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Abstract

Images obtained from coherent imaging systems such as laser, sonar, radar, syn-
thetic aperture radar (SAR) and ul d are often d by a ph known

dent and may

as image speckle. Speckle is ch ized as multiplicatively signal d
be spatially highly correlated noise. It differs from other types of noise such as the
additive white Gaussian noise (AWGN) most commonly found in digital images. Ob-
served from a human or computer vision point of view speckle gives a granular patterned

to images, thus i ing image details.

Gradient methods taking differences between pixel values may give inconsistent es-
timates regarding true edge pixels and therefore are not suited for use with speckled
images. By contrast, taking ratios between the pixel values tends to factor out the mul-
tiplicative noise effect present in speckled images and to generate meaningful edge maps
for these images. But these methods generate thick and ambiguous edge maps, and
may also require gradient information supporting the ratio edge strength values in order
to generate better edge maps on speckled images. This thesis investigates methods to
improve the performance of existing speckle specific edge detection operators. A ratio
edge detector based on maximum strength edge pruning (MSPRoA) which uses both
edge strength magnitude and direction is proposed.

The MSPRoA method is different from previous methods in that it uses the edge
orientation information that is implicitly expressed in some other ratio based meth-
ods,explicitly, thus enabling the generation of precise and well defined edge maps for
speckled images. The MSPRoA method does not require either gradient information
or edge thinning operators and hence computational savings are achieved. The use of

the MSPRoA at multiple scales in order to extract edge information at both micro and



;
\
:
\

macro levels is also suggested. The MSPRoA and multi-scale MSPRoA methods are
tested using both synthetic and real airborne SAR images of varying scene contents and
business. Test results which confirm the suitability of the method for use on speckled
images are presented. The use of the MSPRoA method is recommended for detecting

edges images in which speckle phenomena are manifest.

iii
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Chapter 1

Introduction

1.1 Motivation

Edge detection methods for speckled images are important as these images are
found in a variety of digital image processing application fields which use such images
as laser. sonar. radar, synthetic aperture radar (SAR) and ultrasound. etc.

Speckle is 2 common phenomena in almost all images formed from coherent imaging
systems and some non-coherent imaging systems [34] and may be responsible for causing
hindrances to human or computer vision systems in extracting information from these
images [3. 53]. Edge detection methods may help in conveying useful information on
image contents. Since speckled images may contain useful information for applications
such as remote sensing, medical imaging etc.. there is a necessity for operators to extract
accurate and precise information from these images.

It has been found that the speckle phenomena observed in images for coherent imag-
ing systems cannot be avoided completely [10, 34]. Observed from the human vision
point of view. speckle gives a granular texture appearance to images and may suppress

true edge information or may trigger false edge points [3. 61. 82]. When analyzed statis-



tically speckle differs from other types of noise which are commonly observed in digital
images such as additive white Gaussian noise (AWGN). Several existing edge detection
methods used to extract information from non-coherently formed images are less suit-
able for use with coherent imaging images due to the nature of speckle noise found in
these images [3. 82. 90]. In fact. most edge detection operators are best suited for use
on noise-free images [77].

Various edge detection methods have been developed for use on noise-degraded im-
ages but these are better suited for AWGN environments. A literature search reveals
that. although the nature and characteristics of speckle noise have been well studied and
well established [34], the problem of detecting edges on speckled images has not been
extensively studied. Relatively few edge detection methods have been proposed for use
on speckled images (3, 23, 82. 90].

Edge detection methods that use ratios between pixel values tend to generate rela-
tively better edge maps on speckled images when compared to gradient based methods
that use differences between pixel values [3. 23. 82. 90]. However. ratio based methods
generate thick edge edge maps and require edge thinning post processing [3. 69]. These
methods may also require gradient information in order to generate precise edge maps
on speckled images [3, 90]. The performance of these edge detectors may be poor on
medium-to-low contrast images [89]. In this thesis, research has been conducted on edge

detection methods for speckled images. motivated by the following goals:
o Extending available methods to improve accuracy.
o Satisfactory detection by extracting all true edge pixels.
« Low error rate by reducing false edge pixels information.

« High computational efficiency.

w



1.2 Edge Detection

1.2.1 Edges as scene descriptors

Edges in images are defined as transitions between regions having different in-
tensities. textures, color or other image properties [77]. Several common types of edges
separate regions with different intensities. The edges may help in describing scene con-
tents by giving definition to underlying image objects. Achieving the goal of edge de-
tection may simplify computations in computer vision algorithms such as segmentation.
classification and pattern or object recognition.

When analyzing complex scenes it can be often useful to simplify the amount of

data to be d by discarding infc i ding absolute gray levels and only

keeping a record of places where changes occur in the image. Several modern theories
rely on pre-processing images with detection operators before image matching and object
recognition. For these reasons edge detection is often considered to be one of the first

stages in many image processing procedures [63. 63.

1.2.2 Edged ion on noise-degraded i

The goal of edge detection for noise-degraded images may be achieved by following

two different approaches. They are:
@ Direct methods: Use of edge detection operators on images available for use.
« Indirect methods: Use of edge detection operators on pre-processed images.

The direct methods of edge detection achieve the goal of edge detection by applying
edge detection operators directly to an image. These methods do not use pre-processing

operations such as noise filtering, image enhancement etc. In the case of noise-degraded

3



images. these methods require edge detection operators which have been designed ac-
cording to a model of the interfering noise. A priori knowledge about the interfering
noise may help in selecting an appropriate edge detection operator in this case. The
design of new edge detection operator also benefits from knowledge of the nature and
characteristics of interfering noise. These methods provide direct solutions to the prob-

lem of edge detection by reducing computational costs required for image enhancement

or noise ing pi

Indirect edge detection methods usually include one or more pre-processing opera-
tions before the actual edge detection is performed. Pre-processing may include image
enhancement, edge preserving noise smoothing or filtering operations. An edge detec-
tion operator is then applied to the pre-processed image. A priori knowledge of the
characteristics of any interfering noise is required in this case. for selecting the filter to
be used for noise smoothing. Since edge detection is performed on noise filtered images.
the use of gradient edge detection methods may give better performance results. But

re- ing operations may generate additional problems in this case such as edge
P! & 12 5

blurring, smoothing of fine details in the course of pre processing operations. etc. The
overall performance of the edge detection in this case depends on both the performance
of the pre-processing operators and the edge detection operator.

In this thesis, edge detection methods for speckled images that use direct methods

without p i ions are discussed. Concepts involved in the design of new

edge detection operators which improve the performance of the existing edge detection

methods are studied.



1.3 Problem Definition

Speckle s usually ch ized as multiplicatively signal-dependent and may be

spatially highly correlated [34]. Speckle varies with underlying image intensity i.e. the
speckle is significant in high intensity homogeneous regions compared to low intensity
homogeneous regions. As a result, the signal to noise ratio (SNR) of speckled images
may be low and these images may suffer from poor contrast ratios as well [17. 23. 54]. All
these properties make automated extraction of edge information from speckled images
a difficult task to accomplish.

Gradient edge detection methods which are based on differences between pixel values
give inconsistent estimates regarding true edge pixels due to the signal dependent nature
of speckle noise. Gradient methods can provide computationally inexpensive solutions
to the problem of edge detection on noise-free images. But these methods have been
shown to generate spurious edges and thick edge maps when used on speckled images
3.69, 91].

Zero-crossing edge detectors applied to speckled images have been shown to generate
thin and localized edge maps but also to generate a number of spurious edges [3]. The
main disadvantage with these methods is that they are insensitive to the edge mag-
nitude strength [40]. Other methods using ratios between pixel values tend to cancel
out the multiplicative noise effect of the speckle in the speckled images and to generate
meaningful edge maps on these images [3, 82]. Evaluations of edge detection methods
for speckled images have shown that ratio based methods perform better than gradient
based methods [69, 91, 32].

However, existing ratio based methods also tend to generate thick edge maps. Post-

processing edge thinning operators are required in order to generate precise edge maps.



These methods also use gradient edge strength measures for generating well defined
and meaningful edge maps [3, 91]. These methods trade off the number of spurious
edge pixels generated in homogeneous regions and the number of correct edge pixels
[90]. Such edge detectors used with large mask sizes can be successful in suppressing
the spurious edges in homogeneous regions. but also generate thick edge maps. On
the other hand. small mask sizes are successful in extracting fine details and also give
thin and precise edge maps but generate number of spurious edges [32. 69]. Extracting
information regarding the fine structures in images is also another problem with existing

speckle specific edge detection methods [69].

1.4 Research Methodology

1.4.1 Selection of test data

Test data were selected to include 2 variety of test images over a range from
simple 1-D signals to real airborne synthetic aperture radar (SAR) amplitude images.
As a simple test category 1-D signals are selected which have gray level values between
0-255 and which include low intensity homogeneous regions. high intensity homogeneous
regions and edge pixels. In a second category, 2-D simulated speckled images with 256
gray levels varying between 0-255 are considered. Test examples in this case include
computer generated patterns and real outdoor scenes. [n a third category. SAR images
extracted from a data set are used with the permission of Canada Center for Remote
Sensing (CCRS), Ottawa, Canada. Test images consisting of a variety of scene contents
such as woods. farm land. city, highway, industrial etc. are selected as test examples in

this category.
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1.4.2 Experimental method

First, existing edge detection methods used for edge detection on speckled images
are studied. Then the performance of different edge detection methods is evaluated
using the 1-D signals and 2-D synthetic test images. Since the original test images
are noise-free with sharp edges the Sobel operator [77] is used to generate edge maps
representing ideal edge maps. Edge maps on the corresponding simulated speckled
images are obtained using several existing edge detection methods representing actual

edge maps. Qi itative and qualitati ion of existing edge detection methods

is made by comparing the corresponding ideal edge maps and the actual edge maps.
This work follows the the measures proposed by Zaman and Moloney [89] which they
used in the study and analyze of edge preserving noise smoothing digital filters. A
similar evaluation of existing edge detection methods is also made using real airborne
SAR images to investigate the suitability of these methods on real data sets. The means
of improving the existing edge detection methods for extracting accurate and precise

edge maps for speckled images are investigated.

1.5 Thesis Outline

This thesis is arranged into six chapters. In Chapter 2 a review of relevant litera-
ture is conducted. The nature and characteristics of speckle noise are reviewed. Public
domain edge detection methods in general and speckle specific edge detection methods
in particular are reviewed. Introductory concepts used in SAR imaging systems are
briefly outlined.

In Chapter 3 an evaluation of existing edge detection methods for speckled images is

d using qualitative and itative measures. The performance



of these methods on real airborne SAR images is evaluated.

A ratio edge detector based on maximum strength edge pruning (MSPRoA) [33] for
extracting accurate and precise edge maps on speckled images is proposed in Chapter
1. The MSPROA algorithm aad test results using 1-D test signals are presented.

The MSPRoA edge detection test results using images both synthetic 2-D and real
airborne SAR images are presented in Chapter 5. The performance of MSPRoA edge

detector on a variety of test images is using qualitative and itative meth-
ods. A simple and fast MSPRoA edge tracking algorithm to improve visual quality of
the MSPRoA edge maps is proposed. The use of multi-scale MSPRoA method for ex-
tracting information at both macro and micro levels on speckled images is suggested.
The multi-scale MSPRoA method performance is verified using synthetic and real SAR
images.

In Chapter 6. conclusions and recommendations for future studies are presented.



Chapter 2

Literature Review

2.1 General

This chapter presents a literature survey of several topics related to this thesis
notably: edge detection methods, the nature and characteristics of speckle noise and
SAR imaging systems. The nature of speckle noise, including its visual effect and statis-
tical characteristics are briefly introduced. Edge detection methods, in general. and in
particular methods that are better suited for use on speckled images are reviewed. Pre-
vious speckle-specific edge detection methods and their algorithms are introduced. SAR
imaging technology, SAR data processing, speckling effects observed in SAR images and
related background information are provided. Speckle noise models for simulating SAR

speckle using radar signals model are also reviewed.
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Figure 2.1: One dimensional step edge

2.1.1 Conventional notation

« Edge
The most common type of edge in images separates regions with different intensity
levels. Figure 2.1.1 shows a one dimensional step edge in images. The step edge is
characterized by its height h indicating the difference between two intensity levels
of values a and b respectively. An edge exists if the absolute difference between
two levels a and b is greater than a pre-set value which is considered to be the
threshold value separating edge and non-edge magnitudes and hence detecting

difference between edge and non-edge pixels.

Processing window W

Edge operators in general select a set of pixels as a processing window or mask
which is used for the computation of edge strength values. The mask size m x n
determines the number of rows (m) and columns (n) of the processing window.

If a processing window contains an equal number of rows and columns it may

10
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Figure 2.2: Edge detector processing window

be represented by a mask size V ( indicating that the processing window of size
 x V. where N is odd). Figure 2.2 shows two conventional processing windows
for mask size .V =3 and .V = 5 with the center pixel P(z, ;) indicated by a circle.
In this thesis processing window (or window) or mask represents square matrix of

pixels as shown in Figure 2.2.

Digital image

Figure 2.3 shows a digital image of size M x V pixels arranged into M rows and V'
columns. Pixel P(0.0) located at top left corner and pixel P(M —1. .V —1) located
at the bottom right corner. The Figure 2.3 also shows a pixel of interest P(i. ;)
(located at i row and j column indicated by the circle) where the edge strength
value is to be measured applying a 3 x 3 window. The digital images used in this
thesis are either gray scale image (intensity values represented by 8-bits or levels
0 — 253), or binary (represented by two levels-black and white) to represent edge

maps.
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Figure 2.3: A digital image grid
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2.1.2 Imaging systems

Imaging systems can be broadly classified into coherent and incoherent systems
based on the illumination source used in image formation. Differences exist between
coherent and incoherent imaging in the way images are formed. Historically, images
have been perfc d with incoh il ination [4] such as sunlight. A variety of

optical and electromagnetic (EM) instruments which require coherent illumination for
their applications have been developed. The invention of the laser in the early 1960's
opened new horizons for imaging systems using coherent illumination. Holographic
imaging is a two step image processing that uses coherent illumination. Radar systems
obtain images using coherent processing. Lasers used for illumination purposes use
highly coherent light.

Incoherent imaging systems are linear in intensity and the phase information associ-
ated with the object being illuminated is not retained in any way. In these systems all
possible phases are represented. The human vision system and photographic systems
are most common examples of imaging systems that use incoherent processing.

Coherent systems are linear in complex intensity and the phase information asso-
ciated with the object is retained. These imaging systems have illumination energy
in which phases are aligned. The process becomes more complicated when images are
formed using coherent and reflected energy. With reflected energy signal there is a sec-

that are i into the reflected

ond problem associated with the phase
beam due to the surface roughness of the object being illuminated. These parameters in
coherent imaging systems give rise to noise patterns called speckle which may degrade
the images formed by the system. This thesis addresses images obtained using syn-
thetic aperture radar (SAR) which are formed using coberent processing and are further

discussed in section 2.5.
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2.2 Speckle

2.2.1 Speckle origin

The operation of the first HeNe laser in 1960 revealed a peculiar granular pattern
called laser speckle phenomenon [34]. It was found that the speckle patterns are produced
as a result of the scattering of coherent light from surfaces which are rough on the scale
of optical wave lengths (5 x 10~ meters).

When objects are viewed in highly coherent continuous wave (CW) laser light the
response observed at a distant point consists of many coherent components each arising
from a different microscopic element of the surface being illuminated. The distances
traveled by these coherent components may differ by several or many wavelengths if
the surface is truly rough. The resultant field will therefore consists of contributions
from several component waves which are in and out of phase. although coherent. thus
resulting in the appearance of a granular pattern.

If interference at any point is highly constructive the resultant speckle pattern con-
sists of bright spots. If the interferences are highly destructive then the resultant pattern
consists of dark spots. Overall the speckle consists of random spots bright and dark in-
tensities and. of intensities in between these two extremes. If the observation paint
is shifted in space, the resultant speckle pattern will also change due to a new set of
components contributing to the resultant field.

A literature search shows that direct analogies of laser speckle are found in coherent
imaging such as radar astronomy, synthetic aperture radar (SAR) and acoustical imagery
[34). In addition, speckle-like patterns are also observed in radio wave propagation.
temporal characteristics of incoherent light, the theory of narrow band electrical noise.

ultrasound and general theory of random spectral analysis [10]. The term speckle has

14



now taken on 2 far broader sense than when it was first introduced as laser speckle.

2.2.2 Speckle classification

It is convenient to classify speckle patterns into two groups, objective and subjec-
tive speckle. The scattering of a rough surface illuminated by a coherent light source is
known as objective speckle. A part of objective speckle can be observed by holding a
screen in front of the object being illuminated. Briefly, objective speckle is speckle ob-
served in free-space geometry. Subjective speckle patterns can be observed by focusing

the scattering of a rough surface using a lens system as shown in Figure 2.4. In other

i Figure 2.4: Speckle geometric phenomena

words, subjective speckle is objective speckle obtained by considering the lens pupil as
the scattering surface. Subjective speckle is different in that an image of the object is
formed by using lens system.

It may be considered that there is no difference between objective and subjective



speckle but they are speckle patterns at different scales, i.e they will have different
visual patterns appearance. The speckle observed in imaging systems are examples of
subjective speckle patterns.

2.2.3 Visual effect
Figure 2.5 shows speckle patterns produced from a reflected surface such as paper
(Goodman [34]). Dennis Gabor, who received the 1971 Nobel prize in physics for his

invention of holography says that the speckle is not really noise but, it is information

which we do not want i.e the i jon on the mi i of the paper in
which we may not interested. )

The speckle patterns can be used for beneficial purposes in applications such as

I stellar i etc. A collection of engineering uses

of the speckle can be found in [25, 26]. The speckle patterns are used in measuring
surface roughness, non-destructive testing of finished mechanical components, detection
of cracks in aircraft wings, detection of distortion in engine bearings etc. An extensive
review on use of speckles in meteorology can be found in [27]). Another important

area covers applications in and stellar i y. Speckles are used for

measuring the diameters of asteroids and planets [28], solar granulation [29], angular
separation and position angle of binary stars [30].

However, speckle is most commonly treated as noise or unwanted disturbance in
image processing and computer vision application as it obscures observable details in
the underlying images. It is seen from Figure 2.5, that speckle patterns consists of
random bright and dark patches of random widths distributed all over in a totally
chaotic manner. Though there may not be much information that image processing and

computer vision applications from a surface such as plain paper (no intensity changes

16



Figure 2.5: A laser speckle pattern visual effect

Copied from Laser speckle and related phenomena,

J.W. Goodman and J.C Dainty [34], page. 10.



or no objects to register. etc.,) but the speckles give impression that there may be some
useful information. It may be difficult or may be impossible in some cases even for the
human vision systems to recognize fine detailed information in speckled images due to

the visual effects created by the speckle noise.

2.2.4 Speckle statistical characteristics

The statistical characteristics of speckle patterns have been well studied and es-
tablished [34. 10]. Goodman derived the first and second order statistical characteristics
of laser speckle patterns [34]. Since the derivations are lengthy and outside the scope of
this thesis. only a summary of these results is presented here.

The complex amplitude scattered light at a distance observation point in space is
given by the sum of amplitudes of the contributions from each point source on the
scattering surface (Figure 2.4). Assuming that the number V of elementary contributions
a, is extremely large. i.e V — 50, Goodman derived the joint probability density function

(PDF) p,, of the real (A,) and imaginary (4,) parts of the speckle patterns as.

L A+ [AP
Pl 40 = s exp(- AL AT, @1
A B L )i <lae|>? (22)

Nex V

=1 2
Where < ax > is ensemble average of a. elementary contributions. The PDF py, is
commonly known as a circularly Gaussian density function since contours of constant
pdf are the circles in complex plane.

The quantity that is frequently considered in the field of digital image processing is

the intensity of the speckle patterns. Goodman derived the equation for the marginal



PDF of the speckle intensity alone py(/) as:

shesp(—zk) 120

pill) :[:pu(l.ﬂ)dﬂ - { ; (23)

otherwise
The PDF of the intensity P(I) which is greater than some set threshold value / is
expressed as:

-1

2
<I>) (2.4)

P(I) = exp(

In general. speckle consists of sum of two or more polarised speckle patterns. Thus the

total intensity of the irradiance / may be composed of .V speckled patterns.
~
I1=3 I(k) (2.3)
=t

where /(k) =| 4.(k)? + Ai(k)? |. Thus speckle patterns may also express correlations
between underlying intensity fields.

Goodman deduced that speckle patterns obey negative exponential statistics. His re-
sults were later d lly by many other [10. 67). MeKechnie
[67) who took 23.000 reported in his i that speckle exhibits

negative exponential characteristics. Figure 2.6(2) shows Goodman’s theoretical plot

of speckle characteristics. Figure 2.6(b) shows Mckechnie experimental results showing
speckle characteristics. Figure 2.6(a) and (b) confirm that speckle intensity exhibits

negative exponential characteristics.
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Figure 2.6: Speckle statistical characteristics

(a)

(b)

(a) Goodman theoretical plot: (b) McKechnie experiments. (Copied from Laser speckle
and related phenomena, J.W. Goodman and J.C. Dainty [34]. pp. 19.
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2.3 Edge Detection Methods

2.3.1 Gradient edge detectors

Gradient edge detectors in general calculate edge strength value based on differ-

ences between pixel values. These use edge which are
windows but each element in the window is assigned a value which is different for different
operators. At each pixel P(i.j) in the input image, the edge strength magnitude A(:. )
is calculated as per the edge operator algorithm applying edge template. A pixel P(i. )
is classified as an edge pixel if the edge strength value A(i, j) is greater than a pre-set
threshold value. The image defined by the A(i, j) values is called the edge strength map
while the corresponding thresholded version is called edge map E(i. ) which is a binary
image indicating edge and non-edge pixel location by 1's and 0's respectively. If edge
map is obtained from noise-free image then it is refered as ideal edge map indicating
ideal edge pixel locations. If edge map is obtained on noise corrupted image then. it is
refered as actual edge map which indicates actual edge pixel locations in the detected
edge map.

Different gradient edge based on edge have been by

researchers in the past such as Sobel, Robert, Prewitt. Kirsch etc. [77]. Figure 2.7 (a)
and (b) shows edge templates for Sobel and Prewitt operators, respectively. According
to these methods an edge strength magnitude is calculated by applying the appropriate
row and column gradient masks at each input image pixel. The square root of the sum of
row and column gradient masks computed and is considered as the overall edge strength
measure. An edge strength map so obtained is thresholded to separate the edge pixels
from the non-edge pixels.

That is. the Sobel operator measures edge strength value by applying the row and
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1 (b) Prewitt operator.

Figure 2.7: Gradient edge detection operators
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column Sobel edge templates (Figure 2.7(a)) at each pixel Pli.j) in the input image.
The Sobel operator calculates the overall edge strength value at each pixel P(i. j) using:

E(i,j) = VIGREI? + [Ge (i, )1 (2.6)
where G and G are row and column edge strength magnitudes, respectively. If L1
and L2 are left and right sum and differences of pixel intensity values of the pixel P(:. ;).
Sobel operator calculates G and G edge strength measures using the following set of
equations.

Row gradient:

Gaii)s A—'lﬁ(“ — 19 2.1
Ll=Pli—Lj)+KxPi.j+1)+Pi+1.j+1)
L2=Pi-1.j—1)+KxP@Ej=1)+Pli+1,j~1)

Column gradient:

Geli.f) =ﬁ[u ~19) (2.3)
Ll=Pli—1j—1)+KxPli~L1j)+Pli-1j+1)
L2=Pi+1.j-1)+KxP(i+1,j)+Pi+1.j+1)

Similarly. an edge strength map can be obtained using the Prewitt operator edge
templates shown in Figure 2.7(a) and substituting & = 1 in the above set of equations.
There exist many different operators based on the computation of gradient edge strength
values. but most of them use similar techniques based on local gradient information [77].

Gradient edge detectors are best suited for applications on noise-free images.

2.3.2 Zero-crossing edge detectors

The concepts involved in zero-crossing edge detector can be best described by

a simple one-dimensi i step edge as shown in Figure 2.3(a).




Step edge signa!

Second derivative

©

Figure 2.8: Zeto crossing Edge detector
(a) One-dimensional analog step edge; (b) The first derivative

measured on (a): (c) The second derivative measured on (a).

Figure 2.3(b) shows the first derivative of the step edge which gives local maximum
at edge locations. Figure 2.8(c) shows the second derivative of the signal 2.8(a) which
gives zero crossings at the places where the first derivative maxima are found. A zero
crossing edge detector calculates edge pixels at locations where the spatial gradient finds
its maximum values i.e. a pixel is marked as an edge pixel if there is a “zero™ crossing
of the second derivatives at that pixel [77). The generalization of the zero-crossing edge
detector in 1-D domain leads to the Laplacian operator in two dimensional domain.

Figure 2.9(a) shows two common 3 x 3 Laplacian masks used for compnting the
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Figure 2.9: Zero crossing edge detector templates

(a) A 3 x 3 masks employed in calculating 2-D Laplacian

a b|a
b e|b
a b|a

Figure 2.9(b) General pattern of a 3 x 3 mask used in computing a 2-D

digital Laplacian. The constraints are: (i) e = —(4a + 4b) and (i7) 2a + b = | [77]

2.D Laplacian operator. A Laplacian operator detects edges by convolving an input
image with the Laplacian mask and using a threshold value to separate edge pixels from
non-edge pixels.

Zero crossing edge detectors can be used to generate edge maps with sub-pixel accu-

racy and are successful in generating good localized edge maps. But one problem with

these operators is that they are insensitive to the edge magnitude. The masks used for
computing digital Laplacian are not necessarily optimal. Various 3 x 3 masks can cor-
i rectly compute a digital Laplacian but may have different performance characteristics
under different noise environments.

When applied on speckled images zero-crossing operators have been found to be

successful in generating thin and localized edge maps [3]. However. the edge maps also

9
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included spurious edges giving poor definitions compared to an ideal edge map when

applied on speckled images [3. 89].

2.3.3 Ratio edge detectors

It has been found that edge detection methods using ratios between pixel values
tend to cancel out the effect of multiplicative noise present in speckled images and to
generate better edge maps when compared to the gradient methods for such images

[2. 23. 82]. Figure 2.10 shows a schematic used to describe ratio based methods.

(m-i, 0-)
Window W
Region P
Region Q
P(i;
(man)
horizontal edge (5 x 5 window)

Figure 2.10: General schematic for ratio based edge detectors.

The processing window of a selected size is divided into two non-overlapping regions
P and Q along one of the possible edge orientation o. The average pixel intensity P,
and Q, are calculated for each of the two regions. The minimum of the two ratio of

averages (P./Q.). (Qu/P,) is considered as edge strength measure R, for the selected
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edge direction o. The ratio-of-averages edge strength value is calculated for each of the
selected edge directions. The minimum of all the ratio-of-averages R, is considered as
the overall edge strength measure of the image pixel under consideration.

If the area which includes regions P and Q is homogeneous. the ratio-of-averages
calculated for these regions will be approximately equal to unity which indicates a non-
edge condition. [f regions P and Q represent different homogeneous areas. then the
ratio-of-averages measured will have a value other than 1. based on the respective relative
average pixel intensity value over regions P and Q. A pre-set ratio threshold value T,
can be used to separate edge and non-edge pixels.

For speckled images. ratio based edge detectors perform better than gradient or zero-
crossing edge detectors [2, 23, 82. 90]. However. these methods trade-off the number
of false edge pixels and the number of correctly detected edge pixels when compared
with their corresponding edge maps obtained on noise-free images. These methods also

generate thick edge maps.

2.4 Speckle Specific Edge Detection Methods

[n this section several existing speckled specific edge detection methods are re-

viewed in terms of their d and disad ges. The following edge

detection algorithms are reviewed:
o Coefficient of Variation (CoV) [82] edge detector.
« Ratio of Averages [3] edge detector.
« Touzi Extended Ratio of Averages [82] edge detector.
® Modified Ratio of Averages (MRoA) [90] edge detector.
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o Ratio and Gradient of Averages (RGoA) [90] edge detector.

2.4.1 Coefficient of Variation edge detector

Touzi [82] proposed the coefficient of variation (CoV) edge detector for speckled
images and used radar images as his application example. According to the statistical
nature of speckle, outlined above in section 2.2.4, the ratio of local standard deviation
to mean in homogeneous areas does not depend on local mean power. Touzi used this
fact and defined coefficient of variation (CoV) edge detector for use on radar images

An estimate of the CoV is computed for an image pixel of interest by selecting a
window surrounding the pixel of interest and using the standard deviation (o) and mean
(1) of the pixels in the selected window. According to Touzi, the CoV edge strength

value is measured using:

= 29

e =Yg (2.9)
where. values o and u are computed using,

(2.10)

(2.11)

For practical applications, value of /u is approximately equal to \/{L/L) over a
homogeneous areas, where L is the number of independent looks used in forming the
radar image. This value could be higher over edge areas. Hence a threshold value is set
using approximation T = \/E + ¢, where e is very small quantity. Image pixel P(i. ;) is
labeled as an edge pixel if the edge strength value is greater than the pre-set threshold

value. Hence. the CoV edge detector detected edges if:

oluz (/L) +¢ (2.12)



All other pixels are classified as non-edge pixels. The larger the o/ value the more

likely that the pixel is an edge pixel.

2.4.2 Ratio of Averages (RoA)

Bovik [3] suggested the simple Ratio of Averages method for detecting edges in
speckled images by considering horizontal and vertical edge orientations. Figure 2.11

shows a schematic diagram of Bovik’s Ratio of Averages (RoA) edge detector. According

to the RoA edge detector. a selected neighborhood (window W) ding the image
pixel of interest P(i, j) is divided into two non-overlapping regions P and Q (Figure 2.11).
The average intensity value of the pixels in the two regions P and Q are calculated as

R(i.j) and L(i. j). respectively.

PGij)

horizontal edge (0=1) vertical edge (0=2)

Figure 2.11: The schematic for Ratio of Averages (RoA) edge detector

The RoA edge strength value for horizontal and vertical edge orientations are calcu-
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lated using:

H(i.j) = max{R(i. j)/ L(i. j). L{i. )/ R(. 3] (2.13)

V(i.j) = max{R(i, j)/ L(i, ), L(i. 1)/ R(i. )] (2.14)

The overall edge strength magnitude is calculated as,

R(i.j) =/ H(i.))?+ V(i,j)? (2.13)

Edge strength map so obtained can be thresholded to separate edge pixels from non-
edge pixels. That is, an image pixel P(ij) is classified as an edge pixel if R(i.j) > T,
otherwise it is classified as a non-edge pixel.

Bovik noted that the ional RoA method is in detecting edges in

speckled images since the method is invariant to intensity changes [3]. However. the
RoA method generates thick edge maps. Bovik also showed via his experimental results
that the Laplacian of Gaussian (LoG) operator can be successful in generating good
localized edge map for speckled images. However. the LoG method generates a number
of spurious edge pixels.

According to Bovik, the advantages of RoA method are the disadvantages of LoG
method and vice versa. The RoA method gives an optimal edge map for speckled
images but, generates thick and ambiguous edge maps, where as LoG generates thin and
localized edge maps but results in number of erraneous edges. He suggested that these
two edge detectors be used in combination to give better results on speckled images. He
used the RoA method in combination with the LoG method by combining the respective
two edge maps using a logical AND operator.

Bovik demonstrated that the use of RoA and LoG methods in combination is suc-

cessful in generating meaningful edge maps on speckled images. But the RoA method
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uses only horizontal and vertical edge orientations which lead to a poor quantization of
the possible edge orientations. A good edge detector should include information on all

possible edge orientations for extracting as many true edge pixels as possible [32].

2.4.3 Touzi Extended Ratio of Averages CFAR

Touzi et. al. [82] also proposed a statistical and geometrical edge detector for
SAR images considering ratios between pixel values. Their proposed edge detector uses
contrast ratio C, between two homogeneous regions in a selected neighborhood. They
suggested that in order to obtain better performance results an edge detector must be

v, Touzi et. al. d four main edge

applied in all possible directions. A
orientations. namely. horizontal, vertical, left slanted and right slanted. For each of these
edge directions. a window centered at given pixel P(i. ) is divided into two contiguous
non-overlapping regions P and Q. Figure 2.12 shows a schematic used to describe the
Touzi et. al edge detector.

Touzi et. al proposed extended ratio of averages edge detector which uses constant
false alarm rate (CFAR) concept. A contrast ratio C, is used to define edge and non-
edge conditions. A contrast ratio of C, = 1 is defined for homogeneous regions. For

non-homogeneous regions contrast ratio value is determined using:
C, =max(P,/Q0,Qo/ Po), o0=l.....4. (2.16)

where P, and Q, are average pixel intensity values of two selected regions in the edge
direction 0. The conditional probability of detection within boundaries between two
homogeneous regions having contrast ratio C.. for a given threshold value T, is calculated
using:

Pd(T.C,) =Prob(r < T |C,) = /;Tp(r | C.)dr (2.17)
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o P
Q Q
Horizontal Vertical
P
Q
P
Q
left slanted Right slanted

Figure 2.12: The schematic for Touzi CFAR edge detector

Touzi et. al defined the probability of false alarm (P fa) as the probability that a pixel

of a homogeneous area is detected as an edge pixel. and hence.
Pfa(T) = Pd(T.1) (2.18)

Touzi et. al also proposed a multi-scale CFAR detector using increasing mask sizes
and different threshold values for each mask size. Touzi el. af obtained edge maps
using different mask sizes (3 x 3.5 x 5,7 x 7.9 x 9) and combined these edge maps
using logical OR operator thus producing final edge maps for speckled images. Touzi ct.
al suggested that the multi-scale CFAR edge detector be used for extracting fine and
large object detail on radar images. Touzi et. al CFAR method also used edge thinning

post-processing in order to produce thin and precise edge maps.


















































































































































































































































































































































































































	001_Cover
	002_Inside Cover
	003_Blank Page
	004_Blank Page
	005_Information To Users
	006_Title Page
	007_Copyright Information
	008_Abstract
	009_Abstract iii
	010_Acknowledgements
	011_Acknowledgements v
	012_Dedication
	013_Table of Contents
	014_Table of Contents viii
	015_Table of Contents ix
	016_Table of Contents x
	017_List of Figures
	018_List of Figures xii
	019_List of Figures xiii
	020_List of Tables
	021_List of Abbreviations
	022_List of Symbols
	023_List of Symbols xvii
	024_Chapter 1 - Page 1
	025_Page 2
	026_Page 3
	027_Page 4
	028_Page 5
	029_Page 6
	030_Page 7
	031_Page 8
	032_Chapter 2 - Page 9
	033_Page 10
	034_Page 11
	035_Page 12
	036_Page 13
	037_Page 14
	038_Page 15
	039_Page 16
	040_Page 17
	041_Page 18
	042_Page 19
	043_Page 20
	044_Page 21
	045_Page 22
	046_Page 23
	047_Page 24
	048_Page 25
	049_Page 26
	050_Page 27
	051_Page 28
	052_Page 29
	053_Page 30
	054_Page 31
	055_Page 32
	056_Page 33
	057_Page 34
	058_Page 35
	059_Page 36
	060_Page 37
	061_Page 38
	062_Page 39
	063_Page 40
	064_Page 41
	065_Page 42
	066_Page 43
	067_Chapter 3 - Page 44
	068_Page 45
	069_Page 46
	070_Page 47
	071_Page 48
	072_Page 49
	073_Page 50
	074_Page 51
	075_Page 52
	076_Page 53
	077_Page 54
	078_Page 55
	079_Page 56
	080_Page 57
	081_Page 58
	082_Page 59
	083_Page 60
	084_Page 61
	085_Page 62
	086_Page 63
	087_Page 64
	088_Page 65
	089_Page 66
	090_Page 67
	091_Page 68
	092_Page 69
	093_Page 70
	094_Page 71
	095_Page 72
	096_Page 73
	097_Page 74
	098_Page 75
	099_Chapter 4 - Page 76
	100_Page 77
	101_Page 78
	102_Page 79
	103_Page 80
	104_Page 81
	105_Page 82
	106_Page 83
	107_Page 84
	108_Page 85
	109_Page 86
	110_Page 87
	111_Page 88
	112_Page 89
	113_Page 90
	114_Page 91
	115_Page 92
	116_Page 93
	117_Chapter 5 - Page 94
	118_Page 95
	119_Page 96
	120_Page 97
	121_Page 98
	122_Page 99
	123_Page 100
	124_Page 101
	125_Page 102
	126_Page 103
	127_Page 104
	128_Page 105
	129_Page 106
	130_Page 107
	131_Page 108
	132_Page 109
	133_Page 110
	134_Page 111
	135_Page 112
	136_Page 113
	137_Page 114
	138_Page 115
	139_Page 116
	140_Page 117
	141_Page 118
	142_Page 119
	143_Page 120
	144_Page 121
	145_Page 122
	146_Page 123
	147_Page 124
	148_Page 125
	149_Page 126
	150_Page 127
	151_Page 128
	152_Page 129
	153_Page 130
	154_Page 131
	155_Page 132
	156_Page 133
	157_Page 134
	158_Page 135
	159_Page 136
	160_Page 137
	161_Page 138
	162_Page 139
	163_Page 140
	164_Page 141
	165_Page 142
	166_Page 143
	167_Page 144
	168_Page 145
	169_Chapter 6 - Page 146
	170_Page 147
	171_Page 148
	172_Page 149
	173_Page 150
	174_References
	175_Page 152
	176_Page 153
	177_Page 154
	178_Page 155
	179_Page 156
	180_Page 157
	181_Page 158
	182_Page 159
	183_Page 160
	184_Page 161
	185_Blank Page
	186_Blank Page
	187_Inside Back Cover
	188_Back Cover

