated by light from a highly coherent continuous wave (cw) laser. It appears to be
chaotic and unordered, extremely complex, and bears no resemblance to the macro-
scopic properties of the illuminated object. When compared to the wavelengths of
the electro-magnetic radiation in the visible and microwave region, both natural and
artificial objects appear to be rough. A small illuminated area consists of numerous
microscopic surfaces acting as scatterers. When an monochromatic light falls on
such a surface, the reflected light composes of wavelets generated from these scat-
terers. At a distant observation point, these wavelets add or subtract each other
according to their differences in phases due to delays and geometry in propagation.
Bright spots are formed at a point where the interference is highly constructive,
while dark spots are formed where the interference is highly destructive. Thus, on a
distant observation plane, the speckle pattern has many bright and dark spots as the
irradiance at each point on the plane varies according to the contribution by each
scatterer. As the observation plane moves, the propagation paths of each scatterer

change, thus the speckle pattern changes as well.

Goodman [28] gives a description of speckle formation process as follows: The
image formed at a given point in the observation plane consists of e superposition
of a multitude of complez amplitude spread functions, each arising from a different
scattering point on the surface of the object. As a consequence of the roughness of this
surface, the various amplitude spread functions add with different phases, resulting
again in a compler pattern of interference, or a speckle pattern superimposed on the

tmage of interest.



The appearance of speckle is not limited to imagery formed from reflected light.
The same phenomenon appears equally well to images formed by passing monochro-
matic light through a diffuser such as photographic transparency, as long as the wave
front transmitted by the transparency satisfies the same basic assumptions of dis-

crete scatterers.

It is known that for single look' images the signal to noise ratio gets as low
as 1:1. The effect of the large noise contents, as described above, is a considerable
reduction in the image resolution and in its utility. Due to the large noise con-
tent, image processing techniques usually experience great difficulty when applied
to SAR imagery [48]. Examples which sustain our statement can be found in a set
of domain literature papers such as : [19], [34],[57]. Ulaby et al [81] reported that
the per pixel classifiers that were successfully used to classify optical images from
LANDSAT yielded poor results when applied to radar images. Attempts to im-
prove the classification results by averaging have met with limited success. It is also
well known that edge detection is a real problem when dealing with SAR images.
Many specialized edge detection methods have been developed solely for application
to SAR imagery [25],(78],[70],(13] and many prefiltering techniques developed are
specifically modified to preserve edges in SAR imagery [75],[43]. These arguments
can be illustrated by various SAR images. We include here a set of such images and
will comment on the specificity of each of these cases. All the images presented here
are images taken by ERS-1 in August 1993 and are single look images . The images
are all 256x256 pixels, but they are displayed with non-square pixels due to the
higher along-track sampling rate of the single-look image. These images illustrate
how the speckle noise severely reduces the interpretability of the image. The large
variations in the image make it difficult to clearly identify region boundaries, and

this problem is greatly exacerbated when computer algorithms are used. The images

!images obtained by coherently summing the radar echo returns from the scene.
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were chosen on purpose from non-homogeneous areas. Many processing algorithms
assume homogeneous regions and have difficulty handling images that have such

different regions.

In what follows, however, we will refer and use the same test image, as it was

used in [24] in order to compare our results to those obtained by Geling [24].

Figure 2.6: Map of Victoria, B.C. Showing Area of SAR Image.

Speckle is of concern in all the domains using coherent imagery, including radar
astronomy, synthetic aperture radar, and acoustic imagery. In what follows, the

speckle noise will be described in terms of stochastic processes. After introducing
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the functions which describe the density function for various cases of SAR images,
a conclusion referring to the type of filter needed to best suppress the speckle noise

will be drawn.

2.4 Speckle as a stochastic process

In what follows we will assume that, in a fully monochromatic polarized imaging
situation, each of the complex valued analytical signals arriving from the field of

incidence at a point (z,y) from a scatterer has a voltage of u(z,y) such that

u(z,y) = A(z, y)exp(i2nvt) (2.25)

where v is the monochromatic frequency and A(z,y) is a complex phasor am-
plitude
A(z,y) = |A(z, y)lezp[ib(z, y)]. (2.26)

Therefore, the observed irradiance I at (z,y) can be represented as:

.1 %
[(z,y) = lim = /_ 2 lu(@, yst)dt = |A(z,y) . (2.27)
2

The complex amplitude of the field at (z,y) is the sum of the contributions
from many scatterers on the rough surface. Therefore, the phasor amplitude of the
field can be found by

N
A(z,y) = ; lak|ezp(ide), (2.28)
=1
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where |ai| and ¢; represent the amplitude and phase of the contribution from the
kth scatterer. This may be expressed in terms of the envelope amplitude A, and a

phase angle ¢ as follows:

A=A (2.29)

By decomposing the phasor A into its r,y components, we have

N
A; = A.cosgp =Y Aicos;

=1
N
A, = A singd = E A;sing; (2.30)

=1

As N—o0, and using the central limit theorem, and also assuming A and A4,

are normally distributed with mean

N
< Az >= Z < Aicosd; >,

=1

N
< Ay >=Y < Assing; > . (2.31)

=1

By taking the following assumptions:

® The scatterers are statistically uncorrelated and statistically independent. The
amplitude and the phase of the kthe scatterer are independent of each other,

and of the amplitudes and phases of all other elementary phasors.

® The surface is rough compared with the wavelength. The phases ¢ is uni-
formly distributed, i.e. equally likely to lie anywhere in the interval (=m,m).
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Under these conditions, the speckle is known as fully developed, and the above

two equations becomes:

N
1 2

p— . — " s = 2-

<A > §[<A,>21r/o cosgidg:] = 0 (2.32)
and similarly,
<A, >=0. (2.33)
Furthermore,

<A A, >=0. (2.34)

Thus, A; and A, are uncorrelated and independent with a joint normal proba-

bility density function as:

f(Az, Ay) = - e‘fﬁﬁ. (2.35)

2wo?

where o2 is the variance of the phasor.

By representing equation 2.35 in polar coordinates, and changing variables such

that f(A., Ay)dA-dA, = f(A.,$)dA.dp, and because
As = AL+ A},
A dA.do = dA.dA,. (2.36)

The joint probability density of A. and ¢ is Rayleigh distributed such that:

A,
2ro?

—~A2
F(Aed) = ==<-e3% for 0 < A, < 00, and 0 < ¢ < 2r (2.37)
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The probability density function can be shown as:

T A ‘2—?}!
A = [ A gyip = T for A0 (2.38)
0 0 otherwise
f9)= [ A diA = 5 (2:39)

The Rayleigh distribution has non-zero mean, the envelope mean, 4., is

A= \/-—125-0'. (2.40)

The second moment is given by
AZ = 202, (2.41)

The variance of the ac component, that is the variance of mean squared ac compo-

nent A, is given by

A =A-A=(2- g)ﬁ = 0.4290>. (2.42)

The ratio of the mean of the envelope is given by
_ A
Az

S = 3.66, or 5.6dB. (2.43)

The irradiance, or the power in the envelope, P = A% Assuming that the
power has developed across a 1-ohm resistor, the differential power to the differential
voltage is dP = 2A.dA.. The Rayleigh distribution can now be converted to a

density distribution for power as follows:
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1 _-»~
f(P)AP = f(A)dA. = 5—e %5 dP. (2.44)

That is, P is exponentially distributed with probability density function:

1 _-r
f(P)= 353€ - (2.45)
and its mean value is
P = A =252 (2.46)

By substituting back to the previous equation, we have the density distribution

function of P as:

"
f(P) = { :e for P20 (2.47)

otherwise

The envelope power P? can be shown as:

—_— O P2 ) o4 —
2 = —e P = .
/0 ¢ FdP = 2P, (2.48)
thus
ot =PI_-P’ =P, (2.49)
or
op, = P. (2.50)

Using the power representation, the Rayleigh distribution of A, can be written
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24: -% >
(A = s=e P, for A. >0 (2.51)
0, otherwise.

2.5 Suppression of Speckle

Speckle reduces the ability to resolve the fine details such as edges and small objects
on an image, and it poses problems to image analysis. The presence of speckle in
the signal detected by an optical radar system can reduce the probability of target
detection and/or cause the radar system to lose track. In practice, suppression of

speckle is performed before photo-interpretation and/or image analysis.

2.6 Speckle Suppression By Processing Multiple
Looks

From probability theory, the sum of M identically distributed, real valued, uncor-
related random variables has a mean value which is M times the mean of any one

component. This has indeed lowered the effect of the speckles, but the resolution of

the final image is also lowered by a factor of VM.

The radar Doppler frequency spectrum is divided into M segments (known
as looks), and then each segment is used to independently form an image. The
final image is obtained by summing the images from processed different Doppler

frequency segments.

However, addition of speckle pattern on a complex amplitude basis provides no
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results in another random walk process [28].

According to Lee [47], the speckle of a M-look intensity SAR image has x?
distribution with 2M degrees of freedom.

The distribution of the M-look images can be derived by assuming the output

being the sum of the irradiance, P, from each independent look image, such that

I=P+P+--+ P, (2.52)

where P; is the irradiance from the :th image with an exponential distribution

of .
e 7 forP>0

otherwise

(2.53)

o i~

f(P) ={

Since each image is considered to be independent, the mass density in dV is

constant and is equal to fp,p,...p,. (P, Ps,-- -, Py), which is

1l _P+P+-4Pm
P

fPpybn(Pry Py oy Pr) = e (2.54)
or
1 L
Ji(I) = Pqe P. (2.55)
By considering a minute volume dV = CI™~'dI, where C is an arbitrary constant.
Now,
m—1
f(DydI = Cé,n e Fdl. (2.56)
That is,
m—1
fi(l) = C%m e %. (2.57)
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reduction of contrast because the addition of two complex random walk processes
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To determine the value of C, one can use the fact that [° f{([)dI = 1, that is

o0 m~1
/ ™ —far—1. (2.58)
() P

This gives C = (M_f-l—ﬁ Thus the probability density function of the irradiance of an

M-look image is
Im-l

fi(I) = me P. (2.59)
The mean is E(I) = mP, and E(I?) = m(m + 1)P~, and its variance is
2 __ 2 2 __ . P2
02 = E(I?) — (E(I))? = mP". (2.60)

Similarly, if the M-look image goes through a square root detector, the proba-

bility density function can be found by letting R = /P, + P, + --- + P,,, and thus

RR=P+P+---+P,. (2.61)

Therefore,
fr=2Rf[(R?), (2.62)

and
R 2R2m—l __R-z_ , 63
= ————ne  F. 2.
FalR) = e (2:63)
The mean is [}.—T:)ﬁﬁ, and the E(R?) = mP, and the variance is
Fm+1Y)
2 _ 2y _ 2 _ - 2

oh=E(RY) ~ (BB = (m - ~m 2P, (2:64)

where ['(.) denotes Gamma function.

Similarly, the probability density function of a M-look images formed by aver-

aging M intensity images as z = Btfatotln
mm zm-l mz
f:= e P 2.65
(m)!P” (265)
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and the mean E(z) = P, E(z?) = ™ P? and the variance is

(2.66)

Lee et al [49] has tabulated the following ratios of the standard deviation to the

mean of multi-look synthetic aperture radar images:

Number of looks | N-look Intensity | N-look Amplitude | N-look Amplitude
(amp. averaging) | (intensity aver.)
1 1.0000 0.5227 0.5227
2 0.707 0.3696 0.3630
3 0.577 0.3017 0.2941
4 0.500 0.2614 0.2536
6 0.408 0.2134 0.2061
8 0.352 0.1848 0.1781

2.7 Conclusions

The theory of synthetic aperture radar is relatively recent in the field of imaging
radars. This chapter introduces first the concept of synthetic aperture radar with
respect to the factors affecting its image quality, and the principle of focused ar-
rays. It continues to describe the characteristics of radar images in terms of image
formation and the salient speckle phenomenon. The general statistical properties
of speckle due to different coherent summings and image formations are also given.
Finally, the chapter concludes with a visit to the concept of speckle suppression and
the popular methods of speckle suppression by means of multiple looks.
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Chapter 3

Review of Speckle Noise Filters

3.1 Introduction

The popular local statistics speckle noise filters [41] [44] [21] use a simple multi-
plicative model with the assumption that the adjacent pixels are slightly correlated.
Raney et al [67] emphasize that the pizel concept in SAR is not the same concept as
resolution. They insist that Resolution is fundamental, and established by the SAR
bandwidth and processing strategy, whereas pizels are chosen to satisfy scale and
sampling requirements. They also point out that there are approximately two pixels
per resolution cell in both the range and the azimuth image coordinates. Isolated

(point) isotropic scatterers do not suffer from speckle noise when imaged.

Conventional linear system can be fully described by either an impulse response
or a frequency response. But in SAR system, which is an energy conservative par-
tially coherent system, both an impulse response and a frequency response are re-

quired in order to characterize the system [66][67]. This is due to the fact most of
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the SAR processors take advantage of the partial coherence to reduce the speckle ef-
fects by generating multiple looks in the process of image formation. Consequently,
both coherence and resolution are coloured. Raney also pointed out that the SAR
system is linear in (complez) amplitude domain before detection, and that the system
is linear (in units of power) following detection (the system processor is assumed to

use a magnitude square detection approach).

In general, the radar signal fading statistics are estimated by assuming that the
return echoes are generated from the independent scatterers of uniform electromag-
netic properties. Ulaby [80] points out that when the echo returns are dominated
by a few strong scatterers, the fading process is characterized by the N akagami-Rice
distributions. Ulaby [80] states that Some ezperimental observations support the
Rayleigh behaviour, while others, particularly in those measured for complez terrain
categories, are in closer agreement with the log-normal or the Weibull pdf’s, or other

more complicated distributions.

3.2 Existing Filters for SAR Images

There are several methods of speckle reduction, many of which will be summarized
here in order of increasing complexity. It is assumed in many SAR speckle reduction
procedures that the speckle noise in adjacent pixels is independent. Kuan et al. [41]
points out that some authors who apply digital restoration and enhancement tech-
niques for speckle noise reduction assume that speckle noise is multiplicative and
uncorrelated. Furthermore, [41] speckle is signal dependent and is spatially corre-
lated, and its correlation function is of importance for speckle reduction. Raney [67]

emphasizes that speckle measured in adjacent pixels must be considered correlated.
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3.2.1 Simple Filters for Speckle Noise Reduction

The simplest form of noise reduction filters are the mean and median filters. They
do not have a noise and signal model. These two filters assume that the pixels under
a scanning window are highly correlated and the variance of the intensity values is

due to the noise.

The mean filter uses a scanning window of 3 x 3 or 5 x 5 such that the centre

pixel is replaced by the mean of the intensity values of pixels in the window.

n n »
Liet 2= Tij

= (3.1)

n2

L 1

Similarly, the median filter replaces the centre pixel of a scanning window with
the median of the pixels in the window. Noticeably, both these techniques per-
form well in homogeneous areas, but they smooth out too much the high frequency

contents such as edges and textures in an image.

One method of speckle reduction is multi-look processing. The image is sampled
as several independent, lower resolution images or looks, which are then averaged
together. Sampling is achieved by dividing the Doppler frequency spectrum into
M segments and processing each segment independently. This method leads to a
reduction in the speckle noise of intensity images by a factor of 1//M, where M
represents the number of independent looks [28]. The averaged result has a gamma

distribution [49].

-MI
MM M-1 “oZ
M—yewexp 1, 120
f(Im) = M1 (3.2)
0, otherwise



where

I = the intensity image after M look processing (3.3)
Iy = o (3.4)
o}, = oi/M (3.5)

Multi-look processing is a speckle reduction technique commonly used by the
image formation processor. In the frequency domain processing, because the pro-
cessor deals with segments of the Doppler spectrum reduced by a factor of M, it
may consequently reduce the processing complexity of each segment by a factor as
much as M in one of the directions (i.e. azimuth and range directions). However,
such a processing gain is at the expense of the image resolution, which it reduces as
a consequence by 1/M. According to Curlander [17], the subsequent additive noise
accumulated during the process of summation may bias the image and reduce the

gain in signal to noise ratio by a value less than VM.

3.2.2 Homomorphic Filters

Since speckle noise is considered multiplicative in nature for fully developed speckle,
Homomorphic filtering has been used as suggested in Jain [36] and Arsenault et
al [5]. Andrews [4] defines Homomorphic filtering as a technigue in which a signal
is mapped from its original representation space into another space where desired
processing operations are more easily undertaken. This method involves a non-linear
transform to a domain where the multiplicative noise may be treated as additive
noise and removed. The corrected image is then retrieved using a corresponding
inverse transform. The process is illustrated in Figure 3.1. The most common

Homomorphic transform for multiplicative noise is the log operation. Multiplicative
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terms in the normal domain become additive in the logarithmic domain. Then,
the additive noise component in the new domain is removed using some traditional
filtering technique. The processed image is subsequently recovered by taking the
inverse transform. Durand et al. [19] analyzed several filters including Homomorphic
versions of the box filter, and the homogeneous block filter. They found that the
non-Homomorphic filters performed better on real SAR imagery despite the more

appropriate multiplicative noise model used.

y(i, j Gi,j)| Linear Additive [SGj) | ., |a(ij)

PERALEFN H
Processing

Figure 3.1: Homomorphic Filtering Process

3.2.3 Sigma Filter

Lee [45] proposed a sigma filter to reduce additive noise in images. The principle
assumption is that the distribution of the noise in an image is Gaussian. The addi-
tive noise is further assumed to have zero mean and a standard deviation /sigma.
Moreover, the probability that the intensity of an object lies within the range of
two standard deviations is 0.955. Therefore, he proposes the following procedure to

filter the additive noise by using a local scanning window.

1. Given the centre pixel of the local window is z(i, ), establish the intensity

range as [z(%,7) + A, z(i,7) — A], where A = 20.

2. Identify and sum all the pixels in the local window which have intensity values

within the range established above.

3. Compute the average of the intensity values found in the above step.
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4. Replace the intensity value of z(z, j) with the average found above.

Mathematically, for a window with dimension (2n+1)by(2m+1), the estimate z(z,7)

is given by:
1, if .‘L'Z,j)—A Sz(k7l)s :L’(l,j +A
. [26i.) — A] (e 3) + 4] 6)
0, otherwise
~ Sg—nzgl_;im&k'lz(k? l) (3 7)
Zi; = 5 ey .
’ AL A1
where:
z is the estimate of the original image,

z(k,l) is the observed image pixel at location (k,{), and

o is the standard deviation of the noise.

In order not to smooth out objects, the filter is designed not to replace the centre
pixel of the window when the number of pixels within the prescribed range is less
than the K. In this case, the centre pixel will be replaced by the average of its

immediate neighbours.

That is, if the number of pixels lies within the two sigma range is M, then the
decision rule is defined as:

(3.8)

. { two sigma average, ifM>K
T =

neighbourhood average, if M <K

Lee [46] extends this filter to speckle filtering. To adapt to the multiplicative

noise, the two sigma range is modified such that:

i { 1, if (1 —20w)z(k,0) < z(i, ) < (1 + 20%) 69)

0, otherwise
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where:

on is the standard deviation of the noise.

The modified sigma filter can be applied repeatedly until the result is satisfac-
tory. No doubt, the filter is computationally efficient when a selective local average
of the pixels can be obtained. It appears to retain sharp edges and fine details while
smoothing locally uniform regions. However, this hypothesis of the multiplicative
noise to be Gaussian distributed is found to be inaccurate in most SAR imagery
[58][55]. It is strongly assumed that the pixel at the centre of scanning window is in
fact the mean of a Gaussian distribution [56]. Then, the two sigma range is estab-
lished based on the observed intensity of the image pixel. This can be problematic as
the pixel may have an intensity which has been reduced significantly by the speckle
noise. In such a case, the two sigma range will be biased towards the low end of the
distribution of the intensity of the object. Consequently, the estimate will be lower

than what the actual value should be.

3.2.4 Local Statistic Filter by Lee

Lee developed another speckle reduction filter using local statistics [44], [47]. He

started with a multiplicative image model as:

z(1,J) = z(¢, J)n(4, 5) (3.10)
where 2(z, j) is the observed image intensity at Cartesian coordinate (2,7), z(3,))

is the actual intensity before contamination by noise, and n(%, j) is the noise. Let

7(1,j) denotes the expectation E[n(i,j)], and assume that

E[(n(3, 5) — (i, 5))(n(k, l) — n(k,1))] = 028:48;,- (3.11)
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The image model is then approximated by a linear model given by equation 3.10 as:
z(t,3) = Az(3,j) + Bn(i,j) +C (3.12)

where A, B, C are constants (i.e. non-random variables).

By taking the expectations of equation 3.10 and equation 3.12, and equating

the two expectations bases on E[z(i, j)], we have

(1, j)n(i, 7) = Az(i, 7) + Bn(i, j) + C (3-13)

Rearranging C, it becomes

C= -'l!(i,j)n(l,]) - A-‘B(l,j) - Bn(l’J) (3'14)

By substituting equation 3.14 into equation 3.12, the mean square error is formed
as shown in equation 3.15, and it is minimized for variables A and B.
J = E[A(2(i,J) — 2(i, 7)) + B(n(i,5) = n(i, 7)) — (2(i )n(i, 7) ~ 2 )z, )]
(3.15)
By taking the partial derivatives of J with respect to A and then to B, setting the
results to 0, and assuming that z and n are independent, the constants A, B and C

can be found as follows:

A = 7@ (3.16)
B = 337 (3.17)
C = -—n(i,j)z(z,j) (3'18)

As a result, the linear image model of equation 3.12 has the relation:
2(i,5) = n(i, )20, ) + 2(Z, 7)n(i, 7)) = n7, 7)] (3.19)
Since the optimal linear model of z [3] is given by
i(z,y) = 2(z,y) + k(i j)(2(i, §) - 2(5, 7)) (3-20)
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k(z,j) can be found by using the orthogonality principle [59] such that the error

T — %, and z is orthogonal, that is:
E[(z(i,5) — =(i,7))2] = 0. (3.21)
Substituting Z(z, 7) by equation 3.20, we have
E{(=(i,j) — 2(;,7)) ~ k(i 3)(=(i,4) ~ 27, 9))] = 0. (3-22)

Thus, k(%,j) can be found as:

. o El(=(i,4) — 2(3, j))7]
k(. 7) = 3.23
¢7) E(2(3,5) - 2(3,5))z] o)

By substituting z with the equation 3.19, both numerator and denominator of equa-

tion 3.23 can be found as:

E[(=(z, J)—z(i,5))z] = n(i,j)aﬁ(,-'j) (3.24)

El[(2(i,§) ~ 2 0)2] = n(g) 0%y + 2(07) 02) (3.25)

k4

I

Thus, by equations 3.24 and 3.25, k(i, 7) is found to be:
n(i, 7)076.5

——2 —2 (3.26)
n(’a]) Uf_-(;,j) + .'L'(z,]) Urz;)

k(1,5) =

Local statistics calculated from a window centred at location (i, ) is then calculated
by using the multiplicative model of equation 3.10, such that the a priori mean and

variance are:

z(i,7) = -;E—:j—; (3.27)

0%in +2(,7) —p
i) 2209 o (3.28)
o2 +n(3,J)

2
Oz(i.5)

Following the same procedure, Lee [44] adds the additive noise, w(i, J) to the

multiplicative model described in equation 3.10 to derive a similar speckle reduction
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filter. The computed filter equation is very similar to the filter equation 3.20. The

new multiplicative model is:
z(1,7) = z(3,5)n(i, §) + w(i, 5) (3.29)

Assuming that n(7,;), and w(7,5) are independent, and also E[w(Z,7)] = 0 the
linearised image model is found to be:

s

2(1,7) = n(1,7)z(3,5) + z(3, j)(n(3, j) — n(i, 7)) + w(i, 5) (3.30)

The optimal linear estimate, or the filter equation of this new model is:

£(i,5) = =(2,7) + k(3, )(2(3, ) — (3, 7)z(, 7) — (3, 7)) (3.31)
where —
k(i, j) = (6 1)) (3.32)

—2 —~2
2(4,3) o +n(i, 5) Uﬁ(;,j) + a3}

Using the multiplicative model of equation 3.29, the @ priori mean and variance

calculated from the local statistics centred at (%, j) can be found as:

— 2(z,7) —w(s, 7
ZG.7) = ( Ji(i j)( 7) (3.33)
—2
afi ht+ 2 (N —
Oliq) = EREiCY) ~$(z,1)2—0§. (3.34)

0% +n(i,3)
In further work, Lee [49] uses a linear model where
& =az+by (3.35)

in which £ is the minimum mean square estimate, and a and b are chosen to minimize

the mean square error. This results in 2 minimum mean square estimate of the form

Tij = Zij + k(i — §ij) (3.36)
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where the gain term k; ; is

kij= a’;ﬁ i,j/": 0.7 (3.37)
The difference between this filter and the previous Lee filter is only in the calcula-
tion of the gain term. Lee found that there was little difference between the two
filters when using 4-look amplitude images, but the newer Lee filter had significantly

improved performance with single look intensity images over the original derivation.

The Lee statistical filter assigns a value to the central pixel that is between the
mean of the given window and the observed value. As the local mean value gets
larger or the ratio between the local variance and the local mean gets smaller, the
output tends to be closer to the mean. This filter was rated very favourably by
Durand et al [19] and by Lee et al [49] in terms of performance and efficiency. The
previous four filtering methods were also compared by Dewaele et al. [18]. They
found that the Lee statistical filter performed well, but preferred the Crimmins filter
for preserving edges. The primary drawback of the Lee statistical filter is the over-
smoothing of edges. This effect can be seen in Figure 3.2 when compared to the
original image in Figure 2.5. The single bright linear feature in Figure 3.2 in the
harbour region in the left third of the image is actually two separate targets that

have been smoothed together.

In order to overcome the problem of over-smoothing of the edges, Lee further
refined the filter to use edge directed windows [43]. In this algorithm, eight non-
square windows for eight edge orientations are created within a 7x7 window. The
local statistics are calculated using the windows for the edge model selected and
then the Lee filter is applied. For homogenous regions, this performs similarly
to the original Lee statistical filter, but gives much better performance near edge

boundaries [49].
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Figure 3.2: Results of Lee Statistical Filter(5x5) Applied to SAR Image

3.2.5 Kuan and Map Filters

Kuan et al. [40] developed an adaptive noise smoothing filter by using the Local
Linear Minimum Mean Square Error (LLMMSE) as criteria. His observation model
is given by:

:=Hz+n (3.38)

where
z is the degraded observation,
H is the blurring matrix,

n is the noise that can be signal dependent or signal independent.

The minimum mean square error (MMSE) estimate of x is defined as:

& = E(z|2) (3.39)



By constraining the estimate to be linear, the best linear estimate, or E(z]2)

in equation 3.39, is found to be

g;;z-mz». (3.40)

z=FE(z)+

By using the observation defined in equation 3.38, the covariances are found to

be:

Cz: = CuHT + E[(z — E(z))n"] (3.41)
C.: = HCoH" + Cun + HE[(z — E(2))nT] + Eln(z — E(z))T]HT (3.42)

where

Chrn is the covariance of n.

By assuming that n and z are independent, such that E(n|z) = 0, the covari-

ances of r and z can be simplified to:

Cz: = C:n-HT (3.43)
sz = HszHT+Cnn- (3—44)

By further restricting the observation model in equation 3.38 to be a case of
no degradation by blurring, such that H = I, and furthermore, the noise, n, is
uncorrelated such that E(nin;) = 0 for i # j, then the estimate of equation 3.40

can be written as:
2
%z [z~ E(2)] (3.45)

zzE(z)+a§+a§

Since the means and variances used in equation 3.45 are ensemble means and ensem-
ble variances of x which are usually not available a priori and can only be estimated
from the degraded signal, so Kuan further modifies his estimate by using local spa-
tial statistics that are estimated from the degraded signal under a local (scanning)

window.
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Using local statistics, Kuan provides a more explicit structure of an adaptive
noise reduction filter for multiplicative noise. With equation 3.45, the degradation

model for the multiplicative noise is written as:
2 (i,4) = n(i,5)2(, ) (3.46)

The multiplicative noise, n(i,j) is assumed to be independent of z(t,7) and has

stationary mean and variance of:

Eln(:,j)] = E(n) (3.47)
E[(n(i,5) — E(n))’] = o? (3.48)

The normalized observation is defined as:

z(3,5) = fb%# (3.49)

Rewriting equation 3.49 in terms of signal plus signal-dependent additive model as:

2(6) = o, ) + (M=) o 5) (3.50)

where the noise term is ﬂ‘—’g(;jﬁ‘l -z(%, j), the variance of the noise and the variance

of z(,j) become:
2 _ Oal(E(2(1,5)))* + 02 ;]

On(ig) = [E(n)]2 (3.51)
_ o'f(i,j) - "72;[1’7(2(1'7.7'))2]/[15'(")]2
e = T+ 2/E() (322

Replacing the ensemble statistics by local statistics, the adaptive noise reduction

filter for the multiplicative model becomes:

'UGT;,_.(i, J) [Z(‘l, J) - i(l, ])]
vary(i,3) + o30(2, 7)) + vars(i, NE@E O

where var:(i,7) is the local variance of £ measured from a window, and z(z, j)

£(i,5) = Z(3,5) +

is the normalized observation, and ¢2/[E(n)]? is a parameter characterizing the

multiplicative noise level.
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Although this method is better optimized than Lee’s method, the improvement
in the results is usually reported as negligible [19], [55].

3.2.6 Maximum A Posteriori (MAP) Filter

Kuan et al. [41] further developed a maximum a posteriori MAP) method for speckle
filtering. To accommodate for complex signal, a more generic image model is used

in the derivation. The observation model is given as:
z(m,n) = 3° 3" h(m — i,n ~ k)s(i, j)a(i, 5) + v(m, n) (3.54)
ik

where

v(m, n) is the zero-mean complex amplitude additive noise; a(z, ) is the exponential

ezp(5é(z, k)).
Using a lexicographic representation, equation 3.54 can be written as:
z=Hs+v (3.55)
The MAP filter is formulated by taking an estimate with a constraint to maximize

the conditional probability density function of f (s]2) such that

Assuming a non-stationary mean and non-stationary variance Gaussian image

model, f(s) is given by:

exp— [(s. —5)

f(s) = I_'Il \/-— AL (3.57)

where * denotes complex conjugate inverse.
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Moreover, by taking the assumption that the speckles are uncorrelated and fully
developed, the conditional probability f(z|s) becomes

— 1 —e® -1
f(zls) = mezl’[ s"Cov_ s] (3.58)

where

Cov., is the covariance of z.

By taking the logarithm of equation 3.56, and differentiating it with respect to

s, the MAP equation becomes:

dlog f(z|s) + dlogf(s)
os ds

=0 (3.59)

By substituting in the appropriate probability density functions, the MAP equa-

tion can be written as:
1
Tp  — Tr,  —l_ epr . — -
—h"Cov'h+ hTCovt22z"Covth — a—g(s — 8)|s=smap =0 (3.60)
where * denotes complex conjugate inverse.

Although equation 3.60 is solvable with iterative method, it is computationally
tedious. The covariance matrix to be inverted is of dimension N2 + N 2 where N
is dimension of the image and an optimal direction for updating the estimate is
required for each iteration. The LLMMSE filter is used to reduce the computational
load of the MAP filter. With the additional assumptions of Z = 0, and z = 0,
equation 3.60 is re-written as:

B —s  llscewsel® 1

s? s? o?

(8 = 3)|s=snar =0. (3.61)

where

~ -1
Scmmse = shTCov !z,
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§ is the local mean of s,

P; is the covariance matrix of the error vector defined by s — S.rmMsE

The computation and update for the solution of this MAP equation is still
complex and time consuming. It was implemented as a recursive filter with its

update computed by a Kalman filter using the so called reduced update strategy.

However, for the multiple look cases, where the magnitude of the speckle is

observed and independent, the iterative methods and updates become much simpler.

When the L-look image has a symmetrical Beta distribution in a two parameter
probability density function such as:

P(2m) s . ., m—1
£5) = Farmy (a1 = 9) (362)
The MAP equation becomes:
(L-—a+3)8 +(5(a—2L +3) ~ Lz)s +2L25 =0 (3.63)
where
a= Ctz
02
C?=1%.

The only real positive solution lying between z and z is:

. Lz+22L -a+3) -~ \/(Lz — Z(2L - a +3))? + 2Lz2(2c ~ 6)

Similarly, for those multiple look images which have Gamma distribution as:

fs= (%)" e:z:p(—cu%)s""l (3.65)

1
[(a)

where

»
I
Ny
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a= 51?-
In this case, the filter equation is:

as?+(1+L~a)zs—Lzz=0. (3.66)

The solution of this equation lying between z and  is:

(@ —L—1)2+/22(a — L~ 1)? + 4aLzz
2a

§=

(3.67)

3.2.7 Frost and Edge directed Frost Filters

Frost et al. [21] developed a speckle noise reduction filter based on an image model
in which the observed radar image is corrupted by multiplicative noise. That is, the
backscatter from the earth surface is multiplied by a stationary random process of
coherent fading. After that, the image is formed by convolving the product of the
backscatter and the random process of coherent fading with the system response
function. Frost designed his filter by using a mean square error estimate (MMSE)
for the backscatter from the image data. Since the MMSE is predicated on the fact
that the signal and the noise are both stationary, his filter cannot handle directly
the earth observation images (particularly, the radar images). The statistics of the
signal and noise of these images are non-stationary and they vary spatially. In
order to circumvent this problem, Frost assumes that the signal is stationary in the
wide-sense within a small spatial window. Therefore, the MMSE filter is designed
to process on a spatial window of an image which is stationary in the wide sense.
The filtering of an image is achieved by moving a processing wi;adow over an entire

image.

In creating the image model, the image data at location (z,y), I(z,y), is the

observed power at that point with a gamma distribution; the noise is a standard x?
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distribution, such that

I(z,y) = [r(z,y) - n(z, y)] * h(z,y) (3.68)

where
h(z,y) is the system impulse response,
r(z,y) is the actual desired image

* denotes convolution.

In this model, equation 3.68, it is further assumed under the neighbourhood

window, n(z,y) and r(z,y) are both stationary in homogeneous areas.

By assuming that m(t) is the impulse response of the filter to extract r(z,y)

from I(z,y), the mean square error, ¢, is established as follows:
€ = E[(r(z,y) — I(z,y) * m(z,y))?] (3.69)

The solution of the MMSE in equation 3.69 can be described in a transfer function:

=25 1 for f#0
M(f) = { ESr(f)-Sn(f)]H f) (3.70)
= for f=0

where
f = (fz, fy) is the spatial frequency coordinate, S,(f) and Sn(f) are the power
spectral densities of the reflectivity and the speckle noise process, respectively, H*

is the complex conjugate of the system transfer function, and 72 = E [n(z,y))].

Considering the fact that the filter is to extract the r(z,y) from the intensity
I(z,y), and H(f) is a constant during the image formation process, then equa-

tion 3.69 can be simplified as:

aS-(f)
Se(f) * Su(f)
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M(f)=

(3.71)



To solve equation 3.71, r(z,y) is modeled as an standard autoregressive process
with autocorrelation function R.(r). The autocorrelation function for the noise
process is Ry(7). Thus, the autocorrelations functions and the subsequent spectral

densities of r(z,y) and the noise can be given as:

R, =% 4+ 7 (3.72)

where 02,7, a are the variance, mean and constant of r(z,y). They are dependent

on the local terrain categories.

S.(f) = a—,_%i"z?ww) (3.73)
Ra(r) = 026() + A2 (3.74)
Su(f) = o2 + 7%6(f) (3.75)

The impulse response of the filter, m'(z, y), is found to be:
m'(z, y) = Kiaeel=v)l (3.76)
where K, is a normalizing constant, and

o= Jza[%]z : [IT%;LF] ta (3.77)

The decay constant « is a function of all the three signal parameters 02,7, and

a. Frost estimated a using local statistics from neighbourhood window and found

that
2
@ o % (3.78)
Thus, the filter equation becomes
m'(z,y) = K exp(—KC}|(z,y)]) (3.79)
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where K is a normalizing constant, K is the filter parameter and C, is the locally

derived coefficient of variation

o,
Co - _f- (3’80)

This filter performs fairly well in comparison to several of the others described above
as illustrated by Shi and Fung [72], but it does fail to model additional additive noise
as pointed out by Woods and Biemond [85]. Quelle and Boucher[63] combined the
Frost model of SAR imagery with spectral estimation techniques to develop an
adaptive Frost filter.

3.2.8 Variations of Local Statistical Filters

There exist many slight variations of the above filters. In considering the filtering
of complex images [58], especially those that have meaningful texture, Lopes et al
[53] suggest that an ideal filter should estimate the pixel value in a homogeneous
area simply by pixel averaging. They argue that in such a situation, the minimum
variance unbiased estimator is the mean pixel value. However, in the heterogeneous
areas, the filter should smooth speckle and, at the same time preserve the edges and
textural information. In this situation, an ideal filter should separate the speckle
and the textural information, and subsequently reduce or remove the speckle. But,
in the case there is highly speculative reflection and there are isolated point targets,
then the assumption of fully developed speckle does not hold. The filter function is
not valid in this case, the pixels should not be filtered or modified.

Based on the above observations, Lopes et al [55],[54],[52] defined the criteria
where and how the local statistics speckle should operate. They define the criteria in
terms of speckle coefficients C,, and C.. In order to apply these criteria, an image is

divided into regions of three classes. The first class corresponds to the homogeneous
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areas; the second class is the heterogeneous areas; and the third class is the regions
containing isolated point targets, which, in this case, the filter should preserve the
observed pixel value. The coefficient of variation of the speckle noise is defined as
Cp = 2. the coefficient of variation of the image pixel C, = %, and Cpgaz is the

threshold above which the image pixel remains unfiltered.

The filtering operation is subsequently changed. The changes to the well known

local statistics filter can be summarized as follows:

Enhanced Lee Filter

The filter equation of the Lee Filter is rearranged and expressed in terms of a

weighing factor W (4, 7) such that:

——

where
.oy “'K(CZ(i,j) —Cn)
W(i,j) = ezp Coee — C-.G.7) (3.82)
where C.(z,j) = ’:‘é-’j)- The rules for the filter becomes:
2(1,3) for C,(i,7) < C»
#(6,5) =\ ZGHIW(ELG) +2(,5) (1~ W(i,7))  for Cu < Caliy ) < Crmas
2(,7) for C.(i,7) > Crnas
(3.83)
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Enhanced Frost Filter

By re-arranging the impulse response of the Frost Filter in terms of C:, Craz,andC,,

it becomes
m(i, ) = Ki[-K func(C.(3, ), Cmaz, Cn)|(3, 5)| (3.84)

where func is a decreasing function such that

0 for C.(1,7) < C,
fune(C.) = 5%‘;95—-% for C, < C.(4,7) < Crmox (3.85)
00 for C.(%,7) > Crmex

The filter estimate for the two cases of C.(4,) > Cper and C.(¢,7) < C, is repre-

sented by:

56.5) < { 2(i,7)  for C.(i,) 2 Cpas 256

2(i,7) for C,<C,

Enhanced MAP Filter

Lopes et al [55],[54],[52] extend the MAP filter proposed by Kuan [41] to work
with Gamma distributed scenes and also propose to restrict the filter to replace the
pixels with their estimate only in the areas where C, < C:(?,7) < Craz so that the
homogenous area will be replaced simply by its mean, while the pixels in textured
areas are not modified. In summary, the enhanced filter function for a Gamma

distributed scene is described by:

2(2,7) for C.(¢,7) < Ca

ars ooy —m=D) 2N+ 269) (a-m—1)2 z(i.3)

2(1,7) = { la-m-Dz(i)+y/ =6 .;L (a-m—-1)2+4amz(i.j) -2(1,7) forC, < C:(t,7) < Craz
z(3,J) for C.(i,5) = Cmaz

(3.87)
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where m is the number of looks, Cpaz(,5) = V2C,, and o = &%“:ﬁé&—

3.2.9 Other Filters

Arsenault [5] combined the local statistics approach for additive noise with Homo-

morphic scheme. Based on the signal model of equation 3.88
z(3,7) = =(1,5) + Kz(i,5)n (3.88)

where:
K is a constant, and

n is a Gaussian noise source with zero mean and unity variance.

Based on a film grain model, the Homomorphic transformation is formulated as:

255
In 256

G(3,5) = In(z(z,5) +1) (3.89)

Once the data is transformed in the new domain, the Lee filter [44] is used to remove
the additive noise. The filtered image is then recovered by an inverse Homomorphic

transformation.

However, Durand et al. [19] found that this filter performed less satisfactorily
than the extended multiplicative noise model derived by Lee [44] discussed above.

Another speckle reduction method that does not use a model of the SAR image
is the Crimmins geometric filter [16]. The Crimmins filter uses a morphological
process referred to as the complementary eight-hull algorithm to “fill in the narrow
valleys and break down the narrow peaks”. This algorithm utilizes the correlation
between the speckle of adjacent pixels and results in a smoothed image. However,
the Crimmins geometric filter does not take into account the multiplicative nature

of the speckle noise. Thus, the noise at higher intensities will remain while the
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values at lower intensities will be overly smoothed. It also requires that the image
be detected and mapped to a relatively small dynamic range to work reasonably

well.

It is very difficult to filter the speckle and preserve the edges, both Lee and Nezry
et al [58][49] proposed the use of multiple pass to filter speckle image. The initial
pass is to determine where the edges are located on the image, then various schemes
are used to filter out the speckles according to the homogeneity of the locality.
Unfortunately, the signal to noise ratio of radar images is very low, normal robust
edge detector for optical images does not function well. Different edge detection
schemes are proposed and experimented. The success of these filters is dependent
on the success of the edge detection process. This is somewhat a catch-22 situation.
On one hand, speckle filtering is supposed to reduce the speckle noise in order that
subsequent interpretation or classification of the image can be done more efficiently
and more accurately. At any rate, this brings out another field of interesting research

opportunity: detection of edges in the presence of speckle noise.

This approach is in its infancy. As observed by Lee [49] the speckle smooth-
ing capability of this filter is somewhat inferior to the straight local statistics filter,
because the non-square window contains only a reduced set of pizels in the 7z 7

window.

3.3 Kalman Filtering of SAR Images

As mentioned in previous sections, the speckle reduction of SAR images has still
not found a robust solution. In chapter 7 we will give a series of results of various

filters applied to a series of test images, some of them bearing speckle noise collected
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from homogeneous areas of real SAR images. The quality of various filters can be
observed especially in Figures 7.31 - 7.37. The test image for this test was built
using a linear pattern image as shown in Figure 7.29 which was multiplied with a
speckle noise as given in Figure 7.30.

From the above sections it can also be seen that each filter introduced a more
complicated filtering equation whose complexity increased with the assumed image
model. Eventually in the MAP filter Kuan [41, 40] assumed a linear model for the

observed image.

The use of linear model infers the investigation of using the best linear estimator
for signals embedded in noise which is the Kalman filter. Kalman filtering has been
used extensively in processing of 1-D AR processes to achieve a linear estimate of
the least square error solution (30]. The Kalman filter was extended to the 2-D case
by Habibi [31]. However, the straight application of a Kalman filter to the 2-D case
is difficult due to the large computational and spatial requirements. For SAR image
filtering the literature mentions the paper by Azimi-Hadjadi et al. [8], despite the
fact that in that paper no real SAR image was used to demonstrate the validity of
the claims. We can state, as per our literature search, that the first application of
Kalman filtering were reported in (26, 27] which was the object of Gary Geling’s
thesis [24].

The Kalman filtering problem is a problem in two parts; first a linear model
is to be identified using one of the many parameter identification methods devel-
oped mainly for control systems [51] or others, and secondly, obtain an appropriate
discrete Kalman filter (equations) for the model identified in the first part of this
procedure. These leave the researcher in this field with a set of degrees of freedom;

in other words it is up to the researcher to choose the appropriate model and filter
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such that the best results are obtained.

Definitely, the experimental part plays a tremendous role in choosing the right
version of the model and filter (Kalman). We can state that there are no theoretical
guidelines of how to choose the image model and how to apply the most appropriate
Kalman filter.

In [24] two main models for speckle reduction in SAR images using Kalman
filtering were investigated, mainly a half and a full plane block Kalman filter, which
were adaptive versions of the corresponding filters by Azimi-Sadjadi [10, 15]. The
best results were obtained for the half plane Kalman filter which introduced a mul-
tiplicative noise in the state equation and for the adaptive full plane block Kalman
filter in [24]. A comparison with the results obtained by other filters and with the
original filters proposed by Azimi-Sadjadi can be found in (24, 26, 27] and in Chap-
ter 7 of this thesis where some tests and results obtained in [24] are extended and
brought to a scientific basis. In what follows we will continue, therefore, to inves-
tigate the improvements which can be brought to the full plane Kalman filter in
various noise conditions. In the end we will sketch an optimal method which will
eliminate the guessing of the various noise covariances which have to be a priori

known by the researcher 62,02, 02,02, etc.

In both methods developed by Azimi-Sadjadi and improved by Geling, the
observed images are modeled as a linear two dimensional autoregressive ( AR) process
[36]. It has to be mentioned from the beginning that the complexity of this method
implies a large number of computations and, therefore, more computational time

and more powerful computers.

However, some reductions with respect to the above complexity were brought

to this problem. The large number of computational and spatial demands was first
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reduced when Woods et al. developed several filters, such as the reduced update
Kalman filter (RUPK) [87] [84], that were efficient and could be used to process
images that were modeled as linear AR processes. These filters were expanded
to include on-line parameter estimation [38], linear space invariant(LSI) blur cor-
rection [86], and multiple parallel models for edge preservation [77]. Roesser [68]
also derived a single input, single output 2-D state space model that possessed a
separable impulse response and divided the state into vertical and horizontal com-
ponents. Zhang and Steenart [88] presented a high speed Kalman filter with LSI

blur correction based on Roesser’s model [24]

Azimi-Sadjadi has investigated and experimented a few models for Kalman fil-
ters, starting with his researches for his Ph.D. thesis [6]. Thus, Azimi-Sadjadi and
King [10] derived a general 2-D recursive multiple input, multiple output system
based on the Roesser 2-D state space model. This system took advantage of spe-
cial block structures to implement efficient 2-D filters by applying fast convolution
methods [1]. The concept of a 2-D block processor was extended to Kalman filtering
and applied to SAR imagery [7]. In order to model SAR imagery, the speckle noise
was approximated by the inclusion of a multiplicative noise term in the equations.
The 2-D block Kalman filter also included on-line parameter estimation based on
local statistics. The adaptive nature of the on-line parameter estimation allowed
the filter to be applied to a globally non-stationary image while assuming only local
stationarity of the image within the blocks being processed, and global stationarity
of the noise process [9]. Further modifications included the expansion of the region
of support to a non-symmetric half plane block with special block attributes that
increased the order of the filter [§].

The 2-D adaptive block Kalman filter(ABKF) was demonstrated to reduce

speckle on relatively homogenous images. However, several simplifications were
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made in order to reduce the computational work load for this algorithm. For the
case of images with large non-homogenous regions such as urban regions or land/sea
boundaries, these simplifications create difficulties and the filter fails to work prop-
erly in speckle noise conditions. The main computational burden of the filter in
[8] is the calculation of the derivative of the Kalman gain term for the parameter
estimation. It was assumed that the gain would converge to its steady state value
very quickly, and the gain was set to a constant value after an experimentally deter-
mined number of runs. The model also weighted the on-line parameter estimation
so that the filter parameters would converge to global steady state values. The com-
bination of selecting a steady state gain and using the steady state filter parameters
removes the filter’s adaptive capability, leading to blurring at edges and large block
effects. The Kalman filter, as presented by Azimi-Sadjadi, also assumes a stationary
multiplicative noise condition, i.e. it assumes the multiplicative noise statistics are

constant over the entire image [24].

In the next section, the Kalman filter technique developed by G. Geling in [24]
with emphasis on the most useful one known as the Full Plane Adaptive Kalman
Filter (FPAKF) will be discussed, and references to the improvements designed into
this technique, by Geling and Ionescu, in order to apply it to SAR processes will be

given.
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3.4 Fullplane Kalman filters

3.4.1 A General 2-D Linear Model for Kalman Filtering

Images are two dimensional discrete signals and so must be a linear model which
describes the image in terms of inputs, states, and outputs. If each discrete point
(pixel) in an image is represented by an observed value y(2,7) € Iy, where i is
the pixel direction, j the line direction, and Zi¢ is the intensity, the dynamic linear

single-input single-output (SISO) model can be represented as follows [79]:

2(t+1,7+1) = aopz(t+1,j)+ao2z(i+1,j~1)+---aonyz(i+1,j—n+ 1)+
a10z(2,J + 1) + a1,12(1, §) + a1 22(3, 5 — 1) + - - -

+am102(t ~m+ 1,7+ 1)+ amy 1z —m+1,5) +---
tamopaaz(i—m+1L,j—n+1) +bu(i+1,7 +1) (3.90)
yi+1,5+1) = cx(i+1,j+1)+dv(i+1,j+1) (3.91)

where:
x(i+1,j+1) is the value of the system at location i+1,j+1,

y(i+1j+1) is the observed value of the system at location i+1,j+1,
a,b,c and d are the parameters of the system,

u(i+1,j+1) is the additive input noise, and

v(i+1,j4+1) is the additive observation noise.

The model above uses a quarter-plane region of support such that the causality
is preserved. On the other hand, Kalman filtering is usually limited to the quarter

plane or half plane regions of support in 2-D image processing. As a consequence,
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the pixels adjacent to the pixel being calculated that are in the “future” of the

dynamic process are ignored. It results in biasing the estimates directionally.

3.4.2 A Full Plane Semicausal Model for SAR Speckle Re-

duction

In order to reduce the storage requirements of the filter and the problem of direc-
tional biasing, Citrin and Azimi-Sadjadi [15] developed a semi-causal Kalman filter
with a full-plane region of support. The filter processes from left to right in strips
without using the results of previous passes above the current pass. The mapping

for the region of support for this filter is given in Figure 3.3 which is borrowed from

[24].

Figure 3.3: Full Plane region of support for 2-D AR image model.

The full plane filter is the combination of four Kalman filters : three employ
causal regions of support while the fourth is semi-causal and is dependent on the

output of the first three. As shown in Figure 3.3 the linear model contains blocks
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of pixels instead of pixels. The general linear model will be in this case as given by

the equations;

Xi = AXi_, +BU; state transition (3.92)
Yo = CIeXe+Vi observation (3.93)

where A, B, C are matrices whose dimensions depend on the choice of the blocks
shown in the Figure 3.3 (their specific structure will be given in details in the next
chapter).

The filter has been modified by Gary Geling and D. Ionescu [26] to include
the parameter estimation technique given by Ljung and Séderstrm[51] and by the
introduction in the last equation of multiplicative noise matrix I’ such that it can
be applied to speckle noise reduction problems. In the remaining part of this thesis,
after discussing image models and parameter estimation techniques, the image model
will be further refined by the introduction of a multiplicative noise ¥ included in the
state transition equation. To bring this model closer to the developments regarding
the speckle noise given at the beginning of this section, we will further investigate the
effects of considering a Rayleigh, or an exponential distribution for the speckle noise,
in the Kalman filter equations. We will gradually introduce these modifications such
that all possible noise contributions are inspected. All these filters will be passed
through the series of designed tests as presented in Chapter 7. Eventually, the
filtering will be done using optimal covariance matrices for the additive noise in
the state and in the output. This technique can be applied to all kinds of noise
distributions (Rayleigh or exponential), and also to the multiplicative noises. We
will develop the optimal procedure for the Gaussian noise assumption only, other

combinations following the same path.
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3.5 Conclusion

SAR images filtering was the object of a series of researches. Some filters for cleaning
a SAR image have been designed and their performance illustrated on some exam-
ples of SAR images. This chapter provides a technical review of the digital filters
designed to suppress or minimize the effects of speckle on radar imagery. The un-
derlying principles and the equations of these filters are described. The popular and
significant speckle suppression filters reviewed are mainly the local statistical filters
using fixed size moving windows, homomorphic filters, and the more sophisticated
Kalman filters. Most of these filters, other than Kalman filters, are based on simple
noise models and different schemes of utilizing local statistics derived from a moving
window. The Kalman filters are more elaborate in modelling the image state and
different kinds of noise (including the speckle noise, thermal noise etc.). The Kalman
filter approach, while being more sophisticated, has suffered from the high demand
of computational power. As the computational power increased tremendously in the
recent decades, this restriction is aleviated. The capability of the Kalman filter to
model more complex noise conditions becomes more attractive to the researchers.
The computational barrier has gradually been eroded. This chapter provides, in
the last few sections, the descripiton of a few Kalman filters developed for speckle

suppression.

64



Chapter 4

Two Full Plane Kalman Filters for
Speckle Noise Reduction in SAR

Images

4.1 Introduction

For filtering Gaussian noise in linear systems Kalman and Bucy [30] developed a
filter which minimizes the error covariance. Using an optimization technique it is

the best of all for the problems which fall in its assumptions.

Kalman filters were tried on images (optical) a long time ago [4] . Azimi-Sadjadi
and Bannour claimed in [9] that a Kalman filter which they have developed can be
applied to SAR images for speckle reduction. Geling in [24] tested the possibilities
of using the above filter for SAR speckle reduction. He showed that, as the filter was
designed, it cannot be applied to real SAR images. The image presented by Azimi-
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Sadjadi and Bannour in their paper [9] was an optical image on which a known
speckle noise was added. Geling in [24] brought a few modifications to the initial
filter developed by the above authors. A series of tests and results were presented in
his work. The main conclusion was that the Kalman filter, which uses a full plane
as a region of support, is the best candidate for being used for speckle reduction in
SAR images. Hereafter we will develop further the full plane methodology for the
application of the Kalman filter to the speckle noise reduction problem.

4.2 The Full Plane Kalman Filter

4.2.1 Building a Full Plane Image Model

The restrictions imposed on the region of support in order to preserve causality
[31],(68],(88], [87] have the drawback of ignoring those pixels adjacent to the pixel
being calculated that are in the “future” of the dynamic process. This results in
directionally biased estimates and, as a consequence, in asymmetric distortions to
the image that greatly detract from the image. On the other hand a non-symmetric
region of support requires the states for the entire previous row processed to be

saved.

In order to overcome these drawbacks Citrin and Azimi-Sadjadi [15] also de-
veloped a semi-causal Kalman filter with a full plane region of support. The filter
processes from left to right in strips without using the results of previous passes

above the current pass.

The equations and the basic blocks of the full plane filter are given as in Figure

3.3 and as described in Chapter 3. For the ease of reading, the model given in
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Chapter 3 is rewritten below as :

Xe = AXi_, +BU; state transition (4.1)
Yo = CI'tXi+ Vi  observation (4.2)

where A, B,C are matrices whose dimensions depend on the choice of the blocks

shown in Figure 3.3; their specific structure will be developed below.

In [15] the model is built based on the assumption that the image blocks on
the trailing edge, Xo, X;, X3, X3, and X}, are copied from the block to their right.
Only the remaining blocks X5, X, X7 and X;g are related through a 2-D dynamic

process equations as expressed by the following set of block-vector equations.

Let X.(k) denote the block X; at iterative step k, and X;(k — 1) the block X;
at iterative step k£ — 1, Then,

Xo(k) = Xy(k-1) (4.3)
Xi(k) <« Xs(k—1) (4.4)
Xa(k) = Xa(k-1) (4.5)
Xa(k) & Xo(k—-1) (4.6)
Xy(k) & Xe(k—-1) (4.7)
AgsXs(k) <« Ay Xa(k — 1)+ AyXs(k — 1) + ALeXe(k)(k — 1)
+ALX7(k—1) + Us (4.8)
ApeXe(k) < ALXe(k —1)+ Us (4.9)
Ao X7(k) & A7 Xa(k—1)+ AXs(k ~ 1) + A7eXe(k — 1)
+AnX7(k-1)+ U, (4.10)

ApeXs(k) & ApXo(k—1)+ AyXi(k —1) +... + ALXs(k — 1) + Ug4.11)

such that the matrix A will be given by:
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0 I 0 0 0 0o 0 0 0
0 0 0 0 0 I 0 0 0
0 0 0 I o 0o 0 0 0
0 0 0 0 0 0 0 I 0
A=10 0 0 0 0 0 I o0 o (4.12)
0 0 0 0 Asqy Ass Asg Asr O
0 0 0 0 0 0 Ag O 0
0 0 0 0 A7y Ars Az A7r O
| Aso Asi Asz Ass Ass Ass Ass Asr Ass |

A block- state-vector has the structure depicted in the Figure 4.1, where the

dimension of each block is consider to be n x n =2 x 2,

Figure 4.1: Example Mapping of 2-D blocks to Block Vector. Number corresponds

to Location in X Vector.

while the X5, X¢, X7 and X5 block-state-vectors are mapped into their param-
eters of the blocks of the A matrix as shown in Figure 4.2

The A’ matrices are combined to calculate the state transition equations. One
possible choice of input-output model parameters for the parameter estimations and
the mapping to the full plane model for m = 2 is given below. The ag parameter is

shown set to -1. According to Geling [24] the intimate structure of the A matrix is

68



Mapping for elements 1 & 2 of Xg

Mapping for elements 3 & 4 of X,

718 0 20 | 21 | 22
9 110 |11 17 1 18 | 19
12 {13 | 14 15116 (0
Mapping for X; Mapping for X7

23 124 | 25 | 26 | 27

281129130 | 3132

33134 (0 |35 36

37 | 38 139 | 40 | 41

42 | 43 {44 | 45 | 46

Mapping for X3

Figure 4.2: Example Mapping Full Plane Parameters to Each Region of Support.

Number corresponds to Location in Parameter Vector.

69



given by the set of A;; block-matrices:

4

05 —

, —
A54 -

, —
A07 -

L
74 —

Q16
Q19

aig

( Q29

0
0

a9

azn

a0
0
0

apn

a-nd Ags =

aie

ar

Q29

0

and Agg =

and AL, =

and A%, =

as (

a7
and A% =

az;

azo

70

[ ar ag
0 ar
0 0

0 0

Q14 0

Q13 Q4

a 0

@10 an

[ a a
0 a
as Qag

| 0 das

ais aie
0 as
aiz a8

0 a7

a2 0

az1 G222

0 o0

0 0

ag

az

a14

a3

as

a)

a)s

a9
as
az2

az)

Q10
Qg

as

G7J

Q14 |

ay
as

17]

Q16

Q15

a9

a2 )



4

e =
85

Q34
azo

Q29

( azs

Q24

Q43
Qa3g

asg

azy

Qa6
0
0

Qa3s

a3y

Q39

Q26

Qazs

Q45
Q44
a40

asg

a7
0
0

asg

G3s

azq

a3g
G29
Q25

Q24

a44

aq3

asz
as;
a7

Qze

Q40
G3g

az;

as;
Q39

Q¢

azs |

Q45

G“J

asz2

a7

Q33

azs

and A, =

and Ag, =

and AL, =

and Ag, =

azq
as3
azg

azs

71

a7

a33

0
0
0

Q42

aszs

Q3
Q3s
asz

asy

Q46
Q45
Q41

Q40

assg
as7

a3q

033J

Qa3
0
0

Q43
as2
Q39

Q3g

Qa3g

a3z

Q46

a4

( Q24 Q28 a9
az3

0 aa2g

Q23 Q24

0 a3

Q42 Q43

0 aqo

0
Q41

ay0 Q41
QA36 0

aszs dQasze




Ass
Ase
Ag7
Ags
Az
A
Az
Azr
Ago
Ag
Asg;
Ags
Asy
Ass
Asge
Agy
Agg

—Ags " Ay
—Ags ™ Al
-A(,JS-l A'56
0

— At g
~Ay A
0

— Ay A
— Ay Ay
—~ At AL
—Abs ™ Ay
~Ag Ay
~ A Ay
— A Any
—Ags ™ Ags
0

_AGS-IAQT

—Abg ™ AL

(4.13)
(4.14)
(4.15)
(4.16)
(4.17)
(4.18)
(4.19)
(4.20)
(4.21)
(4.22)
(4.23)
(4.24)
(4.25)
(4.26)
(4.27)
(4.28)
(4.29)
(4.30)

The B matrix can be obtained directly from the set of equations 4.3-4.11 as:
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(00000 0 0 0 o
00000 0 0 o0 O
00000 0 0 0 0O
00000 0 0 0 O
B=({00000 0 0 0 o0 (4.31)
00000GBs 0 0 0
00000 O B 0 O
00000 O 0 B~ O
(00000 0 0 0 Bg)
where
Bss = —A™! (4.32)
Bss = —Ag ' (433)
Brr = —Ay," (4.34)
Bes = —Al™" (4.35)

while the matrix C is given by:

00000TIOCOO]
000000TOO
C= (4.36)
0000000O0THO

(00000000 I|

The matrix I is the multiplicative noise matrix present in the observation which

generates the speckle, and obviously is a square matrix having the dimensions (4 x
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N)x(4xN). For the beginning we will assume I' as produced by a matricial Gaussian
noise. Later on we will work out a Kalman filter with other noise assumptions on
I.

4.2.2 Kalman Filter Equations for a Full Plane Region of
Support

The derivation of the Kalman filter equations will be done following the general
derivation of the discrete Kalman filter. For the full plane model the equations are
similar to the general case, the only difference being the presence of the multiplicative

noise I'. Based on the block state space model given in the equations 4.1 and 4.2

where the noise processes are Gaussian with the statistics as follows

ElU] = 0O process noise (4.37)
ELUL] = o6 (4.38)
EVi] = 0 observation noise (4.39)
EVVE] = o'l (4.40)
Elk] = u, multiplicative noise (4.41)
ELTE] = o216 + pI (4.42)

Note that the various noise parameters, u, and v, are independent of the signal,
X, and are uncorrelated with respect to each other and with the multiplicative noise

L.

Using the block form of the filter and following the general procedure shown in
detail in [24] which used Grewal and Andrews [30], the Kalman equations for the

full plane region of support are as follows:
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a priori estimate

X7 = gXext)

= AX{
a priort error covariance
PO = (X - X)X, - X))
= APZIAT 4

Bo2BT

innovation

Z = £Y-Y)
= Y- E[CT: X7 + Vi
= Y~ I“vcxlg—)

gain calculation

R.r = E[Z:Z]]
= E[(CTxXk + Vi — p,CX )
(CTeXi + Vi — py CX{H)T]
p2CPIICT + o1+ 002 , + p2 ,)CCT
Ki = €[(Xe-X{)2Z0)R:
= mPOCTR

a posteriori estimate
xM = xP + Kz,
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(4.43)

(4.44)

(4.45)

(4.46)

(4.47)

(4.48)



a posteriori error covariance

P = €(X - X)X — XE)T]
= (I-pKC)PO (1 - p KiC)T
+ KeC(03(0%  + b2 ())CTKY + 02K ;KT (4.49)
= (I-p,KC)PO (4.50)

The values of p,, and o2 ; used in the calculation of the Kalman filter gain,

must be estimated from the local statistics of the image.

4.3 Parameter Estimation

The (A, B, C) model used in the calculation of the Kalman filter, have to be identi-
fied from image records. For the observed image we will assume that the C' matrix
is known and as given in 4.36. The C matrix can also include known systematic

distortions in the imagery.

The parameters of the image model are determined following the recursive pre-
diction error method as presented in [51] and developed in full for the Kalman filter

case in [24].

The recursive formula used for the estimate of the parameters are: [51]
&(t) = d(t - 1) + L(t)2(2) (4.51)

where
®(t) is the vector containing the parameter estimates at time ¢,

L(t) is the gain for the parameter estimate, and

Z(t) is the innovation or observation error as in (4.45).
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In order to derive a model for parameter estimation, a criterion to be minimized

is required. A quadratic criterion of the form
N(®) = 8[%Z7(t)H"Z(t)] (4.52)

where II is a positive definite matrix, is often used [51],[8]. It is shown in [51] that
the best choice for II is the true prediction error covariance matrix. It is important
to note that this form of criterion gives a substantial penalty for large errors and is

sensitive to large measurement errors in the observed process [51].

For such a model of parameter estimation, the criterion may be minimized using
the stochastic Newton method. The Newton method is generalized as a successive
approximation process of the form

h(t)

fE+1) =10 + ke

(4.53)

where:
f(t) is the solution,

h(t) is the function being solved, and

k is a gain factor.

Applying this method to solve for the optimal solution to N (®), ie. solving
42 — 0, gives an equation of the form [51]

T
() = ®(t—1)-v(t) [ d@N(@)] [ N(@)J (4.54)
= &t —1)+u(t) [ dﬁi’ N((D)] B Ait-1)O71Z(t -1) (4.55)

where
A(t) is the gradient of the observation error, and

v(t) is a time decaying gain factor.
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The second derivative, or Hessian, of the criterion can be approximated recur-

sively using the following form [7]:
d?

R(t) = 2=N(®) (4.56)
R(t) = R(t—1)+v@®)AGOAT(E) - R(t ~1)] (4.57)

The gradient of the observation error can be derived from the Kalman equations

(4.45) [7] as

d T
A(D,t) = [d—Q—Y(‘)((D,t)]
d T
= [Ep.,cx(-)(@,t)]
A®,t) = [(u,CZy(@,8)]" (4.58)

where X¢(®, t) is the derivative of the a prioriestimate from the Kalman filter (4.43).

£4(8,1) = =X (®, 1) (4.59)

The calculation of (4.59) requires the derivative of the Kalman equations (4.43) -
(4.50), and it should be noted that the calculation of the derivative of the gain

function is computationally intensive [8].

The best estimate for the value II has been shown to be the covariance of the
innovation process Z(t)[51]. This covariance is the R, term used in the formation

of the Kalman filter as given in (4.46).

The formula for the calculation of the estimate of the Hessian given in (4.57)
is very sensitive to round-off errors. It is desired that an alternative derivation be
used that is more numerically stable. Towards this purpose a sequence, A(t), called
the forgetting factor is defined. This factor is dependent on the gain sequence, v(t),

as follows [51]: ( )
vit—-1
u(t)

At) = [1-v(?)] (4.60)
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Using this sequence and a new factor P(t) related to the Hessian by
P(t) = v()R7L(E) (4.61)

a form of the parameter gain function £(t) may be written that is more numerically

stable[51].

L(t) = P —-1AR)ATE)P(E - 1)A(L) + M) R.(£)] ™" (4.62)

P(t) = [[-L@AT@)]P(t~ DI— AR)LT(E)]/ )
+L(t)R.(t)CT(t) (4.63)

®(t) = [®(¢—~1)+L()Z(t)]pa (4.64)

The calculation of the gain must also be modified so that the parameter vector
always results in a stable system as indicated by the mapping function in the right-
hand side of (4.64) which has been marked as [ |pa as specified in [51]. A common
method to achieve this is to multiply the gain £(t) by a weighting factor that
decreases from 1 to zero, and to select the greatest factor that results in a choice of
parameters that yield to a stable system. The stability of the system may be verified
by solving for the eigen values of the solution and ensuring that all are within the
unit circle [51]. A priori knowledge of the stable parameter space may also be used

to force the parameters to remain in the region that guarantees a stable solution 3.

4.4 Online Parameter Estimation Equations

The Kalman equations have been given in terms of two dimensions, while the pa-
rameter estimation is given in the one dimensional terms of the filter. The 2-D

terms must be converted into a form compatible with the parameter estimation.
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Therefore, a parameter k is defined:
k = i * step; + j * step;;

where step; and step; are the number of iterations of the function that occur for
each change in 7 and j respectively. For the block Kalman filter, step; is 1, and step;

is equal to the number of blocks in one path across the image.

As well, it is necessary to define a sequence for the forgetting factor, A(t). The
forgetting factor indicates the rate at which new information overrides the past.
This factor should be a low value initially and should approach a value near 1 as

the image is processed in order to achieve a stable result. The function
’\k = Ass + /\rate(/\k—l - /\ss)

defines the forgetting factor [51], where A,, is the steady state value of ), and g
determines the rate at which the A(¢) approaches A,;.

All of the equations required for the online parameter estimation may now be

given in terms of the Kalman equations derived earlier [8, 51].

k = ixstep; + j* step; (4.65)
Ak = Ass + Arate( Akt — Ags) (4.66)
AL(®) = u\CTir)(®) (4.67)
St = Al(®)Pe-18k(®) + M Rogr) (4.68)
L = PeaAn(®)SS (4.69)
P = %(I-Lmz(o))m-l(l-L:kAz(@))T+£kRz(,¢,c£ (4.70)
B = [Bet +LiZip, (4.71)
o= K@) (4.72)
oy (@) = % o
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Tok+1)(®) =

The derivative of the Kalman filter gain K} is calculated as follows:

=K (®)

dp)
d®

d®

(L— 1ty Ki(®)C)Sye)(B) + w5 24 ()

d

(=)
d(Iix

AR)Z, (1) (®) + ——

dA(®)

d®

X+

. dq,(P‘ 'CTR7Y)
dP( : (-) Td zk
= g C B +mPTCT =0t
- d‘fp [APC)AT 4 Bo2BT]
= (55 A)P,f”AT+AP(f{ d‘;AT
A(— d‘fp PEDHAT + (7 B)azBT + Baz(—BT)
dp
- —F”IK,CC d®

(4.73)

(4.74)

(4.75)

(4.76)

(4.77)

In the previous set of equations the derivative of the matrix A with respect to

its own elements contained as components in the parameter ® has to be calculated.

This is done as follows:
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0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
da=] o 0 0 0 0 0 0
a5, = 0 0
0 0 0 0  HAm FHAss £Ase O 0
0 0 0 0 0 0 £A4e6 0 0
0 0 0 0 FAn 0 FAs ZAn 0
i %Aso ﬁASI ﬁAsz ;%Ass £7A84 ,1:71485 0 ﬁ;Aw %;Ass ]
(4.78)

The expressions for each the above ;%;Ak, will be calculated according to their
definition relations given in 4.13 to 4.30 as in the following:

d d - d
EAI:I = —EAak ! kit — (,)kE Kt
a d , - a d
= Ay lr{,_AakAOk AL — A, IEA;:I (4.79)

Finally the derivatives for each Ay, will be calculated as in the following example

where the derivative of Ags will be taken with respect to a;q.

(000 0]
d 0010
d—Aos=
a1 0000
(000 0]

Similarly the derivative of B with respect of @ is given by :
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00000 O 0 0 0
00000 O 0 0 0
00000 O 0 0 0
00000 O 0 0 0
B=|0o0o000 o 0 0 0 (4.80)
00000 %Bss 0 0 0
00000 0 &Bs O 0
00000 O 0 &Br 0
(00000 O 0 0 73Bss |

The initial conditions required for the parameter estimation are @y, Ro, Ao,

’\ratey '\ss’ a-nd Ea(o)—

As final and general comments which we found very interesting in Geling’s [24]

work we will mention the following:

o the filter requires no history from each pass through the image, left to right.

o the filter processes only one strip at a time, using the data from three strips
from the image. Only the centre strip from each scan through the image is

saved.

From the original paper of Azimi-Sadjadi [15] we retained the fact that the
filter has a superior SNR as compared with other Kalman filters implementations

such as those tried in [31],[68],[88],[87].

The above reasons made us choose to do further research on this sub ject and ap-
ply more advanced Kalman filtering techniques using the Full-Plane Block Adaptive
Model (FPBAM).
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Reviewing the development of the original FPBKF by Azimi-Sadjadi [8] and
testing it over the Victoria images, Geling [24] mentioned that the derived Kalman
filter is adaptive only in terms of a variable parameter system and even this condition
is weakened when the filter is used to determine a steady state solution for both the
Kalman gain and the parameters. The next sections deal with the development of
a modified adaptive block Kalman filter for the fullplane case. This filter, modified
by Geling [24, 26, 27] so that it becomes truly adaptive over the entire image by
evaluating the multiplicative noise assumption for each set of blocks processed, will
be further modified by assuming that there is a multiplicative noise in the state of
this filter. This will allow the filter to better follow the large variations found in a
“speckled” image of urban regions such as that found in the test image of Victoria,

B.C., especially when edges have to be preserved.

4.5 Adaptive Kalman Filters

An adaptation index was introduced by Geling in [24] in the structure of the full
plane Kalman filter which he applied to the reduction of the speckle noise in SAR
image. He got his inspiration from a series of works [44],[19],[40] where this method
was justified. It was shown that, over homogeneous regions, the speckle statistics of
SAR imagery remain stationary and close to the theoretical values of 1 /VM ; where
M is the number of looks. However, in areas with strong point reflectors, such as
urban regions, the assumption of fully developed speckle is no longer true. To prove
this he considered the observation effected by a multiplicative noise as given in the

relationship:
Yo = CICiXi+ Vi observation (4.81)
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with the following multiplicative noise conditions:

ECe] = ny multiplicative noise (4.82)
8[[‘[;[‘{_1 = 0’315]:'1 + ;l?,l (4.83)

If it is assumed that the statistics of the multiplicative noise are non-stationary over

the entire image, then a variable value of 62 must be considered.

Following Lopes et al.[55] a criteria to assess the validity of the multiplicative
noise assumption for use in many SAR imagery filters was developed. This criteria,
known as the coefficient of variation, C,, is the ratio of the square root of the variance
of a region to the mean of the region. For a homogeneous region, this coefficient
is also known as the speckle index. This parameter can be used to modify the

multiplicative noise term in the state observation equation (4.2).

C, = Z : (4.84)
Y

For regions where the multiplicative noise assumption is valid, the algorithm
may be left unchanged. For regions where the coefficient of variation exceeds a given
limit, the multiplicative noise assumption is deemed invalid and must be relaxed.
Two values must be defined: o2 is the value of the multiplicative noise variance
over the majority of the image and is typically ~ 1/vM; o2 , is a localized value of
the multiplicative noise variance that is calculated for each iteration. For a smooth

decrease in the effect of this variation a linear decay function, f(C,), is defined.

1 If Co < Comant
A(Co) = gmatzler if Comazt < Cy < Comazz (4.85)

0 otherwise
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The decay function may now be applied to the multiplicative noise term, o,
so that the value of the noise term will be decreased as the assumption becomes less

likely, until the multiplicative noise parameter is set to zero at Comaga.
oy k= f(C,)o, (4.86)

As well, the parameter estimation must be reduced or terminated for the iteration
when the model assumptions no longer hold. This will prevent the parameters from
being affected by the errors created by applying the model to localized regions of
images that do not fit the model. Consequently, the calculation of the parameter
vector in (4.71) must be modified as given in (4.87).

s = [ + f(Co)LCrZilp,, (4.87)

The effect of this modification can be determined by examining the formulation of
the gain in (4.47) and (4.46). By setting the multiplicative noise variance term, o,,,
to zero the value of the gain, K, will have a larger magnitude allowing the filter to
better track the change in the image. The parameter estimation is halted so that

any large transients are not introduced into the parameter vector.

The values for C,nez must be chosen so that the Kalman filter is capable of fol-
lowing the changes in the image over highly variable areas without under-smoothing
more homogeneous regions. For an intensity image, the values should be larger than
the expected value over a homogeneous region of C, = 1/v/M. Lopes et al.[55] sug-
gest a value of Copner = \/-1T2/~M for an intensity image. For a one-look intensity
image, this results in a value of C ., = 1.73.
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4.6 A Kalman Filter with State Multiplicative Noise

Parameters

Urban regions tend to consist of complicated regions that vary quickly from strong
point reflectors to "dark” regions caused by building shadows or multi-path effects
on the radar. In order to model this phenomenon, it has been proposed that the
change in the radar response between adjacent regions may be related using a mul-
tiplicative noise term in the state transition equation. The use of a multiplicative
noise parameter in the dynamic equation would allow the filter to follow the image in
regions of fast change such as sharp edges. These modified block dynamic equations
would be expressed as

Xi = AUXi_, +BU;. state transition (4.88)
Y. = CI'Xy+W observation (4.89)

where the matrices A, B, and C are the same as in section 4.1 and where the

noise process ¥ is Gaussian with the following statistics:

EW:] =1 maultiplicative state noise (4.90)
EWV ] = o2l +1 (4.91)

and the remaining noise parameters are

ElU = 0 process noise (4.92)
EUUL] = 15 (4.93)
EVi] = 0 observation noise (4.94)
EViVEL] = o6, (4.95)
Elk] = u, multiplicative noise (4.96)
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EeLi ] = o216 + 421 (4.97)
Note that the various noise parameters, u, and v, are independent of the signal,
X, and are uncorrelated to each other.

We also assume that the multiplicative noise parameters ¥, are independent of

the signal, X, and the other noise parameters, ', U, and V.

The local statistics of the image model are also defined for the state variable X

g[Xk] = Hrk (4.98)
EXeXil] = of {16k +p2 X (4.99)

The resulting dynamic model is given as a block diagram in Figure 4.3. Recall

that the term 27! is the shift operators.

{ A v zZ i Xi;j Vii
g Y
YilB e C O Vi
X Xii - %
3] "wC _F >
e ~ #PC Rz e Zij
bxz,

Figure 4.3: Block Diagram of Modified Fullplane Block Kalman Filter.

The re-evaluation of each of the Kalman equations is given here to determine the

effects of including a multiplicative noise term, ¥, in the state transition equation.
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a priori estimate

X = EXelXeo]
= E[AUX;_; + BUj]
¥ and X are independent, therefore
EUX] = EVEX] = £X]
Recall £[Uy] =0, giving
X = Ax{ (4.100)

The sub-optimal estimator for this case may be expressed as a function of the

a priort estimate, X,g'), and the observation, Y in the form:

XM = kXD + R (4.101)

The orthogonality condition [30] must be met to determine the minimum mean

squared error. This can be written as

E(Xi -XMYT] = 0 1<i<k (4.102)

Using this relationship and the fact that £[V;Y}] = 0 for [ < kj, the expression

for the factor K} may be derived.

EXYT - XY = o
substituting (4.101)

EXYT - RIXYT - KT = 0
substituting (4.89)
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EXYT — KEXO'YT — KT X YT — ReWYT] =
EXeY,T - KEXOYT — RCTXLYT] =
E(I- KCT) X YT — KIXOlYT =
E[(I~ KeCT — KXY — KE(XS - Xe)YT] =
using (4.102)
E(I-K:CT - KX Y] = 0
(I- KCET] - KHEXYT] = 0
(I-KCu, - KHE[XYT] = 0 (4.103)

o O O ©

This restriction will remain true if the first portion of the expression is zero. There-
fore

Ki =1-K.Cpu, (4.104)

where K is the Kalman gain and will be simplified to K} from now on.

Now the estimator, X{*) is expressed as

XM = (I-KCu)X + KuYe
= X+ Ke(Y - O X)) (4.105)

Using the definition of the innovation

Zy =Y - Cp, X\ (4.106)

the a posteriori estimate now assumes the standard Kalman filter form

XM =x0) ¢ Kz, (4.107)

Using the orthogonality condition again, the two equations
(X~ XY = o
El(Xe = XY Cm X))

|
=
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may be combined to give
E[(Xe = X (Ve = Cin XY = 0 (4.108)

This equation may be arranged using (4.105), (4.89), and the definition for P,g‘) to

determine an expression for the Kalman gain

0 = £[(Xi— X — KYa + KCuy X)) (Vi — Cpa, XN
0 = E[((Xe - X)) - K(CTXi + Vi) + KCp, X))
(CT Xk + Vi ~ Cpp XN)T]
0 = &[(Xr— X)X, ITrTcT -
(X — X)X o CT +
(Xe = XiTWT -
KC(T X — u, XN X TTTCT +
KC(T X, — p X\ )X, OT —
KC(TXi -, X\ OYWT —
KViXi"TTCT + KVi(X{ ) 1, CT — KViVT] (4.109)
0 = E[(Xe~ X)X — X)) |uaCT + E[( Xk — XVEWA] —
KCETXi X TrT — p, X X, TTT —
XX iy 4 X X JOT —
KCE[P Xk — X\ |EWT] -
KEVEIXTTICT + KEWVA|(X{) 1w, CT ~ KEWVT]  (4.110)

Simplifying the expectation expressions and substituting for the expression of R(;)

gives

0 = P7p,CT -
KCET X X TTT|CT -

91



KCu, P, CT +
KCpuE[Xe X{{1p,CT -
KEWVVT]

0 = uPOCT -
KC((o3 + p3) (o2 + u2))CT —
KCp2PSCT +
KC(p3(a2 + p2))CT
~Ko?

v

0 = pPCT ~ K(Co¥(o? + 12)CT + w2CPLCT + 071)

Rearranging for the Kalman gain results in

K = POCTp,[p2CPECT + Ca?(02 + p2)CT + 021

=u2CPICT + Col(02 +p2)CT + 021

K =P{7CTp, R

To derive the a posteriori error covariance,

E[(Xi — X)X — XE)T]
substituting in (4.105)

(4.111)

(4.112)
(4.113)

(4.114)

(4.115)

(4.116)

E[(Xx —(I- KCpy) XL — KYa)(Xe — (I- KCpy) X" ~ KYi)T]

E[Xe(XT — (XS T(X - paCK)T — (K(CT X, + Vi))T)] —

El(I - KCu)X(T(XT — (X7 (1- iy CK)T — (K(CTXi + Vi))T)] -

E[KCT X (XT — (XS (A - p,CK)T — (K(CT X + V&))T)] -

EKVi(XT — (XTI - p,CK)T — (K(CTXx + Vi))T)]
E[(I—- KCT)Xe XFT (I - KCI)T] -
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E[I - KCT)XT' XTI (1 - KCw,)T| -
E((I - KCu ) X XT (1 - KCT)T] +
T~ KCuy) X (XY (1 - KCpy)T) +
EIKViVIKT) (4.118)
Now adding extra terms to complete the expression for (X — X 7)(X; — Xxhr,
the equation becomes
PP = (I- KCu)E[( Xk — X)Xk — XEVTI(X - KCpay) +
KCEF X XLITICTKT — KCu E[Xi X u,CTKT +
KEWVVIIKT
The expression for P,s') may now be substituted, and the expectations replaced by
their values so that
P = (I-p,KC)PO(I~p, KC)T +
KC(o%(02 + u2))CTKT +
Ka’KT (4.119)
= (I-mKC)PT — i, PFICTKT +
KC(o2(02 + u2))CTKT +
K(CPCT + o?)KT (4.120)

By substituting the expression for p.,P,f—)CT from (4.113) into the above equation,

the expression simplifies to

P = (1-p,kC)PS (4.121)

The expression for the a priori error covariance
B = E[(Xe - X)X — X))
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is now determined by substituting the expressions for X and X,g-) and expanding

the resulting expression.

P

E[(A¥Xi_; + BU, — AX{H)

(A¥X;, + BU. — AXS)] (4.122)
= E[AVXe XL WTAT + AUX,_,UTBT —

AUX  XHTAT 4

BU XL 9TAT + BUUTBT —
BUXH" AT -

AXE XL UTAT - AXUT BT +
AX X AT)

Substituting the expressions for the earlier P,E'H and the cross covariance term, the

equation now becomes

PO = APZIAT + AE[UX, X7 WTIAT — AE[X, X7 AT +
BE[UUTBT (4.123)

Since the multiplicative noise, ¥, and the original image, X, are independent, the

result of the combined expectation can be expressed as
EU X1 XTI, 0T] = 02 (02 + p2) + 02 + 2 (4.124)

Recall that
EXpr X =02+ 2 (4.125)

resulting in the final expression for the a priori error covariance of

PV = APPIAT + A(03(02 + u2))AT +
Bo2B” (4.126)
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The above derivations show that only the a priori error covariance term changes
when the multiplicative noise mean of one is included in the model. The formulation
of the recursive parameter estimation remains the same, with only the derivative
of a priort covariance changing to reflect the new equations. Due to these pew
terms, the Kalman gain becomes more sensitive to the local statistics. The a priort
covariance will become larger as a result of these new terms, but as it appears in the
gain equation as a multiplicative term and as part of the inverse of R, as shown in
(4.115), the gain will become slightly larger. In homogeneous regions and regions
of low mean value, the effect of the multiplicative noise term in the state transition
matrix will be negligible, and the effects should only become noticeable in regions
of greater variance and mean. Although there is no proven method to choose the
value of the multiplicative noise variance, it should be less than one to maintain the
stability of the filter. In the tests presented in Chapter 7 the value is chosen less
than 0.25 to avoid the saturation of the filter which would be caused by the presence

of too much noise in the model.

4.7 Online Parameter Estimation Equations for

the State Multiplicative Noise Case

The online model identification equations for the full plane case given above 4.65
- 4.74 are preserved for the state multiplicative noise case; the only difference is in
the derivative of the Kalman filter gain, especially when calculating the derivative
for the a priori error covariance. For this latter equation the derivative is given by:

dp{™
dd

d
= FAPHAT + Ao} (02 +u2)AT +
Bo’BT]
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= SAPMAT AP LTy

dd k-1 4o
d 2 2 2 T 2,2 2 d T
TpMou(oz +12))AT + A(oy(o; +112)) wA Tt
A%Pgﬁﬁ + d%,-BaﬁBT + Bo? %BT (4.127)
(4.128)

The initial conditions required for the parameter estimation are the same as

a.bove: Qo, Ro, /\0, ’\ratey ’\ssv a‘nd 26(0)'

4.8 Conclusions

In this chapter the starting point of a Kalman filtering technique for speckle reduc-
tion in SAR images has been introduced. This refers to the work presented in [24]
which was inspired by the work of Citrin and Azimi-Sadjadi [15] to which a series
of corrections have been brought by Geling. Corrections to the work of Geling have
been brought in Section 1 of this chapter. In section two of the present chapter,
a new Kalman filter technique for the case of a state multiplicative noise has been
proposed; the modification of the parameter estimation technique has been devel-
oped accordingly. The motivation of choosing the full plane model resides in the
fact of a good return and the absence of the box effect around edges. The latter is
produced by the two dimensional block which scans the region of support [9]. In the
next chapter two new Kalman filtering techniques will developed: a Kalman filter
for Markov noise components in the observation and a Kalman filter for a dynamic

state multiplicative noise.
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Chapter 5

Kalman Filters with Non-Gaussian

Noise for Speckle Reduction

5.1 Introduction

As mentioned in Chapter 2 the speckle noise can be characterized either by expo-
nential or Rayleigh distributions if the one look or the raw complex signal are dealt
with, respectively, when applying the Kalman filter for restoring SAR images.

The Kalman filter was designed assuming that Gaussian noise is applied in the
state and in the observation equations. A series of papers [49] discussed the presence
of a multiplicative noise component in the observations such that the effect of the

speckle noise in a real image can be modeled through the following equation:

Y = ChiXi+ Vi (5.1)

97



In some papers the Vi component is not considered in order to facilitate the
construction of a fast algorithm which can filter out the speckle to some degree.
Some other filters contain this component. In all papers it is agreed on the fact that
the speckle has an exponential or Rayleigh distribution. Same references agree on
the fact that the multiplicative noise in the observation should be Gaussian such

that its final effect becomes closer to the exponential distribution.

In what follows we will keep the Gaussian character of the multiplicative noise
valid, however we will modify the hypothesis made on the character of the additive
noise in the observation such that the exponential character of the speckle should
not be altered by an additive Gaussian noise present in the observation. It is also
interesting to study the effect of a Markov noise in the state equation as a multi-
plicative noise factor. We will, therefore, dedicate this chapter to the study of the
effects of Markov noises in the Kalman filter equations especially for the full plane
model for SAR images.

Thus, in this chapter two suboptimal Kalman filters for SAR images will be
developed following a known methodology for the derivation of Kalman equations
when the noise is Markov. The method will take care of the Full Plane Model in both
conditions: with and without multiplicative state noise. The adaptive correction to

the Kalman filter technique will also be preserved.
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5.2 A Kalman Filter for Speckle Noise Reduction
in SAR Images Using Markov Noise in the

Observation

A series of Kalman filters can be developed if the Gaussian noise hypothesis is
dropped. In other words, the noise input variables such as Uy or the noise distur-
bance variables Vi are not Gaussian but other types. In what follows we will consider
in the first step that the output noise (disturbance) has a Markov distribution. How-
ever, we will not consider that the input variable Uy follows this distribution, rather

we will develop a Kalman filter for a state multiplicative Markov noise.

To this end the full plane model for the dynamic (state) equations of the SAR

image will be again considered.

Xe = AXi_; +BU: state transition (5.2)
Yo = CIXr+ Vi  observation (5.3)

To the above set of equations, the equation which describes the dynamic of the

Markov noise signal V; is added.

Viser =FVi + miyr Markov observation noise (5.4)

where F' is a matrix of (4 x N) x (4 x N) which characterizes the dynamic of

the Markov noise.

Substituting Vi from this last equation into 5.3 and making the notation:
Ci = CrTAp — FLCT (5.5)
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the following set of equations for the SAR image model with an output Markov noise

are obtained:

X = AX;_, +BU; state transition (5.6)
Yo = CeXe+ Nk+1 + CI'Ugyy  observation (5.7)

with the initial conditions:

Yo=CoXo+Vo=Y, (5.8)

where

v = Vi —FY2 (5.9)

The innovation process is now given by:

Zi = Vi — G X\ (5.10)

Zi = (Ck Xk + g1 + CileUsyy) — X (5.11)

The use of a Markov noise in the output modifies the expression of the observa-
tion and innovation; the observation becomes a dynamic system as well. The final

expression of the Kalman filter gain will also be affected by these changes.

The noise process will be now characterized by the following statistics:

EU = 0 process noise (5.12)
EUUL] = %14 (5.13)
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EVe] = 0 observation noise (5.14)

Elmni~] = o7I& (5.15)
E:] = uy multiplicative noise (5.16)
ELTY] = oMb+ 42X (5.17)

Note that the various noise parameters, u, v, and 7 are independent of the
signal X, as well as the stochastic signal  which is independent of the signal V4,

and are uncorrelated with respect to each other and with the multiplicative noise T.

Using the block form of the filter and following the general procedure shown in
detail in [24] in which the calculation of the Kalman filter equations were obtained
by following the procedure used in Grewal and Andrews [30], the Kalman equations
for the full plane region of support with output Markov noise are as follows:

a priort estimate

X\ = gxx,
= AX{) (5.18)
a priori error covariance
BT = E[(Xe - X)X, - X7
= APZIAT +
Bo2BT (5.19)

As expected, the a priori error covariance is not affected by the Markov noise

present in the observation.

innovation:
Zy = [Y.k—-C-.kX,£~)]
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Zi = (CiXi+ M1 + CeleUsyy) — G (5.20)

covariance calculation

R« = E£[Z:.2])

= E[(CeXi + Mis1 + CiliUryy — Ce X7
(CkXx + g1 + CiliUsyy — C-kxlg-))T]

= E[CiXiXTCT] - 8[Ckxkx,£"rdﬂ -
E[C X X TCT] + £[C. X X7 GT) +
ElMk+1mi41] + Ce€[T% Uiy UL, IT|CT

= p2(Cry1As — FLCr) P (CrprAs — FiCp)T
+021 + Ci[o?(02 + u2)|CT (5.21)

Kalman gain

Ke = E[(Xe—X{2ZFIRTL
= E[(Xk — X{)(CiXe + mrsr + Cele Uiy — CX)TIRTL
= pPi7(CrpAr — FLC)TRSY (5.22)

a posteriort estimate

XM = xO+ Kz (5.23)

Before the derivation of the a posteriori error covariance, a useful expression is

derived using the orthogonality principle below:

0 = &[(Xe—XM)zh
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0 = E(Xe~ X - K227
0 = E[(Xe—X7)2E) - E[KiZiZT]
(5.24)

That is:
El(Xx — X\ ZT) = E[Ke 2. 2] (5.25)

a posteriori error covariance

PV = E(X - X (Xe - XE)T)
= E((Xe~— X)) - KuZ)
(X — X{7) = KieZi)"]
= PO - gl(Xx - X0 ZF KT -
EKRZu(Xe — XV + K€ 2 ZT)KT
= [I - pyKi(Cri1Ag ~ F1Cy)] P (5.26)

The values of y,, and o2 ; used in the calculation of the Kalman filter gain

must be estimated from the local statistics of the image.

The parameter estimation process is not affected by the presence of the Markov
noise in the observation. It is easy to see that the parameter estimation process is
affected by the Kalman gain only through its derivative with respect to the system
parameters, i.e. the elements of the matrix A only. Thus, there are only the
derivatives if A and B which have to be derived. However, the presence of the

Markov output noise does not entail a modification of the above matrices.
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5.3 Online Parameter Estimation Equations

Due to the Markov noise in the output equation of the state space model of the
observed image, the equations required for the online parameter estimation have to
be altered by the introduction of the new C matrix of equation 5.5. As it was given

in chapter 4 they may be given in terms of the corresponding Kalman equations.

k = i=step; + j * step; (5.27)
A = Ags + Avate(Ae—1 — Ags) (5.28)
Af(®) = p,(CA —FC)Zyu)(®) (5.29)
St = AL(®)Pro1Aw(®) + M Ruy (5.30)
Ly = P A(D)SH (5.31)
P = (1= CAT@)Pos(l~ LAT(®) + LuR LT (532
Qe = [®k-1 + LiZilp,, (5.33)
K = %Kk(‘b) (5.34)
Zun(®) = X
= (I~ p Ki(#)(CA — FO)Sy(®) + meZe(®)  (5.35)
Dees1) () = d—:if )
= A(@)za(k,(@)+%gi)x+_l (5.36)

The derivative of the Kalman filter gain K} is calculated as follows:

d d (-
75 (®) = mz(PT(CA-FO)RY)
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P( )
= wmZe(CA-FO R, +

o dAT
#‘Iplg )CdQ Rzl:

~1
wP(CA ~FoyT ek

dd
dp{) d
= = = —[AP{)AT + Bo2BT]

_ (d () AT CKAN:
= (APAT + AP AT+
A5 PE)AT + (-2 B)o?BT +

Bou%BT (5.38)

= -#v( )(CA FC)
dP

(5.37)

dP,£+)
dd

#quC( ) (5.39)

The initial conditions required for the parameter estimation are the same as

given in chapter 4. &g, Ro, Ao, Arate, Ass, and ¥.(0).

3.4 A Kalman Filter for SAR Speckle Reduction
with Markov State Noise

As mentioned before, the Markov noise can be present in the output of the system
but might be present in the state equation as a multiplicative Markov noise. We will
study hereafter the modifications which have to be brought to the original Kalman
filter such that it can also filter this type of noise.
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The state equations model for the SAR image is similar to the model presented

in Section 2 of Chapter 4, i.e.:

Xi = AVUX;_, +BU; state transition (5.40)
Yo = CIX;:+V, observation (5.41)

where the matrices A,B, and C are the same as in section 4.1 and where the

noise process ¥ is described by the following dynamic equation:

VU, = WU, + =W,

state multiplicative noise transition (5.42)

where II and = are state transition and input matrices describing the dynamics
of the state multiplicative noise component and W is a Gaussian noise matrix. The

latter has the following noise characteristics:

EWe = 0
state additive noise of the multiplicative state noise
S[W’kW,f_,] = a’fVIJk +1I (5.43)

The remaining noise parameters are:

EU] = 0 process noise (5.44)
EUUL] = o218 (5.45)
EVi] = 0 observation noise (5.46)
EViVL] = ol (5.47)
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Elk] = py multiplicative noise (5.48)
E[LT {_l] = 0315]‘ + [l?,I (5.49)
U] = 1 (5.50)

Note that the various noise parameters, U, V, and W, are independent of the

signal, X, and are uncorrelated to each other.

We also assume that the multiplicative noise parameters, ¥, are independent

of the signal, X, and the other noise parameters, W, [,U,and V.

The local statistics of the image model for the state variable X are as defined
in Chapter 4.

The re-evaluation of each of the Kalman equations is given below in order to
determine the effects of including a dynamic (Markov) multiplicative noise term, W,

in the state transition equation.

a priori estimate
XU = EXel Xk
E[A¥ X, + BU]
= E[A(O¥i—1 + EWi) X1 + BUY
= E[ANW;_; Xi; + ASWi X, + BUy]

]

¥,W and X are independent and/or uncorrelated, therefore,

EUX] = EWEX] = £[X]
Recall E[Uy] = 0, giving
X7 = anx(?, (5.51)

The sub-optimal estimator for this case will be described by the following ex-
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pressions:

the innovation

Zi =Y — Cpr, X (5.52)
the a posteriori estimate
XM = X0 + Kz (5.53)

the Kalman filter gain remains as in Chapter 4:

K = PCTp, [l2CPOCT + Co?(o? + pu2)CT + 0?1 (5.54)

as well the expression for R,

R. = p2CP{CT + Co(a? + 12)CT + 021 (5.55)

Therefore, as in Chapter 4 we will have:

K =POCTu R (5.56)

The expression for the a priori error covariance
P = E[(Xi - X{)(Xe - X))

is now determined by substituting the expressions for X and X ,£” and expanding

the resulting expression.
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P = E(AWLXi-, + BU. — AILX{H),

(A¥ Xy + BUr — ALXS)T] (5.57)
= E[(A(I¥-y + EWi) X1 + BU; — AllxH) ))
E(A(OVWe—y + EW) X1 + BU, — I(:t)l)T]

= E[AIIW, X1 Xi_WTOTAT + AV, X XT WTSTAT 4
Al X UTBT — AlIW,_, X, XD TAT +
AEW, X X 9T TTAT + AW, X, XT WI=TAT 4
AEW X, UTBT — AZW, X, X ITAT 4+
BUXL Wl OTAT 4+ BU XTI WT=TAT 4
BU.UTBT — BU. X1 ITAT —

AnX{H) XT @l NTAT - AILX{D XT WT=TAT
ANXNUTBT + AILXH XD T A7)

= EANVe X X, UTOTAT — AlTO,_, Xi, XD OTAT +
AZW,. X, XTI WI=TAT + BU.UTBT —

ANX{ XT Wl OTAT + AX(H XD T AT) (5.58)

Proceeding as shown in Chapter 4 by substituting the expressions for the earlier

P{) and the cross covariance term, the equation now becomes:

P = ADPMINTAT + ANE[WX,_, X7, UT|I7AT —
ANEX, X7, )OTAT + BEWUT]BT +
AZEW X XT WT|STAT (5.59)
Since the multiplicative noise, ¥, and the original image, X, are independent, the

109



result of the combined expectation can be expressed as

E[U X X{_ U] = oh(02 + p2) + 02 + 2 (5.60)
Recall that
EXr1 Xi_ ] = 0% + i (5.61)
and
EWi X1 XL W] =02(02 + p2) + 02 + 2 (5.62)

resulting in the final expression for the a priori error covariance of

P = ADPINTAT + All[o2(0? + 42)|ITAT +
AZ[0%(02 + p2) + o2 + u2]ZTAT + Bo?BT (5.63)

As expected only the a priori error covariance term changes when the multi-
plicative noise mean of one is included in the model. This implies again changing
only the derivative of a priori covariance in the recursive parameter estimation equa-

tions.

5.5 Modifications for the Online Parameter Esti-

mation Equations

From the development given in Chapter 4, the only modifications needed to adapt
the online identification equations to the case of dynamic state multiplicative noise
are in the expression of the derivative of the a priori covariance estimate. They will

be given by the following expression:
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dp)
d®

= Z‘é{Angf{ OTAT + All(0?(02 + u2))OTAT +
AZ[oy (02 +pl) + 0% + pIIETAT + AZ[0? (02 + 42) + 02 + p2|ETAT + Bo?BT]

d d
(7= s B AIDPIITAT + AP (A7) +

(7% AII)(%(G +#z))HTAT+AH(0¢(0 +#=))( UTAT)

AL d‘fp PEITAT 4 (= B)azBT +Bo( BT) +

- =T AT
(JQA*-‘)[ w(a +#z)+a +,‘z]"' A +

d —ZTAT) (5.64)

AZ[or(o2 + p2) + 02 + p2)(—= 5

The initial conditions required for the parameter estimation are the same as

those given in chapter 4. ®¢, Ro, Xo, Arate, Ass, and £.(0).

5.6 Conclusions

This chapter introduced two new filters for speckle reduction in SAR. images. Both
filters are based on a Kalman estimation technique; the presence of the noise com-
ponents having a distribution other than Gaussian imposes the modification of the
Kalman filter and also the modification of the parameter estimation set of equa-
tions. Two main problems have been considered: the presence of a Markov noise
in the observation equation and the case of a colored multiplicative noise in the
state equation. There are, of course, many other cases to be considered such as
the presence of a Markov noise in the state equation (for the additive noise com-
ponent), both additive noises Markov, etc. We have selected only the main cases
taking into account that the final behaviour of the observation has to obey an ex-

ponential distribution. Although the development of the set of the equations for
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the Kalman filter and for the parameter estimation for the remaining cases might
not be trivial, it follows the pattern described in this chapter; future developments,
therefore, can be approached following the guidelines presented above. In the next
chapter an optimization technique for the determination of the noise parameters will
be developed. It is very well known that the Kalman filter is extremely sensitive to
the variation of parameters. It is also known that the Kalman filter performance
depends tremendously on the choice of the noise parameters. We will develop in

the next chapter an optimal methodology for establishing the noise parameters for

filtering a given signal.
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Chapter 6

An Optimized Full Plane Modified

Kalman Filter

6.1 Introduction

In the Kalman filter model, both additive noises have been assumed to be Gaussian;
moreover, their covariances have been assumed known. It is a very well known fact

that the Kalman filter performance depends very much on both these two matrices:

EUL] = oI5
EViVE] = ois,
(6.1)

Small changes in the numerical values of the elements of the above matrices
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bring strong changes in the quality of the filtered image. With an appropriate value
for the parameters of the two matrices the images are smoothed according to the
Gaussian law. If, in the real image, a small change occurs in the values of o2 or o2,
the behaviour of the filter deteriorates, over smoothing the image. To reduce the
over smoothing trend, the Kalman filter is modified so that it does not require any
assumptions on the state transition and state observation additive noises. At every
step of the filter the noise will be approximated so as to reduce further the speckle

noise.

6.2 An Optimal Technique for Determining the
Noise Parameters of the Kalman Filter

6.2.1 The Image Model

In what follows we will again consider the problem developed in section 4.4 of chapter

4. The model of the SAR image will be, therefore, given by the following equations:

Xy = AUX,_; +BU,_, state transition
Y. = CTX  + Vi observation (6.2)

where the noise process ¥ is Gaussian with the following statistics:

EW] =1 multiplicative state noise
W] = ol +1
and the remaining noise parameters are

EUk] = 0 process noise (6.3)
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EUUL = &%16; (6.4)

EVe] = 0 observation noise (6.5)
EViVE] = o’I8: (6.6)
Ele] = ny multiplicative noise

E [Fk[‘{_, = 0316/:,1 + ”31

6.2.2 Transforming the Filtering Problem into a Control

Problem

However, in the development of the Kalman filter equations, the noise parameters,
that is the process noise and the observation correlations, will now be considered
unknown. In other words, although the equations of the filter remain the same, as

in the previous development given in section 4.4 :
P77 = APAT + A(0%(0? + 42))AT + Bo?BT
R. = p2CPCT +Co¥(0? + 12)CT + o2l
K = P,f,-)CT;L,R:l
P = (I-p,kC)PY)

The difference here consists in considering the expressions which characterize
the two additive noises:

EUUL] = o6 (6.7)
EWVE] = o6 (6.8)
(6.9)

as unknowns. It is, therefore, necessary to establish a new procedure which can
determine, based on a supplementary criterion (say a cost function again!), which are

the best values for these unknowns such that this new criterion becomes minimum
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with respect to 02I6; and 02I6; and maximum with respect to the Kalman filter
gain K.

Let’s define X; = X; — X; where X; is the estimate

X; = AVX;_| + K[V — p,CX;i]
Yioi. = CTX;+ Vi

Since

it follows that:

X; = AUX; ., + BUj_, — A¥X;_; — K;[Y;_, — u,CX;_,]
= A¥(Xj-1 ~ Xju1) + BUjoy — KG[CT X1 + Vjoy — p,C Xy
= (AY ~ K;CT)(Xjo1 — Xj-1) + BU;—y — K;V;_,
X; = (A¥ - K;CT)X;_, + BU;_, - K;V;, (6.10)
Defining now
X AV 0 B 0
X;=|"7 | = X U,
X; 0 A¥ - K;CT ~K;
U;_
where U;_; = | ’ '
Via

One obtains the following set of equations for the new image model:

X; = AX;_, + BU;_, (6.11)
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where

- A¥ 0
A= (6.12)
0 AV - K;CT
and
_ B 0
B = (6.13)
B -K;

Using this new model we have to find the matrices U, and Vi such that the
estimate of the error is minimum. At the same time, the same estimate has to
be maximum with respect to the Kalman filter gain [60, 61]. This new problem
is similar to finding the input function for a linear quadratic Gaussian regulator
[74]. In other words, the estimation problem, which has been solved in Chapters 4
and 5, turned into a control problem for the image we want to filter. In this new
control problem the state vector is the image state vector of equation 6.2 extended
by the error vector, expressed as a difference between the image state vector and its
estimate 6.2.2. In what follows, a cost function will be attached to this new vector.

The problem to be solved is finding the control:

Ui
Vit

U, =

such that the cost index reaches its minimum with respect to it and at the same

time a maximum with respect to K.

6.2.3 Defining a Cost Index

The most natural way to introduce a cost index is to impose a minimum on the

error covariance, in other words:
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J(Qua Qtn Kk) = S[XT(TTL)X(T'R)]

where Tn =nj

As stated above, solving the filtering problem with unknown noise parameters

is equivalent to solve the following control problem:
Given:
X; = AX;_; + BU;_, (6.14)

Find Ug;_,) such that

J(Qus Qu, Ki) = E[XT(Tn)X(Tn)]
reaches a minimum.

In order to optimize this linear control system, we have to minimize J with
respect to Qu and Qv, and to maximize it with respect to K. In other terms, we aim
at finding Qu, Qv which minimize J, and K which maximize J. Let P; = £ {X:; X%}
then J = g{X%nXTn} = tr{fIPn]—)}

_ 0 0
where H = [

J and U can be chosen as being the identity matrix.
0 U

P., P, J

Let’s represent P as :
Py, Py,

_ 0 0
Then HP,; =
0 Py,
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With this in mind one obtains :

J=tr(HB,;) = tr(B,,;) (6.15)

6.2.4 A Riccati Equation and its Solution

The expression of P,; can be written as following :
P,; = £{X,;X%} = AP;_)AT + BABT

This is known as a Riccati equation, it allows one to calculate B,;.

b = | P Pz,.,J
| P, Py,
[ aw 0 Pipy P,y | [ 97AT 0
o A‘I!—KCI‘} [Psw_n Py, H 0 WTAT —[TCTKT
+[B 0 [Qu 0 HBT BTJ
B K ||lo Qf|o kr

Since P, = P3 (due to the condition to Riccati’s solution existence) it becomes

P,, = AUP,,_ YTAT + BQuBT

P, = AP,  (VTAT —~TTCTKT) + BQuBT

(A¥ — KCT)P,,,_, ¥ AT + BQuBT

Py, = (AY - KCT)P,,,_,(¥TAT —TTCTKT) + BQuBT + KQuKkT

I
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Writing Py, in terms of elements, it can be represented as following :

P4:£ = ZZ(Eamwmt ZZK Cmnan
P (""“(Z Yok Gym — Z 2 TmkCrm Kyn) +
(Z Z b:nQutkbyk + Z Z KvatkKyk

So that,

J = tr(P) = z:: P,
2
1;4§,:‘f“’ (X Umkom — 3 Y Tk Crm Kon) +
(Zi: ; bz:nQut'kbzk + z‘:”{% f;{ziniszk

6.3 The Gradient of the Cost Index

The solution to the initial control problem is now given by the solution of the mini-
max problem set on the cost index J expressed as a trace operator on a matrix
expression. In other words an extremum of matrix function which depends on un-

known matrices @, and Q, has to be found.

The solution to this problem has been shown in [35] for the continuous case.
However, the existence conditions remain the same as in [35]. It has been shown
that for a matrix function over matrices the gradient exists and can be calculated
by weak or strong derivative procedcres. The Gateaux derivative (see appendix A)

is preferable because it is easier to use in a computer program.

We aim at minimizing J with respect to Qu and Qv and maximize it with re-
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spect to K.

Therefore the main problem in solving the filtering problem under unknown
noise conditions is to find the gradient of J with respect to the unknowns Q,, Qv,
and K. For this reason it is necessary to find the derivatives of J with respect to

the above mentioned variables.

The existence of the derivatives (gradient) was proven in [35] according to the
following lemma: Lemma 6.1: Let f(K), d(K), and K be matrices with suitable
dimensions. Given the functional J(K) = tr.(f(K)), if tr.(f(K + AK) - f(K)) =
tr.(d(K)AK) for any AK, then the Giteaux derivative of J(K) is as follows:

VJ(K) = d*(K)

using this result one can adapt Theorem 3.1 from [35] as follows:

Theorem 6.1: Denote k ! {(Q.,Q,, K) € RON*N x RANxaN o RON*4N| A( K
is asymptotically stable} , given the functional J(Q,,Q.,,K) in 6.15. Then, the
Giteaux derivative VJ(Q,, Q., K) exists on (Qu, Q., K ) and is as follows:

VJ(qu Qua K) = V(tr(P4(Q1H vi K)))

where the derivatives of P; with respect to K, Q,, and Q, are calculated as follows:.

dP4 n

= —ZZ(ZZ—CmFm)
P(""”(Z\Il ,,a,,,,,-zzr kCom Kyn) +

Z;(gam mi EZK Connlai)
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dP, (nJ—l)
dK“ (z: ‘I’mka!ﬂ"‘ - 2 Z kaCnm Ky‘n) —_

ZZ(Zam mi ZZK Crmal'a)

nj— dK
P“( d U(Z Z Pkanm F) +
dK

Z Z dK QvtkKyk + Z Z KnQv,k dK »

dK —
but E:’;

lwheni=sand j=t
0 else

Thus when z =sand y # s
dP™

R, = T2 }7;(2 Cunlat) P (Y Urnktym — 3% Tk CamKom) +
Z Z(Z @zm Wi — Z 2 KthmnFni)
dP (nJ-l)

(E ‘I’mka!ﬂn - E Z [‘kaanyn) +
E Q'UtkKyk
k

whenz #sand y=s

dP,%

dK:, ZZ(ZGM mi ZZK Cmnl'ni)

dP (nJ—l)

(Z Wik ym — Z Z CrkCrm Kyn) —

Z Z(Z Sem Wi =3 Z KemCrnl'ni)
(m-l)(z PkCon) +

2‘; Kvau
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when z #sand y # s
dP

K - Z Z(Z Cenl'ni) P. 43:]-1)(2 Wik Gym — Z Z Lok Crom Kyn)
Z Z(Z am mi Z Z K. Cmnrm

dP ("J-l) (Z Baren — Z E LG ko) +
LTt T it

Py (X Tk Cim) +

z‘; K,,,—Qv’:-: + Ek: QuaK i

whenz=sand y =s

dP™

Ky = 22 tm¥mi— T KenCral'w)
dp (nJ-l)
(Z v mkQym — E Z Pka‘anyn)
Similarly,
dP,v
d[}:y = ZZ(Eamwmi—ggKmCmn[‘ni)
dP (ri=1)
(& Ymkaym = 22 Tt Com Kim) +
b,,.,b,,t
and,
dPy™

—d—ﬁ = ZZ(Z am‘Il,m- - ZZ Kz:mcmn[‘ni)

dP ("J-l)
(Z Uk ym ~ Z )'_j Lok Crum Ky )

K,,K
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The three derivatives are used to obtain the extremum points of J with respect
t0 Qu, @v, and K following a nonlinear programming algorithm such as Kuhn-Tucker
[11].

It was also shown in [35] that the extremal point of the above functional exists.
This is justified by the following lemmas and theorem:

Lemma 6.2: For the given functional J(Q,,Q,, K) in 6.15 , there holds that
J(K+ H)—-J(K)=(VJ(K),H) forall K,H €& (6.16)

where (.) denotes the inner product operator.

Furthermore, the Giteaux derivative of J(Q., Q., K) is independent of (Qu, @y, K),
that is, for all K, H,G € &, there holds that:

(VI(K +G), H) = (VJ(K), H) (6.17)

Theorem 6.2: Given the functional J(Q,, Q,, K) in 6.15, then the necessary and
sufficient condition for (Qu,@., K) to be an optimal solution is that for all K € K,
there holds that:

(VJ(K™),K — K™) >0.

Corollary 6.1: The optimal solution K* obtained by using Theorem 6.2 is unique
if and only if there holds that:
(VI(K*),K-K*) >0

forall K € k and K # K*.

One of the most basic problems is the existence of solutions to the optimal

problem. The results are as follows:
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Theorem 6.3: Given J(K) in 6.15. Then, there exists a matrix K= € M, such
that:
J(K*) = ,?é‘},} J(K)

where M, is any closed subset of «.
It is also worthwhile to note the following results given in [35]

Remark 6.1: Obviously, « is not a closed set in RV*M. However, for any € > 0,

the subset
ke & {K € RY*M | g(A(K)) C (~c0, —€]} (6.18)

is a closed subset of x. In fact, k. is compact and therefore is closed. Hence, it is
of practical interest to compute the optimal solution on the subset «, for the given

machine error € > 0.

Remark 4.2: In the computation of minimizing J(K), one has to choose the
feasible initial matrix Ky such that K, € . If Lemma 6.1 holds, then there always

exists a feasible initial matrix K for this optimization problem.

Based on the above there is always a solution to this problem which will provide
optimal @, @, and K. The calculated noises and gain are then introduced as values
in the full plane modified Kalman filter and recalculated at each step of the filter.

These changes result in a better adaptation of the filter to any type of region,
homogeneous regions as well as highly contrasted ones, because it estimates the
exact speckle noise of each region of the image instead of assuming that this noise

is Gaussian over the entire image.

Moreover, in the FABKF processed images the mean is reduced by an amount

usually proportional to the amount of smoothing done by the filter. This is due
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i

to the Gaussian noise assumption in the derivation of the Kalman filter. The filter
smoothes the low probability, higher intensity pixels in the image so that they fit
within the envelope of the given Gaussian noise distribution. With a Kalman filter

under unknown noise conditions this smoothing is reduced.

6.4 An Optimization Algorithm for Determining
the Noise Parameters of the Kalman Filter
for SAR Speckle Reduction

The program flowchart is shown in figures 6.1 and 6.2. After the initialization
step is completed the filter calculates the Kalman gain. Then it calls the optimal
point routine with the noises and the Kalman gain as arguments. This routine

requires :
¢ a golden section routine
® a routine to calculate P and its derivatives
¢ a routine to calculate J and its gradient

e a routine to calculate the norm J and and of its gradient

a routine to calculate the proximity of the gradient of J to the origin

The optimal point that we are looking for has to be a minimum of J with respect
to Qu, and Qv, and a maximum of J with respect to the Kalman gain K. The routine
calls then the Kalman filter function with these new values as parameters. This cycle
is repeated at each step of the filter.
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Initialisation of the Filter Parameters
Each of the "unknown noises" is initialized
to an approximate value

l

Initialisation of the
covariance matrices

> Kalman Gain Calculation

Research of an optical point using the
Davidson-Fletcher-Powel algorithm
N Return a new matrix for the gain
Return new value for the noise

{

i Test if the found value Qu and Qv !
— minimize J ;
and if the new gain maximize J :

Filter Step - Rest of calculation for Kalman
filter with the new values of the gain, and the noise

Figure 6.1: Program flowchart for the full plane Kalman filter under the condition
of unknown noise values.
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Gain, Qu, Qv Calculation
Optimal Point Algorithm
Calculations of the Golden section .
Calculation
of J with respect to Qu, Qv, and the Gain grad(l)
P4 Calculation J Calculation P derivatives Calculation
with respect to Qu, Qv, and the Gain

Figure 6.2: Links between the needed programs for the full plane Kalman filter

under the condition of unknown noise values.
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H(K,A,T) = (A(T)P(k —1)AT(I') + BABT)F

where
-5 2]
0 Fp
and
n(T,) = 0
Fu(k) = —AT(T)Fyy(k — 1)A(T)
Fo(To) = 0

Fn(k)= (K*C — A())T Fya(k — 1)A(T)
and [ is given by the following conjugate gradient algebra:

dH >0

Choose an initial ' = [y

Step 1.

Step 2.

Calculate g = VH(T%)
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(6.20)
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(6.22)
(6.23)
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(6.25)



If ||gkl| =0 = I'* = 't and STOP.
else

hit = —gx and go to Step 3.

Step 3.

Determine a; = alpha® from Golden section algorithm

Step 4.
Put [ty =Tt + arhe and k£ « k£ + 1 and go to Step 2.
Stop when ||gi[| = (e)

Golden Section Algorithm

Givenc>0and e>0and 0 <c<1
F£(3-V5)/2=03%2 ande=1—~F

Step 1. Calculate

8(c) = H(Ti + ahy) — H(Tk)|ae

Step 2.
If 6(c) > 0, put ap = 0,8 = c and go to Step 7.

Step 3.
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Put/=1and d; =c¢

Step 4.

Put dH.]_ = dl +c

Step 5.
Calculate 6(d;41)

Step 6.

If 0(diy1 2> 6(d;) then put ag = d;_; and by = di4, and Go to Step 7.

else make j « j+ 1 and Go to Step 4.

Step 7.
Put:=20

Step 8.
Calculate L; = b; — a;. If L; < € put o = @; + b; and STOP.
else Go to Step 9.
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Step 9.
Calculate u; = a; + FL; and v; = a; + GL; and 0(U;), 8(v;)

Step 10.
If 6(U:) < 6(v:) then aiy = @i, b4 = v; and do i « i + 1 and Go to Step 8.

else a;y1 = u;, byyy = b; and do i <7+ 1 and go to Step 8.

For A

tr(B*(A*—~A)B*TF) >0 (6.27)

B~ corresponds to B for K* given by:
K*(k) = p Py (K)CT Rz (k) (6.28)

where p is derived from I'* of the optimum parameter of the gradient algorithm

with an initial guess for Q,.

[ B 0 ] [ F-Q 0 ] [ BT BT ]
tr >0 (6.29)
B K(k)D 0 A -Al| o DTK(k)

6.5 Conclusions

In this section a new technique for finding the noise parameters has been proposed.
This technique is based on a known method of transforming the filtering problem into

a control problem. Following the methodology for designing optimal controllers, a
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mathematical expression for the quality index (the linear functional which measures
the degree of efficiency of the controller) is found. This expression is then optimized
with respect to the noise parameters and to the Kalman filter gain. In the next
chapters we will present some results in filtering speckle noise components in SAR
images, comparison of different filters used to this end and some test techniques for

filters for speckle noise reduction.
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Chapter 7

Results and Performance

Evaluation

7.1 Principles of Evaluations

In order to compare various speckle reduction filters, some principles or criteria
which are used to evaluate the performance of the filters under test are required. In
an effort to establish the criteria, we have developed a methodology for testing filters
for SAR imagery [72]. The evaluation methods developed in [72] were published
simultaneously and independently of [49]; in the latter Lee showed results of speckle
reduction by various filters for speckle reduction without giving test and evaluation
criteria for the quality of SAR speckle reduction filters. In [72] we have proposed, for
the first time in the domain literature, a set of test images and a set of criteria for
filter behavior interpretation. This methodology was expanded on Kalman filters in
[22]. The criteria for evaluating the quality of various speckle reduction filters are:
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o the mean tonal value,

the ability of speckle smoothing,
e the edge preservation,

e the angle preservation,

e the point target preservation,

e the slope of the step response,

filter response to linear patterns.

A good filter should keep the mean tonal value unchanged after filtering. This
factor is measured by the bias. The ability of speckle smoothing relates to the
radiometric resolution and is measured by the equivalent number of looks (ENL).
The bias and the ENL are good indicators of the capability of the filters to smoothing
for homogeneous areas. For texture preservation abilities (which is highly demanded
for a good adaptive filter), the filters are to be tested with simulated SAR images

containing features such as edges, a point target, linear and angular shapes.

The filters to be compared are: Lee, Kuan, Enhanced Lee, Frost, Enhanced
Frost, Gamma MAP, and Kalman filters. In order to facilitate the comparison, a
BOKX filter is included, which is a low pass filter that replaces the center pixel of a
scanning window with the average value of all the pixels in the window. The damping
factor K, for the Frost, the Enhanced Lee and the Enhanced Frost are chosen to be
1. Since the test images are all single look intensity images, we have C, = VI = 1.
For the enhanced Lee and Enhanced Frost filters, Cpqr = \/m = /3 is chosen.
For the Gamma MAP Filter, Croz = v2C,.
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7.1.1 Homogeneous Areas

Two parts of homogeneous areas of an image are put together to form a test
image (Figure 7.1). These two parts are from two areas of water bodies of different
intensities from a single look ERS-1 SAR image. The statistics of these two homo-
geneous areas are calculated from the two areas of 256 pixels by 1024 lines. The

results are shown in Table 7.1.

Mean | Mean(dB) | Variance (dB) | C, | ENL
Areal | 972.30 59.756 120.07 1.032 | 0.9382
Area 2 | 2395.22 67.587 135.61 1.025 | 0.9512

Table 7.1: Statistics of the areas on the test image

The histogram of homogeneous area 1 and the corresponding theoretical expo-
nential distribution with mean at 972.31 are shown for comparison in F igure 7.2
and in Figure 7.3 respectively. From these two figures, one can see that the two
histograms obey the same distribution law, i.e. the distribution of the homogeneous

area is exponential.

Similarly, Figure 7.4 shows the histogram of the homogeneous area 2 (which
has a mean of 2395.22). It is compared with the theoretical exponential distribution
of mean 2395.22 (Figure 7.5). Again, they agree well.
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Figure 7.1: Test image created by putting together two homogeneous areas
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Figure 7.3: The theoretical exponential distribution with mean at 972.31.
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Figure 7.5: The theoretical exponential distribution with mean at 2395.22.
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7.2 Test Results on Filters for Speckle Noise Re-

duction

In what follows, a series of filters for speckle noise reduction, such as Box, Lee,
enhanced Lee, Kuan, enhanced Kuan (Gamma MAP filter) , Frost and enhanced
Frost, will be tested against various artifact images. Each image tests the perfor-
mance of the above filters with respect to a given criterion such as: step response
( homogeneous area), angular patterns, point target response (“impulse response”),
and linear pattern. The results of applying the filters to the combined homogeneous

test image are given in Tables 7.2 and 7.13.

The evaluation criteria used to interpret the filtering quality of the above filters
are the bias, C, and the Equivalent Number of Looks (ENL). The bias is expressed
as

Bias = 20log(2) (7.1)
Kb

where p; is the mean of the image before filtering, and p, is the mean after filtering.

The Equivalent Number of Look (ENL) is a measure of smoothness given by

2

ENL = % (7.2)

where p and o are computed from the filtered image.

The factor C,, is the speckle index, and is related to ENL as in:

1
ENL

®(Q

(7.3)
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Boz Filter

Area l Area 2
Size of the Bias Cn ENL Bias C. | ENL
Window (dB) (dB)
3x3 +4.952107° | 0.5736 | 3.04 | +4.84x10~% | 0.5724 | 3.05
5x5 +2.15z107* | 0.3827 | 6.83 | +9.35210~° | 0.3842 | 6.78
7Tx7 +7.70z10~* | 0.2898 | 11.91 | +2.74z10~* | 0.2932 | 11.63
9x9 +3.29210~* | 0.2369 | 17.82 | +4.67z10~* | 0.2407 | 17.26
11 x11 | -5.54x10~* | 0.2029 | 24.30 | +3.84z10~* | 0.2069 | 23.36
13x13 | -1.31z107 | 0.1793 | 31.12 | +1.38210~* | 0.1838 | 29.60
15x15 | —1.93210~3 | 0.1622 | 38.03 | —3.62210~° | 0.1671 | 35.81
17 x 17 | —2.4421072 | 0.1494 | 44.82 | —2.85z10~* | 0.1544 | 41.95
19x19 —2.8421073 | 0.1396 | 51.33 | —4.67z10* | 0.1445 | 47.87

Table 7.2: Statistics of the smoothed areas by box filter

As shown in Table 7.2, the Box filter does its job of smoothing the data. As
the window size increases, the smoothing factor increases. It is also evident that
the smoothing is really a factor of the window sizes for both areas. As a result, it
attains an ENL close to 50 for 19 x 19 window. Of course, this gain of smoothness

is at the expense of edges and point targets.

141



Lee Filter

Area 1 Area 2
Size of the Bias C. | ENL Bias Cn ENL
Window (dB) (dB)
3x3 ~1.76 1.4347 | 0.49 —~1.78 1.4649 | 0.47
5x5 -2.59z107" | 0.6583 | 2.31 | —2.72z10~' | 0.6709 | 2.22
7x7 —~7.352107% { 0.4678 | 4.57 | —7.252102 | 0.4728 | 4.47
9x9 -2.3821072 { 0.3736 | 7.16 | —2.56z10~2 | 0.3762 | 7.07

11x11 | -8.17z1073} 0.3158 | 10.03 | —1.04210~2 | 0.3181 | 9.88
13 x 13 | —4.43z1072 | 0.2758 | 13.15 | —4.25210~3 | 0.2779 | 12.95
15x 15 | -2.28z10~% | 0.2478 | 16.28 | +2.13210~3 | 0.2487 | 16.17
17 x 17 | —=2.76z10~2 | 0.2272 | 19.38 | +3.12210~3 | 0.2267 | 19.46
19x19 | -1.38z107% | 0.2111 | 22.45 | +3.12210~3 | 0.2091 | 22.86

Table 7.3: Statistics of the smoothed areas by Lee filter

The smoothing by the Lee filter is very gradual. The effect of the 3 x 3 filter
is very limited. The effect of smoothing is very low for 3 x 3 when compared to the
Box filter. Once the window size is increased to 5 x 5 and beyond, it is about half

as effective as the Box filter.
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Kuan Filter

Area 1 Area 2
Size of the Bias Cn ENL Bias Cn. ENL
Window (dB) (dB)
3x3 —8.34x107" | 0.7572 | 1.74 | —8.46z10~! | 0.7665 | 1.70
5x5 —1.28z107" | 0.4588 | 4.75 | —1.35z10~! | 0.4635 | 4.65
7x7 —3.63z10~% | 0.3417 | 8.56 | —3.61z10~2 | 0.3453 | 8.39
9x9 —1.22210"2 | 0.2768 | 13.05 | —1.25z10~2 | 0.2804 | 12.72

11x11 | —4.36x10"2 | 0.2358 | 17.99 | —4.99z10~3 | 0.2395 | 17.43
13x13 | —2.87z107% | 0.2075 | 23.23 | —2.06z10-3 | 0.2112 | 22.41
15x15 | —2.10z10~> | 0.1873 | 28.49 | +1.05z10~3 | 0.1908 | 27.47
17x 17 | —2.60z107% | 0.1723 | 33.67 | +1.42210~3 | 0.1754 | 32.52
19x19 | —2.11z10~° | 0.1607 | 38.73 | +1.33z10~3 | 0.1632 | 37.56

Table 7.4: Statistics of the smoothed areas by Kuan filter

The Kuan filter does a better job for a 3x3 window than the Lee filter. Its ENL
is more than 3 times of the Lee filter. It does a better job for the homogeneous than
the Lee filter for window sizes above 5 x 5. However, it does not have the same level

of smoothing as the Box filter.
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Enhanced Lee Filter (K = 0.1)

Area 1 Area 2
Size of the Bias Ca. ENL Bias Ca ENL
Window (dB) (dB)
3x3 —1.91x102 | 0.5756 | 3.02 | —1.67z10~2 | 0.5742 | 3.03
5x5 —1.91z1072 | 0.3854 | 6.73 | —1.53z10~2 | 0.3866 | 6.69
Tx7 —6.59210~2 | 0.2947 | 11.51 | —5.68z10~3 | 0.2958 | 11.43
9x9 —2.89z10~* | 0.2460 | 16.52 | —1.58210~3 | 0.2425 | 17.00

11 x11 | +5.74x10~* | 0.2131 | 22.01 | —2.17z10~* | 0.2081 | 23.09
13x13 | —1.15210~3 | 0.1845 | 29.37 | —9.34z10~5 | 0.1846 | 29.33
15x15 [ —1.99210~2 | 0.1643 | 37.03 | —6.20z10~° | 0.1678 | 35.52
17 x 17 | —2.5421072 | 0.1508 | 43.98 | —2.30z10~* | 0.1550 | 41.64
19 x19 | —2.8221073 | 0.1406 | 50.58 | —4.05z10~* | 0.1450 | 47.56

Table 7.5: Statistics of the smoothed areas by Enhanced Lee filter with K = 0.1

The enhanced Lee filter uses a speckle index of the (unfiltered) input data to
direct its filtering function for the homogeneous area. However, this is affected by
the selection of the K value. In this combination, with K = 0.1, it does a good
Job. It matches the Box filter because the enhanced Lee filter uses the Box filter
once the speckle index is found to be below a given speckle index. Unfortunately,
both K and the value which determines the homogeneity of the areas must be found
experimentally.
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Enhanced Lee Filter (K = 1.0)

Area 1 Area 2
Size of the Bias Can ENL Bias Cn ENL
Window (dB) (dB)
3x3 —1.092z10~" | 0.5873 | 2.90 | —9.87z10~2 | 0.5846 | 2.93
5x5 ~9.24z107% | 0.4174 | 5.74 | —8.25210~2 | 0.4142 | 5.83
7x7 —3.27x1072 | 0.3480 | 8.26 | —3.13z10~2 | 0.3418 | 8.56
9x9 ~8.64z10~2 | 0.3013 | 11.02 | —1.23z10~2 | 0.2933 | 11.62

11 x11 |[-2.11210"% | 0.2660 | 14.14 | —4.20z10-3 | 0.2558 | 15.28
13x13 |-1.91x10~% | 0.2395 | 17.44 | —1.85210~3 | 0.2271 | 19.39
15x15 | —=7.66z10* | 0.2193 | 20.79 | —2.31z10~* | 0.2052 | 23.74
17 x 17 | —2.232107% | 0.2018 | 24.55 | +3.80z10~* | 0.1884 | 28.17
19x19 | ~2.237107° | 0.1878 | 28.36 | +4.14z10~* | 0.1749 | 32.67

Table 7.6: Statistics of the smoothed areas by Enhanced Lee filter with K = 1.0

With K =1, the enhanced Lee filter does not have a good smoothing quality
as in case of K = 0.1. The smoothing effect is now lower than the Box filter, but it

is comparable with the Kuan filter.
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Enhanced Lee Filter (K = 10)

Area 1 Area 2
Size of the Bias Cn ENL Bias Ca ENL
Window (dB) (dB)
3x3 —2.94z107" | 0.6268 | 2.55 | —2.78z10! | 0.6219 | 2.59
5x5 —2.04z10™ | 0.5680 | 3.10 | —1.92z10™" | 0.5524 | 3.28
7Tx7 —7.122107% | 0.5750 | 3.02 | —6.09z10~2 | 0.5546 | 3.25
9x9 —2.182102 | 0.5682 | 3.10 | —3.38210~2 | 0.5417 | 3.41

11 x11 | =2.2221073 | 0.5520 | 3.28 | —1.58z10~2 | 0.5272 | 3.60
13x13 | —2.142x107% | 0.5369 | 3.47 | —5.792x10~3 | 0.5144 | 3.78
15x15 | +2.06x1072 | 0.5257 | 3.62 | —2.00z10~* | 0.5002 | 4.00
17x17 | —1.122107% | 0.5139 | 3.79 | +5.38210~3 | 0.4870 | 4.22
19x19 | +4.272107° | 0.5029 | 3.95 | +9.47z10~3 | 0.4752 | 4.43

Table 7.7: Statistics of the smoothed areas by Enhanced Lee filter with K = 10

The value K = 10 is too large for the Enhanced Lee filter 7.7. Its ability to
smooth out noise in homogeneous areas is lost. Increasing the window size does not
improve much on its ability of smoothing. However, it does a respectable job for a
small 3 x 3 window. In fact, it is comparable in smoothing in a window of size 3 x

3, with all the other other tested filters.
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Frost Filter (K = 0.1)

Area 1 Area 2
Size of the Bias C. | ENL Bias C. | ENL
Window (dB) (dB)
3x3 —1.03z10~2 | 0.5760 | 3.01 | —9.98z10~3 | 0.5748 | 3.03
5x5 —8.76z1072 | 0.3872 | 6.67 | —8.46210~3 | 0.3885 | 6.63
x7 —4.2121073 | 0.2948 | 11.50 | —4.53z10~3 | 0.2980 | 11.26
9x9 —2.0021073 | 0.2418 | 17.10 | —2.18z10~3 | 0.2456 | 16.58

11x11 | —1.65z10"2 | 0.2077 | 23.18 | —1.10z10~3 | 0.2118 | 22.29
13x13 | —1.80z1072 | 0.1842 | 29.47 | —5.00z10~* | 0.1887 | 28.09
15x15 | —1.86x10~2 | 0.1672 | 35.75 | —1.55210~* | 0.1720 | 33.78
17x17 | ~1.91z10~2 | 0.1546 | 41.87 | —1.34210~* | 0.1595 | 39.31
19x19 | —1.97z1073 | 0.1448 | 47.69 | —1.29z10~* | 0.1498 | 44.57

Table 7.8: Statistics of the smoothed areas by Frost filter with K = 0.1

The basic Frost filter operates well for homogeneous areas. As shown in Table
7.8, its performance is comparable to the Box filter one. It does not need to use the
speckle indicator as the other enhanced speckle filters. In our test, it outperforms
the basic Lee filter. However, the filter depends on the value of K as well.
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Frost Filter (K = 1)

Area 1 Area 2
Size of the Bias Cn ENL Bias Cn ENL
Window (dB) (dB)
3x3 —1.43z10"! | 0.6140 | 2.65 | ~1.37z10~! | 0.6112 | 2.68
5x5 —8.78z107% | 0.4897 | 4.17 | —8.51z10~2 | 0.4858 | 4.24
7x7 —3.12210"2 | 0.4543 | 4.85 | —3.11z10~2 | 0.4480 | 4.98
9x9 —8.3521072 | 0.4397 | 5.17 | ~1.04z10~2 | 0.4316 | 5.37

11x11 | —1.192z1072 | 0.4315 | 5.37 | —2.80z10~3 | 0.4232 | 5.58
13x13 | +3.92z107* | 0.4269 | 5.49 | —4.76x10~* | 0.4191 | 5.69
15x15 | +8.57z10™* | 0.4249 | 5.54 | +1.39z10~3 | 0.4169 | 5.75
17x17 | —5.11z107° | 0.4235 | 5.58 | +1.93z10~3 | 0.4155 | 5.79
19x19 | +2.572107* | 0.4225 | 5.60 | +1.84z10™2 | 0.4147 | 5.82

Table 7.9: Statistics of the smoothed areas by Frost filter with K = 1

When K = 1, the performance of the Frost filter stays more or less around an
ENL of 5 for windows larger than 5 x 5. It is obvious that this filter is dependent

on setting the value of K. In our test cases, it performs best for homogeneous areas

when K =0.1.
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Frost Filter (K = 10)

Area 1 Area 2
Size of the Bias C. |ENL Bias C. | ENL
Window (dB) (dB)
3x3 ~1.31z10"* | 0.9960 | 1.01 | —1.35z10~! | 0.9878 | 1.02
5x5 ~2.62z10* | 1.0263 | 0.95 | —1.06z10~3 | 1.0188 | 0.96
Tx7 ~—8.35z10* | 1.0304 | 0.94 | —2.88210~° | 1.0232 | 0.96

9x9 +5.96z107° | 1.0315 | 0.94 | —2.63z10~° | 1.0243 | 0.95
11 x 11 | +5.36z10~° | 1.0319 | 0.94 | —1.05z10~° | 1.0247 | 0.95
13 x 13 | +4.68z107° | 1.0320 | 0.94 | —1.02z10~° | 1.0249 | 0.95
15 x 15 | +4.652107° | 1.0321 | 0.94 | —7.19z10~¢ | 1.0250 | 0.95
17 x 17 | +4.75z107° | 1.0322 | 0.94 | —3.22210~¢ | 1.0251 | 0.95
19 x 19 | 4+4.53z107° | 1.0322 | 0.95 | —2.82z10~¢ | 1.0251 | 0.95

Table 7.10: Statistics of the smoothed areas by Frost filter with K = 10

When K = 10, its performance deteriorates as the window size increases. i.e.
the performance decreases to a level of approximately 1 look, which means no im-
provement at all. The three test cases show that this filter should operate with a

K =1 for homogeneous areas.
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Enhanced Frost Filter (K = 0.1)

Area 1 Area 2
Size of the Bias C. | ENL Bias Cn ENL
Window (dB) (dB)
3x3 ~6.452107% | 0.5745 | 3.03 | —5.37z10~2 | 0.5731 | 3.04
5x5 —1.04x107% | 0.3840 | 6.78 | —7.84x1073 | 0.3854 | 6.73
7Tx7 —4.65x107° | 0.2929 | 11.68 | —3.95z10~2 | 0.2942 | 11.55

9x9 +2.96z10~* | 0.2448 | 16.68 | —1.292102 | 0.2413 | 17.17
11 x 11 | 4+8.30z107* | 0.2118 | 22.30 | —4.66z10~* | 0.2073 | 23.27
13x13 | —1.57z107% | 0.1813 | 30.43 | —2.04z10~* | 0.1841 | 29.51
15x15 | —2.1521073 | 0.1627 | 37.79 | —1.66z10—* | 0.1673 | 35.71
17x 17 | —2.36z107° | 0.1497 | 44.64 | —3.56z10~* | 0.1546 | 41.84
19x19 | —2.70x10~% | 0.1398 | 51.18 | —4.80z10~* | 0.1447 | 47.76

Table 7.11: Statistics of the smoothed areas by Enhanced Frost filter with K = 0.1

This Enhanced Frost does have a good performance which is comparable to the
Box Filter. It uses a speckle index to identify homogeneous areas and then it does
the area filtering by averaging. However, this is not strictly the performance of the

filter itself. It is actually the Box filter in some sense.
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Enhanced Frost Filter (K = 1)

Area 1 Area 2
Size of the Bias Cn ENL Bias Ca ENL
Window (dB) (dB)
3x3 -4.36z107% | 0.5789 | 2.98 | —3.84z10~2 | 0.5770 | 3.00
5x5 -5.90z1072 { 0.3958 | 6.38 | —5.13z10~2 | 0.3954 | 6.40
Tx7 —2.88z10~2 | 0.3148 | 10.09 | —2.73210~2 | 0.3120 | 10.28
9x9 —-1.23z102 | 0.2638 | 14.36 | —1.27z10~2 | 0.2597 | 14.83

11 x11 | —6.16z103 | 0.2308 | 18.78 | —5.86z10~3 | 0.2216 | 20.37
13x13 | —4.51z1072 | 0.2069 | 23.36 | —2.43z10—3 | 0.1950 | 26.31
15x15 | —2.76z102 | 0.1855 | 29.06 | —7.19z10~* | 0.1761 | 32.24
17 x17 | —2.142102 | 0.1682 | 35.36 | —6.42z10~* | 0.1620 | 38.08
19x19 | -1.52z10~2 | 0.1546 | 41.86 | —6.57z10~* | 0.1512 | 43.72

Table 7.12: Statistics of the smoothed areas by the Enhanced Frost filter with K =
1

The K does affect the performance of the Enhanced Frost filter. When kK = 1,
its performance is lowered by a small amount when compared to the case when
K =0.1. In fact, the Frost filter performs very well without the use of the speckle
index (see Table 7.8.
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Enhanced Frost Filter (K = 10)
Area 1 Area 2

Size of the Bias Can ENL Bias Cn ENL

Window (dB) (dB)
3x3 —2.28z107! | 0.6116 | 2.67 | —2.12z10~! | 0.6070 | 2.71
5x5 —1.89z107" | 0.5202 | 3.70 | —1.79z10~" | 0.5070 | 3.89
7x7 —7.61z1072 | 0.5119 | 3.82 | —7.03z10~2 | 0.4948 | 4.09
9x9 —2.18z10~2 | 0.4961 | 4.06 | —3.58z10~2 | 0.4728 | 4.47
11x11 | -3.69z1073 | 0.4700 | 4.53 | —1.59210-2 | 0.4489 | 4.96
13x13 | —6.97z10™* | 0.4456 | 5.04 | —9.17z10~3 | 0.4279 | 5.46
15x 15 | +3.80x103 | 0.4264 | 5.50 | —1.30z10~3 | 0.4074 | 6.02
17x 17 | +5.682z1072 | 0.4078 | 6.01 | +4.06z10~2 | 0.3865 | 6.69
19 x19 | +1.02z102 | 0.3920 | 6.51 | +9.12210~3 | 0.3673 | 7.41

The effect of a large K value is clearly shown in this test case. The increase in

Table 7.13: Statistics of the smoothed areas by Enhanced Frost filter with K = 10

window size does not help the smoothing. In fact the bias is bigger than the other

cases and the ENL is much lower than the other cases for large window size.

For the Kalman filters the results are as given in the following table:

7.2.1 Edges

152

Edge is an important feature for evaluating digital filters. A desired feature of a
speckle reduction filter is the preservation of the position and the sharpness (or
slope) of the edge. An expected edge in an image should not be shifted or blurred
after the filter operation is complete. Unfortunately, most of the filters either blur




Image A Image B
Filter Mean | Variance | Bias(dB) | ENL || Mean | Variance | Bias(dB) | ENL
None 942 9.18e5 0.97 || 2537 | 6.699¢6 0.96
FABKF, 02 = 3.0e4 877 8.99e4 -6.2¢-1 86 2703 | 8.65e5 5.5e-1 8.4
FABKF, o2 = 3.0e5 843 1.85e5 -9.6e-1 38 2753 | 1.17¢6 7.1e-1 6.5
FABKF, o2 = 3.0¢6 896 5.54¢5 “4.3e-1 14 2543 | 2.07¢6 2.1e-2 3.1
SMABKF, 02 = 3.0e4 875 7.88¢4 -239e-1 | 105 || 2344 | 4.34e5 -5.6 11.7
SMABKEF, 02 = 3.0¢5 935 | 3.591e5 | -19.9e1 | 11.5 {| 2361 6.0e5 -5.0e-1 | 19.55
SMABKEF, 02 = 3.0¢6 975 7.72e5 -9.4e-1 1.5 2417 | 2.54e6 -4.2e-1 | 13.8
MMABKF, 02 = 3.0e4 | 850 6.88e4 -8.9e-1 105 [| 2351 | 3.74e5 5.6 12.7
MMABKF, 02 =3.0e5 | 922 1.91e5 -11.9e-1 | 155 || 2384 6.5e5 4.50e-1 | 19.55
MMABKEF, 02 = 3.0e6 | 927 5.72¢5 -llde-l | 105 || 2417 | 1.34¢6 3.2e-1 13.8

Table 7.14: Speckle Reduction Performance of Kalman Filters; Full Plane (FABKF),
State Multiplicative Noise Kalman Filter (SMABKF), and Markov State Multiplica-
tive Noise Kalman Filter (MMABKF)

or shift the location of edges.

The test image constructed for this test is similar to the combined homogeneous
areas given in the last section. It is formed by combining two homogeneous areas.
The resultant image has 512 pixels by 1024 lines. The left half occupies 256 pixels
by 1024 lines with a mean intensity value of 973.31; the other half has the same
size but with a mean intensity value of 2395.22. As a result, there is a sharp edge

dividing the two homogeneous areas.

A reference profile is then created to measure the performance of different filters.
It is created by averaging the test image column-wise (thus creating a profile of 512
pixels as shown in Figure 7.7 ). The average of the higher intensity half (i.e. the
right half) is 2395.22 (which is called the upper baseline). The average of the lower
intensity half (the left side) is 972.31(which is called the lower baseline). Therefore,
the value at the mid-slope between the upper and the lower baseline is 1683.77; and
the pixel value at this mid-slope is at 255.5.

153



The reference slope is defined to be the ratio of the distance between the two
baselines to the extent that it covers in the pixel domain. For the ease of computa-
tion, we select the slope between the lines labeled d and b for the estimation, where
the slope is found to be linear in all of the filtered results. The line d is located at
intensity value of 2252.93, which is equal to the intensity at e lowered by 10% of
the "length” between lines a and e. Similarly, line b is at 1256.88, which is equal
to the value at a plus 20% of the "length” between lines ¢ and e. Figure 7.7 shows
the relative positions of the lines a, b, c,d, e. The slope of an edge filtered using the
box filter is superimposed for illustration. The numerical results computed from the
filtered images of the different filters are tabulated in Table 7.15, with the corre-
sponding image files shown in the following figures 7.8, 7.9, 7.10, 7.11, 7.12, 7.13,
7.14, 7.15, 7.16.

With reference to Table 7.15, most of the filters do not shift the given edge in
the filtered image. However, when the window size exceeds 9, the Box filter, the
Enhanced Lee (K=0.1), the Frost(K=0.1) and the enhanced Frost (K=0.1) filters
shift the edge on the filtered image by 1 pixel. But, in general, the Frost filter with
K =1 has the best result. Close by are the Lee, Kuan, Enhanced Frost (K=1)
and the Gamma MAP filters. Following on then is the Enhanced Lee Filter with
(K =1). Even though the Enhanced Lee (K=0.1), enhanced Frost (K+0.1) and
Frost filters function well with the homogeneous areas, they are ranked in the bottom
group in the edge test. From this test, it seems that the optimal value for K for all
these filters is K=1.

The filtered response of a Kalman filter to a step edge is illustrated by an
average contour line at 1% around the maximum and minimum values and at 10%
and 90% between the maximum and minimum values. This indicates the degree of

overshoot and undershoot in the filter output and is shown in Figure 7.17.
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Figure 7.6: The input image profile of the step edge generated from the homogeneous

test image. It is used to test the step response of the speckle reduction filters
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Figure 7.7: Diagram showing how the slope is computed. Superimposed on it is a
filtered profile by using a Box filter with a scanning window of 11 x 11.
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Figure 7.8: The filtered response to a step edge by the Box Filter with a 5x5 scanning

window
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Figure 7.9: The filtered response to a step edge by the Lee Filter with a 5x5 scanning

window
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Figure 7.10: The filtered response to a step edge by the Kuan Filter with a 5x5

scanning window
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Figure 7.11: The filtered response to a step edge by the Enhanced Lee Filter (K=0.1)

with a 5x5 scanning window
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Figure 7.12: The filtered response to a step edge by the Frost Filter (K=0.1) with

a 5x5 scanning window
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Figure 7.13: The filtered response to a step edge by the Frost Filter (K=1) with a

5x5 scanning window
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Figure 7.14: The filtered response to a step edge by the Enhanced Frost Filter

(K=0.1) with a 5x5 scanning window
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Figure 7.15: The filtered response to a step edge by the Enhanced Frost Filter (K=1)

with a 5x5 scanning window
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Figure 7.16: The filtered response to a step edge by the Gamma Filter with a 5x5

scanning window

A synoptic presentation of the quality of responses of various filters for speckle
noise reduction to a step function in terms of mid-point and slope is given in the

next table.

A similar table was built for the results obtained by filtering the slope-test image
of 7.1 using the Kalman filter. There are differences in the structure of this table
as compared to the previous one due to other parameters that had to be considered

while experimenting with the Kalman filter.
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Calculation of Mid-Point, and Slope

Window Size | 323 | 525 | 7z7 | 929 | 11z11|13z13 | 15215 | 17217 | 19219

Box M.P. | 255 255 255 254 254 254 254 254 253
Slope | 332.0 | 199.2 | 142.3 | 124.5 | 99.60 | 90.55 | 83.00 | 76.62 | 66.4

Lee M.P. | 256 255 255 255 255 255 255 255 255
Slope | 76.62 | 199.2 | 142.3 | 124.5 | 110.7 | 99.60 | 90.55 | 76.62 | 76.62

Kuan | M.P. | 255 | 255 | 255 | 255 | 255 255 255 255 254
Slope | 249.0 | 199.2 | 142.3 | 124.5 | 110.7 | 90.55 | 83.00 | 76.62 | 66.40

E. Lee | M.P. | 255 255 255 255 254 254 254 254 254
K=0.1 | Slope | 569.2 | 66.96 | 59.91 | 59.91 | 54.21 | 51.74 | 47.43 | 47.43 | 43.78

E. Lee | M.P. | 255 255 255 255 255 255 255 255 255
K=1 | Slope | 379.4 | 66.96 | 59.91 | 56.92 | 54.21 | 51.74 | 49.49 | 47.43 | 51.74

Frost M.P. | 255 255 255 255 254 254 254 254 254
K=0.1 | Slope | 569.2 | 63.24 | 59.91 | 59.91 | 56.92 | 51.74 | 51.74 | 49.49 49.49

Frost | M.P. | 255 255 255 255 259 255 255 255 255
K=1 | Slope | 332.0 | 249.0 | 199.2 | 199.2 | 199.2 | 199.2 | 199.2 | 199.2 | 199.9

E. Frost | M.P. | 255 255 255 255 254 254 254 254 254
K=0.1 | Slope | 66.96 | 63.24 | 59.91 | 59.91 | 54.21 | 51.74 | 47.43 | 47.43 | 43.78

E. Frost | M.P. | 255 255 255 235 255 255 255 255 255
K=1 | Slope | 332.0 | 199.2 | 142.3 [ 142.3 | 110.7 | 99.6 | 99.6 | 83.0 | 83.0

r M.P. | 255 | 256 | 256 | 256 | 256 256 256 256 256
MAP | Slope | 249.0 | 249.0 | 166.0 | 124.5 | 110.7 | 110.7 | 90.55 | 83.0 76.62

Table 7.15: Responses of the test filters to a step function in terms of mid-point and
slope.
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Figure 7.17: The filtered response to a step edge by the Kalman Filter.

7.2.2 Point Target

In general, corner reflectors, natural and man-made objects with angular shapes
show up clearly on the microwave image with strong responses. Some of these
targets are relatively small, occupying one to a few pixels, yet they are objects to be
studied or located (such as the case of ship detection [20], [82]). Speckle reduction
filter must preserve them. In this test, we examine the ability of preservation and

conditioning of the point targets by the speckle filters.

A test image is created by first designing a point target without noise (Figure
7.18). Speckle noise, modeled after the RADARSAT SAR “fine” mode beam pattern

and the associated response of the signal processor, was generated and inserted into
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Calculation of Mid-Point, and Slope

Block size lzl | 222 | 323

Kalman FABKF M.P. 64 64 | 65
02 = 3.0e6 Slope | 452.5 | 390 | 385
Kalman MMFABKF | M.P. | 64.5 | 65 | 63.9
02 = 3.0e6 Slope | 831 | 732 | 695
Kalman OFABKF | M.P. | 64 |65.5]|64.2
o = 3.0e6 Slope | 895 | 850 | 745

Table 7.16: Responses of the Kalman filters to a step function in terms of mid-point

and slope

the image (Figure 7.19). The point target is a 3 x 3 pulse in the middle of a flat
background. The intensity of the point target is set to 16900, while its background
to 2704 (i.e. 15.92 dB).
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Figure 7.18: The simulated point target before multiplicative speckle noise is in-
jected.

While all of the above filters greatly reduce the level of noise in the original
image, the three modified Kalman filters all preserve the point target at values near
the original. Of the all Kalman filters, the full plane ( FABKF) results are the
best compromise of smoothing the homogeneous region while maintaining the point
target. The introduction of the state multiplicative noise in the state model of the
Kalman filter preserves the point target better; it smoothes the homogeneous region

the least while maintaining the shape and location of the point target.

It is interesting to note that the adaptation criteria plays an important role in

preserving the point target while the state transition noise, o2, is not as important.

The above facts are shown in Figure 7.28 where the results of the MFABKF
with various coefficient of variation threshold values, CTmaz, are given. When Crop,q,

is set to 3.5 or higher, the entire point is filtered out.
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Figure 7.19: The simulated point target after speckle noise is injected. The speckle

noise is modeled after the RADARSAT fine mode beam pattern and its correspond-

ing signal processor
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Figure 7.20: The result of filtering the noisy speckled point target by the Box Filter

with a 11 x 11 scanning window
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Figure 7.21: The result of filtering the noisy speckled point target by the Lee Filter

with a 11 x 11 scanning window
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Figure 7.22: The result of filtering the noisy speckled point target by the Kuan

Filter with a 11 x 11 scanning window
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Figure 7.23: The result of filtering the noisy speckled point target by the Enhanced

Lee Filter (K=1) with a 11 x 11 scanning window
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Figure 7.24: The result of filtering the noisy speckled point target by the Frost Filter

(K=1) with a 11 x 11 scanning window
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Figure 7.25: The result of filtering the noisy speckled point target by the Enhanced

Frost Filter (K=1) with a 11 x 11 scanning window
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Figure 7.26: The result of filtering the noisy speckled point target by the Gamma

Filter with a 11 x 11 scanning window
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Figure 7.27: Results of Kalman Filters on Noisy Point Target.
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Figure 7.28: Comparison of Results of Kalman filters Filter with Varying Cr,,,. on
Noisy Point Target.
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7.2.3 Linear Structures

The objective of this test is to find out how well the speckle filters will restore linear
features from speckle; and also by how much they can restore the fine structures in

linear features.

Creating a Linear Pattern Test Image

As shown in Figure 7.29, once again we use a simulated one look fine mode
RADARSAT image consisting of a test pattern in an image of size 1024 pixels by
1024 lines. The test pattern consists of 8 x 8 (64) sub-images of 128 pixels by 128
pixels. The sub-image consists of alternate rows of pixels of different intensities. The
width of the rows in each sub-image stays the same, but increases from sub-image
to sub-image (starting with one pixel and ending with a width of 8 pixels). The
contrast between the bright and the dark pixel rows is set to 4 (i.e. 12.04 dB).
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Figure 7.29: The linear line-pair pattern before speckle noise is injected.
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Results of applying the Kalman filters designed in Chapters 4, 5, and 6 are
given in the Figures 7.38, 7.39, 7.40 below.
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Figure 7.30: The appearance of the linear line-pairs after speckle noise is injected.

173



Figure 7.31: The appearance of the linear line-pairs after a box filter with a scanning
window of 11 x 11 is applied.
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Figure 7.32: The appearance of the linear line-pairs after a Lee filter with a scanning
window of 11 x 11 is applied.
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Figure 7.33: The appearance of the linear line-pairs after a Kuan filter with a

scanning window of 11 x 11 is applied.
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Figure 7.34: The appearance of the linear line-pairs after a Enhanced Lee filter
(K=1) with a scanning window of 11 x 11 is applied.
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Figure 7.35: The appearance of the linear line-pairs after a Frost filter (K=1) with

a scanning window of 11 x 11 is applied.
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Figure 7.36: The appearance of the linear line-pairs after a Enhanced Frost filter
(K=1) with a scanning window of 11 x 11 is applied.
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Figure 7.37: The appearance of the linear line-pairs after a Gamma filter with a

scanning window of 11 x 11 is applied.
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7.2.4 Angular Structure

Similar to edges, this test is designed to measure the ability of the filters to restore
angular features. This time, we attempt to measure the ability of the filters to
restore angular structure without speckle. Thus, the test image consists simply of

an angular pulse shaped like a triangular tower (see Figure 7.41).

The results of passing this image through the series of filters examined above
are shown in the next few images (starting with Figure 7.42). The image presented
in Figure 7.42 shows the behavior of the Gamma MAP filter while filtering the
triangular pattern. It can be seen that the triangular pattern is distorted; the filter
cannot preserve the vertical slope of the triangular prism making it a pyramid.
However, the shape of the plateau is preserved (triangular). The texture of the gray
face is also distorted. The edges of the prism are also chopped. The filter cannot
respond to high frequencies.

In view of the above analysis, one can see from Figure 7.43, that the results
obtained by filtering the triangular prism using the Box filter have almost the same

quality in its response.
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Figure 7.41: The pattern of the angular structure on the test image

u-"'F Gamma MAP Fiter, 11x11

Figure 7.42: The result of the angular pattern after filtering by Gamma Map filter

with a scanning window of 11 x 11
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Figure 7.43: The result of the angular pattern after filtering by Box Filter with a

scanning window of 11 x 11
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Figure 7.44: The result of the angular pattern after filtering by Lee Filter with a

scanning window of 11 x 11
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Figure 7.45: The result of the angular pattern after filtering by Kuan Filter with a

scanning window of 11 x 11

20910° Enhanced Lee Filter, T1xif, K=t

Figure 7.46: The result of the angular pattern after filtering by Enhanced Lee Filter

(K=1) with a scanning window of 11 x 11
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Figure 7.47: The result of the angular pattern after filtering by Frost Filter (K=1)

with a scanning window of 11 x 11

20m0° - Enhanced Frost Filter, T1x11, Ket

s
1310
v.ﬂ"“"

et

Figure 7.48: The result of the angular pattern after filtering by Enhanced Frost
Filter (K=1) with a scanning window of 11 x 11
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The Kalman filter results on filtering the noise on an angular pattern are given

below.

Z Axia (10e8)

Figure 7.49: The result of the angular pattern after filtering by a full plane Kalman
filter with o2 = 3.0e5

The full plane adaptive block Kalman filter, the FABKF', does some edge dis-
tortions due to the different arrangement of the block and the region over which
the same parameters are applied. The effect of varying the state transition noise is
analogous to a damping factor, where the smaller the value of o2, the slower the
filter responds to the change. In processing the homogeneous region, a value of o
set too low causes the filter to diverge from the actual image value creating invalid
output. As the value is increased, the filter responds much quicker, but it becomes
more susceptible to an increase in the noise. The inclusion of the multiplicative term

in the state transition matrix in the MMFABKF seems not to have very much effect.
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This image contains no noise, so that the error covariance matrix will be very small
resulting in little difference achieved by changing the multiplicative state transition
noise term. However, varying the maximum coefficient of variation, CTmaz, results

in much improved response to sharp edges and points.

Continuing the analysis of the images obtained by filtering the triangular prism,
one can state that almost all the filters presented above are low pass filters dealing
badly with high frequencies, thus distorting objects that have sharp vertical edges.
The filter which behaves the worst, in this test, is the Frost filter. A nonlinear
effect is added by distorting a straight line into a nonlinear curve. This can be
seen in Figure 7.47. This effect is corrected, but not completely, in the Enhanced
Frost version (Figure 7.48 of the above filter). The Kalman filter does not suffer
from distortion if it is tuned correctly to the image situation. The absence of noise
will not affect the filter behaviour. For some values of C Tmaz there are present some
edge effects due to the dynamics of the filter. However, these effects can be corrected

accordingly by choosing an appropriate edge dynamics.

7.3 Results on Applying Various Filters on a Real
SAR Image

In this section we will compare the speckle reduction effect of various filters intro-
duced above on real SAR image taken over Victoria on the Vancouver Island. The

image was previously shown in Chapter 3.

The test image was taken from the ERS-1 satellite data of Victoria, BC taken

in August, 1993. The test data is a single look intensity image and is shown in
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Figure 2.5 corresponding to the highlighted region in Figure 2.6. The test data
is given again in Figure 7.50 displaying the pixels with equal dimensions in both
the cross-track and along-track directions. This image was chosen because of the
different classes of data that are present. It includes very low intensity regions that
correspond to the harbour region juxtaposed with the high intensity dock and city

regions. The image also contains large regions that fall between these two extremes.

Due to the use of the quadratic noise reduction criterion (4.52), the Kalman
filters will be sensitive to large changes in the image process. This is very common
in SAR imagery, and these statistical outliers must be removed. The tests were
run using an image with the upper 2% of the image compressed to 5 values at the
peak of the image intensity level. This reduces the mean value of the image to some

degree, but does not greatly affect the distribution of the image intensity data.

It was found during testing that attempting to run the full plane Kalman filter
on images with less than the upper 2% of the image compressed, the filter would often
become numerically unstable. The modified filters, the SMABKF, the MMABKF :
and the FABKF all maintained stability operating on images with only 1% of the

image compressed.

In analyzing the results of the various filters on the image of Victoria, we will

consider in turn the filter output, and the behaviour of the Kalman gains.

The output of the test runs of various filters are given in the following figures

7.51,7.52,7.53,7.54,7.55.

The output of the test runs of Kalman filter are given in Figures 7.56 - 7.58. Fig-
ure 7.56 shows the results of all four Kalman filters with 02 = 3.0e5 and Croper = 2.5.

This value of the state transition noise parameter, o2, was found to give satisfactory
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Figure 7.51: Single-Look Intensity Image of Victoria, B.C. from ERS-1 filtered by a

Lee 5x5 window filter.
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Figure 7.52: Single-Look Intensity Image of Victoria, B.C. from ERS-1 filtered by a

Lee 7x7 window filter.

Figure 7.53: Single-Look Intensity Image of Victoria, B.C. from ERS-1 filtered by a

Frost 5x5 window filter.
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Figure 7.54: Single-Look Intensity Image of Victoria, B.C. from ERS-1 filtered by a
modified Frost 5x5 window filter.

Figure 7.55: Single-Look Intensity Image of Victoria, B.C. from ERS-1 filtered by a

Kuan 5x5 window filter.
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results over both the high intensity urban area in the centre of the image and the re-
gions at the left and right of the image. The maximum coefficient of variation value,
CTmaz, Was chosen so as to affect regions where the multiplicative noise assumption
is no longer true, ie. C, > 2.0. The SMABKF result in Figure 7.56d uses a value of
the state transition multiplicative noise parameter, oy, = 0.25. Obviously some re-
sults are indistinguishable over the homogeneous regions at the left and right of the
image. This is due to the lack of objectivity of the bare eye observations. However,
the major improvement in the MMABKEF is identifiable in the high intensity urban
region. Here the filter distorts the dark lines and edges of the intense region much
less. The SMABKF was run with a value of gy, = 0.1 and the results show a slight
improvement in the edge regions as well as some improvement in image contrast.
Currently there is no theoretical means of determining the ideal value of oy for such
complex images. Experimentation suggests that 0.25 is acceptable but that a value
too large, ie. > 0.5 results in very little improvement in the image over the input
image. The FABKF results given in Figure 7.56b indicate a slight reduction in the
smoothing of homogeneous regions for the same value of o2 but lack the asymmetric

distortion that is prevalent in the non-symmetric region of support based filters.

The effect of varying the additive state transition noise parameter, o2, is shown
in Figure 7.57. Figure 7.57a was processed with o2 = 3.0e4. This image is highly
over-smoothed in the urban region, while the smoothing may be acceptable in the
lower intensity regions. Processing the image with o2 = 3.0e6 resulted in very little
reduction in the speckle noise over the lower intensity images, but an acceptable
level of smoothing with less distortion over the high intensity region in the centre of

the image.

The maximum coefficient of variation parameter, Crpqz, is designed to affect

the filter most in the high intensity urban regions where the multiplicative noise
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(d)

Figure 7.56: Results of Kalman Filters Applied to SAR Image a) modified full plane
(MFABKF), b) full plane (FABKF), c)Markov modified full plane Kalman filter
(MMFABKF), d) state multiplicative noise full plane Kalman filter (SMABKF) ,

o3 = 0.25. The state transition covariance, o2, is set to 3.0e5 for all images.
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Figure 7.57: Comparison of FABKF with varying State Transition Variance on a
SAR image a) 02 = 3.0e4, b) 02 = 3.05, c) 02 = 3.0¢6,

assumption does not hold due to large numbers of strong reflectors. The effect of
processing the image with a lower maximum threshold is seen in Figure 7.58. As in
Section 4.5 the suggested Comq. is approximately 1.73. A Crp... value of 2.0 begins
the detuning of the Kalman filter at a local coefficient of variation of 1.5, just below
the value suggested by Lopes et al. [55]. The results indicate that this factor is very
important in the use of the Kalman filter as the high intensity region suffers from

much less distortion using the lower value of Cry, ..

A typical variation of a full plane Kalman filter when filtering the above SAR
image of Victoria is given in figure 7.59 where the norm of the Kalman filter gain
matrix is calculated for the first ten rows of the test image as shown in figure 7.50.

From the tests shown above, an obvious conclusion is to be drawn: the Kalman
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Figure 7.58: Effect of Changing Threshold Coefficient of Variation on a SAR image,
CTmaz = 2.0, using FABKF.
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Figure 7.59: The norm of the Kalman filter gain matrix for the first 10 rows of the
SAR image of Victoria.
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filter proved itself more flexible and more powerful in filtering the speckle noise
than all other filters. The adaptation criteria and capacity of the Kalman filter to
various types of noises and regions of the image makes it more attractive for getting
higher quality filtering results. However, the price to pay is in the computational

complexity and time.

7.4 Conclusions

This chapter introduced a few tests which measure the performance of filters for
speckle noise reduction. The principle of creating the test images was to combine a
type of image such as a step, a point target, an angular structure, and a texture of
linear patterns with a speckle noise collected from a homogeneous area of real SAR
image. The results of filters discussed in this thesis were collected and displayed. A
final test on a real SAR image from Victoria BC was also run and results presented.4.
The superiority of various Kalman filters was also illustrated.
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Chapter 8

Conclusions

In this thesis, new Kalman filtering methods have been developed and applied to
SAR images in order to reduce the speckle noise. Kalman filtering techniques have
been applied to SAR imagery before [8], etc. However, these filters were developed
for largely homogeneous images and on images which were artifacts and not real
SAR images. After the launch of the European ERS-1, the Japanese JERS-1 and
the Canadian RADARSAT, Synthetic Aperture Radar (SAR) images of urban areas
have become common place. These images are much more complex than those tested
by the earlier Kalman filters. These urban scenes contain image textures beyond
the assumptions used by these earlier Kalman filters. Thus, the overall reduction in

speckle is not acceptable.

Because the speckle effect in single look image is by far the most pronounced,
but statistically tractable; and also the fact that single look SAR images generated
by advanced SAR processors, which preserve the phase information, is the key to sub-
wavelength accuracy in elevation model derivation and more advanced applications,

this thesis concentrated on dealing with the reduction of speckle in single look SAR
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images.

To correct the above deficiencies in existing Kalman filters and to extend the
use of Kalman filtering technique to urban SAR scenes, the derivation of filters was
re-examined and those areas involving incorrect assumptions were addressed. This
involved the evaluation of the multiplicative noise assumption during the processing
of the image and the tuning of the filter in those regions where the effect of scene
texture surpasses that caused by speckle. The modeling of the speckle noise in the
state and in the observation with the Markovian assumption was introduced. As
well, the derivation of the parameter estimation technique used was also re-evaluated
and modified so that the parameters continue to be adaptive over the entire image.
This process led to the development of full plane Kalman filters for multiplicative
state noise components, for Markov noises in the observation, and for dynamic
state multiplicative noise components in this thesis. Because the tuning process of
Kalman filters is a very time consuming operation, a new method for determining

the optimal noise parameters has been developed as well.

In all the new developments listed above, the image model was built assuming
a full plane region of support. The justification is based on the previous work done
by Geling [24] in which results from using models designed for half and full plane
regions of support were compared. It was found in [24] that the latter is superior in

terms of resultant image quality and processing requirements.

A series of tests which address the performance of the Kalman and other filters
for speckle noise reduction was designed, developed, implemented and applied to
the mostly known and used filters. A comparison of results showing the outputs by
different filters is presented in Chapter 7. From these results it can be seen that

the Kalman filter is superior to all other filters due mainly to its capacity to be
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tuned to the noise factor present in the image and adapted to the goal pursued by
the user. Much of the improved response of the Kalman filter can be attributed to
the inclusion of the coefficient of variation test to detune the filter when the filter
assumptions were invalid. There is, however, a price to be paid: the complexity of
the model and filter requires increased computational power and time. The tuning

of the method also requires special skills and understanding of the method.

To address the requirement for greater filter flexibility over complex urban re-
gions, the image formation model used for the image formation process was improved
by introducing a multiplicative noise in the state transition equations. The filter
resulted in greater parameter variation over the image and improvement in response,
thus allowing greater filter flexibility. Overall, the performance of the MMABKF
was slightly better in complex urban regions offering some improvement in contrast.
However, the new noise parameter introduces a new difficulty in designing and tun-
ing the Kalman filter, which is the difficulty of determining an acceptable value for
oy. The Markov noise in the output adds other tuning parameters which are the

Markov model matrix and the intensity of the noise parameter 7.

Running the optimization process first on the models above, the tuning problem
can be solved. However, the correct choice of the initial point and the delicate
stability of the nonlinear programming algorithm, which in this case runs on linear
operators (matrices), make this last method also available to knowledgeable users
only.

In comparing the results of these filters with other known filters for speckle
noise reduction such as the Lee, Frost, Kuan etc. statistical filters, it is seen that
improvements are substantial (especially for linear patterns and point target preser-

vation). The edges and strong reflectors, such as the two point targets that are
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located in the harbour that are blurred by the Lee filter as shown in Figure 3.2, are
well preserved by the Kalman filters. Due to the greater simplicity of some filters
they might be better suited for routine use. However, as SAR. images become more
in demand at higher resolutions, methods such as those defined here will be the
only way to improve the quality of a SAR image and, furthermore, to make it more

suitable for further image processing operations.

8.1 Summary of Contributions
As a summary of the above conclusions, the contributions of this thesis are:

o The development of a Kalman filter with a Markovian noise in the observation.
This enhanced the capacity of the Kalman filter to be applied to an exponential

noise.

¢ The derivation of the Kalman filter and parameter estimation equations for a
state transition equation including multiplicative state transition noise for the
full plane model of support. This enhanced the ability of the Kalman filter to
follow the variations common in SAR images containing complex features in
urban environmental settings, while having a reduced effect on homogeneous

regions.

e The derivation of the Kalman filter and parameter estimation equations for a
state transition equation including multiplicative state transition noise for a
Markovian noise in the state. This new model made the Kalman filter more

appropriate to exponential noise in urban areas.

205



o The development of an optimal method for the determination of all noise
factors without any prior knowledge about the real noise present in the image.

This resulted in shorter experimental time when tuning the Kalman filter.

8.2 Further Work

In the present thesis a few extensions and improvements of Kalman filters for speckle
noise reduction in SAR images were examined and introduced. However, many
options were left untouched. Both sides of the Kalman filtering process can be
explored in future works; in other words, the parameter estimation scheme and the

filtering method can be approached in different ways.

The parameter estimation scheme used in the development of the Kalman fil-
ters in this thesis is taken over from Geling’s works [24] - and the motivation was
given many times in the thesis. His work was based on the recursive parameter
estimation(RPE) technique by Ljung and Séderstrém [51]. Before starting to use
it we have explored some other methods for parameter estimation. One of them
looked appealing; it was the estimation method proposed by [76]. Because of the
full plane model, which we have preferred due to its increased performance over SAR
image, we have abandoned the development of the previous parameter estimation
method, our goal being the improvement of the second element of the scheme; in
other words, the Kalman filtering technique per se. However, we still consider that
a good subject to be investigated might be the development of a new full plane
Kalman filter with a new set of state equations obtained by applying the parameter
identification method as developed by Sugimoto and Jain or a combination of RPE

with the model introduced in [37).



From experiments conducted on all Kalman filters developed in this thesis it
can be observed that the quality of the filter depends on the direction of the image
artifacts. The horizontal move of the blocks along the image makes the filter more
suitable for filtering horizontal patterns. This suggests that the filter’s region of

support has to consider patterns which should not have a preferred direction.

There are many suggestions for the Kalman filter itself. Besides the suggestion
made by Geling in his future work description, we claim that the SAR image model
should be nonlinear and, therefore, the Kalman filter should be extended to such a
case. This implies the use of Zakai’s equations and filter. This suggestion applies

also to the parameter identification process as well.

Another suggestion is to consider a Kalman filter designed for sliding mode
processes as introduced in Aitken's thesis [2]. This type of a Kalman filter might be
much faster than the usual Kalman filter, implying less calculations to be performed.

Definitely, the list of future work might continue with more suggestions as there

are, as yet, many unsolved problems.



Appendix A

(GGateaux Derivative and Gradient

A.1 Definition of Gateaux Derivative

Let
X and Y be the Banach spaces [69],
U C X is open,
T be the non-linear transform defined on domain U and

having range Y.

Then T has a Gateaux derivative at ¢ € U if, Va € U, the following limit exits:

lim L(& +ta) — T(¢)

t—0 t

LT+ )l (A1)

VT($,a) =
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The Gateaux derivative, if it exists, is unique. The Gateaux derivative of T at

¢ in the direction « is written as VT(¢, a).

A.2 Definition of Gradient

The gradient of a field transformation T : #(Q;) — ®(£,) is defined to be the field
K € ®(Q; x Q;) with the following property:

T'(¢)(a) = Ka, Vae &(Q,) (A.2)

The derivative T’ is an integral operation with the kernel K. We denote VT(s)
the gradient of T at ¢, giving:

T'($)(@) = [VT(4)]a (A.3)

By using the notation V,T(¢) for the directional derivative of T in the direction of

a, we have:

VT(¢) VT(¢)a

= T'(¢)(a) (A.4)

Furthermore, for higher order directional derivatives, we have:

T*(¢)(en)(az).--- (k)
= V"T(qﬁ)alag...ak

V*T(d)ar A agy A .. Aoy
Vak---valT(¢) (A5)

]
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