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Preface

Contemporary computing systems are moving towards more intelligent machines
capable of mimicking human perception and cognitive processes. This has attracted
considerable interest towards computer and machine vision systems which have gained
prominence, especially in the latter half of the century. The applications of computer vision are
continually broadening in scope, fueled by the dsing demand for systems with analytical and
reasoning capabilities, coupled with the availability of powerful computing machines. Low
level image processing techniques cater to the needs of automated vision systems by providing
tools that can be used to process initially acquired information, in a manner that is useful to

higher processes of the vision system.

The work presented in the course of this thesis is focused on one such image processing
technique called mathematical morphology. Although the theoretical foundations that
constitute the basic principles of mathematical morphology were est.nblished more than three
decades ago, it has attracted considerable interest only in the past decade. The appeal of
mathematical morphology lies in the intuitive manner in which all morphological operations
are constructed and implemented. Understanding and realizing mathematical morphology
based algodthms is quite intelligible even for the inexperienced as most operations are attuned
with human intuition and thus easy to grasp. The research work undertaken during the tenure
of the MPhil program, covered areas of academic interest as well as industry value. In terms of
academic contribution, we propose new theoretical formulations which essentially forms the
basis for the Fuzzy Pattern Spectrum. This is based on extending the foundations established
thus far in the context of fuzzy mathematical morphology. From the perspective of application
of these theoretical concepts to practical applications, we have designed and implemented
algorithms such as the Vehicle License Plate segmentation and Tropical Cyclone segmentation
algorithms, that can be implemented by cconomically feasible systems and offer viable
petformance. Additionally, the application of fuzzy pattern spectrum as 2 multi-level shape

classifier and texture descriptor is demonstrated.
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Statement of Originality

The following contrbutions reported in this thesis are claimed to be onginal:

1. The Fuzzy Pattern Spectrum

We propose the novel concept of the fuzzy pattern spectrum, which essentially employs
the mathematical basis proposed in the context of fuziy mathematical morphology, in tandem
with fuzzy set theoretic tools to determine the residues generated by a fuzzy erosion or a fuzzy
opening. Thus, the fundamental advantage in employing the fuzzy pattern spectrum is that it
provides the tools to quantify the spatial uncertainty which can be used directly in a decision

making process, without compromising on the spatal informaton available within the image.
2. The Segmentation Algorithm for GMS Imagery

A novel feature extraction algorithm to segment tropical cyclones from Geo-
stadonary Meteorological Satellite (GMS) images has been designed. The underlying
principle 1n designing such a system, was based on the distinction of features associated with
tropical cyclones, while excluding those of unrelated cloud formations in the image. The
designed algorithm, is in fact based on the intuitive approach used manually by a human
expert and employs the tools of mathematical morphology to extract these two features.
This algorthm can be expected to serve as part of a complete expert system to automatically
locate or estimate tropical cyclone positions from an image and track possible movement in

an automated tropical cyclone tracking system.

3. The fuzzy pattern spectrum as a novel texture descriptor

The drawback of the traditional pattern spectra is their inability to deal with the fuiziness
in terms of image gray levels. The images need to be binatsed to determine the residues and

the resultant pattern spectra are highly sensitive to the thresholds in actual implementation.
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The fuzzy pattern spectrum  alleviates this problem by dealing with gray level images direcdy

and quantifies the shape-size distributions in terms of fuzzy memberships.
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Chapter One Introduction

.Chapter One

INTRODUCTION

1.1 Overview and Scope of Research

The advent of powerful computing systems have made it feasible to realize automated
machines and devices having levels of intelligence thought to be impractical earlier. Computer
vision systems compiise one such area of research that has attracted tremendous interest for
the in the latter half of the century and promises potential for a vast range of applications. This
chapter presents an overview and establishes the foundations for the work presented in this

monograph.

1.1.1 Digital Image Representation

Perhaps mankind’s greatest achieverent would be a creation that would equal or even
surpass his own intellectual and cognitive abilities. Although this goal may seem unrealistic and
is obviously far from being accomplished, computing systems have nevertheless become
indispensable in everyd:;y operations. At the beginning of this century, the “analytical engine”
(the first theoretical propositic-on for a computing system) visualized by Charles Babbage would
have taken an area over the size of a few football fields and thus was thought to be impossible
to practically implement. As we approach the end of the century, microprocessors with a
hundred times the computing power of the analytical engine can be packed into a silicon chip
the size of a thumbnail.

P.1



Chapter One Introduction

As automated systems penetrate into every sphere of our daily lives, the demands for more
“inteligent machines” has increased dramatically, fueled by the tremendous increase in the
computing power available. Perhaps a key aspect of such an intelligent machine would be its
vision system, which enables it to “see” and “understand” the environment atound it. Though
the human vision system is well understood in terms of its physiological organization, a
complete machine vision system that parallels it’s operation still far from realization. However
some aspects of the human vision system have been successfully implemented to certain areas
such as character and pattern recognition, with encouraging results (Gonzales, Woods [1992]).
Computer vision and image processing system have been employed for applications ranging
from bio-medical imaging to character and 3-dimensional object recognition (Russ, 1992). A
typical machine vision system is usually made up of the sub-systems shown in Fig. 1.1. The
itnage acquisition process is performed by any device that can be used to capture a natural

~scene to a digital image format, and usually include CCD cameras, scanners and so on.

Image Image Pre- oy Recognition| = | Decision
Acquisition processing [ ject and Process
Device algorithms Segmentation classificatio
1¥]

Figure 1.1: A generic representation of a Machine Vision System

Digital imaging can be broadly segmented into two categories. The low level processes,
(which usually include image processing operations), are used to process pixel level information
which is acquired from an image acquisition device such as a CCD camera. Low level image
processing is used essentially to pre-process the raw image so that it can be useful to higher
level processes. An instance of a typical low level process could be a simple order statistical or
morphological filter. In high level processing, the image information is used to extract and
process characteristics which may not be directly apparent in the spatial domain representation.
These process typically involve segmentation' of objects or feature extraction. The high level

processes perhaps surpass the capabiliies of the human vision systems in certain instances. A
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Chapter One Introduction

classic example of such a process is the Fourier transform, that describes the frequency content
of an image and is a powerful tool in image processing, which is not intuitive to the human
vision process (Russ, 1992). The results from higher level processes are then used by decision
algodthms, such as in an expert system. Our focus will be primarily on the techniques related
to mathematical morphology, where we present some new developments and applications in

this thesis.

1.1.2 Investigation Background

Mathematical morphology (Serta, 1987)or image algebra has attracted considerable
interest in the image processing research since its initial inception about three decades ago. As
its name indicates, mathematical morphology has sought to quantify the fundamentally
intuitive, though mathematically elusive concepts of structure, shape and form. Mathematical
morphology draws its concepts from a branch of stochastic geometry known as Minkowski
algebra (Matheron, 1975). The usefulness of mathematical morphology stems from the fact
that it perceives an image in terms of its features and geometrc topology rather than an
abstruse signal, thus providing tools that are more in tune with our cognitive processes.
Mathematical morphology has been proved to be useful in diverse applications that require
feature extraction algorithms (useful in image segmentation) and in constructing shape

descnptors that can be used in object classification or pattern recognition (Stetnberg, 1986).

One of the current areas of related research has been the development of fuzzy
mathematical morphology, based on incorporating concepts from the Fuzzy Set theory, (as
proposed by L Zadeh, and which is perceived as a generalized interpretation of the classical set
theory). Fuzzy mathematical morphology provides a cognitive tool to deal with spatial
uncertainty ot fuzyness in image features and charactedstics such as shapiness or edginess.
Traditional morphology is in fact perccived as a subset of its fuzzy representation where
morphological fitting is enhanced to the degree of fitting. In essence, fuzzy mathematical
morphology provides an indispensable tool for dealing with the inherent vagueness or

ambiguity in certain objects or images features. Rather than replace traditional operations, the
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Chapter One Introduction

fuzzy operators can be employed in tandem with their non-fuzzy (or crisp) counterparts to

provide the right blend of usability and simpliciy.

1.1.3 Research framework

The scope of the research work presented in this thesis encompasses theoretical aspects
as well as applications related to practical image processing problems. The theoretical
constituent covers recent advances in mathematical morphology, with a focus on
developments related to fuzzy mathematical morphology. Subsequently, we present new
propositions that use contemporary research as its core basis. The application of these
theoretical concepts to real world problems are discussed in the latter half, with an aim to
practically realize automated systems with potential industrial value. The research process was
initiated with an investigation of contemporary approaches in morphological image analysis.
The first objective pursued was predominantly academic in nature, specifically in the context
of fuzzy mathematical morphology. The aim was to employ the axioms so far developed in
extending its theoretical ideas, which would be significant in terrms academic value. To this
effect, we have developed the theoretical foundation for the novel concept of the Fuzzy
Pattern Spectrum and have consequently demonstrated its applicability as a shape classifier
and texture descrptor. The application of the fuzzy pattemn spectrum as a texture classifier has

been published as a brief journal letter.

The subsequent work was aimed at solving real world problems with an emphasis on
applicability of the theoretical foundations developed thus far. The approach was to apply the
theoretical tools in feature extraction and shape classification problems. Completed research
investigation has included the development of a robust vehicle license plate segmentation
system which has been presented at an international conference. The research work related to
the automatic segmentation of Tropical cyclones and tropical storms from remote sensed Geo-
stationary Meteorological Satellite images is also under review for Journal submission. The
nature of the problem was to design a feature extraction algorithm to segment tropical cyclones
from Geo-stationary Meteorological Satellite (GMS) images. The underlying principle in
designing such a system, was based on the distinction of features associated with tropical
cyclones, while excluding those of unrelated cloud formations in the image. The designed

algorithm, is in fact based on the intuitive approach used manually by a human expert and

P4



Chapter One Introduction

employs the tools of mathematical morphology to extract these two features. This algorithm is
expected to serve as part of a complete expert system to automatically locate or estimate

Tropical cyclone positons and possible movement on a real time basis.

1.2 Thesis Qutline

The thesis has been organized into six chapters. An introduction to mathematical
motphology, basic morphological operations and its historical background are presented in
chapter two. Chapter three introduces the extension of tradiional mathematical morphology to
its fuzzy interpretation and investigates the contemporary research work related to fuzzy
mathematical morphology thus far, which essentially formed the basis of our research
propositions. The applications of traditional as well as fuzzy mathematical morphology in
solving real world problems are presented in terms of the vehicle license plate segmentation
and tropical cyclone extraction algorithms in chapter four. The theoretical basis, qualitative
analysts and applications of the Fuzzy Pattern Spectrum as shape and texture descrptor are
discussed in chapter five. Finally, chapter six discusses the propositions for future research

ditections and conchuding remarks.
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Chapter Two Principles Of Mathematical Morphology

Chapter Two

PRINCIPLES OF MATHEMATICAL MORPHOLOGY

2.1Mathematical Morphology - a primer

‘The theory of Mathematical Morphology evolved from the need to interpret simplistic
ideas of object form and structute from a mathematical perspective. The following sections
present an introduction to the fundamental concepts of mathematical morphology, and its

usefulness in image analysis.

2.1.1 An intitive understanding of shape, form and structure

The concepts of shape, structure and form are fairly intuitive to the human understanding of
objects, structures, pattemns and so on. Nonetheless, it has proved to be a challenge to translate
this simplistic perception of common objects and features into a quantified representation that
is appropriate for processing by a machine having limited intelligence. As a case in point, how
does one isolate square-fike shapes or objects in a cluttered scene? Is it possible to extract fnes
and areles from complex, noisy images without using some form of an extemporaneous
solution? The problem may seem trivial at first, but proves to be much too abstract for a
pragmatic realization. The crux of this predicament lies in its difficulty to formulate a genetic
methodology without employing an ad hoc approach which inevitably proves to be the
stumbling block. In essence, what one needs are some mathematical means or a set of tools to

translate the intuitive and abstract concepts of shape and structure into quantifiable entities.
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Chapter Two Principles Of Mathematical Morphology

Morphology 1s a generic term used in diverse disciplines ranging from biological to the
physical sciences. It essentially relates to the development or quantification of shapes,
structures or organisms. Mathematical morphology is a tool used to explicate the humanistic
notions of form and shape, with the aim to establish a methodology to quantfy these abstract,
albeit intuitive concepts. By utilizing some simple tools of Euclidean set theory {namely set
intersection, union, translation and complement), mathematical morphology purveys a tangible

interpretation of the ideas of shape and form.

2.1.2 The historical background

Mathematical morphology or image algebra finds its roots in a branch of stochastic
geometry known as Minkowski algebra. The work was initiated in the early 1960s by two
tesearchers Georges Matheron [1975] and Jean Serra [1987], then at the Paris School of Mines
in Fontainblew, France. Their interest was initially in the areas of mineralogy and petrology, the
aim being to characterize the properties of certain elements, such as permeability of porous
mategals like soil and rocks, by understanding their underlying geometric form and structure.
_ Later, investigators including Sternberg [1986], Haralick [1987] extended the motphological
filtering concepts initially designed for sets to functions. The long series of interactions
between theory and implementation resulted in the monograph by Serra [1987), that became
the origin for morphological filtering axiomatics. Though Matheron’s and Serra’s works
established the theoretical basis for mathematical morphology, to the practicing engineer what
was needed was a more simplified exposition. It was essential that the underlying concepts be
presented in 2 manner that would be easily grasped by researchers who may not have in depth
knowledge of stochastic geometry, random sets and lattice theory. Such tutortals, by Maragos
(1987], Vincent [1992], et al were aimned primarily at presenting concepts from an application
oriented perspective, without delving into the theoretical specifics. It took over three decades
from the initial developments for the theoretical foundations to be employed in diverse
engineering areas such as medical Imaging, analysis of remote sensed imagery and feature

extraction from complex images.
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Chapter Two Principles Of Mathematical Morphology

In recent years, there has been considerable interest in the relatively new area of fuzzy
math‘ernaticaI morphology (Dougherty [1992], Bloch [1993]) which seeks to combine
traditional morphological fitering concepts and fuzzy set theoretic ideas to gain an
understanding into the spatial ambiguity or fuzziness in image features. In conclusion, it seems
that there was a significant lag in the applicaton of the initial developments to practical
realizations. Perhaps, this can be attnbuted to the exponendal growth and availability of
computing resources to successfully implement the theoretical axioms in useful real tirne

implementations.

2.1.3 Morphological Filtering concepts

Mathematical morphology perceives images as an Euclidean sets. Thus, all classical set
operations can effectively be used to operate on and transform this set. An image can be
imagined to be analyzed using a random probe that quantifies the geomettic meaning of a
shape and its structure. This probe is called the structuring element, in the terminology of
mathematical morphology. An image can be transformed and analyzed using structuring
elements which are in fact smaller sets (or images) in themselves. The structuring element is
similar to a kernel, template or moving window used in varous other image processing
techniques. The fundamental difference between structuring elements and kernels or moving
windows is the flexibility in terms of its size and shape and the location of its origin ot Aor-gpor.
It should be noted that kemels or moving windows are invariably square matrices, with origins
implicitly placed at their geometrc centers. This difference may appear tavial at first glance, but
ptoves to be a determining factor in distinguishing morphological operators from other
techniques. The question that comes to mind is, how does one define these parameters
(namely, size, shape and origin) of the structuring elements? This obviously is based on what
shape, feature or characteristic one wishes to extract or segment. Thus, it is the designers
outlook to approprately select the parameters for a structuring element such that the end
result will be as close to the one required. Nevertheless, this does not prove to be a daunting

task since the design process is fairly intuitive.
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Chapter Two Principles Qf Mathematical Morphology

2.2 Morphological Operations

The operatons used in mathematical morphology essentially combine min-max algebra
to image analysis problems. These concepts are adopted from a derivative of stochastic
geometry, termed Minskowski Algebra, wherein a random probe is used to analyze geometric

pararneters.

2.2.1 Minkowski Algebra

We begin the discussion of morphological operation by defining some basic set
operations. The translation of a set.4 by a vector x (x € & ) is defined as
A =A+x={a+x:aeA} Egn. 2.1

Thus we assume x as 2 vector which shifts all elements of the set /4. The following Fig
2.1 demonstrates the above idea. Now, the Minkowski addition of two sets .4 and B, can be

shown using the th. 2.1 as follows
A@PB=U{A+x:xeB} Egn 2 2

Thus, the Minkowski addition is simply the unjon of all translations of a set by each

element of another set.

A

Figure 2.1: Representation for the Minkowski addition

In this vein, we can now define the Minkowski subtraction between sets .4 and B, which

is simply the intersection of the translates of 4 by all elements of B. Thus,
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Chapter Two Principles Of Mathematical Morphology

AEB=nN{A+x:xeB} Egn 2.3

These two operations discussed above have certzin fundamental properties based on
their stated definitions. The most immediate property from Eqn. 2.1, is fransiation invariance
which provides that the Minkowski operation can be applied before or after translation of the
set, bearing the same result. Commutativity and assodativity provide for the fact that the order or

sequence of operation do not affect the end result, thus,

ABB=B® A Egn 2.4

(A@B)®C= A®(B& C) Egn. 2.5

2.2.2 Basic Morphological Operators

‘The most basic of morphology operations is ersion. Erosion setves as a marker for the

locations at which the translate of the structuring element completely /s inside the image. Thus

erosion of an image § by a structuring element E (E < &' } is denoted as
SeE={x€E |E_ S} Egn 26
where 77(5; x) denotes the translate of mmage S by x € E

Alternatively erosion can be perceived as the intersection of alt the image translates, with
each translation corresponding to an element of the structuring element. Mathematically, we

have
SOE =nNT(5;x Egn. 2.7

‘The dual operator of erosion is dilation, which is the union of the translates of the
structuring element for each point at which its origin lies within the image feature. Dilation can

thus be defined in the following ways.

S@E={xER | E°NS =) Egn. 2.8
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S®E = UZ(S;x _ Egn. 2.9
S@E= (S 6(E) Egn. 2.10

The use of (-E) indicates that dilation can be accomplished by complementing the
image, eroding it with a reflection (flipping the structuring element about the two axes) of the
onginal structuring element and finally complementing the result. It is to be noted that for a

symmetrical structuring element with the orgin at its center, the reflection is not needed.

2

Figure 2.2: The Original Image - Figure 2.3: Erosion by a
Island Profile disk shaped structuring element

Figure 2.4: Image Dilated using the disk structuring element
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The above three images show erosion and dilation of a binary image by a disc shaped
structuring element with its origin at the center of the disc (Fig. 2.2 top right). As seen above,
erosion causes shrinking of the image by eliminating the features that do not lie within the
support of the structuring element (Fig. 2.3). Dilation causes expansion of the image, fills the
intrusions and smoothes the edges of the image(Fig. 2.4). The basic morphological opetators
were defined for binaty images and structunng elements only, however the scope has been
extended using the concepts of multi-leveled functions to extend these operators to gray scale

images and structuring elements. Erosion (dilation) have the following properties.

* translation invarianceie., Sy @E=(S & E ) andS, 6 E=(S§ © E)y
* increasingie.,S ¢ T then (S @E)c (TOE)and (S 6E)o(T 6F)

For the discrete digital case we consider an image pixel to be a tuple (x, ) € Z* where
x and y represent the row and column co-ordinate of each pixel. To implement a binary
erosion ( binary structuring element and image) the structuring element is translated to each
pixel in the image and the result is a white pixel if 44 pixels within the structuring element
support are white, else it is black. In the case of dilation the structuring element is translated to
each pixel in the image in similar fashion. The result is a white pixel if @ Zas one pixel within

the structudng element suppoztis white, else it is black.

2.2.3 Extending the concepts to functions

Any signal having 4-dimensions can be represented mathematically by a function of 4
independent vadables. If this signal assumes only two values (bi-level), it is termed as a s in

R Such is the case for a binary image, which will assume two values, namely black and white.

When 2 signal assumes more than one value (multi-leveled), it is termed as a function in &,

which is the case for gray scale images. Thus, for the purpose of processing we shall deal with

2-D sets and functions exclusively.

The basic morphological operations presented for binary images are extended to multi-
level images, using the concepts of the Umbra transformation [Sternberg,1986}. The umbra

U} of 2 function £ is defined as
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Ulf)={(xtteDx V:fix)21} Egn 2.11

Thus the umbra of a function is defined as consisting of all points that occupy the space

below the graph of f to -0, within the domain D and range W

T ¢ A

Y

Figure 2.5: Graph of Multileveled function f Figure 2.6: The Umbra of £, U(f)

This concept is demonstrated in the Fig.2.5 and Fig.2.6. Conversely, one can uniquely
reconstruct the onginal function f by considering the suprema of all 4, such that (2 ) eU(f)
Thus

TIU(f)] = 5 { £ (%t) € U(f).) Egn 2.12

Using the above definiion we can now define the morphological operations for mult-

leveled functions. Gray scale erosion of function fby function 4 is defined as,

Feb=TU(f) e Ub) Eqn 2. 13

And similarly, the gray scale dilation of function /by function & is defined as,

fes="TIU(f) @ U(b) Egn. 2. 14

"The underlying physical meaning of the umbra is to essentially represent the function as
a stack of binary sets piled one on top of the other. We can then apply the definition of binary
erosion and dilation to obtain the dual operations for gray scale images. A gray scale image can
be considered as a function s, of varying pixel intensities. Morphological operations are

performed on such images using binary (function-set operations) or gray scale (function-function
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operations) structuring elements. These operatons are classified into the following groups

based on the type of image and structuring element involved.
a) Function-Sel operations.
(s ©E)(x)=inf {fiy) |y €E,} Egn. 2.15

(s @E)(x)=sp {f{y) |y €EE.} Egn2.16

In the discrete (digital) case the function-set erosion is computed by translating the
binary structuring element E, to each pixel in the gray scale image s, and the result is the
minimum of the image pixel intensities within the support of the structuring element. Dilation
is simply the maximum of the image pixel intensities within the support of the structuring

element.
b) Function-Function operations:
(s© e)(x)=inf {fy)-e(xy)| y €EE,} Egn2.17
(s@ e)(x)=sup {fly)+e(x3) |y EE.} Egn2.18

In the discrete (digital) case the erosion is computed by translating the gray scale
structuning  element to each pixel in the gray scale image and the result is the minimum of the
pixel wise difference between the image pixel intensities and the support of the structuring
element. The function-function dilation is implemented by calculating the maximum of the
pixel wise sum between the image pixel intensities and the support of the structuring

element.

2.2.4 Secondary Morphological Operators

Erosion and didation can be used to derive secondary operators which provide powerful
tools 1n terms of practical applicability. A cascade of erosion and dilation yields a useful
transformation known as an gpening, whereas the cascade of a dilation followed by an erosion is

termed as a closing. The effect of closing is to fill up holes and intrusions in the image strucrure,
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whereas opening is useful in isolating or eliminating smaller fearures, while preserving the

general structure in the image. Opening (¢ ) and closing (¢ ) are expressed as
SoeE=(SOE)®E) Egn 2.19
SeE=(S@®E)8 E) Egn. 2.20

Openings 2nd closings have been used extensively in algorithms to eliminate redundant

features and to merge others based on the processing needs.

Figure 2.7:The morphological Closing Figure 2.8: The morphological Opening

Openings (closings) have the following properties

translation invananceie, S, e E= (5 ¢E ) andS ¢ E= (S «E) ;
tnereasing e, if § & T then (S eE)c (TeE)and (S +E)c (T+*E);
anti-extensively (extensivity)ie., (S cE) < Eand (S« E) o §;

idempotence ie., ((§ cE)eE)= (S eE}and (S ¢ E) 'E):(.S'"E),‘

Since openings (closings) are increasing (anti-extensive), they essentially preserve the

relation of subsethood between objects opened (closed) by the same structuring element.
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Idempotence is a powesful property that guarantees the convergence of the opening. In this sense,
an image which is opened by a given structuring element remains unchanged after the initial
opening. Thus, if an image .4 is opened by a structuring element B, it remains unchanged for
subsequent openings by B, and is called B-gpen. Additionally, if there is a second structuring
element C; such that C < B, then opening any B-gpen image will result in no change in the

image. The same properties hold true for the morphological closing in a dual fashion.

An interesting patadigm to understand the conceptual underpinnings of mathematical
morphology can be seen in the theory of cellular antomata, which consists of evolution or
degeneration of ce//s based on certain criteda in relation to their neighborhoods. In essence,
mathematical morphology formalizes these criteria by representing neighborhoods as
structuring clements and the subsequent operations within these neighborhoods, (which
inherently embody elimination or generation) in terms of morphological operators such as

eroston or dilation.

2.3 Morphological Transformations

Using the secondary operators one can further construct useful transformations. Of the

many possible, we discuss only a few relevant to succeeding discussions.

2.3.1 The Top-Hat Transformation

The top-hat transform consists of the image difference between the original image and
its opened result. It is implemented by determining the difference between the opened image
and the original image before processing. The resultant of the top-hat is that regions that have
been filtered out by the opening are preserved. Thus regions of spatial domains smaller than
the structuring elements will be visible in the top-hat transformed image. Mathematically, we

can represent the top-hat transformation as,

Tophat (AB) = A - Ao B Egqn. 2.21
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The original Leana image (Fig. 2.9) and its top-hat wansformed image (Fig. 2.10) are
shown below. The opening was implemented using a digital disk shaped structuring element

of ten pixels diameter.

Figure 2.9: The original Lenna image Figure 2.10: The result of a top-hat
transformation

As can be seen from the images above, the result of the top-hat transformation is to
enhance the peaks while suppressing the smooth, low frequency regions. It can be perceived as
rolling a ball on the intensity plot of the image and removing all regions not covered by the
ball. In essence, the final result of the top-hat transform is based on the size of the structuring
element employed for the opening. In later chapters, we shall demonstrate the use of the top-

hat transform to isolate certain features of interest from a given image.

2.3.2 The Bottom-Hat Transformation

The dual of the top-hat transform 1s the bottom hat transform ot the valley detector
defined by

Bothat (A,B) = A-.A« B Egn 2.22

The bottom-hat transform 1s simply the difference between the closed image and the

orginal. Consequently, the closing minus the original image is a bottom-hat transform.
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Figure 2.11: The result of a bottom-hat
transformation

The bot-hat transformation of the orginal Lenna image by a digital disk of 10 pixels
diameters s as shown above in Fig. 2.11. In the bot-hat transformation the resultant image
preserves regions that have been filled up due to the closing. In terms of the rolling ball
patadigm, it is similar to rolling the ball beneath the image surface and preserving regions
within which the ball does not fit.

2.3.3 The Hit-or-Miss Transformation

The hit-or-miss transform is the adaptation to mathematical morphology of the technique
of template matching used for object detection. The hit-or-miss uses a pair of disjoint
structuting  elements D = (E, F)! which are complementary within a specified window. The
choice of size and shape of the structuring element pair is based on the features of object to
be extracted. The hit element E detects all objects that minimally f into it, by performing a
simple binary erosion. The miss element F, on the other hand, eliminates all the objects that do
not fit within the hollow support region of the structuring element. The results of the hit and

miss operatton are combined to give a the location of the object to be detected.

'ENnF=¢
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SeD=(SeE)Nn(S eF)

It should be noted that the hit-or-miss transform can be used for binary sets only, and

has no equivalent operation in gray-scale morphology?.

Figure 2.12: (a) Image Object (b) Hit element (c) Miss elemeut.

The above figure shows the binary object to be detected in Fig. 2.12(a), and the
cotresponding hit structuring element Fig. 2.12(b) and miss structuring element Fig. 2.12(c). It
is obvious that the hit and miss structuring elements must be carefully designed to achieve the
desired results. Moreover, this technique is sensitive to the vadations in the image and the

presence of noise may result in false detection or no detection at all.

2.3.4 Morphological Gradient

The morphological gradient consists of the difference between the dilated and eroded
result of a given image. In essence the morphological gradient enhances the edges in an image.
Fig. 2.13(a) and (b} shows the dilated and eroded result respectively of the original Lenna image
by a structuning element disk of 10 pixels diameter. The morphological gradient is determined
by the pixel wise difference of the dilated and eroded images, as shown in Fig. 2.11(c).

? This is one of the drawbacks resolved in fuzzy mathematical morphology
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(b)Lenna image - Eroded

(c) The morphological gradient
Figure 2.13

Mathematically, the morphological gradient is denoted as
VS= (S®E)-(SOE) Egn. 2.23

Amongst other useful morphological transformations are the morphological skeleton,

morphological shape decomposition, watershed transforms and so on.

2.4 Implementation of Morphological aperations

In the final section we discuss some algorithms for implementation of morphological

operators and a bref overview of common hardware realization techniques. The algorithms
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presented here are intended to demonstrate the design of programs used in implementing

morphological operations.

2.4.1 The Morphological Erosion

The morphological erosion is computed based on how the structuring  element is
actually defined. For a binary structuring element each pixel belonging to the structunng
clement can be defined as “17, while not belonging as “0”. To enable definitions of irregular,
non-convex structunng elemenf, certain pixels are defined as don’t cares, denoted by “-1”. The -
following is a shott program pseudocode designed to calculate the set and function erosion for
structuring  elements for any shape, size and location of orgin. The image and the structuring

element pixels may be processed as arrays ot streams based on the nature of the processing.

fanction Binary - Binary Ervston
Begin Image column scan
Begin Image row scan
s = stelem; { first element in structudng element }
result = 1; { resule TRUE at first }
Begin structuring element row scan
if (s >= ZERO) { active structuring element pixel }
temp = In { get image pixel }
if (In = WHITE) then
Next structuring element pixel
Else
result = BLACK
Break structuring elements scan
Next SE element
End of row scan
Out = result’
End of image column scan
End of image row scan
End of Binary - Binary Erosion

Morphological (function-set) eroston of a gray-level image with a binary structuring
element involves a slightly more complex implementation. The image and structuring element

representations are the same as the earlier pseadocode.
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Sfunction Gray scale - Binary Erosion
Procedure
Begin Image column scan
Begin Image row scan
s = stelem; { first element in structuring element }
result = WHITE;  { result is maximum at first }
Begin structuring element row scan
if (s >= ZEROQO) { active SE element }
temp = In { get image pixel }
if {(In > BLACK) then
result = Minimum (temp, result)
Next structuring element pixel
Else
result = BLACK
Break structunng elements scan
Next structuring element pixel
End of row scan
Out = result’
End of image column scan
End of 1mage row scan

Eind of Gray scale - Binary Erosion

The function-functdon erosion is implemented by calculating the minimum of the pixel
wise difference between the image pixel intensities and the support of the structuring
element. The pseudocode remains the same as the implementation for function set erosion, the
difference being in the manner the final result is calculated. In terms of computational
requirements, the function-function erosion is the most computation intensive as each

structuring element pixel represents a differencing operation.

Sfanction Gray seale - Gray scale Erosion
Begin Image column scan
Begin Image row scan
s = stelem; { first element in structuring element }
result = WHITE; { tesult is maximum at first }
Begin structuring element row scan
if (s >= ZERQO) { active SE element }
temp = In { get image pixel }
if (In > BLACK) then
result =In-s
result = Minimum (temp, result)
Next structuring element pixel
Else

result = BLACK
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Break structuring elements scan
Next structuring element pixel
End of row scan
QOut = result’
End of tmage colurmn scan
End of image row scan

End of Gray scale - Binary Erosion

2.4.3 Hardware Implementation Issues

An active area of research within mathematical morphology has been the
implementation of morphological operations using fast algorithms and architectures so that
they can be useful in real-time applications. Due to the large sizes and varying shapes of
structuring  elements, morphological operation can be extremely intensive in terms of

computational requirements.

An advantage of morphological operations being applied in local neighborhoods is
that they are highly suitable for parallel architectures. In general, most of the implementations
can perform morphologtcal operations larger than the neighborhood size by utlizing sequential
neighborhood operation, but are yet limited in terms of the types of morphological operations
that can be actually performed. Of recent intetest has been the use of systolic array design
(Djuntan et al[1994]). Instead of the conventional approaches based on cellular logic, the
systolic array design makes use of the idea of generalized binary convolutions. The result is a
gain in speed, design simplicity, reduced number of processor elements and suitability for VLSI

implementation.

Commercially available hardware, such as the MVC 150/40 computation
environment is one implementation that offers real-ime morphological processing modules.
These devices offer operation speeds of less than 7.5 msec for 512 x 512 images with 128 gray
levels. Such implementations can be taifored to suit the application needs due to the flexibility

in the range of operations and the specifications of the structuning elements.
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2.4.4 Conclusion

The essence of this chapter has been to establish theoretical basis which forms the
foundation of mathematical morphology. The effect of fundamental morphological operators
such as erosion, dilation opening and closing have been demonstrated using simple examples.
Additionally, some tertiary operations were discussed, which are essentally built using primitive
morphological operators. In the following chapter we continue the discussion to more
contemporary developments in mathematical morphology. The focus of the following chapters
will be predominantly on developments related to combining the fuzzy set theoretic approach

to traditional morphological operators.
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Chapter Three

FUZZY SETS AND MATHEMATICAL MORPHOLOLGY

3.1 Fuggy Sets and Image analysis

Mathematical morphology and Fuzzy Sets find common ground in the fact that both are
essentially based on classical set theory. The combination of the tools of the fuzzy set theory to
traditional morphological operations, gives “fuzzy” morphological operators that show some
interesting properties. In this chapter we discuss theoretical as well as practical underpinnings

tesulting from the incorporation of fuzzy set theoretic concepts to mo hological operators.
g tp zy p tp ot P

3.1.1The Fuzzy Set theory

The Fuzzy Set theory, as proposed by L Zadeh [1965], is seen as a generalized
interpretation of the classical set theory. In classical set theory ( also termed as the origp ser
theory) the membership (or the belonging) of each element relative to a set:can be specified by a
chatactenstic function which assigns a value of either 1 or 0, ther:eb:y dichotomizing the
elements as members or non-members of the given set. As opposed to this, the fuzzy set
theory proposes to determine the dggree to which an element belongs to a particular set, hence

 the charactedistic function (or membership grads) may take any value between in the interval [0, 1].
The underlying idea in the theory of fuzzy sets was to incorporate the human cognitive
process, into the mathematical framework. In the wotds of Zadeh, “...mathematics of fuzzy or

cloudy quantities which are not describable in terrns of probability distributions.”
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The set of “tall pegple” is in itself an ambiguous concept. How does one define “za/’, and
hence establish the basis for classification? It is obvious that there is no universal classificaton

mechanism that can give a unique answer.

‘The root of this problem lies in the ambiguity of the meaning of /. The definition of
tall may well be dependent on either the age group, sex, nationality or perhaps on all these
parameters. Thus the set in itself is “fuzzy”, with no rigid boundades that can purvey a clear
distinction between what can or cannot be considered f#/. The fuzzy set theory attempts to
solve this problem by assigning memberships to elements (or person) based on the height, sex,
etc. The membership degree denotes our belief as to how likely a given candidate can be
perceived to be tall. This is in accordance with the human cognitive notion of common ideas
which do not have distinet dividing lines or Boolean logic based decision. Example of one
such membership function could be the one shown in Fig. 3.1. The vertical axis represents the
degree of membership of the element x represented on the horizontal axis. Thus in our case,
the x-axis represents the parameter of height, while i (x) ( y-axis), represents the degree to
which a certain candidate can be classified as 22/ It is obvious that the actual function may vary

based on the nature of the particular set in question.

px) !

A 4

Figure 3.1: A typical fuzzy membership function

Consequently, larger the value of the membership grade, higher the possibility of that

element belonging to the particular set. In the universe of discourse X, we can thus define the

membership grade u,, of element x to the fuzzy set.4 as
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P X [0, 1] Eqn. 3.2

The basic fuzzy set operations in terms of their membership functions are defined as

follows
unton Haun(x) = max { pa(x), py(x) }
infersection: Harn(x) = min{ ), ta(x) },
difference: Hayplx) = min { afsc), T - tgf) }
complement: 1) =T - fLaf)
algebrazc sum: Havg = L) + () -Lafx) - Hy(x)
bounded stm: Hasplss) = min { 1, p1,(59) + ph(x) }
bounded difference: Hop0) = mase{ 0, p,(5) + 1t5(3) - 1 }

It should be noted that even though probabilities and fuzzy memberships share the same
evaluation space of [ 0,1 ], the point of departure lies in the fact that probabilities do not allow
the any scope for ignorance. It is the concepts (definition of the sets) that are in themselves
vague or fuzzy. Hence, it follows that the sum of all probabilities must equal unity. However

fuzzy memberships have no such restrictions. In the universe of discourse X, we can thus

define the membership grades 1 of N elements x;.....xy to the fuzzy set A4 as

A=Uy [ x Egn. 3.3

3.1.2 Images - The fuzzy set theoretic perspective

The relationship between a fuzzy set and an image does not seem obvious at first glance.
However, if we perceive the image as a set (which is incidentally also the morphological

approach) the relationship becomes more distinct. An image can be interpreted as an atray of
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fuzzy singletons, and its local or global properties such as brightness, shape, edges can in effect
be represented in terms of fuzzy membership grades (Goetcherian[1980]). The representation
of an image of dimensions M x N (M = {m; | j=7...J}, N={n, | £ =7..K}), with L

discrete gray levels in the fuzzy domain is denoted as

X=U0Up,. /! x, Egn 3.4

where p,, (0 £p,, <7} is the represeatation of the extent to which a given pixel x,, (0 <x,, <

L) posses a specific property. This property may be defined based on the nature of the
application. The fuzzy set thus constructed based on this property is the fiuzgy property plane.

3.2 Mathematical Morphology and the Fuzzy Set theory

3.2.1 Background

Recent work in this field has sought to augment the scope of traditional morphology
(based on the classical crisp set theory) by applying the tools from the fuzzy set theory in order
to gain an understanding into the spatial uncertainty (or certainty) knowledge base. Fuzzy
mathematical morphology is thus an innovative combination of two popular techniques, the
fuzzy set theory and morphological image analysis. The meeting point of these two techniques
is that mathematical morphology is based on the classical set theory, which is conceived as a

subset of the fuzzy theory.

The intuitively fundamental notion of Aard fitting which forms the basis of morphology is
extended to degree of fitting. A theoretical background for such a fuggy morpholsgy has been
established by Dougherty et al [1993], and Bloch et al[1994]. There are diverse methods to
arnve at a fuzzy morphology, simply due to the numerous functions to resolve the
morphological fitting ciiteria to a fuzzy membertship grade. Fuzzy mathematical morphology
provides new operations on images that introduce spatial uncertain information which can be

useful in decision processes linked to pattern recognition.
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3.2.2 Need for Fuzzy Mathematical Morphology

In terms of the requirement of a fuzzy mathematical morphology, as far as practical
applications are concerned, the traditional morphological erosion servers as a classic example.
Erosion is basically employed to setve as a marker of the locations that satisfy the specified
ctepa. This marker is essentially bi-valued, indicating whether the specified structunng
element fits or does not fit within the specific region. The hit-or-miss transform uses erosion
in this vein, to determine the locations at which the structuring element pair St inside and
outside of image or object. As far as the practical applicability of this technique is concemned, it
is obvious that this method is extremely sensitive to scale varation, shape tilt and noise, often
resulting in misclassification or no detection at all. The reason being that classical erosion

offers a limited evaluation space of {0,1}, resulting in the above condition.

Fuzzy mathematical morphology seeks to determine to what exzenf a shape belongs to a
certain class by relaxing the evaluation space to [0, 1]. Consequently, in gray scale morphology
we do not have a similar hit-or-miss transform equivalent operator. This problem is overcome
by employing the fuzzy hit-or-miss transform (based on the fuzzy erosion) and thus be used to
determine the fuzzy degree of fit.

3.2.3 Constructing a Fuzzy Mathematical Morphology

Several works have established the underlying theory for fuzzification of mathematical
morphology operations and yet preserving its basic properties. Investigations have presented
vatious approaches to provide the complete background theory that can be used to fuzzify all
morphological operations. The conventional approach is to develop an indicator for set inclusion
that will determine the degree to which a fuzzy set is a subset of another fuzzy set. This
indicator, known as the index function, is of importance in formulating a fuzzy mathematical
motphology where analysis of images is inherently dependent on the notion of sef inclusion.
There have been 2 variety of propositions for such a function, prmarly due to the many ways
for determining operations on functions equivalent to union and intersection, wherein the

functions take values in the range {0,1].
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As in any other mathematical formulaton, the prevaler_lt technique is to postulate axioms
which should be satisfied by the index function, and develop a specific mathematical form for
such an indicator. The necessary and sufficient conditions, under which the mathematical
formulations will give rise to the required characternizadons of index function, can then be
specified. Albeit the fundamental theory of fuzzy mathematical morphology is well-developed
in terms of characterizations of fuzzy Minkowski algebra, perhaps the theory is stll lacking.
Specifically, in the sense that work in the areas of a fuzzy granulometric theory, investigation of
other image algebra resulting from modifying the constraints of the index function, translation
invarant mappings and T-openings are under investigation. From the vadety of techniques
developed, an appropnate definition can be adopted depending on the effects desired and the

required properties.

3.3 Contemporary research work

The following sections discusses the current state-of-the-art in the context of research
related to Fuzzy mathematical morphology. We discuss the works of research groups and

present a comparative idea of the methodologies adopted by each group.

3.3.1 Dougherty, Sinha et al

The approach proposed by Dougherty et al[1993], is based on establishing the theoretical
basis for the notion of set inclusion. The fundamental concept of subsethood or simply fitting
has been extended using fuzzy set theoretic tools. Their approach is to formulate a set
inclusion indicator or index function. Such an indicator is based on the concept that it satisfies
certain axioms, which are in accordance with the general properties of traditional or crdsp

morphological operations.

The basis of their approach is founded on two key features. Fist, they provide an
alternative generalization, one that offers the preservation of the traditional morphological

erosion as a marker of fits within a binary image. They employ the traditional modeling of gray
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scale images as fuzzy sets, by means of a mapping of pixel intensities (gray scale values) to
fuzzy memberships. Thus, in effect a white pixel assumes membership 1, while black assumes
0, and all other gray levels mapped in the interval [0, 1]. Essentially, they denote the degree of
belonging of each pixel to the given image. The fiting catera is similatly mapped to fuzzy
memberships, 1 denoting a complete fit whereas other values correspond to the degree of
fitting. The exact mathematical representation of this fitting criteria is based on the choice of

the index function employed.

The second aspect is the manner in which one can define such an indicator for set
inclusion, thaf charactenzes the morphological fitting criteria. The idea is to formulate a
generalized interpretation, such that in the case of binary realizations is also preserved,
essentially for {0, 1}. In this sense fuzzy mathematical motphology, is actually a complete
generalization of traditional binary and gray scale motphologies, both of which are special cases
of the fuzzy interpretations. The above formulation could well have been pursued in a non-
fuzzy manner. However, this would miss the basic notion of modeling a fuzzy fiting that

preserves the general fuzzy extensions of traditional mathematical morphology.

The mathematical formulation initially assumes that images are fuzzy subsets of the
Cartesian or Euclidean grid, and a point (pixel) is considered as a fuzzy singleton. This
assumption does not differ from the tradiional manner in which the fuzzy set-theoretic
approach is employed in image processing. The point of departure however lies in the fact that
the fuzzy memberships are not merely used to replace traditional operatots by their fuzzy
counterparts, but to extend the morphological criteria of subset hood in terms of fuzzy fitting
criteria. This is achieved using the indicator for set inclusion, which is essentially the mapping
of two fuzzy sets (the image and the structuning element ) to another fuzzy set (the degree of

fitting). ‘This indicator for set inclusion 1, is defined thus,
I:00,1]x[0,1] — [0,1] Egn. 3.5

The necessary and sufficient conditions for such an indicator Lin order that it may

preserve the traditional morphological properties are specified by the following nine axioms:

1.1{4,B) = 1 <. AcB
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3.JAB) = 0 & { i, =1 Atf) =0} %0
3.BcC=1AB) < [(AC)

4.BcC=1(CA) < IBA)

5.1(.A-B) = I{AB) and ¥x & U, I(4,B} = I[T{A; ), T(B; x}]
6. I{A,B) = I{(4, B)

7. JBUC,A) = min{I(B,A), [(C.A)]

8. 1{A,BNC) = minfl{AB), KAC)]

9. 1(A,B ) 2 max{I{A.B), I{A,C)]

The general postulation (Sinha, Dougherty, 1993]) for such an indicator, which sausfies

the above axioms is given by the following formula

I(AB) = inf min [ 1,7{ua(x)) + AT - pa(s) ] Egn. 3.6

In terms of practical interpretation of this formulation, the definition of A will ascertain
the crteda for determining the membership grade of the resultant morphological operation.
The membership grade specifies the extent to which the eroded region lies #nder the structuring

element. The following equations are some formulations that can satisfy the condition for A:

0.1] = [0,1]
A, =1-xn Von2t Eqn.3.7(a)
A,=(1-x) /(1 + nx) Vo2n21 Egn.3.7(%)
A =((1/1+xn)-x/2) ¥V n2La(3)/Ln(2) Eqn.3.7(J)

The value of # determines the noise sensitivity of the index function. As the value of # 1s
increased, the index function becomes increasingly susceptble to noise. It essentially

determines the extent to which the object and the noise can be distinguished.
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Usiag the definition stated in Eqn. 3.7(@) for the indicator function, we can thus define
the fuzzy erosion &, of a fuzzy set A by a fuzzy structuring element B (with # = 7) as

ﬂé-(ﬁ‘.?) = Z'?Zf?m—”[f: 1 +ﬂg(>()+ﬂT(3.aj(:Y)] Eqn 33

Subsequently, the fuzzy dilation U, can then be defined as

ﬂJﬂ,ﬂ):‘f@max[o’ﬂ_g(\)-*_#]'ﬂ&,a)(x)-1] E?” 39

It should be understood that the process of fuzzification of morphological operators is
not stmply to represent traditional crisp operations by merely fuzzifying the operators and
operands themselves. This would mean a simple mapping from the crsp set operation to a
fuzzy interpretation. The reasoning behind selecting the indicator for set inclusion is to model

the fiting paradigm in morphology in an intrinsically fuzzy manner.

3.3.2 Bloch, Maitre

The propositions of the French group consisting of Bloch and Maitre [1994] appeared at
about the same time as Dougherty et al. Their approach was based on the fundamental
methods for decision making based on probabilities, the fuzzy set theoretic approach and the
evidence theory. They suggested that the notion of spatial localizadon uncertainty is
unavoidable due to the image formation process itself which may be dependent on the
acquisition device and method, non-ideal impulse response, impetfect frame-scene registration

and so on.

They argued that traditional mathematical morphology is not equipped to correctly
manage uncertainty bounds and reliable detection simultaneously because of the inherent
nature of the morphological structuring element. The coarse nature or the inflexibility in the
way one can design the structuring element results in the imitation placed on to what extent
one can express the knowledge uncertainty. Thus their basis was to adopt the fuzzy set

theoretic approach is due to its inherent flexibility and their implication to pattem recognition.
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The categorized fuzzy operations based on the definition of the image and structuring element

either of which could be fuzzy or crsp.

The first case is a fuzzy image N dilated by a binary structuring element B, which is

simply constructed ftom the o - cut set of 1) dilated by B, thus:

do(1) = (1129 i Egn. 3.10

The actual computation of the fuzzy dilation at any element x of the fuzzy image will

thus be denoted as
de(M){x) = sup 7(y) Egn. 3.11
where y € By

Considering a binary image X, dilated by a fuzzy structuring element v can be obtained

by the fuzzification over the structuring element v, as follows,

d06)= 306 dus Egn. 3.12(a)

Finally, we consider the fuzzy dilation of a fuzzy image 7, by as fuzzy structuring

element v, similar to the sense of Dougherty et al’s interpretation. Thus we have,

dur)= /S buafm0o) dndy Eqn. 3.12(9)

Thus for the computation of the fuzzy dilation, we have

dm)= Joup ny) de Egn. 3.1

The implication of the above definitions are that the global behavior of a fuzzy dilation is
in agreement with the properties traditional morphological diladon, and in fact provide the
general formulation for dilation of which the crisp operations are a subset. In terms of the

intuitive understanding, membership values of those points are increased which were
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considered “not surely” belonging to the fuzzy set which results in the propagation of local
maxima within the specified neighborhood. The extension of the above concepts to construct
fuzzy erosion would be simply to replace the maxima or supremum in the equation by the

- minima or infimum.

3.3.3 Maccarone, Di Gesu, et al

The approach adopted by Maccarone, Di Gesu, et al [1988] was predominantly ad hoc,
based on formulating fuzzy set compatible operations, without a thorough analysis of the
theoretical implicatdons. It is to be noted that though they proposed vadous fuzzy
motphological operators, not all are compatible with the general properties of traditional or

crisp morphological operations.

In essence they proposed four different definitions of the fuzzy erosion[Maccarone et al,
1991}, however their mathematical basis and their properties are not discussed, the intention
being to provide a more pragmatic approach to specific image analysis problems. The fuzzy

image and structuring element are represented as ¢ and ¥s respectively.

Minizmum Erosion:

X = min {1 | 2.0 - X001} Egn 3.14

The tetm 7- | 7,0 - 2())| is the complement of the symmetric difference between two
fuzzy sets. If f is binaty, the classical erosion results. This definition could however be
restrctive if we have |y} - X)) = 1, and will then have the result of the erosion as zero
which could be undesirable in some applications. This operator was experimentally shown to
be useful in performing erosion on all image levels, with the structuring element having values

equal to the maximum of the image gray level.

Averaged Ervsion:

X =1-2120) - oM Y |51 Egn 3.15
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where |s(x)| is the cardinality of the structuring element. This definition provides a
smoother erosion but is not compatible with traditional erosion in the case of bimiry images.
The result of an averaged erosion is too uniform for a structurng element having extreme

values. An improvement can be obtained by using intermediate valued structuring elements.

{A) -Delta Ervsion:

X = 1-Z0 20 - 200 ) 7 56| Fagn. 3.16

where Afx) =0 if %<0 else 7. This definition takes into account the possibility that the
structuring element may be contained within the image. This operator results in all parts of the

input image having values less than that of the structuring element being enhanced.

Exact Erosign:

X =min {1-A(x0)-x0))} Egn. 3.17

This definition corresponds to the classical representation if the image is binary, and also
satisfies the possibility that the structuring element may be contained within the image. The

exact erosion is similar to the Delta erosions without mediation in the erosion operation.

In general the authors have used the above proposed operators to perform low and
medium level image analysts, consisting of edge detection, skeletonization and segmentation of
multilevel images. They have also included a study of applications to astronomical image

analysis using Fuzzy mathematical morphology.

3.3.4 De Baets, Kerre et al

The work by De Baets et al [1994], seems to disregard the fundamental basis of set
inclusion as seen in the earlier mentioned approaches. Instead, their emphasis appears to be in
formulation of gray scale morphological operations using a fuzzy set theoretic approach. The
gray levels in an image are assumed to belong to the unit interval [0, 1], or scaled to this interval
in. An n-dimensional image gray scale image is interpreted as a fuzzy set using a linear

mapping. This is precisely the interpretation proposed initially by Goetcherian (1980}, and in
pping p Y tp prop y by
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essence misses the fundamental criteda of geometric subsethood which lies at the core of

mathematical morphology.

The literature review presented in their works (De Baets et al, [1994]), thus does not
cover the propositions by Dougherty et al and Bloch et al. They however have commented on
the approach of Di Gesu et al, as “none of these definitions is a correct extension of the binary

erosion”.

3.3.5 Other researcﬁ wotks

There have been other researchers who have proposed approaches which are essendally
based on similar notions however differing in the specific formulation employed and

implementation method used.

The approach by Wu Minjin[1994] associates mathematical morphology with order
statistics, and the definitions of percentile operations are used to transform the Minskowski
structural operators based on algebraic, geometric and statistical properties of fuzzy operators.
The theoretical basis is established by analyzing the Fuzzy mathematical morphology thus
constructed based on geometric morp-hological functions and extraction of morphologtcal
feature parameters. Application areas include analysis of metallographic and cell structure

images.

Popev[1995] proposes an approach which employs the general framework proposed by
Dougherty et al as the fundamental basis. The first axiom proposed by Dougherty et al is
omitted for convenience and the technique used by Werman and Peleg is employed to analyze

gray-tone images in the fuzzy domain.
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3.4 Imp!ementz'ng Juzy morphological gperators

In this section we use some simple examples to demonstrate the practical
implementation of the fuzzy erosion, dilation and opening and contrast them with their

traditional casp counterparts.

3.4.1The Fuzzy erosion

Consider a noisy “T”- shaped object whose fuzzy memberships are denoted in the finite
set A, eroded by a fuzzy structuring element B, with its origin located at the top-left comer of
the matrx. The memberships in the matrices denote the degree of belonging of each pixel to

the image and all memberships outside the image are assumed zero.

[06 01 03 04]
09 10 09 08
A=[03 09 08 02 B =[

02 08 07 04

(01 09 10 03]

09 09
09 09

Using the formulation of the indicator function for erosion (Egn. 3.7), we have the

resultant fuzzy erosion as

[02 02 04 01]
02 09 03 0l
EAB)=|03 08 03 0l
102 08 04 oI
|01 01 01 01]

The resulting erosion can be obtained by thresholding memberships below 0.8 to zero,
to obtain the eroded image. It can be seen that as a contrast from the traditional erosion, the
resultant of the fuzzy erosion gives the degree of erosion in the noisy shape. Qutside the

image, the background will have a constant membership of 0.1. This is 2 result of using the
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indicator with a non-cdsp (i < 7} structuring element. The pracdcal implication of this can be
interpreted as considering the eroded background having a membership value determined by
the structuning element and the specific formulation of the index function. When we use a
crisp structuring element (4 = 7 or ¢ = 0)), the above erosion would be the same as the cdsp

case, and the memberships of the background would be zero.

3.4.2 Fuzzy Dilation

We now demonstrate the fuzzy dilation, of image A, to be dilated by a fuzzy structuring
element B, using (Egn 3.8 ). We have

(09 09 08 07]
09 09 08 07
D(A,B)=[08 08 07 03
09 09 09 03
08 09 09 02]

As seen from the above result, the consequent dilation is in line with the dilated result
for a crisp operator. Practical applications of the above operators have been shown to have a
considerable improvement in edge detection (morphological gradient), filtering union noise

and shape detection applications.

3.4.3 Fuzzy Opening

The fuzzy opening {J, is demonstrated using a fuzzy erosion and dilation in a mannet

similar to its crisp counterpart, namely
O(AB)=(D0(E(AF)ZF) Egn. 3.18

Thus, in terms of fuzzy erosion, we have
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O(AB)=(E[EAB)] -B)"

Egn 319

It should be noted that the above relation shall be used in generating the fuzzy openings

used in the consequent sections. Using the result from example 1, we have the following result

(0.8
08
[E(AB)]c=07
03
109

08
0.1
0.2
02
09

06
0.7
0.7
0.6
09

09]
0.9
0.9
09

09

As a result of complementing the image background will have a constant membership of

0.9. Eroding the above image with the structuring element (-% ), we have

(

E([E(-ﬂ-aﬂ)]c»'g) =

09
09
038
08
0.9

09
0.2
03
03
03

0.7
02
02
0.3
0.3

0.7]
0.7
08
0.7

0.7]

The background will now have a constant membership of 1.0. This is because the

structuting element has a membership of 0.9, which results in a complete fit.

Complementing the above we finally have the result of the fuzzy opening as the below

(0.1
02
O(AB)=|03
02
01

0.2
0.9
08
0.7
0.7

0.4
03
08
0.7
0.7

0.1]

01
02
0.3
01

The result is an opened image with the horizontal bar of the “T” removed due to the

opening. The purpose of the above discussion was to demonstrate the effect of a fuzzy

operation on an image with a certain amount of ambiguity due to the presence of noise.
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Although the difference in the fuzzy opening operation as compared with its crisp
transformation is rather subde its result is significantly different. The traditional crsp
operation, with a flat structuring clement of membetship 0.9, would lead to the erosion of the

nolsy regions in the image.

3.4.4 Object extraction using Fuzzy Erosion

At the conclusion of the chapter, we demonstrate a simple example of the use of a fuzzy
erosion in extracting an object from a noisy image The basic operation involves erosion of the
image using a structuring elements represents the objects of interest. Erosion marks the
location where there is 2 it by the structuring element pair. In our experiments we use 2 flat
(constant valued over its domain) structusing element with a membership grade of 0.75. Fig
3.1 shows 2 gray level intensity plot of the image containing six objects, from whete we have to
determine the location of the two squares with different gray levels. The noisy image is
constructed by adding Gaussian noise and using a smoothing filter, and is shown in Fig 3.2.
The result of a gray level set erosion by the structuring element defined above is shown in Fig
3.3. The two high peaks corresponding to the objects of interest, in addition to which the
circular objects are also detected to some extent which may cause ambiguity. This result is
however expected as traditional erosion does not aim to satisfy such criteria. The result of a
fuzzy erosion shown in Fig 3.4, are the two peaks that determine the locations of the squates in

the image.

Figure 3.1: Original multilevel image Figure 3.2: Original image with noise
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Figure 3.3: Traditional erosion result Figure 3.4: Fuzzy erosion result

3.4.5 Conclusion

The theme of this chapter was essentally to present the theoretical basis and
demonstrate the need for fuzzification of traditional morphological operations. We have
discussed some of the propositions for developing different fuzzy morphologies which have
been proposed by various research groups over the past few years. The practical implications
of the proposed approach by Dougerty €t[1992] have been demonstrated by means of fuzzy
membership matrices and 2 simple object extraction problem. The fundamental reason in
adopting the propositions by Dougherty et al is the fact that the fuzzy morphological
operations are in line with traditional operators n a non-fuzzy scenario. Moreover, the ease of
implementation of these operators makes them the ideal choice for algorithm design. The
fuzzy morphological operations discussed hete form the basis of the fuzzy pattern spectrum
and the feature segmentation algorithms to be presented in subsequent chapters. The following
chapters are focused on applying the theoretical foundations thus far in real world applications,

and serve to extend these conceptual ideas into practical solutions.
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Chaprer Four

APPLICATION OF MORPHOLOGICAL OPERATORS IN
IMAGE SEGMENTATION

4.7 The Problem Domain - Image Segmentation

Image segmentation is a generic term used to descrbe operations that are used to
extract, locate or differentiate certain features or charactesstics from an image. A typical
application of an image segmentation algorithm would be to extract certain objects from a
complex or cluttered image, the result of which could be used for higher process such as an

automatic vehicle navigation system.

4.1.1 Morphological Image Segmentation

Traditionally, mathematical morphology had been extensively used in image
segmentation, to extract specific features of interest in an application. The usefulness of
mathematical morphology lies in its ability to provide flexible tools in order to design a suitable
algorithm to extract an object from a complex image. This chapter discusses real-world
applications of traditional and fuzzy mathematdcal morphology operators in  object
segmentation problems. This algorithm design characterizes the manner in which a complex
object, with a certain degree of feature ambiguity (ot fuzziness) can be located (or its likelihood

determined), fundamentally using the tools descrbed in the previous chapters.
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We nitially discuss the application of tradittonal morphological operators in a vehicle
license plate segmentation application, and fuzzy morphological operators in segmentation of
tropical cyclones from satellite imagery. These algorithms are completely based on low-level
morphological operations, supplemented by simple image addition, subtraction etc. The key
feature in these applications is that each demonstrates the applicability of tradidonal as well as

fuzzy morphological operators.

4,1.2 Problem Characteristics

Detection of vehicle license plate numbers is found to be useful in monitoting systems
such as automated toll-pay systems, identification of stolen vehicles, travel time data provision
or in parking lots. The design methodology in a comprehensive license number recognition
system involves isolation of the license plate region from the input image and then detection
of the license numbers. There have been many different approaches to the problem of vehicle
license plate detection, such as the mathematical morphology method by Arregui,
Mitxelena[1992] and the spatial frequency differential analytic methods Tanaka and
Hwang[1991]. Perhaps, the most straight forward way would be the shape recognition
technique proposed by Crmmins and Brown[1985], the concept being based on performing

hit or miss transforms using different sizes of every possible character as a structuring element.

These approaches have the drawbacks of having intense computation demands in
addition to which the results would be poor due to the distortion in images caused by noise,
positioning of the camera and uncertainty mn the features present in the background.
Additionally, these methods are suited for images in well lluminated conditions and simple
backgrounds. In cases where there is poor illumination, complex background, and extraneous
noise their performance drops considerably. This places severe limitations on the image

acquisition process, rendering them useless in practical systems.

The morphological segmentation algonthm developed was based on simple gray scale
morphological opetations. In concept the algonthm detects simple features in license plates
such as horizontal lines, and spacing between characters, yet it does not place any specific

restrictions on the mput images. The robustness of this algorithm was demonstrated by using
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images in noisy condidons and poot illuminaton. The uniqueness of this approach was that
there were no special restrictions imposed on the input images. The algorithm showed an
extremely good detection rate even with images which were fairly complex, in poor

tlumination, and noisy.

In the case of the segmentation of tropical cyclones, the problem is to extract an object
which is abstract in the sense that features in a tropical cyclone are dynamic. There are no fixed
critetia, as in the case of the earlier segmentation problem which could be defined in concrete
terms. The essence of the problems is to design an algorthm that can extract the consistent
features which characterize a typical tropical cyclone, without placing too many restrictions on
the design parameters, that may make the implementation difficult to realize. To overcome
these problems we use fuzzy morphological operations and structunng elements to tackle the
inherent fuzziness and ambiguity. The later sections discuss the actual algorithm design and

implementation of morphological operations used in these segmentation problems.

4.2 Segmentation of License Plates

The vehicle license plate segmentation is an interesting problem in the sense that for 2
practically viable system there have to be minimal restdctions placed on the system. The key
aim while designing our system was to make the algorithm independent of the image
complexity, which in tum makes it easy to implement using a PC and a conventional image

acquusition device.

4.2.1 Basic Assumptions

"The recognition of the vehicle license number by an automated system is a two step
process consisting of segmentation of the region of interest, (the license plate region), from the
image and then recognition of characters. We are concerned here pumarly with the
segmentation of the image. A character recognition system can be used in tandem to complete

the license number recognition process. The following were the characteristics and factors that
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were taken into account while developing the algorithm. The emphasis was placed on making
the technique as independent as possible with respect to prerequisites of the ﬁnage for

successful detection.

1. The illumination condition of the image may vary as images are obtained in diverse

ambient conditions.

2. The image will have a certain amount of background noise owing to the fact that it is

taken from a natural scene.

4. The size of the license plate region or the area occupied by characters may vary from

about 35 pixels to about 304 pixels in the 1mage.

4. Characters may be distorted due to digitization noise, especially so in cases where the

license plate region may be small.

5. The onentation of the license plate may be different for images, owing to the vadation in

the angle of vision. Hence, some amount of inclination should be tolerated.

6. The front license plates are white while the rear license plates are yellow, hence
corresponding gray levels for the front license plates will be higher than that of the rear license

plates.

4.2.2 Designing the Algorithm

The fundamental idea in designing the algorithm was to apply the intuitive manner in
which the human cognition process isolated a license plate on a vehicle. This cogniti'on process
was then resolved into primitive steps leading to the ultimate recognition. Since morphological
operators in themselves offer only low level operations, the primitives were used as 2 basis to
develop the algorithm. Amongst these primitive features we extract only those that may be
present rarely in other regions besides the license plate. Also, these features should not be
affected considerably by noise and distortion, and should be size invariant within a certain

range. We compared vardous character prmitives such as corners, lines, enclosed or partially
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enclosed areas and spacing between characters. The approach in our algorithm was based.on
detecting lines which are by far the most simple features. It was observed that these features
can tolerate noise as well as a certain amount of inclination of the license plate due to the
thickness of the character lines. Additionally, we also detect spacing between characters to

further enhance the algonthm.

4.2.3 Description and Implementation Issues

The first step in the algorithm is to perform a top hat transform. This enhances details of
the image and filters off the low frequency components in the image which are less likely to
contain the region of interest. The next step is to detect spacing between characters. This is
done by converting characters to rectangles by repeated dilation and minimization. This
ensures that even inclined lines are also converted to rectangles. The spacing between the
rectangles is then determined by filling the vertical space by closing and then subtracting from

the original image to remove any noise the image is then opened by a vertical line.

‘The horizontal lines are detected by opening the original image by a horizontal line
structuring element and then extended by performing a dilation so that they overlap with the
spacing. It should be noted that vertical spacing and the horizontal lines are detected size
invariantly by the algorithm. The location where the horizontal lines are adjacent to vertical
spacing are determined by a minimum operation between them. The resulting image is then
processed so that the gray level is directly propottional to the probability of the presence of
the license plate region, and finally isolated points are eliminated.

The license plate region is obtained by thresholding the image obtained, so that the
pixels are above the threshold level determined by the maximum pixel " in the image. In this
region we search from ¢’ to its left and right for the first pixel with value 0, naming them ‘d
and ‘4 respectively. finally on line ‘@b’ we search above and below it for each point on ‘ab’ dll a
pixel with value 0 is obtained. the two searched areas are the license plate region. To get a
better estimation of the license plate region in case where it is over detected we can use 2
simple post processing. This is done by selecting a thresholding level which cuts out the left

most peak of the histogram of the license plate region determined from the previous step.
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Thus the characters will be set to gray level O while the license plate background will be value
127. the characters can be filled by a closing operation, and the smoothing of boundares is

done by opening, thus the over detected regions ate removed.

4.2.4 Mathematical Representations

Let the orginally captured image be A, and structuring elements used in consequent

processing steps denocted as below:

SQn - 7 xnsquare with central point as origin.
HL, - # pixels of horizontal line, with mid poinat as its origin.
VL, - npixels of vertical line , with mid point as its orgin.

The actual morphological and other simple image operations are implemented as

described 1n the following steps:

1. Perform top-hat transform on input image A

B=HAT(-A, 5C,) Egn. 4.1
2. Convert each character to a rectangle by repeated dilation and minimization 7

B’=B8B

Repeat

B’'=Max ((B’@VL,) ,(B’&@ HL,) Egn. 4.2

Twelve times

3. Detect spacing between characters

C=(B’+HL,-B) VL, Egn. 4.3
4. Detect horizontal lines by opening
F=((E *50,;)-E) @50, Egn 44

5. Find regions where hotizontal lines are adjacent to spacing
E=Min(C (D @HL;) Eqgn. 4.5
6. Process E so that gray level is directly proportional to the probability of the presence

of the license plate and eliminate isolated points.
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F=((E «50,;}-E) @50,; ‘ Egn 4.6
7. Obtain hcense plate region by

a) Find maximum pixel (p) in F
b) Threshold F so that all pixels are above threshold level, to obtain result G
c) In G search from p to the left for the first pixel with value 0, call it a; similarly
search to the nght for a pixel b
d) In G, for each pixel on line ab, search upwards tll a pixel with value 0 is obeained;
similarly search downward

¢) The two searched areas above are the license plate region.

8. From the histogram of gray level image Ag, with domain equalto. A e {(x,y): G
(x =1} and A (x3)=A(qy), find a threshold which cuts the leftmost peak of the histogram,
and threshold .4,. to obtain H

9. Fill characters excluding the outer dark region and smooth out the boundaty by
opening.

= (((EFIL,)sVTy)oHL,) VL, Egn. 4.7

4.2.5 System Description and Experimental Results

In order to test and implement the algonthm a software development platform was
designed. The platform can be used to perform gray scale morphological operations such as
opening, closing, image addition and subtraction, high and low pass filtening, thresholding and
so on. The program can be used in two modes. The mteractive mode allows the user to
perform each operation individually and observe its effects, while the batch mode executes

multiple instructions in a seties as specified by the user in a batch file.

The algorithm simulations were implemented using an 1486-processor based computer
system running MS - DOS, as the main processing unit. To capture a video image from a
camera to an 8 - bit gray level TIFF image format file, an image grabber was employed. The

images wete captured using a common CCD camera, without using any external illumination.
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Our algorithm was tested with forty natural scene images of size approximately 400 x
200 pixels large with 128 gray levels: The actual license plate region ranged from 7x5 pixels to
19x16 pixels in area. In Hong Kong the license plate consists of two alphabets and four or less
numerals, which can be placed in eithet below or on to nght side of the alphabets. In some
images the license plate was at a slight inclination, therefore the license plate region was not
always rectangular in shape. The camera was focused on the license plate, however the distance
between the camera and license plate vaned for different images. The images were taken with
different background including people, other vehicles, buildings, trees and so on. These

conditions demonstrate the robustness of the algorithm.

(¢) Detection of Character Features (d) Detection of Horizontal Lines
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(e) Detection of Horizontal & Vertical Lines (f) Segmenting character regions

(g) Segmenting the LP region (h) Final Post-Processing

Figure 4.1: Processing steps of the vehicle License Plate segmentation algorithm
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Vehicle License Plate Segmentation
Algorithm Results

License plate properly segmented

License plate character partially obscured or over segmentation of area

A
B
C Under segmentation
D

Wrong detection

(a) Original Image (b) Segmented Result

P.52



Chapter Four ' Applications of Morphological Operators in Image Segmentation

(e) Original Image with Poor (f) Segmented Result
Illumination

Figure 4.3: Test for robustness of the algorithm

4.3 Tr@im/ cyclone segmentation from Satellite Imagery

The tropical cyclone segmentation problem differs from the VLP algorithm in the
manner in which the features extraction critetia are defined. The two application serve as
classic examples to demonstrate the advantages of traditional and fuzzy mathematcal

motphology for the applications perspective.
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4.3.1 Tropical Cyclone tracking using GMS

A tropical cyclone 1s charactenzed as a non-frontal synoptic scale low-pressure weather
system over tropical or sub-tropical waters with organized convection (thundetstorm activity)
and definite cyclonic surface wind circulation (Montgomery, Farell [1993] ). Tropical cyclones
are one of many atmosphedc circulation systems, which can be grouped and expressed in
vanous scales of motion. The nomenclature of these atmospheric systems vares on the basis
of their geographic location. In the western North Pacific and the China Seas, the most intense
are termed as fyphoons, which are equivalent to the hurricanes in the Atantic and the eastern

Pacific and ¢yelones in the Indian Ocean.

To avoid complication, throughout our discussion we shall use the generic term fropical
gyelone to reference such atmospheric systems. In general tecms, a mature tropical cyclone is an
atmospheric disturbance consisting of a moist, convective, centrally located, rotary mass. The
central region is considerably denser than its surroundings. Along the periphery are convective
clouds and precipitation regions which form curved ot spiral bands. The combination of these
two features exhibit a symmettical pattern with a circular or elliptical wall cloud around a
central region of relatively calm and cloud free area called the eye. Based on its intensity (wind
speed) and state of activity, they are classified as tropical depression, tropical storm, severe
tropical storm and tropical cyclone. Our algorithm is designed specifically for segmenting

tropical cyclones, as the features are distinctly visible at this stage.

From its position above the earth, the GMS surveys the eastern hemisphere once every
hour. This temporal resolution is a significant advantage over polar orbiters which normally are
capable of only two passes in a day. A complete scan of the earth takes approximately 25
minutes. In the resulting imagery, each pixel represents 1.24 km in VS (Visible spectrum, day-
time only) and 5 km in IR (Infra-red spectrum). Durlng the scan, data are transmitted to the
CDAS (Command and Data Acquisition Station), where it is processed and raw data broadcast
immediately to ground stations. The subsequent imagery is used to generate a track map based
on the path of the tropical cyclone. By means of track maps, the data can be utilized in future

estimation and prediction.
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Image Animated Image Storage Track Map
Analyser ™1 Display Devices database
[} | )
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Receiver Image
*| Processor L | Tropical cyclone Track map
segmentation *-| generation

|

Figure 4.4: A complete GMS imaging system

4.3.2 Initial Assumptions of the Segmentation Algorithm

The algorithm design parameters are based on certain a priorz assumptions with respect
to the characteristics of the images. The intent is to achieve a higher rate of segmentation of
tropical cyclones as opposed to the iregular atmosphetic cloud formations. In a given image
the actual region occupied by the tropical cyclone must cover at least 10% of the entire image
size. This is essentially to limit the algorithm to reasonable limits in terms of processing
requirements. There are no assumptions about the location of tropical cyclone, which can be
present anywhere within the image region. Hence, the complete image must be processed. The
image is initially enhanced using histogram equalization to maintain standard intensity levels
between images. To have an acceptable segmentation results, the maximum number of tropical
cyclones likely to be present in a single ‘image is limited to two. This however is not a
significant constraint as the final segmentation tesult may be acceptable even for images having
more than two tropical cyclones. The final results will be dependent on the actual number of

tropical cyclones and the general charactedstics of the image Finally, to ensure that the tropical
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cyclone is not obscured or partially cut-off, it is assumed that each tropical cyclone will have

both its features (central core region and penpheral winds) clearly visible in the image.

4.3.3 Design philosophy and Algorithm description

The proposed technique can be considered as being implemented in two steps. The first
step is to isolate the central rotary mass that appears as circular cloud formation and then we
have to determine the presence of perdpheral spiral wind patterns 1n the cuter band. To
determine the optimum parameters for designing the structuring element shape and sizes we
use a training set of five test images which are representative of the general images. This step is
performed only at the developmental stage in the algonthm design process to determine the
optimum parameters for the structuring elements shapes and sizes for each operation. These
parametets ate then used for all subsequent segmentation operations. On the basis of the
results in training set, a set of structuring elements are defined for each stage of processing.
For instance, to extract the petipheral wind bands we have a set of three structunng elements
of different sizes. In the actual segmentation process, the optimum structuring element is
determined dynamically from the set based on the nature of the specific features in the given
image. To implement such intelligent selection of structuring elements we have used pixe/ connt
values. The image is processed once with each structuring element from the pre-defined set and
the structuring element with the optimum pixel count value is finally employed. The pixel
count value is pre-set for each operation and is determined from the training prototype set. To
eliminate or preserve certain features in the image, we use image masks, which are essentially
binary images generated from previous processing steps. To generate some of these masks we

have used fuzzy morphological operations, and employed the memberships with preset a-cut

values to set the binaty thresholds.

The foremost step uses a fuzzy closing to smooth larger features in the images. This also
fills up the eye region and other discontinuities within the core of the tropical cyclone and the
intensity variation in each connected region is minimized. The next step is to use fuzzy opening
to eliminate small features and enhance the larger circular cloud formations. The structuring

element employed in the fuzzy opening is designed using the assumption regarding the tropical
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cyclone size. As the result of the fuzzy opening, we now have memberships which are used to

construct an image mask (using the ®-cut set). The tesultant mask is termed as the core mask.

The subtracted image mask will remove large circular features and limit our region of interest

to these regions only, as only these regions can enclose the tropical cyclone core.

The second phase of the algonthm uses a top-hat transformation of the onginal image.
This serves to enhance the regions which have smaller features and considerable vanance in
spatial intensity. The top-hat transformed image is again histogram equalized to ensure
standard intensity levels. As it can be seen from the result, the spiral wind patterns are
enhanced. Using the core mask and its dilated representation as masks on the top-hat
transform, we isolate the peripheral band region. The subsequent step is to extract the
peripheral spiral cloud patterns. Since these featutes can be closely approximated using
diagonal shaped fuzzy structuting elements having posiove and negative slopes. As these
features ate quite ambiguous in nature we use a fuzzy opening with structunng elements of
different lengths. Inidally we open the images with the largest structuring element from the set
which has been determined on the basis of the training itnages. The two opened images (one
for each of the structuring elements, positive and negative slopes) are combined by a simple
oring. A pixel count value is taken to determine if the selected structuring elements are too large
for the particular case. If it is below the value determined 4 priori from the training test umages,
the next smaller structuring elements are chosen and the process repeated iteratively till the
pixel count value exceeds the pre-set value. Thus we dynamically choose the optimum
structuring elements based on the nature of the perpherally located spiral cloud formations
for each particular image. The resultant image is then closed to eliminate discontinuities in the
periphery regions and an opening is used to remove smaller unwanted regions. The structudng
element for these two operations is a circular disk which has a fixed size for all images since we
petform only image enhancement and not a feature extraction. The next operation is to dilate
the resultant region by a disk shaped structuring element to have a connected and enlarged
peripheral band region. This generates the peripheral mask and completes the second stage of
our algorithm.

In the concluding step, we need to combine the results of the two operations to
determine locations of the tropical cyclones from all other possible regions. This is determined

by the elimination of all the regions that do not satisfy the required conditions, namely the
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presence of the circular core and the peripheral spiral cloud formations. To make the algouthm
flexible enough to segment more than one tropical cyclone from a given image, we need to
consider each unconnected region separately. The initial image mask (obtained from the frst
fuzzy opening step) is eroded with a disk shaped structuting clement to generate an
unconnected seed for each region. Each seed is now processed independently, by dilation with
large disk shaped structuning element. This encompasses the probable region around the core
which has the most likelihood of the presence of peripheral clouds. This dilated image is then
anded with the result of the previous step, and the pixel count is determined. If the pixel count
exceeds the preset value, we can preserve the seed region (as it is the tropical cyclone region),
else it is rejected. For each region we repeat this process iteratively, and the resultant image is
the final core region mask. The tropical cyclone segmentation mask is obtained by oring the
petipheral mask with the core region mask, and closing with a disk to smooth discontinuities.

The segmented image is obtained by anding the onginal image and the segmentation mask.
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Figure 4.5: A schematic of the Tropical Cyclones segmentation algorithm design

4.3.4 Implementation Pseudocode and Mathematical Representation

The above description is presented in the form of pseudocodes to represent the
segmentation algorithm in terms of the morphological operations described 1n the previous
section. The steps in the algorithm are indicated by representing morphological and other

image operations atong with the shapes and sizes of the structuring elements used at each

stage.
Symbol Key:
A B,... = Jmage matrices
SD, = Disk shaped structuring element with dianreter x
SP, = Diagonal structuring element with positive slope and length x
SN, = Diagonal structuring element with negative slope and length x
M, = Image mask x
R, = Connected region x
Apha, = Fuzgy alpha cat at x
HEgq = Histogram Equalization
Count (X) = Function to determine pixel count of image matrix X
PC, = Caleulated pixel count at x
PT = A priori determined rainimum pixcel count values

Begin Segmentation algorithm
Image size normalization and histogram equalization;
A = Load Matrix(Original image);
B=0(( (A SD;), SDy);
M, = Alphay 7 (B )
C = HEq(TopHat (A, SD; ));
D =Mask ((M; & 5Dy ), C);
E = Mask (D, M),

Repeat
F=0R(O(E, SP.), O(E SN,.));
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PC, = Count (F);
Unzl (PC_> PT ),
M, = ((FeSD;)e SD;);
H=(M, e SD;)
For each connected region (R ) in H
S.=(R. @ SD,);
T. =AND (S, M,);
PC, = Count (T.);
If (PC.>PT,) thenR, = White else R = Black ;
K=OR(K R, ); '
Next R,
M, =OR (M, M,);
L= (M, eSD,)
Segmented Result = Mask (L., A );
End Segmentation algorithm;

4.3.5 Algorithm Implementation issues

The above described algorithm has been realized on a SUNSparcStation-20 (CPU:
"TMS390Z55, clock 60 MHz, 131072K RAM). Prior to processing, the images were histogram
equalized and normalized to a resolution of 250 x 200 pixels with 256 gray levels. The average
uset CPU times recorded for the most significant operations are shown in Table 4.1. The
processing time for simple image operations such as oring, anding and masking is usually less
than 0.5s. The total processing titne required to implement the algorithm is approximately 50-
60 seconds, vatying on the nature of the images. From the characteristics of the acquisition
process it is obvious that the processing time for real time implementation of the algorithm is

well within the specified limitations.

P.61



Chapter Four Applications of Morphological Operators in Image Segmentation

Operation SE Size and Shape | Average User
CPU Time (Sec)

Fuzzy Closing 5 pixel diameter disk 0.6
Fuzzy Opening 35 pixel diameter disk 32.0
Binary Diiation 30 pixel diameter disk 6.0
Top-hat 5 pixel diameter disk 0.5
Fuzzy Opening | 5 pixel length diagonal 0.9
Fuzzy Opening | 7 pixel length diagonal 1.2
Binary Closing 20 pixel diameter disk 32

Table 4.1: Processing times for the Tropical Cyclone segmentation algorthim

4.3.6 Simulation Results

The above algorithm was tested with a varied set of images including imagery having two
tropical cyclones in one image. The test set consists of imagery representative of general
conditions associated with the GMS imagery. The images for key segmentation steps to be
shown consist of single and multiple tropical cyclones. Fig 4.64 shows the GMS image (resized
and histogram equalized) of tropical cyclone Gertie on 20t December 1995. The result of a
fuzzy closing is shown as Fig. 4.65, and the enhanced peripheral wind region is shown in the
top-hat transformed image, as Fig. 4.6c. The image in Fig. 4.6¢ is fuzzy opeded with diagonal
structuting elements and ored resulting in isolation of the peripheral wind region as shown in
Fig. 4.6d. The combination of the core and perpheral regions results in the final mask of Fig.
4.6e. The final segmentation result can be seen in Fig . 4.6f

The second image set, starting with Fig 4.74, shows a GMS visible image, with two
tropical cyclones Wilda and Verne on 234 October 1994. There ate three distinct regions in
this image, and we may also note the irregular cloud formation to the right. The result after the
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nital fuzzy opening is shown in fig 4.74 and the top-hat trzansform is shown in 4.7z The

extracted peripheral regions are seen in Fig‘4‘.7d, and the final mask generated is shown in Fig

4.7¢, with 4.7fas the result of the segmentation.

Fig.4.6d
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Figure 4.6: Processing steps in the Tropical Cyclone extraction algorithm
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Fig. 4.7 f

Fig 4.7: Processing steps -Image with two Tropical Cyclones
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4.4 Enbhancements and Future directions

4.4.1 Summary of Results

This chapter presented algorithms which were based on traditional and fuzzy
mathematical morphology, designed to solve image segmentation problems. The proposed
algorithms were tested with vared image sets, and consequent experimental results are seen to
be comparable to those of manual operation within the specified constraints. The overall
computing requitements are low as the implementation is entirely based on some efficient and
simple morphological operations. Furthermore, -some operations can be implemented in
parallel, as the algorithm is basically designed to extract features independently, hence these

processing steps can be executed simultaneously.

The results of processing images using the algorithms designed for the vehicle license
plate extraction and tropical cyclone segmentation indicate the algorithms to be fairly accurate,
although within the specified limitations. Both the approaches use assumptions which are
intuiive and draw heavily upon the human cognition process. In terms of real-time
implementation considetations, the proposed algotithms have been shown to be effectively

implemented on standard systems, and hence can be realized in cost effective implementations.

4.4.2 Future avenues for development

The fact that these methods are purely low-level approaches and do not use any
conditional parameters, indicate that better segmentation results can be possible by mncluding
information from other sources. For instance in the tropical cyclone tracking system an
algorithm can be designed to limit the region of interest. This follows from the fact that once
the tropical cyclone is segmented from the initial image, the subsequent images can be reduced
to only the possible areas of movement. Other enhancements include an introduction of some
post processing steps such as image smoothing to improve segmentation results. Additionally,
requirement on the tropical cyclone size can be relaxed (at the expense of computation speed)
by varying the structuring elements sizes and using the same process iteratively. It should be

noted that since this algorithm forms part of an expert system, there will be a certain amount
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of a priori information available such as the likelihood of occurrence (such as, ime of year) and
the possible regions. The algorithm for tropical cyclone segmentation can be used for detection
of other cloud formations by simple modificatons to the structuting  elements and

morphological operations.

Similarly, the vehicle license plate segmentation algorithm, albeit developed fot vehicle
license plate detection, can be used in other applications involving detection of labels, name-
plates, seral numbers and so on. Being based on the detection of features present in characters,
it can be applied to other recognition problems as well without any significant modification to
the main algorithm. In order to supplement the robustness of the algorithm and minimize false
detection, the algorithm could be enhanced to detect additional features present in the license
plate region. These features could include inner side of corners, which could be detected using
the hit or miss transform with suitable structuring elements. Additionally, the hit or miss
transform could be also used to detect fully or partially enclosed ateas with varying sizes of
structuring elements. A combination of these methods would increase the robustness of the

algonthm hence placing fewer constraints on the image requirements.

Another avenue for further development is implementation of the algorithms in terms of
hardware realization. In case of the tropical cyclone segmentation algorithm, the processing
time is quite sufficient, due to the inherent lag in the time of acquisition of subsequent images.
However, the vehicle license plate segmentation algorithm would require a faster processing
speed as the corresponding image capture rate could be much higher. As these algorithm are
based solely on simple morphological operations and image addition, subtraction and masking,
they can be effectively implemented in hardware which would significantly reduce the
processing time, an important factor to be considered in real time recognition systems.
Techniques based on piplined architectures or systolic arrays can be effectively used to
implement the algorithm as they take advantage of the recursive nature of morphological

transformations.
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4.4.3 Conclusion

This chapter has primanly focused on the application of morphological operators in real
world applications. The intent has not only been to demonstrate the applicability of
morphology in practical image segmentation problems but also to contrast the conventional
and fuzzy operators in terms of their practical usefulness. In the next chapter we adopt a
theoretical vein and present new developments in terms of extending the fundamental notions
of fuzzy mathematical morphology to establish the theoretical basis for the fuzzy pattern

spectrum.
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Chapter Five

THE FUZZY PATTERN SPECTRUM

5.1 Morphological Pattern S Dectrium

The fundamental concept of shape-size filtering was proposed mnttially by
Matheron{1975], where image features or their granularity could be quantified using mula-
scaled morphological operators. We extend the basic notions using the tools of fuzzy

mathematical morphology to generate the Fuzzy Pattern Spectrum.

5.1.1 The principal concepts

Morphological operations are ideal for understanding the features related to shape and
size in an image. An extension of basic morphological operations such as erosion or opening
can be used in cascades to generate “shape-size” descriptors. This methodology is based on
determining the residual of the eroded or opened image to construct distributions that quantify
the measure of a given feature. Traditionally these descriptors have been termed as the pattern
spectrum(Maragos, [1989]) or pecstrum (Anasstassopoulos et al[1991]). The pattern spectrum
quantifies the distribution of a specific shape in an image. In a sense, the pattemn spectrum can
be considered analogous to the Fourier spectrum, with the difference being that one quantifies

the shape whereas the other provides an insight into the frequency distribution of the signal.

Matheron [1978] and Serra [1986] have initially proposed the opening as a shape-size
classifier based on the granulometric distnbution. The basic idea is to employ morphological
openings as tools to generate shape-size descriptors that determine up to what scale a given

shape exists in an image. A structuring element B can generate a multi-scale family of
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structuring elements of the form #B = B®B @B...@B (n-imes, n = 0,1,2....). Thus, if B is
convex, B represents the shape and # the scale. A family of multi-scale openings {Xo#B} where

Bis the generator is denoted by

XonB = [(XOB)OBEB....68) ®B@B®B....@B] n-times Egn 5.1

The opening will eliminate all objects with shape B and size # in the image such that for
finite images at n =k, that is,

Xo kB = Egn. 5.2

The pattern spectrum is constructed by measuring the size distribution (residue) after
opening for each n From the formal mathematical definitions of the pecstrum for M
dimensional sets and functions proposed by Pitas et al[1992], we sumrmarize the definitions for

functions only (as is relevant to the subsequent discussion) as shown below.

5.1 Representation for functions (discrete)

For a discrete M-dimensional function f € ", we can define the pecstrum

-d /dn[Mes(fng )]
Mes(f)

P(n)= Egn. 5.3
where: n € [o,——ool; £ 1s a continuous convex function with its umbra Ulg) a subset of

RM™; /¢ denotes the morphological function-function opening by structunng element #g and

Mes(f)= [ [ [ [ £z xy,.., 20 e, .dx,, -

5.2 Representation for functions (continuous)

For a discrete M-dimensional function f € R™ we can define the pecstrum

(e )| = Mes{ v )|

P(")'_‘ Mes(f) ] Egn 54
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where: w € Z 7 £ 1s a discrete convex function, whose support is a compact subset of

E€ ZM+; £ denotes the motphological function-function opening by structuring element ng;

and prec( 7 = 222 Mrixxy)

EF X,

The pattern spectra denoted in the above representations can in fact be determined from
the histograms of the images for each opening transform with respect to the original image

(Haralick et al [1992]).

5.2 The Fugzgy Pattern spectrum (FPS)

5.2.1 The fundamental notions

The traditional morphological pattern spectrum is fundamentaily based on analyzing
image subsets which a constructed by using iterative erosions or openings. The key philosophy
in degenerating an image is to eliminate redundant objects or features that do not satisfy a pre-
determined criteria. This process can be considered analogous to a sieving mechanism. The
“grains” in this process represent the objects or features and the “sieve” or filter represents the

set of morphological operations.

Conceptually, this methodology does not emphasize the actual implementation process
in which the residue after each erosion or opening can be measured. This problem is
aggravated in the case of gray scale images where the measurement of each residue after the
motphological operation can be critical to the finally generated pattern spectra. Of course one
could argue that a suitable “threshold™ criteria could be ascertained to determine the residue at
each step of the iteraion. But this would essentially compromise on the image
information(since, by nature the process is heuristic) and would consequently put the reliability
of such an algorthm to question. Essentially, what is required is a tool that deals with image
ambiguity directly, rather than to leave the decision process to a pre or post processing
opetation. In fact, in the initial atguments by Dougherty and Sinha [1992], this is the

fundamental critena for the requirement of a fuzzy mathematical morphology.

P71



Chapter Five The Fuzzv Pattern Spectrum

In order to generate a fuzzy pattern spectrum, we essentially employ the mathematical
basis proposed in the context of fuzzy mathematical morphology, in tandem with fuzzy set
theoretic tools to determine the residues generated by a fuzzy etosion or a fuzzy opening.
Thus, the fundamental advantage in employing the fuzzy pattern spectrum is that it provides
the tools to quantify the spatial uncertainty which can be used directly in a decision making

process, without compromising on the spatial informaton available within the image.

5.2.1 Formal definitions

Let us now formally propose our Fuzzy Pattern Spectrum in the context of the fuzzy

operations as described above. For a continuous M-dimensional cdsp function £, its fuzzy
representation J can be obtained by using a fuzzifier ¢ such that ¢: B — /0, 7/, and thus we
have ¢:f— J. Similarly, we have the fuzzification of the crisp structuring element 4, ¢: 4

— f3 Thus, we have the fuzzy pattern spectrum for the continuous case denoted by

~d /dn| Mes(3,,)
Mes(3)

P(n) = Egn. 5.5

where: n € [O,—oo] ; B is a continuous convex functon with its umbra Uff) a subset of

E € RM*, T denotes the fuggy mospholagical opening by structuring element 78 and

Mes(3) = J‘-” Lu(x, )a'xl denotes the area of the fuzzy set

For a discrete M-dimensional functon J € &, we can define the pecstrum

P(x)= [Mei(snp )!]‘;3.[ Z;V(S(,.n)ﬁ )] Eqn 56
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whete: # € Z 7 8 is a discrete convex function whose Support is a compact subset of

Fe 7 ™, Ty denotes the fuzzy morphological opening by structuring element #f? and

MES(S) = Z Z Z .u(x]:xz""x,‘.f)

XX Xy

5.2.3 Advantages of the Fuzzy Pattern Spectrum over Conventional Approaches

In the practical implementation of the fuzzy pattern spectrum, we need to determine the
Q-cut a prior? in ordet to compute Mes(5). This is usually determined empirically based on the
nature of images and noise. The cut at level @ of a fuzzy set 4 with the characterstic function

M, and 1s defined as follows:
A, = {x:pA > a}, a e[O,l] Egn. 57

The above a-cut determines the measure after a fuzzy opening. This measure (for each

n) 15 termed as the fugzgy opening residue ('), that is,
R, =[ Mes(3,,)]- [Mes(fi(w) , )] Egn. 58

Itis obvious that by varying & we can in effect modify &, and thereby the fuzzy pattern
spectrum. This essentially depends on the nature of the images in question. In contrast to the
traditional pattern spectra based on the cdsp morphological opening, this presents a significant
advantage while employing the fuzzy morphological operator since there is no dual parameter

to &,

To elucidate the above idea, an example of the calculation of &' is shown. We employ
the result from the example of the fuzzy opening discussed earlier. In this case, we shall only
determine &, which in effect is the residue calculated after the first opening of the fuzzy set 4,
with the structuring element B as shown earlier. From the resultant opening, we Now

determine the fuzzy opening residue for #=7.
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N, = [ Mes(3 )]-[mes(s, )] Egn 5.9

In calculating the areas of the fuzzy sets after opening, namely Mes(F) (the onginal
image) and Mes(Tp) ( the resultant of the first opening), we need to determine the value of @,
Assume that we select @ = 0.5, we shall have the original and result of the opened image

matrx as below,

06 00 00 00] [00 00 00 00]
09 10 09 08 00 09 08 00
A=|00 09 08 00 0(A,8)=[00 08 08 00
00 08 07 00 00 07 07 00
00 09 10 00] (00 07 07 00]

and consequently we have the calculated value of N, as:

N = Mes(A)] - (Mes(A )]

Ny =11-8
=3
If we select & = 0.8, we shall have the orginal A and result of the opened image matrix
as below, '

[00 00 00 00] (00 00 00 00]

09 10 09 08 00 09 08 00

A={00 095 08 00 O(AB)={00 08 08 00

00 08 00 00 00 00 00 00
|00 09 10 00 |00 00 00 00

and we have the calculated value of ' as

Ny = Mes(A)] - [Mes(A)]
Ny =9-4

=J
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Thus, for one opening itself, we have different values X, This serves as a clear
advantage in determining the optimum parameters based on the nature of images. Though the

selection of a. is heuristic, it can be determined based on the nature of noise or distortion

expected in the images. The other values of & can subsequently be calculated after each

successive opening and the fuzzy pattemn spectrum thus constructed. Although the above

i

example may nsk simplification of the actual determinaton of N | it strives to demonstrate the

»?

underlying idea in using fuzzy openings and a-cuts.

5.2.5 A qualitative analysis

To explain the meaning of the fuzzy pattern spectrum, we use a texture image to
interpret variations in spectra with relation to specific image features. The idea is to employ 2
test image to generate the fuzzy pattern spectrum with relates to specific image features. In fact

the technique shown here is effectively used in a texture classification scheme discussed later.

Figure 5.1 : The fuzzy pattern spectrum for a sample Brodatz texture

The fuzzy pattern specttum shown i Fig. 5.1 has been constructed using a test texture

image of coffee beans. To generate the above distribution we process the image with a series of
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ten fuzzy erosions, beginning with a structuring element of diameter three pixels, which is
dilated by itself after each successive erosion. At each iteration we measure the value of the
fuzzy pattern spectrum by using Eqn. 5.8 shown eatlier, with the value of # ranging from 0 to
10 (for a total of ten erosions). As described earlier d(pri) 1s determined by normalizing the

tesidue after each fuzzy erosion. In our case we use the alpha cut set with & = 0.3,

In the fuzzy pattern spectrum shown in Fig 5.1 each peak represents a significant erosion
in image features, as the size of the structuring element in incrementally increased. The initial
peak represents elimination of smaller featuses that are present in the image. It should be noted
that the initial peak is largest of all, indicating the presence of a scarce number of small sized
particles in the image. The subsequent peaks are less accentated than the initial, showing that
there is a consistent presence of larger features in the test image. This is precisely the case as
seen in from the actual images. As the iterative erosion is stopped after a fixed number, the
distribution does not represent all values up to convergence. It should be noted that the
distribution is faitly even as we approach the end of the iterative process. This indicated that
the image features do not vary considerably in terms of their sizes, which is in accordance with

the observed results.

Needless to mention, the above qualitative explanaton does not necessarily provide a
comprehensive method to interpret any random shape-size distribution. In essence what is
portrayed in the above explanation is a generic method to arrve at such interpretations for
fuzzy pattern spectra. Later section will discuss spectra of various test images which are used in

image and texture classification.

5.3 Properties of the fuggy pattern spectrunms

5.3.1 Relationship to traditional Pecstrum

In this section, we discuss some of the properties of the fuzzy pattern spectrum. It can
be seen that most relations that hold true for the fuzzy opening are directly applicable to the

fuzzy pattern spectrum.
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5.3.2 Translation invariance:

The fuzzy morphological opening is invariant under translation, and hence we have

T,/FPS( x)] = FPS[T,{x)] Egn. 5.10

5.3.3 Rotation invariance

In general, the fuzzy pattern spectrum is varant undet rotadon. However, for a
rotationally symmetric (isotropic) structuring elements, rotation invarance holds true. Thus,
for a symmetrical Euclidean disc of finite suppott, rotation invariance is possible. This property
has i fact been employed by Anastassopoulos et al[1991), to determine the degree of rotation

of an object using asymmetrical structuring elements.

5.3.4 Non - invertibility

As the fuzzy pattern spectrum provides a non-unique representation, the onginal signal is
not recoverable using its fuzzy pattern spectrum alone. Thus, the fuzzy pattem spectrum

cannot in itself be used as a complete shape reconstruction system.

5.3.5. Area of the fuzzy pattemn spectrum

In the case of the traditional pattern spectrum, the atea under a finite image is always

unity. Thus, we have

N

P(n)=1 Egn. 5.11

2
]
Q

However, for the fuzzy pattern spectrum, the above will 7oz hold true, except for a = 0.

Thus, we have

DN, 2D, Mes(3)
’ " Va0 Eqn. 5.12
D Mes(J) = 1
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This 15 a direct result of the & - cuts determining the fuzzy opening residue, and is a

signiﬁcant departure from its non-fuzzy representation.

5.4 Applications of the fugzy pattern spectrum

In this final section, we demonstrate the applicability of the proposed fuzzy pattemn
spectrum as a shape classifier and a texture descdptor, based on the results derived thus fat.
The first experiment demonstrates the use of the fuzzy pattern spectrum as a tool for shape

classification whereas the latter applies to generating descriptors for textures.

5.4.1 Multilevel object recognition

Traditionally, in a multilevel shape recognition problem using pattern spectrum based
morphological approaches, the key to a successful recognition rate has been the approach used
to deal with spatial uncertainty. The limitations of the cdsp pattern spectrum are evident in
such a problem as the final result is entirely dependent on the crteria which are determined ad
hoc. We essentially demonstrate the use of the fuzzy pattern spectrum to presetve the image
characteristics while determining the pattern spectra. In our experiments, we initially used a

prototype sct of known images and the fuzzy pattern spectrum as a classifter for noisy shapes.

The prototype set consisted of four multilevel images (Annulus, T-shape, Star and Plane)
having mutually unique fuzzy pattern spectra. The original images (figures 5.2a, 5.4a, 5.6, 5.84)
were used to determine the residues after muld scale fuzzy openings (figures 5.2(b-g), 5.4(b-f),
5.6(b-}), 5.8(b-h). The muld scale fuzzy openings were implemented by using (digital) disk
shaped structuring elements of increasing diameters. The figures showed a gradual reduction of
the image area until the image residues were reduced to zero. The test set consisted of similar
images which were scaled, rotated, translated and blurred by a 3x3 blurring mask (figures 5.3a,
5.5a, 5.7a, 5.9a). Blurning introduced fuzziness in the images in terms of edge ambiguity. Since
structurng elements used were circular discs which are isotropic, rotation invadance was

maintained. The muld scale openings of the test images are shown in figures 5.3(b-g), 5.5(b-f),
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5.7(b-]), 5.9(b-h). The resultant fuzzy openings of the test set varied from the original set in,
terms of the pixel memberships as a direct result of the blurring of image edges. The criteria for
determining the measure of varation in the fuzzy pattern spectrum for each image were
calculated using the MAD (mean absolute difference) between the two image sets concerned.

We define the MAD for the two fuzzy pattern spectra (FPS; and FPSy) at 7 as follows:

§|FPS, (n) - EPS, (n)

MAD, = =2 N Egn 513

Tables 5.1-4, show the resultant MAD between the fuzzy pattern spectrum of the test

image sets and the original image sets and the classification resuits based on it In determining
the fuzzy opening residue, we used the a-cut sets with @ = 0.6 based on the type of distortion
expected in the images. The maximum gray levels in the images were 4 = 7. 0 and the

minimum g = 0. 0.

Table: 5.1: Resultant MAD for Annulus image

MAD between FPS for Test Image - Annulus
n | Annulus| J-shape | Star Plane { Result’
5 0.0 1.0 200 6.0 B
9 0.0 2.5 135 131.0 B
13 0.0 4.3 128.6 134.0 B
17 0.0 59.5 1127 | 13475 A
21 0.0 31.6 127.2 133.0 A
25 0.0 91.3 138.1 124.1 A
29 0.0 91.3 122.8 1241 A
33 0.0 91.3 1357 124.1 A

Table 5.2: Resultant MAD for J-shaped image

? A = Correct classification
B = Result ambiguous i.e. more than one MSE < §
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MAD between FPS for Test Irage J-Shape
n | Annulus | J-shape Star Plane | Result
5 1.0 0.0 200 4.0 B
9 125 0.0 135 132.5 B
13 |43 0.0 126 132.3 B
17 | 59.5 0.0 134.5 121.2 A
21 | 81.6 0.0 178.6 156.2 A
25 | 91.3 0.0 2043 140.1 A
29 {913 0.0 179.5 140.1 A
33 1913 0.0 206.2 140.1 A

Table 5.3: Resultant MAD for Plane image

MAD between FPS for Test Image - Plane
n { Annulus | J-shape Star Plane | Result
5 |6.0 4.0 195.0 0.0 B
9 131.0 132.5 195.0 0.0 A
13 | 134.0 132.3 137.3 0.0 A
17 {13475 121.2 1210 0.0 A
21 | 133.0 156.2 108.6 0.0 A
25 11241 140.1 135.0 0.0 A
29 | 1241 140.1 120.1 0.0 A
33 1241 140.1 154.2 0.0 A

Table 5.4: Resultant MAD for Star image

MAD between FPS for Test Image - Star
n { Annulus | J-shape Star Plane Result

5 ]200 200 0.0 195.0 B
9 135 135 0.0 195.0 A
13 | 128.6 126 0.0 137.3 A
17 | 112.7 134.5 0.0 121.0 A
21 | 127.2 178.6 0.0 108.6 A
25 ] 138.1 2043 0.0 135.0 A
29 1228 179.5 0.0 120.1 A
33 | 135.7 206.2 0.0 154.2 A

In our specific examples, to determine correct tecognition, the followlng critera was

used,
MAD, <& Egn. 5.14

whete 8 is the pre-determined minimum error threshold for the spectfic recognition task. In

our expenments, we selected § = 50.0. The value of Jis determined using the training set, and

is based on the relative varation in shape between the images sets under consideration.
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P

Fig.58a Fig.5.8b Fig. 5.8¢c Fig. 5.8d

Fig. 5.8f Fig. 5.8g
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9 Fig. 5.9d

From the results observed in the Tables 5.1-5.4, it is clear that correct classification of a
known object can be determined using the fuzzy pattern spectrum for all values of # provided
i, is appropriately selected based on the a-cuts, which are empirically determined. In the
above results, for small values of #, there is a possibility of ambiguity in the classification
process due to limitations of the square digital grid. For disks having small radii it is difficult to
approximate an exact Buclidean disc in the discrete digital representations which may lead to
the above phenomenon. This does not seem to present a serous drawback. In practical
applications, a decision cannot be made based only on a single opening tesidue. In general the

complete fuzzy pattern spectrum has to be used for determining the MADs.

5.4.2 Texture descriptor

In this section we discuss the fuzzy pattern spectrum as a novel descriptor for texture
classification.. The experiment is pesformed on gray scale texture images to demonstrate its
effectiveness in quandfying spatial uncertainty in images, wherein a classification accuracy of

94% is achieved.

The drawback of the traditional pattem spectra in texture classification is their inability to
deal with the fuzziness in teoms of image gray levels. The images need to be binarised to
determine the residues and the resultant pattemn spectra are highly sensitive to the thresholds in
actual implementation. The fuzzy pattern spectrum alleviates this problem by dealing with gray

level images directly and quantfies the shape-size distdbutions in terms of fuzzy memberships.
In the practical implementation of the fuzzy pattern spectrum, we need to specify the a-cut
which determines the value of &, This presents a significant flexibility since there is no dual

parameter to i, in crisp pattem spectra. Though the selection of & is heuristic, it is dependent
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on the actual number of erosions employed. The value of @ must however be greater than

zeto, since £ = ( is the image background.

The application of the fuzzy pattern spectrum for texture representation and
classification is demonstrated using an unsupervised classification approach. Five texture sets
(D4, D20, D64, D74 and D95) were scanned from the Brodatz album([1968] at 300dpi to 256
gray level images with 256 x 256 pixel resolution. The fuzzy pattern spectrum for each image
was calculated using 10 fuzzy erosions by disk shaped isotropic structuring elements, the first
being a disk of diameter 3 pixels, and the rest obtained by iterative dilation of the initial
structuring element by itself. Eroded results for one prototype texture (D20) are shown in Fig.
5.10. The prototype set consisted of five texture images as shown in Fig. 5.11, and their
respective fuzzy pattern spectra of are as shown in Figure 5.12. The test set compnsed of S0
unknown images, 10 from each texture set. The fuzzy pattern spectrum of one such test set
(texture D4) are shown in Figure 5.12. The distance between the fuzzy pattern spectrum of
each image in the test set and the five prototypes was calculated using the sum of absolute
differences and then classified based on the minimum distance criterion. The classification
tesults are shown in Table 5.5. The actual fuzzy pattern spectrum values generated for each of

the ten test set images for texture D20 (Rattan texture image) are shown in Table 5.6.

From the set of 50 test images, 47 wete cotrectly classified and the average etror margins
(average of the distance between the classification result and correct texture) for wrongly
classified textures were less than 0.04. It is believed that these results could be improved using a
larger number of erosions. The simulations were petformed on a SparcStation2 (mem: 49152K

cpu: SUNW, Sun4/75) and the user CPU times were approx. 80 seconds to generate the fuzzy

pattern spectrum for each image.
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(k)

Figure 5.10: The (a) original Brodatz texture D20, and results after erosions by disk
shaped structuring elements of diameters (b) 3, (c) 5, (d) 7, (e) 9, (H) 11, (g) 13, (h)
1S, (i) 17, (§) 19 ard (k) 21 respectively.

Figure 5.11: The original Brodatz texture (a) D4, (b) D64, (c) D74, (d) D95, (e) D20
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Figure 5.12: A cdmparison of the FPS (a) of the prototype texture set and (b) the test
set of texture D4. Erosion numbers 1 to 10 represent erosions by disks of diameters
3 to 21 respectively.

Table 5.5: Texture Classification Results

Texture Correct Wrong Average Margin
type Classification | Classification of Error
D4 10 0 Q
D20 10 0 0
D64 8 2 0.03
D74 10 0 0
D8s 9 1 0.02

Table 5.6: The fuzzy pattern spectrum values for texture D20

Rattan [Rattan |Rattan |[Rattan |Rattan |Rattan |Rattan | Rattan|Rattan | Rattan
1 2 3 4 5 6 7 8 9 10

Erosion 1 0.1289 |0.1074 [0.0864 |0.1029 [0.0907 |0.0753 |0.1019 | 0.0774 | 0.0893 | 0.0994
Erosion 2 0.1786 {0.1565 |0.1377 |0.1632 [0.1333 |0.1235 [0.1432 | 0.1239 | 0.1274 | 0.1439
Erosion 3 0.2057 |0.1835 |0.1633 |0.1904 |0.1536 [0.1395 {0.1624 | 0.1381 | 0.1438 | 0.1599
Erosion 4 0.1056 |0.1040 [0.0957 [0.1053 [ 0.0935 |0.0802 |0.0963 | 0.0849 | 0.0896 | 0.0967
Erosion 5 0.0818 {0.0827 {0.0774 {0.0767 |0.0773 [0.0764 |0.0794 | 0.0695 | 0.0750 | 0.0804
Erosion 6 0.0760 |0.0801 {0.0756 |0.0656 |0.0822 |0.0810 |0.0781 | 0.0724 | 0.0779 | 0.0787
Erosion 7 0.0448 [0.0543 |0.0529 |0.0447 |0.0562 [0.0550 |0.0541 | 0.0503 { 0.0571 | 0.0530
Erosion 8 0.0412 [0.0533 |0.0540 |0.0455 |0.0576 |0.0539 |0.0525 | 0.0537 | 0.0597 { 0.0548
Erosion 9 0.0280 |0.0412 |0.0438 }0.0336 |0.0452 | 0.0430 |0.0405 | 0.0428 | 0.0455 | 0.0425
Erosion 10 | 0.0204 {0.0331 [0.0406 |0.0287 |0.0432 |0.0410 [0.0357 | 0.0414 [ 0.0398 | 0.0356
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5.4.4 Conclusion and future directions

In this chapter we have introduced the concept of a fuzzy morphological pattern
spectrum based on an intrnsically fuzzy morphological operations. It is envisaged that the
proposed applications of the fuzzy pattem spectrum based approach could be used as a sub-
system in a complete pattern recognition system for object extraction from complex images. It
is obvious that the fuzzy pattern spectrum cannot be used in itself as a complete recognition
system in practical applications, essentially due to its non-unique representation However this
is not the intent here either. Albeit within a limited framework, the fuzzy pattern spectrum is
shown to be a robust shape classifier and texrure descriptor. In essence, the fuzzy pattern
spectrum provides an understanding of the shape-size distabution within the scope of decision

making, which is vital in a pattern recognition process.

In terms of its application to real world problems, we demonstrate the fuzzy pattern
spectrum as a classifier for simple multilevel shapes having a certain amount of fuzziness or
ambiguity from the training set. Additionally we demonstrate its use as a texture descriptor
which would prove invaluable in cataloguing texture databases since it provides concise
descriptors which can be matched easily, giving an efficient search and storage mechanism.
The accuracy of descriptors can be enhanced by using fuzzy openings which yield finer
spectra. The processing times for generating the FPS for textures are expected to be improved

considerably using fast, optimized algorithms and parallel processing architectures.

Essentially, the fuzzy pattern spectrum can be especially useful in assigning labels to
objects from many object classes. Primitive classification in character recognition problems is
one of such cases. In a neural network implementation, the fuzzy pattern spectrum may be
used in a supervised learning scheme by using the prototypes of known object classes. It is
envisaged that future work will be based on developing a complete shape recognition system
using morphological decomposition along with the fuzzy pattern spectrum as a classifier for
the morphologically primitive shapes. In terms of further extending the theoretical basis of the
fuzzy pattern spectrum, extension of the negative pecstrum and the pseudo-pattemn spectrum

to its fuzzy representation ate also fruitful directions for further investigation.
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Chapter Six

EPILOGUE

6.1 Recapitulation of the Thesis

Fuzzy mathematical morphology seeks to extend the scope of traditional morphology by
accounting for fuzziness inherent in image processing, and in essence has formed the basis for
the research work presented in the preceding chapters. In this chapter we recapitulate the
contrbutions and enhancements to the theoretical basis along with the application of these
concepts to real world problems. The final section is devoted to discussing possible future

direction for reseatch of academic interest as well as industry value.

6.2 Objectives and Accomplishments

6.2.1 Research framework and basis

The research work covering the MPhil tenure was anticipated to encompass theoretical
aspects and advances in contemporary mathematical morphology and application of the
mathematical basis to practical applications. The objective was to provide a thorough
investigation of morphological image analysis, with the final accomplishments being of
significance in terms academic value as well as industrial applicability. The literature survey and
analysis of contemporary wotk form a significant portion of perhaps any research undertaking.
Indeed, the background research work has played an indispensable tole in deciding the focus

of this research to be concentrated on fuzzy mathematcal morphology, which is by far, one of
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the most interesting developments in contemporary mathematical morphology. The ground
work for establishing the fundamental basis of fuzzy mathematcal morphology can be credited
to Stnha, Dougherty {1992] and Bloch, Maitre[1993] which has also been the definition

adopted for our proposed developments.

6.2.2 The vehicle license plate segmentation algorithm

The initial study of tradittional mathematical morphology formed the basis of the design
for the vehicle license plate segmentation algorithm. We employed traditional morphological
operation to segment the vehicle license plate segmentation algorithm region based on
detecting simple features such as characters and lines. The significant advantage over earlier
proposed approaches was the minimal demands of the algorthm in terms of image
requirements. The test images consisted of complex images captured by a commercial CCD
camera, in natura]l ambient lighting conditions and tested with images in poor illumination and
noise. The algorithm, albeit developed for vehicle licence plate detection, can be used in other
similar applications involving detection of text, as it is based on the detection of features
present in commonly in characters. Thus this algonthm can be applied to other recognition

problems as well without any significant modification to the main algorithm.

In order to supplement the robustness of the algonthm and minimize false detection, the
algotithm could be enhanced .to detect additional features present in the license plate region.
These features could include inner side of comers, which could be detected using the hit or
miss transform with suitable structuring elements. Additionally, the hit or miss transform could
also be employed to detect fully or partially enclosed areas with varying sizes of structudng
elements. A combination of these methods would increase the robustness of the algorithm
hence easing the constraints on the image requirements. This research investgation has been

published in the form of a conference publication.
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6.2.3 The tropical cyclone segmentation algorithm

Fuzzy mathematical morphology served as a more approprate tool in the case of the
problem of automated object segmentation from GMS imagery. The nature of the problem
was to design an algorithm which used morphological filtering criteda that would provide a
result within the scope of decision making. We designed a novel algorithm combining
tradittonal as well as fuzzy mathematical morphology to segment tropical cyclones from GMS
imagery. The key feature of this algonthm was its ability to deal with the ambiguity in the
features required to classify a tropical cyclones, using the reasoning process used manually by a

human expert.

The proposed algorithm was tested with vaded images (single, multple tropical
cyclones)and experimental results were encouraging, in the sense that they were obsetved to
be comparable to those of human experts within the specified limitatons. The overall
computing requirements were economically feasible as the implementation was entirely based
on some efficient and simple morphological and masking operations. Furthermore, some
sections can be implemented in parallel, as the algonthm is basically designed to extract
features independently, hence these processing steps can be executed simultaneously. The
algorithm can be used for detection of other cloud formations by simple modifications to the

structuring elements and morphological operations

6.2.4 The Fuzzy Pattern Spectrum

The subsequent direction pursued was predominantly academic nature, aiming to
consolidate and enhance the axioms thus far developed in the fuzzy mathematical morphology
context. In terms of academic value, the most notable contdbution has been introduction of
the concept of a fuzzy morphological pattern spectrum based on an intdnsically fuzzy
morphological operator. The proposed fuzzy pattern spectrum was aimed at establishing a
theoretical framework for fuzzy granulometres, which is an enhancement to the basic theory
of fuzzy mathematical morphology. The fuzzy pattem spectrum provides a tools to quantfy
the spatial ambiguity or fuzziness, which has thus far been solved by heuristic reasoning. The
key to the flexibility of the fuzzy pattern spectrum (as opposed to the traditional non-fuzzy
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pattern spectra) is the fuzzy opening residue, which essentally serves as the cognitive tool that

can be customized based on the nature of the application.

The application of the proposed fuzzy pattern spectrum in mult-level object and texture
classification demonstrate its robustness over tradittonal pattern spectra. It is envisaged that the
proposed approach could be used as a sub-system in a complete pattern recognition system for
object extraction from complex images. Though the fuzzy pattern spectrum cannot be used in
itself as a complete recognition system it however can be used in tandem with other techniques
such as morphological shape decomposition. In essence, the fuzzy pattern spectrum provides
an understanding of the shape-size distribution within the scope of decision making ,which is
vital in a pattern recognition process. To this effect, we have demonstrated its applicability as a
pdmitive shape classifier and texture descriptor. Such concise descriptors would be useful in
cataloguing large image databases, to reduce search matching times. Additionally, the
descrptors generated using the fuzzy pattern spectrum can be used in a recognition system
based solely on morphological operations. A typical system could used morphological shape

decomposition algonthms

6.3 Anticipated directions and Perspectives

Mathematical morphology finds a diverse range of applications due to the intrnsic
simplicity of operators employed. The basic tools ate based merely on min-max operators that
are easy to understand even by developers without delving into complex mathematcal
computadons. Additionally, the min-max operators provide practical solutions for real-time

applicadons due to the ease of implementation on pipelined or parallel architectures.

Fuzzy mathematical morphology provides a substantial enhancement over traditional
techniques for processing requirements that need to deal with the inherent fuzziness in certain
applications. Rather than replace traditional operations, the fuzzy operators can be employed in
tandem with their crisp counterparts to provide the dght blend of usability and simplicity. It is
perceived that there are plentful areas of applications where such operators would prove

indispensable. Some such areas could be extraction of facial features from closed-circuit
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imagery, which finds applicadons in information compression, and can be applicable to
secuntty and monitoring systems. The use of the fuzzy pattem spectrum as a feature descoptor
which would enable a compact yet comprehensive storage mechanism for textures as also its
used in determining faults and irregularities in textures. In a neural network implementation,
the fuzzy pattern spectrum may be used in a supervised learning scheme by using the
prototypes of known object classes. Future work could be focused on developing a complete
shape recognition system using morphological decomposition along with the fuzzy pattern
spectrum as a classifier for the morphologically primiive shapes. The extension of the negative
pecstrum and the pseudo-pattern spectrum to its fuzzy representation is also a fruitful direction

for further investgaton.

Experimentation with different renditions of the index function will extend the scope of
mathematical morphology. It is envisages that future work will deal with multilevel multishape
object extraction, using fuzzifiers such as the 7-function and the use of fuzzy logic in edge
enhancement and noise filtering combined with the techniques discussed in this is extending

these 1deas to the negative and pseudo pattern spectrums.

The research work related to the automatic segmentation of Tropical cyclones and
tropical storms from remote sensed Geo-stationary Meteorological Satellite images is also
under preparation for Jou:hal submission. Enhancements to the basic design could involve
extending the implementation as a generic algorithm independent of the size of image features
and determining the optimum result accuracy to computation complexity ratio. Better
segmentation results can be possible by employing information from other sources in the
tracking system which can be used to limit the region of interest. This follows from the fact
that once the tropical cyclone is segmented from the initial image, the subsequent images can
be reduced to only the possible areas of movement. Other enhancements include an
introduction of some post processing steps such as image smoothing to improve segmentation
results. Requirement on the tropical cyclone size can be relaxed (at the expense of computation
speed) by varying the structuring elements sizes and using the same process iteratively. It
should be noted that since this algorithm forms part of an expert system, there will be a certain
amount of g priori information available. In terms of real-ime implementation considerations,
the proposed algorithm has been shown to be effectively implemented on standard systems.

Another avenue for further development is implementation of the algonthm in hardware. As
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this algorithm is based solely on simple morphology operations and image addition or
subtraction it can be effectively implemented in hardware which would significantly reduce the

processing time, an important factor to be considered in real ime recognition systems.

In conclusion, this research work has managed to yield a thorough investigation, striking
a balance between theoretical concepts and application oriented problem solving. However,
there still vast areas of uncharted waters that remain to be explored. It is hoped that the
theoretical foundatons proposed in this work will stnve to increase the populanty and

applicability of morphological image processing in real-world problems.
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APPENDIX A

A.1 Overview of the Software

The morphology software “Fuzzymorph”, developed by our research group (led by Dr.
Joe C. H. Poon) was essentially to satisfy the need for non-commercial software to implement
morphological operations. The software development project was aimed at providing a
comprehensive yet user friendly package that would be useful to the practicing engineer. The
unique feature of this platform is that it can be used to implement traditional as well as fuzzy

morphological operations including the fuzzy pattern spectrum.

A.11 Introduction

The implementation of some fuzzy morphological operations descrbed in the preceding
chapters, was petformed using the “Fuzzymorph” platform. The platform was designed to

implement fuzzy morphological operations with a view to providing cost effective solutions..

A.12 System Requirements

The “Fuzzymorph” platform was targeted to be implemented on most commonly

available computer systems. In general the minimum system requirements for this platform are:

A PC compatible system, with at least 80386 or compatible microprocessor, running on
DOS 5.0 or higher. A minimum of 4 MB of RAM should be installed, and the program
executable code and supporting files requite approximately 2 MB of free hard disk space. To

visualize images, a VGA color monitor with at least a 256-color display card is recommended.
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A.2 Using the Fuggymorph Platform

A.2.1 Opening Screen

In Figure A.1, the opening screen of “Fuzzymorph™ is shown.
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Figure A.1 The opening screen of the Fuzzymorph platform

As shown in the figure, there are several panels visible in the opening screen. Each panel
displays specific information or control features to the users. Panel 1 shows the main menu
listing all the basic operations provided by the platform, all the procedures available in this
platform are shown in this area. Panel 2 displays the image specifics listing all image
information such as width, height, size and so on will be displayed in this window. The
parameters used in fuzzy morphological operations and in constructing the fuzzy pattern
spectrum can be found in panel 3. They include the S function parameters 4, & and ¢ which
essentially determine the fuzzification and defuzzification of the image, the indicator function
parametess 7 and # and the « level cuts. The actual shape and size of the structuring element
descnbed by the number of rows and columns and the coordinates of the origin are shown in
panel 4. Additionally, the membership values of each element within the structmiﬁg element
are also displayed in this panel. However, if the diameter of the structuring is greater than 10 x
10, the its data is not be shown, due to limitation of the panel size. Panel 5 offers a command

line for the user as well as the status of the processes and the error messages.
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A.2.2 Main Menu

To select the operation or command, the user need only enter the number in front of the
command shown in the menu windows to commence the operation. Figure A.2, shows all the
sub menus that are avalable as main menu functions branches. The main menu, provides 8
options in all, and each can be selected by entering the number in front of the displayed
command, which show the corresponding sub-menu. When option 8. (Exit} is selected, the
program will be terminated and returns to the system prompt. In the following sections, we

discuss the use each functon in the sub-menus in detail.

In the File menu, there are 5 options viz. 1. Read Image, 2. Write Image, 3. Read S.E., 4.
Auto S.E) and 5. Exit to Main.

Option 1. (Read Image) lets the user specify the image which is to be processed, by
specifying the input the file name of the bitmap image in the dialog window.
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Figure A.2 Branches to sub-menus from the main menu
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Option 2. (Write Image) is used to write the processed images into a file. The user will

be prompted to inbut the file name that the result should be saved in.

Option 3. (Read S.E.) is used to read the user defined structuring elements. In the
dialog box, the file name of the structuring element is specified. If the structuring element can
be read successfully, the detailed configuration of the structuring element is shown in Panel 4.
The maximum number of the structuring elements that can be stored is 20 and the platform
will assign a number ranged from 1 to 20 to it according to the order in which each the
structuring element is specified. User defined structuring elements can be created by using any
text editor and the number of rows and columns and the origin of the structuring element must
be specified. The system supports function type structuring element, hence the image pixel
mtensities can be expressed within the range from 0 - 255. An example of a typical structuring

element is shown in Figure A.3.

11764
0025500-1-1-1-1
-10025500-1-1-1
-1-10025500-1-1
-1-1-10025500-1
-1-1-1-10025500
-1-1-1-1-10025500-
-1-1-1-1-1-100255G0

1
1
-1-1
-1-1
-1-1
1

Figure A.3: An example of structuring element

The first line of the structuring element file describes thesize and location of onigin of the
structuring element. The first number indicates the number of columns in the structurng
element, the second indicates the number of rows and the third and fourth number indicate the
x and y co-ordinates of the origin of the structuring element. (We let the horizontal direction
be the x axis as it goes from left to right, and let the vertical direction be the y axis as it goes
from top to bottom). The value -1 in the elements of the structuring element indicates the
“ignore” state of the structuring element which would not be processed by the morphological
operators. Thus irregular shaped structuring elements can also be accommodated in this

system.
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Option 4. (Auto S.E.) provides a standard disk shaped structuring element which is
generated by the platform automatically. The diameter of the structuring element need only be
specified to generate the structuring element. The element values for such a structuring

element range from 0 to 255 with its origin always located at the center.
Specifying Operational Parameters

In the Parameters Changing Menu, there are 6 user defined parameters. These parameters
give the user enough flexibility to modify each operation to achieve the desired result from the
fuzzy morphological operations and the fuzzy pattern spectrum. The parameters that can be
changed using this menu are a: 1. (éhange a), 2. (Change b), 3. (Change c), 4. {Change
indicator(1)), 5. (Change otder n} ,6. (Change o-cut) and 7. (Exit to Main).

For image fuzzification we use the S-function or sm-function as an image fuzzifier and
defuzzifier to map the pixel intensities to fuzzy memberships. In an image X of dimension M x N,
consisting of a dark background with gray level I,,;, and a bright object region with gray level
{mayx, it would be reasonable to assign membership values, gy, using the S function as shown in

Egn. A.l.

0 ifx<a
51 ifa<x<b Eom AT
S(xa:5,9=1¢, itb<x<o .
1 ifx>c
here. Sirabeye T
where: i(x;a, ’C)-(b-a)(c—a)
PSP C.dulo M
Z(X:a: ,C)— (C""b)(c—a)
and
a+c
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In this example, 4 =/ and ¢ = /,,. The membership values are assigned such that pixels

closer to /

max

are assigned values closer to 1, and those closer to /,, are assigned values closer to

0. Pixels with gray levels closer to the cross-over point, 4, are the fugziest points and are assigned

values closer to 0.5.
Option 1. (Change a)

This function is used to change the lowest gray-level value of the S function. If the gray-
level of a pixel is below this value, the S function will assigns zero membership to that pixel. By
default, its value is 0.

Option 2. (Change b)

This function is used to change the gray-level value of the cross over point of the §
function which is the mid-point of the 5 function and bas the membership value equal to 0.5.
A change in this value will in effect change which gray level should be mapped to the mid-
point and hence change the shape of the § function. By default, its value is 728.

Option 3. (Change ¢}

This functon is used to change the highest gray-level value of the § function. If the gray-
level of a pixel is greater than this value, the S function will give a 7 membership to that pixel.
By default, its value is 255.

Option 4. (Change d)

when this function is selected, the user can change the pardcular indicator function used
in fuzzificaton pdor to the fuzzy morphological operation or to generate the fuzzy pattern
spectrum. There are in all three vanations of the indicator functions available for the user to

choose from based on Eqn A.2 below,

I(4,B) = inf min[1, A, (x)) + AL~ 4 (x))] Eqn. A2

The exact definition for A can be selected by selecting from the three choices which

correspond to Eqn. A.3-5. By default, Eqn A.3 is selected.
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A(x)=1-x", nzl, Egn A3
A= 0zn>o
= P /] -
. (X L ) Egn A4
1 x Ln(3)
Af{x)= -, n2—==15849. . Egn. A5

1+x" 27 77 Ln(2)

Option 5. (Change order 1)

The user can vary the index value of the indicator function using this option. The range
of index value will depend on which indicator function is selected, and are indicated in the

prior equations.
Option 6. (Change & - cut)

This option is used to change the a-level cut for image defuzzification. If it is equal to 0,
the normal defuzzification will proceed so that the inverse of the S function will be used. If
not, it will act as the threshold to defuzzify the processed fuzzy data. In case of the fuzzy

pattern spectrum, the ¢- level will be used to determine the residue following a fuzzy erosion.

By default, the & level is set to 0.

Display Menu

This menu offers three options, viz 1. (Display Image), 2. (Display S.E.), and 3. (Exit to
Main).

Option 1. (Display Image)

When the user selects this function from the Display Menu, the mnput image and the
processed image will be displayed. The original image will be shown in the upper part of the

screen while the processed image will be shown in the lower part of the screen.
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Option 2. (Display S.E.)

When this function is selected, the user view the parameters of the structuring element.

If the size of the structurdng element is greater than 10 x 10, the entire screen will is used.

Select Menu

The Main menu options 4. (Fuzzy Morphology) or 5. (Morphology) open the Select
menu. This menu offers two processing modes, the Single processing mode, which can process
one single operation and the Multiple processing mode which can be used to process a batch

file containing a series of operations.
Option 1 (Single process mode})

Option 1 provides the single processing mode and either traditional or Fuzzy
Morphological operations can be implemented using the appropuate selection. By default, the
first specified structuring element will be used for processing. If the hit or miss transform is

selected, the first and second structuring elements will be used.
Option 2. (Multiple processing mode)

Option 2. facilitates the processing of a series of traditional or fuzzy morphological

operations sequentially with a maximum of ten operations.
Fuzzy Morphology Menu

The fuzzy mathematical morphology menu offers seven operation viz, 1. (Closing), 2.
(Dilation), 3. (Erosion), 4. (Opening), 5. (Top-Hat Transform), A. (Morph. gradient) and 7.
(Hit or Miss Transform). Pror to implementing fuzzy morphological operations, the images
and structuring elements need to be fuzzified by the fuzzifier described earlier. Subsequently,
after processing the resultant image needs to be defuzzified. Two approaches can be employed
while defuzzifying. The first one is the simple inversion of the of § function and the other to
the threshold the result which will produce a binary image
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Morphology Menu

In similar fashion, the morphology operation menu offers all the traditional non-fuzzy
counterparts of the above mentioned operations. We apply the function-function operations

while implementing gray scale morphological operations.

Image Operations Menu

There are seven image operations provided viz, 1. (Copy to buffer), 2. (Anding with
buffer), 3. (Orng with buffer), 4. (Differences), 5. (Addition), A. (Equalization) and 7. (Exit to
Main).

Option 1. (Copy to Buffer)
"This option is used to copy the cutrent image to the temporary image buffer.
Option 2. (Image Anding)

This operation provides a pixel wise logical “and” with the buffer and is implemented by

using the following operation:
Andff &) = min( fix) 07 Eqn. A6
where fand g are the image and buffered data respectively.
Option 3. (Image Oring)

This operation provides a pixel wise logical “or” with the buffer and is implemented by

using the following operation:

Or(fg) = max ( fix), 40x7)) Egn. A7

where fand gare the image and buffered data respectively.
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Option 4. (Image Difference)
This operation can be used to subtract the buffer by the current image.
Option 5. (Image Addition)

When this function is selected, the buffer will add with the current image.

Option 6. (Image Equalization)

This function can be used to equalize images having poor contrast by using a simple

histogram equalization algorithm.

The Fuzzy pattern spectrum processing menu

In this menu, operations relating to the fuzzy pattern spectrum operations ate available.
In essence, the user has the option to determine the number of iteration of fuzzy operations
which are used to generate the fuzzy pattern spectrum. Moteover, one can save the spectrums
into file for further analysis. To relate two fuzzy pattern spectra, a comparison function is
available to correlate the two spectra. The available options are: 1. (Find Profile), 2. (Save
Profile), 3. (Read Profile), 4. (Display Profile), 5. (Compare Profile) and 6. (Exit to Main).

Option 1. (Find Profile)

Using this function is selected the user can calculate the fuzzy pattern spectrum of an
image. The number(#) of iterations of a fuzzy opening need to be specified, based on which 2
set of fuzzy pattern spectrum data is generated. The intermediary images that are generated
during each iteration will be saved to files named resulicxx.bmp (where socx represents the
iteration number of opening). Before the fuzzy pattern spectrum is generated, the user can
modify the &-cut using Option 6. (Change & cut) in the Parameter Changing menu to the

appropnate desired value,
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Option 2. (Save Profile)

This function enables the user to save the generated profile into a file.. The saved files
have a specific file format and contain the resulting values of the fuzzy pattern spectrum and
" the number of opening used to process the fuzzy pattern spectrum. These files can then be

used to compare varous spectra. An typical file is shown in Figure A3,

5

0.186308
0.187761
0.086526
0.074632

Figure A.3: A typical fuzzy pattern spectrum data file

The number in the first line indicates the number of opening used to calculate the
spectrum aad subsequent numbers are the normalized residues generated after each iteration of

the fuzzy pattern specttum.
Option 3. (Read Profile)

The user can read the fuzzy pattern spectrum data files into a temporaty buffer using this
option. There are two buffers used to store the spectrum. If the first buffer is occupied, the
spectrum will be read into the second buffer. If both are occupied, the spectrum in the second

buffer will be removed and then the new spectrum will be read mnto it.
Option 4. (Display Profile)
The actual profile of the fuzzy pattern spectrum can be viewed using the option.
Option 5. (Compare Ptgﬁle)

To determine the correlation among two spectrums this option is used. All the correlated
values are displayed on the screen and the maximum value is found from the y-axis. Figure Ad

shows a screen shot of a typical correlation between two different spectra.
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0,988

o
Corrmiation Ra¥it

Figure A.4: An example of a typical correlation function.
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