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Abstract

Images obtained from coherent imaging s~tems such as laser, sonar, radar, syn­

thetic aperture radar (SAR) and ultrasound are oCten corrupted by a phenomenon known

as image speckle. Speckle is characterized as multiplica.tively signal dependent and may

be spatially highly correlated noise. It differs from other types: of noise sueb a.s the

additive white Gaussian noise (AWGN) most commonly found in digital images. Ob­

served from a bumAD oc computer vision point of view speck..le gives aga.nuJar patteroed

appearance to images, thus obscuring underlriDl im&&e details.

Gradient methods tiling differences between pixel values may give inconsistent es­

timates rega.rdinS true edse pixels and therefore an! not suited for usc with spedUed

images. By contrast, taking ratios between the pixel values tends to factor out the mul­

tiplicative noise effect present in speckled imagcs and to geoerate meaningful edge maps

for these images. But these methods generate thick and ambiguous edge maps, and

may also require gradient informa.tion supporting the ratio edge strength V&1ucs in order

to senera.te better edge maps on speckled images. This thesis investigates methods to

improve the performance of existing speck..le specific edge detection opera.tors. A ratio

edge detector based on maximum strength edge prunio& (MSPRoA) which uses both

edge strength tna&Ititude 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 enablinr; the generation of precise and well defined edr;e mapll for

speckled images. The MSPRoA method does not require either gradient information

or edge thinnillS operators And hence computational savings are a..cbieved. The use of

the MSPRoA at multiple scales in order to extra.t:t edge information at both micro and



macro levels is also suggested. The MSPRoA a.o.d multi-scale MSPRoA methods are

tested using both synthetic a.nd real airhorne SAR images of varying scene contents and

business. Test results which confirm the suitability of the method for use 011 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 ima.ges ue import"nt a.5 tbese images a.re

found in a. variety of digital image processing appliation fields which U5e such images

u laser. sonar. r~a.r, synthetic aperture ra.dar (SARI and ultruound. etc.

Speckle is a common pbenomenJ. in almost aU i~es formed from coherent imaging

systems and some non-coherent irnasi0s systems (341 and may be re5ponsib~ for ausing

hindrances to humiUl or computer vision systems in extracting ioformi.tion from these

images (3. 531. Edge detection methods may help in COn\'eyiD& useful information on

image contents. Since speckled images may contain useful information for applications

such u remote sensing, medica.! imaging etc.. there is a necessity fOf operatofs to extract

accurate and pr«ise information from these images.

It has been found that the spe<:kle phenomena. observed in ima.ges ror coherent imag­

ing systems cannot be avoided completely [10_ 341_ Observed from the human vision

point of view. speckle gives a. granular texture a.ppearance to images and may suppress

true edge informa.tion or may trigger raise edge points [3. 61. 821. \Vhen analyzed stat is-



lica.lly speckle differs from other types of noise which are commonl:-' obsC"n-ed in digital

images such as additive white Ga.ussia.n noise (AWG:';). Several existinA: edge detection

methods used to extract information from non·coherently formed images are kss suit·

able for use \\'ith coherent imqing images due to the nature of speckle noi5e found in

these images [3, 82. 90]. In fact. most edge detection operaton are ben suited (or use

on noise-free images (ii].

Various edge detection methods have been developed for use on noise-degraded im·

ages but these are better suited for AWG:-.i environments. .-\ literature search reveals

that. although the nature and characteristics of speckle noise have been well studied and

well established [341, the problem of detecting edges on speckled images has lIot been

extensively studied. Relatively few edA:e detection methods have been proposed for use

on speckled images !3, 23. 82. 901.

EdA:e detection methods that use ratios between pixel values tend to generate rela·

tively better ed~ maps on spedcled imaA:e5 when compared to gradient based methods

that use differences between pixel v;s.!ues [3. 23. 82. 90]. However. ratio~ methods

generate thick edA:e edge maps a.nd require edge thinning post processing [3. 69]. Th~

methods may also require sradient information in order to generate precise edse maps

on speckled images [3, 90]. The performance of these edse detectors may be poor on

medium-te-low contrast ima.ses (891. In this thesis, research bas been conducted on edge

detection methods for speckled images. motivated by the following goals:

• Extending available methods to improve accuracy.

• Satisfaetory detection by extracting all true edge pixels.

• Lo..... error rate by reducing false edge pixels information.

• High oomputationa.l efficiency.



1.2 Edge Detection

1.2.1 Edges as scene descriptors

Edges in images are defined &.S transitiolU between regions ha.\;ng different in·

tensities. textures, c;olor or other image properties [iiI. Severa.! common types of edges

separate regions with different intensities. The edges may help in describing scene can­

teDts by giving definition to underlying image objects. Achieving the gOAl of edge de-

teet ion may simplify computa.tions 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

dat4 to be processed by disca.rding information regarding absolute gray levels and only

keeping a record of places where changes occur 10 the image. Several modC"rn theories

rely on pre-processing image:s with detection operators before image matching and object

recognition. For thelle reasons l!dge detection is often considerl!d to be one of the first

stqe:s in many image processing procedures [63. 651.

1.2.2 Edge detection on Doise-degraded images

The goal of l!dge detection for noise-degradl!d images may be achievl!d by follo.,,"in!

t\\"Odilferent 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



images, these methods require edge detection operators which have been desi1!;ned ac­

cording Lo a model of the interfering noise. ,..\ 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 dire<:t solutions to the prob­

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

or noise smoothing pre-processing operations.

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

pre-processing operations may generate additional problems in this case such as edge

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.

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

without pre-processing operations 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 is usually characterized as multiplicatively signal-dependent and may be

spatially highly correlated [341. 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 [1 1.23..'HI. 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

gi\"e 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 det~tion on noise-free images. But these methods have been

shown to generate spurious edges and thick edge maps when used on speckled images

[1.69.91].

Zero-crossing edge det~tors applied to sp~kled images have been shown to generate

thin and localized edge maps but also to generate a number of spurious edges [31. The

main disadvantage with these methods is that they are insensitive to the edge mag-

aitude strength [40J. 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, 821. Evaluations of edge dete<::tion methods

for speckled images ha\'e 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.



ThC$C methods &Iso use e:r~ient edge $lrength measures for e:enerating wdl ddined

and meaningful edge ma.ps (3, 9lj. These methods trl.de off the number of spurious

edge pixels generated in homogeneous regions and the number of correct edge pixds

[901. Such edge detectors used with large mask sizes can be successful in suppressing

the spurioUJI edges in homogeneous regions. but also generate thick edge maps. On

the other hand. smaU mask sizes are suceesful in extracting fine details and also gh'e

thin and precise edge maps hut 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 [691.

1.4 Research Methodology

1.4.1 Selection of test data

Test data were selected to include a variety of lest ima.ge5 over a range from

simple J·D sign&ls to rul airborne synthetic aperture r~ar (SAR) amplitude images.

As a simple test catq;ory 1-0 signals are selected which have 15ra~' Ie\-el nlues between

0-255 and ....hich include low intensity homogeneous rq;ions. high intensity homogeneous

rq:ions and edge pixds. [n I. second catq:ory, 2-D simulaled speckled images with 256

gra~' levels varying between 0-255 are considered. Test examples in this Colse include

computer generated patterns and real outdoor scenes. In I. third category, SAR images

extracted from a datll set llre used with the permission of Canada Cenler for Remote

Sensing (CCRS), Ottawa, Canada. Test images consisting of a variety of scene contents

such as woods. farm land. dIy, highway. indUSlrial etc. are selected as tesl examples in

this category.



1.4.2 Experimental method

first. existing edge detection methods used for edge detection on speckled images

are studied. Then the perfonnance of different edge detection methods is e,'aluated

using the L-D signals and 2-D synthetic test images. Since the original test images

are noise-free with sharp edges the Sobel operator (771 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. Quantitative and qualitative evaluation of existing edge detection methods

is made by comparing the corresponding ideal edge maps and the actual edge maps.

This \vork follows the the measures proposed by Zaman and ~Ioloney [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. [n 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 5AR imaging systems are

briefly outlined.

In Chapter.1 an evaluation of existing edge detection methods for speckled images is

performed using qualitative and quantitative performance measures. The performance



of these methods on re&l airborne SAR images is ~lua.ted.

A ratio edge detector bued on maximum 5t~h ed,;e prunin,; (MSPRoA) (331 for

extracting accurate and precise edge maps on speckled images is proposed in Chapter

4. Th~ :\ISPRoA a.I,;orithm and test results using 1-0 test si,;nab~ presented.

The :\ISPRoA edge detection test results usin& images both syntbetic 2-D itnd rea.l

a.irborne SAR images &l1: presented. in Cha.pter 5. The penorma.nce of :\ISPRoA edge

detector on a variety of test images is eva.luated using qua.litative a.nd quantitatll'e meth·

ods. A simple and fast :\iSPRoA edge tracking algorithm to improve visual quality of

the \ISPRoA edge maps is proposed. The use of multi-scale :vISPRoA method for ex­

tracting information at both macro and micro levels on speckled images is suggested.

The multi-scale \ISPRoA method performance is \'erilied using synthetic and real SAR

images.

[n Chapter 6. conclusions and recommendations fot 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

S.-\R 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. S.-\R

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 a.re also reviewed.



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

le~·els. 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 Il 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

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

10



3 x 3 Window

P(iL~

P(i.j) t11tJ
P(i+l.j+I)

5 x 5 Window

Figure 2.2: Edge detector processing window

be represented by a mask size N ( indicating that the processing window of size

.V x .V. where:-; is odd). Figure 2.2 shows two conventional processing windows

for mask size .V "" 3 and ,V == 5 with the center pixel P(l.il 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 .'rf x N pixels arranged into .\-f rows and .V

columns. Pixel P(O. 0) located at top left corner and pixel P(,\;f - L.V - L) located

at the bottom right corner. The Figure 2.3 also shows a pixel of interest P(i.j)

(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 a-bits or levds

0- 255), Of binary (represented by two levels-black and white) to represent edge

maps.

II



P(M-l, N-l)

F'igure 2.3: A digital image grid
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2.1.2 Imaging systems

hnaging systems un be b~ly classified into coherent "-lId incoherent systems

based 00 the illumination SOUW! used in image formation. Differences exist be:t'fll'ee:n

coherent and incoherent im&3iD& in the wa.y imag~ are formed. Historically. imA&cs

bave been performed with incoherent illumination (4j such as su.olight. A variety of

optical and dectromagnetic (EM) instruments which require coherent illumination for

their applications have bee:o developed. The iovention of the laser in the early 1960's

opened Dew horizons for imaging systems using coherent iUumination. Holographic

imaging is a two step image ptoee55ing 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 a.od the phase information associ­

aled with the obje<:t beiD.& illuminated is not retained in a.ay way. In these systems oUt

possible phases are represented. The human vision system a.nd photor;raphic systems

are most commoo examples of ima.t;ing systems that use: incoherent proc:essiD.&.

Coherent systems au Iineu in compleJt intensity and the phase information a.sso­

ciated with the object is ret&iDed. These: imaging s)'stems have illumination ener!)'

in whicb phases are aligned. The process beaJmes morl! complicated when images are

formed using coherent and reflected ener&,.v. With refle<:ted ener8Y signal there is a sec­

ond problem associated with the pha.se differences that are introduced into the reflected

bum due to the surface roughness of the object being illuminated. These parameters in

coherent imaging systems give rise to noise patterns called &peckle which may degrade

the images formed by the system. This thesis addresses images obtained using syn­

thetic aperture radar (SAR) which are formed using coherent processing and are further

discussed in section 2..5.



2.2 Speckle

2.2.1 Speckle origin

The operation of the first HeNe laser in [960 revealed a pe<:uliar granular pattern

called ios~r speckle phenomenon [341. It was found that the speckle patterns are produced

as a result of the scattering of coherent light from surfue5 which are rough on the scale

of optical wave lengths (5 x 1O-~ meters).

When objects are viewed in highly coherent continuous wave (eW) 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

tra,·eled 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 constructi~'e 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. (f the observation point

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

[.141, In addition. speckle-like patterns are also observed in radio wave propagation.

temporal characteristics of incoherent light, the theory of narrow band ele<:trical noise.

ultrasound and general theory of random spe<:tral analysis [tal. The term speckle has

14



now raken on a far browr sense thOOlo when it 1V;U fint introduced as fuu spttHe.

2.2.2 Speckle classification

It is convenient to clusify speckle patterns into two pups, objecti\"e and subjec­

ti\"e speckle. The scattering of a rough surface illuminoated by ool coherent light source is

known as objecth"e speckle. A part of objective speckle un 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 ool rough surface using a lens system u shown in Figure 2.4. [n other

Figure 2.4: Speckle geometric phenomena.

words. subjective speckle is objective speckle obtained by considering the lens pupil ;u

the scattering surface. Subjective speckle is different in that an image of the object is

formed by using lens system.

It may be considered thoat there is no difference between objective and subjecti\·e

15



speckl~ but th~y Are speckl~ put~ros aL differ~nt scales. i.~ th~y will ha\'~ diff~rent

visual patterns a.ppeara.oce. The speckle observed in ima!iIl& systeD'l5 Are examples of

subjective speckle pattel'l1$.

2.2.3 Visual effect

FiKUf'C 2.5 sho," speclde patterns produced from a reaected surface such as paper

(Goodma.o 134]). Dennis Gabor, who ~eived the 197L Nobel prize in physics for his

invention of holography says that the spedde is not really noise hut, it is information

which we do not want i.e the information on the microscopic unevenness of the paper in

which we may not interested.

The speckle patterns ca.o be used for beneficial purposes in apptica.tioos such as

meteorology, utronomy, stellar interferometry etc. A collection of en,;ineering uses

of the speckle can be found in [25, 261. The speckle patterns are used in measuring

surface roughness. non-destructive testing of finished mechanical components, detection

of cracks in aircraft winV, detection of distortion in enpne bea.rinp etc. An exten.si\'e

review 00 use of speckles in meuorolozy can be found in [27]. Another important

area covers applications in utronomy and stellAr interferometry. Speckles are used for

measuring the diameters of asteroids and plAnets [28], solar granulation [29], angular

separation ud position &Ogle of binuy stlLt3 1301.
However. speckle is most commonly treaud as noise or unwanted disturbance in

image processing and computer vision "ppliea.tion as it obscures observa.ble det&ils in

the underlying images. It is seen from figure 2.5. tha.t speckle patterns consists of

random bright IoJ1d dark patches of random widths distributed allover in a totally

chaotic m.a.nner. Though there may not be much information that image processing And

computer vision appliea.t.ioos from a surface such u plain paper (00 intensity changes
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Figure 2.5: A laser speckle pa.ttern visuaJ effect

Copied from Laser speckle and related phenomena,

J. W. Goodman and J.e D';nty (34), page. 10.
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or no objects to register. etc.,) but the speckles gi\'e impression that thero~ may be some

useful information. It may be difficult or ma.y be impossible in some C4SeS even for the

human vision systems to recognize fine detailed information in speckled images due 10

the \·isua.l effects created by tlte speckle noise.

2.2.4 Speckle statistical characteristics

The statistical clta.racteristiQl of speckle patterns have been well studied and ts­

ta.blished [34. 101. Goodma.n derived the first and second order statistical characteristics

of laser speckle patterns [341. Since the deri\'ations 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

gi\'en by the sum of a.mplitud.es of the contributions from e4Ch point source on the

scattering surface (Figure 2.4). Assuming tha.t the number ;V of e1ementuyconlributions

at is extremely large, i.e.V - :0. Goodma.n derived the joint probability density function

(PDF) Pi.} of the real (A.) and ima.&inary (A,) parts of Ihe speckle patterns as.

P... (.-1, . .-1.,) = 2r
1
(T2 exp( _ [A,1

2
2
;}A,!2) (1.1)

(2.1)

Where < a.. > is ensemble average of a. elementary contributions. The PDF p,.} is

eommonly known a.s a circularly Gaussian density function since CQntours of conSlarll

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 speekle patUrns. Goodman derived the equation for the marginal

18



PDF of the s~1e intensity alone pf(f) as:

1" { 60<p{--'-)Pt(l) "" Pf.lU.8)tlB =: 10' 26'

-. 0

I~O

otherwise
(l.:Jj

The PDF of the intensity P(I) which is greater than some set threshold \Ol.lue f is

exprused as:

P(f):;: ezp{<-/» (2A)

[n general speckle consists of sum of two or more polari~ speckle p4tterns. Thus the

total intensity of the irradiance ( may be composed of N speckled p4tterns.

[",t I (.!:) (2.51

where I(k) =1 A.•(kI 2 + ..4,(k)1 I. Thus speckle patterns may also express correlations

between underlying intensity fields.

GoodmNl deduced that speckle pOltterns obey negative exponential statistics. His re­

sults "'ere [aler confirmed experimentally by many other researchen (10. 67]. :\feKechnie

1671 who took 23.000 measurements reported in his experiment5 th ...t speckle e.xhibiu

negative exponential chara.eteristics. Figure 2.6(.1.) shows Goodrm.n's theoretical plOl

of speckle characteristics. figure 2.6(b) shows Mcla!chnie experimental results showing

speckle charKteristics. figure 2.6(a) aod (b) confirm that speckle intensity exhibits

negative exponential characteristics.
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Figure 2.6: Speckle statistic&'! characteristics

(a) Goodman theoretical plot; (b) McKechnie experiments. (Copied from ~aser speckle

dna related phenomena. l.W. Goodman aDd J.e. Dainty [341· pp. 19.
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2.3 Edge Detection Methods

2.3.1 Gradient edge detectors

Gradient ed,;e detectors in general calculate edge strength \'a.lue ba.sed on differ­

encn between pi:cd values. Thne operators use edge templates. which a~ proc~sin!);

windows but each element in the window is assigned a .-alue which i5 different for dilferomt

open.tors. At each pixel P{i.j) in the input image, the edge strength magnitude ..t(i.ll

is calculated as per the edge operator algorithm applying edge template..-\ 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 .4.(i,j) values is called the edge strength map

\vhile the corresponding thresholded version is caUed edge map E(i,j) which is a binat}'

image indicating edge and non.ed.&c pixel location by l'J &Il.d O'J respectively. If edge

map is obtained from noise-free image then it is refered all ideal edge map indicatin&

ideal edge pixel locations, If edge map is obtained on noise cocrupted image then. it is

refered as actual edge map which indica.tes actual edge pixel locations in the detected

edge map.

Different gradient edge operators based on edge templates ha\"e been suggested b~'

~archen in the past such &5 Sobel, Roben, Prewitt, Kinch etc. (171. Figure 1.. fa)

and (b) shows edge templates for Sobel and Prewitt operators, respectively. According

to these methods an edge strength magnitude is calculated by appl)'ing the appropriate

row and column gradient mules at each input image pixel. The square root of the sum of

row and column gradient muks computed and is considered as the overall edge strength

measure..-\n 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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(al Sobel operator

(b) Prewitt operator.

F'igure 2.7: Gradient edge detection operators



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:

(2.6)

where GRand Gc are row and column edge strength magnitudes. respe<:tively. If L l

and L2 are left and right sum and differences of pixel intensity \'alues of the pixel P(i.j).

Sobel operator calculates Gn and Gc edge strength measures using the follolving set of

equations.

ROUI gradienC:

GR(i.j) = K~2[LI-L2J

Ll '" P(i - L.j) + K x P(i,j + t) + P(i + l,j + I)

L2::::: P(i - Lj - 1) + K x P(i.j - l) + P(i + Lj - 1)

CQlumn gradient:

Gdi.j)= K~2[£l-L21

£1 = P(i - l.j - 1) + K x P(i - l,j) + P(i - l.j + l)

£2 = P(i + Lj _ 1) + K x P(i + l,j) + P(i + Lj + L)

(2.7)

Similarly. an edge strength map can be obtained using the Prewitt operator edge

templates shown in Figure 2.7(a) and substituting k = 1 in the above set of e<juations.

There exist many different operators based on the computation of gradient edge strength

\·a!ues. 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

considering a simple one-dimensional continuous step edge as shown in Figure 2.8(a).
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Figure 2.8: Zero crossing Edge detector

(a) One-dimensional analog step edge; (b) The first deri\'ath'e

measured on (a); fc) The second derivative measured on (a).

Figure 2.8(b) shows the first derivative of the step edge which gives local maximum

at edge locations. Figure 2.S(c) shows the second derivative of the signal :LS(a) which

gh-es zero crossings at the places .....here the first derivath'e maxima are found. _-\ zno

crossing edge detector calculates: edge pixels at loations ....here the spatial gradi~t finds

its maximum \'alues i.e. a pixd is marked as an edge pixel if there is a -zero~ Hassing

of the second deri\'ati\,es at that pixd Iii). The generalization of the zero-<;rossing edge

detector in I·D domain leads to the Llplacian operator in t,,·o dimensional domain.

figure :?9(al shows t",o common :l )( :l Laplacian ma.sks used for comp"lint; rhc
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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 it. J )( 3 mask used in computing it. 2-D

digital Laplacian. The constraints are: (i) e = -(4(1 + -1b) and (ii) 2a + b = I [;'l

2-D Laplacian operaLOr. :\ 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 acell-

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 (or

computing digital Lapladan are not necessarily optimal. Various 3 )( 3 masks can cor·

rectly compute a digital Laplacian but may have different performance characteristics

under different noise environments.

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

succe:isful in generating thin and localized edge maps [31. However. the edge maps also
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included spurious edges giving poor definitions compared to an ideal edge map when

applied on speckled images [3. 891.

2.3.3 Ratio edge detectors

It has been found that edge detet:tion methods using ratios between pi:<el \"alues

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

[2.23.821. figure 2.10 shows a schematic used to describe ratio based methods.

boriwntal edge (S It S 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 QQ are calculated for each of the two regions. The minimum of the two ratio of

averages (PQ/QQ). (QQ/PQ) is considered as edge strength measure RQfor the selected
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edge direction o. The ratio-of.ll,\-eu.ges edge strength "alue is calculated for each of the

sel«ted edge directions. The minimum of aU tbe ri.tio-or.a~·erages R. is considered a.s

the oven.!1 edge urength measure of the image pixel under consideration.

If the area which includes regions P and Q is homogeneous. the ratio·or·averages

calculated for these regions will be appro"imately equal to unity which indicates a non·

edge condition. If regions P and Q represent different homogeneous a~as. then the

ratio-of'a'-erages measured will ha.ve a \"J.!ue other than I. based on the respecth-e relati\~

a'·era.ge pixel intensity value o\-er regions P a.nd Q. A pre-set ratio th~hold \'due T.

can be used to separate edge and non-edge pixels.

For speckled images. ra.tio based edge dt"tecton perform better tha.n gra..dient or zero·

crossing edge detecton (2. 23. 82_ 901. Ho",-e\·er. these methods trade-off the number

of fa.lse 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 severa.l existing speckled specific edge detection methods are reo

\'iewed in terms of their algorithms. advantages and disadvantages. The following edge

detection algorithms are reviewed:

• Coefficient of Variation (CoV) 1821 edge detector.

• Ratio of Averages [31 edge detector.

• Touzi Extended R.1.tio of A"erages [821 edge detector.

• :\lodified Ratio of Aver&&e5 (:\iRoA) 1901 edge detector.
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• Ratio and Gradient of A.verages (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 de\·iation

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 inter~t by selecting a

window surrounding the pixel of interest and using the standard deviation (q) and mean

(fl) of the pixels in the sel~ted window. According to Touzi. the CoY edge strength

value is measured using:

~
~/IJ=~

where. values 13 and IJ are computed using,

(2.9)

(2.10)

l '
131 = :v=Lt;(y;_p1) CUI)

For practical applications, value of tiff! is approximately equal to j(liLi o\·er a

homogeneous areas. where L is the number of independent looks used in forming the

radar image. This value could be higher over edge are&.'!. Hence a threshold value is set

using approximation T =If+ f. where (is very smaU quantity. Image pixel P(i.j) is

labeled as an edge pixel if the edge strength value is greater than the pre-set threshold

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

(2.12)
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.-\11 other pixels are c1Msified OIS non~ge pi:t:ds. The luger the t7/p. \O!.lue the more

likely thu the pixel is an Nge pixd.

2.4.2 Ratio of Averages (RoA)

Bo\·ilc. [31 suggcsted the simple R..1.tio of ..h·erages method for detecting edges in

speckled images by considering horizontal and \"ertical Nge orienta.tions. figure 2.11

shows a. schema.tic dia.gram of Bovik's Ratio of Averages (RoA) edge detector. Accordin\!;

to the RoA edge detector. a selectN neighborhood (window W) surrounding the image

pixel of interest P{i,j) is dividN into two non-overlapping regions P and Q (Figure 2.1 L).

The average intensity value of the pixels in the two regions P and Q a.re calculated as

R(Lj) and [(i.j). respecti\"ely.

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

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

The RnA edge strengtb \'alue for horizontal and "ertical edge orientations are calcu-



lilted using:

H{i.j) = maxIR(i.jl/L(i,jl, L(i.j)/R(i·jl]

I/(i.j) "'" rnu[R(i.j)/L{i.j),L(i.jl/R(i.j)]

The o"erall edge strength magnitude is calculated as.

R(i.j) = ,jH(i.j)l + V(i,j)2

eU")

CU.'l)

Edge strength map so obtained can be thresholded to separate edge pixels from non·

edge pixels. That is, an image pixel P(i.j) is classified as an edge pixel if R(i.j) > T.

otherwise it is classified as II. non.edge pixel.

Bovik noted that the conventional RoA method is successful in detecting edges in

speckled images since the method is invariant to intensity chUlges 13]. Howe~'er. the

RoA method generates thick edg;e mllp5. Bovik also showed vi... his experimental results

th ...t the Laplacian of G...ussian (loG) operator un be successful in generating good

localized edge map for sp«lded imag;e5. Howe~'er. the LoG method lenerates a number

of spurious edge pixels.

According to Bovik. the ~vaatages of RoA method are the disadvantages of loG

method and vice versa. The RoA method gh'e5 an optimal edg;e map for speckled

imag;es but, generates thick U1d ambiguous edge maps, where as LoG generates thin and

localited 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 RcA method in combination with the loG method by combining the respective

two edge maps using a logical A~D operator.

BO\'ik demonstrated thllt 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 vertiuJ edge orientattoD.$ which lnd to a poor quantization of

the possible edge orientations. A good edge detector should indude information on all

possible~e o~tations for extractirt& as many true edge pixels as possible [82[.

2.4.3 Touzi Extended Ratio of Averages CFAR

Touzi d. at. 1821 also proposed a statistiCAl and geometrical edge dete<tor for

SAR images considering ratios between pixel values. Their proposed edge detector uses

contrast ratio C. between two homogeneous regions in a sele<ted neighborhood. They

,uggested that in order to obtain better performance results an edge dete<tor must be

applied in all ponible directions. According!y, Touzi et. 4t. considered four main edge

orientations. namely, hr>ri:ontal. r;ertical. left slanled and right slanted. For each of these

edge directions. 01 window centered at given pixel P{i.j) is divided into two contiguous

non-overlapping rqions P and Q. figure 2.12 shows a Khematic used to describe the

Touzi tl. at edge detector.

Touzi d. 4t proposed extended ratio of a\"ttages edge detector which uses constaru

false ala.rm rate (CFARj concept. A contrast ratio C. is used to define edge and non·

edge conditions. A contrast ratio of C, == I is defined for homogeneous regions. For

non-homogeneous re,;ions contrast ratio value is determined usin,;:

C. = max(P../Q.. ,Q./ p.), 0='- .... 4. (2.16)

where p. and Q.. are average pixel intensity values of two selected regions in the edge

direction o. The conditional probability of detection within boundaries between two

homogeneous regions ha.ving contrast ratio C,. for a given threshold vo1lue T, is calculated

using:

Pd(T.C.) = Prob(r < T [C.l == loT p(r I C.)dr

31
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Horizontal Vertkal

left slanted Right slanted

figure 2.12: The schematic for Touzi CFAR edge detector

Touzi ct. al defined the probability of false alarm (Pia) as the probability that a pixel

of a homogeneous area is detected as an edge pixel. and hence.

PlaIT) = Pd(T. t) (2.18)

Touzi el. al also proposed a multi-scale CFAR detector using increasing mask sizes

and different threshold values for each mask size. Touzi ct. aJ 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 fl­

a/ suggested that the multi-scale CFAR edge detector be used for extracting fine and

large object detail on radar image5. Touzi d. al CFAR method also used edge thinning

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