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ABSTRACT

Fuzzy Similarity Measure and Its Application to
High-resolution Colour Remote Sensing Image Processing
Yu Li, MASc

Civil Engineering, Ryerson University, Toronto, 2004

The focus of the study in this thesis is placed on developing basic algorithms and tools
for high-resolution colour remote sensing image processing tasks such as colour

morphology, multivariate clustering, and multivariate filtering.

First, the fuzzy similarity measure (FSM) among vectors in a vector space is introduced.
This measure is based on two assumptions for the relationship among vectors: short-
range ordering and fuzzification. Second, based on the FSM, the colour morphology,
multivariate fuzzy clustering, and multivariate filtering are defined. The performances of
all proposed methods will be evaluated numerically and subjectively. Third, this study
also places more emphases on solving some applied problems related to recognizing
colour edges, detecting and extracting complex road network and building rooftops, and
reducing noise in high-resolution remote sensing images such as QuickBird, Ikonos, and
aerial images. The results obtained in the study demonstrate the effectiveness and

efficacy of the FSM and the proposed methods.
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1 INTRODUCTION

Remote sensing images acquired from aircraft and spacecraft platforms provide much
more useful information of the earth’s surface and atmosphere, and play an increasingly
important role in a broad range of applications ranging from geology (Reeves, 1999),
geography (Bo et al., 2001), agriculture (Richards, 1993), forestry (Neville and Till,
1991; Goodenough et al, 2003), environmental monitoring (Ehlers et al., 2003),
transportation (Georgopoulos et al., 1995), and so on. Consequently, remote sensing
image processing techniques to extract, analyze, process, and interpret the information
included in remote sensing images require knowledge from several disciplines such as

computer vision, digital image processing and pattern recognition (Richards, 1999).

1.1 Motivations

Since the early 1960s, numerous satellite sensors have been launched into orbit around
the earth to observe and monitor the Earth and its environment (Fu and Cazenave, 2001).
Most early satellite sensors acquired data for meteorological purposes (Carleton, 1991;
Bader, 1995). The advent of earth resources satellite sensors (those with a primary
objective of mapping and monitoring land cover) occurred when the first Landsat satellite
was launched in 1972 (Short, 1982). Currently, many types of orbiting satellites provide
data to improve the knowledge of the earth’s atmosphere, oceans, ice and snow, and land

(Lowman, 2002; Verstraete, 2000). With the development of satellite imaging sensor



techniques for earth observation (Jacobsen, 1998; Kilston, 1998), the new generation of
very high spatial resolution commercial imaging satellite sensors such as Ikonos (Dial et
al., 2003)-and QuickBird (http://www.digitalglobe.com) has shown that images acquired
from these satellite sensors can provide a viable alternative to aerial images for mapping
the earth’s surface. However, due to the lack of intelligent and fast image processing
algorithms and tools, it is difficult to apply these data to landuse management, urban
mapping, city planning, environmental study and transportation planning (Stafford,

1991).

The work presented in this thesis was motivated by developing efficient image processing

techniques to analyze and interpret high-resolution remote sensing images.

1.2 Goals and Key Issues

In this thesis, three aims are focused on. First of all, a mathematic foundation for other
works in this thesis is attempted to establish. This work is accomplished by studying the
similarity among vectors in a vector space and defining the fuzzy similarity measure
(FSM) between two vectors. The second aim of this thesis is to develop efficient and
powerful tools for high-resolution remote sensing image processing tasks such as colour
morphology, fuzzy clustering and multivariate filtering. The last one is to solve some
applied problems in Geomatics such as colour edge extraction, road and building
extraction and noise reduction from high-resolution remote sensing images such as

Ikonos, QuickBird, and aerial images.


http://www.digitalglobe.com

The following key issues will be studied in this thesis.

e Fuzzy similarity measure (FSM)
o Definition of the FSM
o Analysis of numerical properties of the FSM
o Case study: colour similarity
e Colour morphology
o Definition of colour morphology based on the FSM
o Analysis of properties of the colour morphology
o Case study: color edge extractor based on the colour morphology
e Fuzzy Clustering
o The fuzzy c-partition algorithm based on the FSM
o Definition of colour histogram
o Colour image segmentation method based the fuzzy c-partition algorithm
and colour histogram
o Case study: road and building extraction
e Multivariate filtering
o Definition of the multivariate filtering method based on the FSM
o Analysis of properties of the proposed filtering technique

o Case study: noise reduction



1.3 Methodologies

Remote sehsing images are generally available in discrete digital format and represent the
spatial distribution of energy emanating from the earth’s surface in a sensible range of
wavelengths. Consequently, remote sensing images are usually originated in multivariate
forms such as multispectral and multitemporal images. As a result, processing
multivariate images is much more complicated due to the increased dimensions and the
needs for extracting and exchanging information from and among all components.
Therefore, it is important to organize components as one entity because both within and
between components correlations will be used. Toward this end, it is convenient to treat
all components of each pixel in a multivariate image as a vector, called the feature vector
corresponding to the pixel. Mathematically, all possible feature vectors form a vector

space, called feature vector space.

In vector-based multivariate image processing, an important measure between two
vectors is the similarity measure that can be used to compare two vectors and determine
whether and how they are related to each other. The fuzzy similarity measure (FSM) that
computes the fuzzy-based similarity of two vectors in a feature vector space is defined by
using a fuzzy similarity function, which uses the distance and angle of two vectors and is
based on two basic assumptions, i.e., the short-range ordering and fuzzification on vector

similarity.



The first application of the FSM is to define colour morphology. The developed
morphology is under following assumption, i.e., the pixels of an object in a colour image
have the similar colours. The purpose of the defined colour morphology is to recognize
the shape of objects in a colour image by smoothing the colours in each object and

shrinking or expanding objects.

In fuzzy clustering algorithm based on the FSM, the FSM is used to compute the fuzzy c-
partition matrix. The colour histogram defined in this thesis is employed to determinate
the number of the clusters in a colour image. The segmentation algorithm based on the
fuzzy clustering and colour histogram can be modeled a combinational optimum

problem.

Following the FSM, a fuzzy similarity filter (FSF) is developed. Unlike the commonly
used vector-based filtering techniques which always select so-called the most central
vector as the output of filters, the FSF chose the most central vector or the original
vectors as the output if the late is similar to the most central vector under a given

threshold.

1.4 Organization of the Thesis

The thesis is organized as follows. Chapter 2 provides basic knowledge which will be
used throughout this thesis, for example, the background notions on colour spaces,

similarity measure, mathematical morphology, fuzzy set theory, and vector-based filter.



In Chapter 3, the discussion will be focused on the definition of the FSM and the analysis
of its properties. An example is provided to show how to apply the proposed similarity
measure to compare colour similarity in RGB colour space. In chapter 4, the basic colour
morphological operations such as dilation, erosion, closing, and opening based on the
FSM will be introduced. And the application of the colour morphology to colour edge
extraction will also be given. In Chapter 5, the FSM is applied to designing a fuzzy
clustering algorithm. A histogram-based colour segmentation method is also introduced
and is employed to design object extractor to extract the road networks and building
roofs. In Chapter 6, a novel multivariate filter based on the FSM, called fuzzy similarity
filter (FSF), is introduced. The application of the FSF to detecting and removing noise
from corrupted remote sensing images is also described. The performances of the FSF
and other vector-based filters such as vector median filter (VMF), vector directional filter
(VDF), and distance-direction filter (DDF) are compared in Chapter 6. Chapter 7 draws
conclusions on the findings from the research and gives some recommendations for

future research.



2 PRELIMINARIES

In this chapter, some basic knowledge which will be used throughout this thesis is
mentioned. In particular, colour space, similarity measure, mathematical morphology,

fuzzy set theory, and vector based filtering technique are discussed.

2.1 Colour Space

Colour is the perceptual result of light in the visible region of the electromagnetic
spectrum, having wavelengths in the region of 0.4 — 0.7 um, as shown in Figure 2.1

(Wyszecki and Stiles, 1967; Gonzalez and Woods, 1992; Fairchild, 1998).

Red Green Blue

0.4 um 0.7 um
Fig. 2.1 Visible electromagnetic spectrum.

Psychophysiology studies have shown that colour information is generally tri-variant
(Boynton, 1979). The reason is that the human retina has three types of colour
photoreceptor cells, called cones, which have peak sensitivities in the red, green and blue
portions of the electromagnetic spectrum, respectively. Therefore, a colour can be

specified by a tri-components vector. The set of all colours forms a vector space, called



colour space or colour model. Three components of colours can be defined in many
different ways, which lead to various colour spaces such as RGB (Red, Green, Blue), HSI
(Hue, Saturation, Intensity), CMY (Cyan, Magenta, Yellow), L*u*v*, and L*a*b*, etc.
For simplification, only RGB and L*u*v* colour spaces are introduced in this section

because they will be used later.

2.1.1 RGB Colour Space

In RGB colour space, a colour is represented by the combination of its three primaries
(Red, Green, Blue). This model uses a rectangular coordinate system with three
coordinate axes assigned to each of three primaries to indicate their intensities which start
at the origin and increase along each axis (Wyszecki and Stiles, 1967). This colour space

is illustrated in Figure 2.2.

Blue
Blue

Green

Green

Red

Fig. 2.2 RGB colour space.

Because each colour in RGB colour space can only has the discrete values between zero
and some maximum intensity (255 for 8-bit length), the resulting structure of this colour

space is a cube. Any colour can be simply defined by giving its red, green, and blue



values or coordinates within the colour cube. These coordinates are usually represented

as an ordered triplet (r, g, b).

RGB colour space is an additive colour space. Its origin starts at black and all other
colours are derived by adding various amounts of the primary colours. It is the natural
choice for computer display where black or no light intensity is the starting point and the
increasing intensities of the red, green, and blue electron guns provide the range of
colours. RGB colour system is also used as a physical colour model which is utilized to
digitize colour images. Recently, many colour image processing algorithms have been
developed for this space. However, RGB representation is far from the one used for the
human sensation of colours and colour features in RGB colour space are highly

correlative.

2.1.2 Uniform Colour Space

In spite of all useful characteristics of the chromaticity diagram, it lacks a very important
characteristic. That is, even though the spatial distance between two colour points in this
diagram equals that between other two colour points, their perceived distances must not
be the same. In the worst case, for two pairs of colour points in this diagram with the
same perceived distance, their spatial distances can differ as much as 20 times. In order to
correct this difference, researchers have been trying to find a perceptually uniform colour
space. Unfortunately, it has still not been found. Commission Internationale de

I'Eclairage (CIE) proposed two alternatives as improvements compared with CIE XYZ



space. They are L*u*v* and L*a*b* colour spaces. Although the two colour spaces are
referred to as perceptually uniform colour spaces by some authors (Wyszecki and Stiles,
1967), they are not. Just for comparison, two pairs of colour pionts with an equal distance
in perceptual can differ in the L*u*v* distance as much as four times. This is a
significant improvement compared to twenty times in the original space, but it is still not

perfect.

Converting the representation of colours from the linear RGB colour space to L*u*v*
colour space is based on CIE XYZ space and a white reference, see Jain (1989) and Pratt

(1991).for details.

The RGB values in the range [0, 1] can be converted to the corresponding CIE XYZ

values in the range [0, 1] by using the following matrix transformation (Pratt, 1991):

X 04125 0.3576 0.1804 | r
Y |=102127 0.7152 0.0722 | g 2.1)
Zz 0.0193 0.1192 0.9502 | b

And the reference point [X,, Y,, Z,] to express the special XYZ value when (r, g, b) = (1,

1, 1) should be used (see Pratt, 1991).

The conversion between CIE XYZ and L*u*v* is defined with the formulas, which can

be described as follow.
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The lightness component L* of L*u*v* colour space is defined by CIE as the modified

cube root of luminance Y in CIE XYZ space (Hill et al, 1997; Hall, 1999):

(

1
3
116(1) 16,
o] %,

903.3(-’1],
A Y"

Computations of u* and v* involve the intermediates u”, v*, u,”, and v,” defined by

PR S
X +15Y+3Z

N ¢
X +15Y +3Z

4Y

] n

“TX 4157, +32,

9Y

' n

y '=
"7 X, +15Y,+3Z,

if % > 0.008856

n

otherwise

The formulas for u* and v* are given by

w*=13L*(u'-u,")

11

(2.2)

(2.3)

(2.4)

(2.5)

(2.6)

2.7



v¥=13L*(v-v,') (2.8)

2.2 Similarity Measures among Vectors

To determine the relationship between two objects or events is of importance in various
applications such as information retrieval (Frakes and Baeza, 1992), pattern recognition
(Li and Cheng, 2002), data mining (Erlich et al., 2002), image retrieval (Zhao et al.,
2003), and so on. The most important and useful relationships among objects include the
degree to which they are similar, called similarity measure, the degree to which they
differ, called dissimilarity measure, and the degree to which the features of one object
completely encompass those of another, called compatibility measure (Cross and
Sudkamp, 2002). Among these measures, similarity measure is often used and is
difficultly quantified. In vector analysis, the spatial distance and the relative direction of

two vectors are often used to measure and judge similarity (Stark and Yang, 1998).

Let V be a vector space and R be the set of real numbers. A norm on V is a function that

assigns a real number, denoted by || v ||, to each vector v in V such that

e ||v|[=0and||v] =0ifandonlyifv=0

e |lav|l=]alllv]|, YVae R and veV

o lv+ulisllvii+llul, vv,uev
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The vector space V together with the norm || - || is called a normed vector space, denoted

by (V. [[ - ID-

Let 1S p<eo and V; =[V,,V,,,A ,V, 1" € R™, the p-norm of V; is defined by

m 1/p
vi,=(Sml @9
and

NV, .= max{|V, IV, LA .IV,, [} (2.10)

then (R", || - ||,) is a normed vector space. When p = 2, the norm || - |2 is called the

Euclidean norm.

It is obvious that the norms defined in Equations (2.9) and (2.10) can be considered as the

measures of the magnitude of vectors in a normed vector space.

Let V,,V; € (V.|| -|I), the distance between V; and V; can be defined by
dw,v,)=v,-v|| @.11)

Let V,,V, € (R™,]||l,), the distance between V; and V; can be defined by

13



m Up
d,V,V;)= (Zlvtk =Vi ’p) (2.12)
k=1

and
dW(V,.,Vj) = max{l Vi —VjI |,|V,.2 —ij |,A ,|V,.m —Vj,,l |} (2.13)

When p = 1, di(V;, V)) is the sum of absolute displacements, called city block distance.
When p = 2, dy(V,, V)) is the straight line distance, called Euclidean distance. When p =

o, de(V;, V)) is the so-called chessboard distance.

Another useful distance measure is the weighted distance measure. Let

w,,w,,A ,w, € R, then the weighted distance measure is defined as,

m 1/p
d,,V.,V,)= (Z welVie —ij|p) (2.14)
k=1
where wy, wy, ..., w, are called the weighting factor and satisfy Z w;, =1.

i=1

It is obvious that the distance measures defined above can be used as similarity measures
between two vectors. In this case, the shorter distance between two vectors means the

larger similarity between them.
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The angle between two vectors can also be used as a similarity measure.

Let <V;, Vj> be the inner product between V; and V;, || Vi || and || V; || be the norms of V;

and Vj, respectively. The correlation of V; and Vj, r (V;, V)), is defined by

<V,V;>

rV,V,)=—=>o 1"
vV

The inner product in R™ is defined by
<V,V; =2 V,V,
k=1

whereV, =[V,,V,,,A ,V,.1",V, =[V,,V;,,A ,V,, ]"€eR"
It is clear that < V;, V; > = ||V||[* for V; € R".

Let 0 be the angle between V; and V;in R", then

<V,V,> Z,: kT

cos@=r(V,V;)=

= 2s . 172
LI (i) (zm rj
j=

15

(2.15)

(2.16)

(2.17)



where 6 € [0, 7)

It is worthy of note that as a similarity measure, the angle measure, n(V;, Vj) = cos(6),

only considers the relative direction of the two vectors and neglects the distance of them.

2.3 Mathematical Morphology

Mathematical morphology was developed by Matheron (1975) and Serra (1982) as a
geometry-based technique for image processing and analysis. This section briefly
introduces some basic concepts of mathematical morphology which are often used in
binary morphology, grayscale morphology, fuzzy-based grayscale morphology, and

colour morphology.

2.3.1 Binary Morphology

Mathematical morphology was initially developed for binary imagery, called binary
morphology, which uses the set operators such as union, intersection, complementation,

and translation, while a binary image is represented as a set.

Let E be the Euclidean space R ™ or the discrete integer space Z™, a binary image can be

represented as a subset of E or a mapping f: E — {0, 1}.

16



The translation operator, T, which translates the set of object vectors,0V c E, by a

constant vector,a € E , is defined as

T,(0V)={ov+a:ove OV} (2.18)

The reflection or symmetry operator, —, of OV is defined as

-0V ={-o0v:ove OV} (2.19)

Definition 2.1 Let BI c Ebe a binary image and SE c Ebe a binary structuring
element. The binary dilation 87, erosiongl,, closing 1, and opening og; of BI by SE

are binary images given by:

§STE(BI)={ae E:T,(-SE)NBI # ®} (2.20)
el (BI)={ae E:T,(SE)c BI) (2.21)
Xse(BI) = €5 (5 (BI)) (2.22)
03¢ (BI) = 85 (£5; (BI) (2.23)
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Generally, the binary dilation typically will extend the contours of the objects in an
binary image, while the binary erosion will reduce them. Furthermore, the dilation will
fill up small gaps and narrow channels, while the erosion will eliminate small foreground
details, enlarge gaps and broadens channels. The binary opening will suppress small
peaks and eliminates other small details, while the binary closing will fill up narrow
channels and small gaps. It is notable that in contrast to the binary dilation and binary
erosion, the size of larger structures or objects isn’t really affected by binary closing and

binary opening.

2.3.2 Grayscale Morphology

Binary morphology has been successfully extended to grayscale morphology. Such
extension requires rules for the combination of different grayscale values. There are
several approaches which are used to extent binary morphology to grayscale morphology,
for example, the umbra approach (Heijmans, 1996), the threshold set approach (Maragos
and Ziff, 1990), the complete lattice approach (Ronse, 1990), and the fuzzy logic

approach (Goetcherian, 1980).

For the complete lattice approach, its mathematical fundament is the complete lattice
theory. This grayscale morphology follows on the assumption that the set of all possible

grayscale images constitutes a complete lattice.

18



A nonempty set L with a partial ordering < is called a complete lattice if every subset
M c L has an infimum OM and a supremumOM in L. Suppose that L and M are two
complete lattices, an operator y : L — M is said to be increasing if L, < L, implies that

w(L1) < y(Lp), for Ly, L, OL.

Definition 2.2 An operator 6: M — L is called dilation if (Y M j)=Y 8(M ;) for every
jeJ jeJ

collection{M ; |;.,cM}. An operator &: L — M is called erosion if &(1 L D=1 &L;) for
jeJ jed

every collection{L; |, L}. Two operators &2 L — M and 6: M — L are said to be an
adjunction between L and M if 0 (M;) < L; &M; <¢ (L;), for any L; OL and M; OM, i.e.,
o(M;) is an infimum of L if and only if M; is an infimum of M. (¢, d) is used to denote an

adjunction between L and M.

Definition 2.3 If (¢, 6) is an adjunction between L and M, then the composition &0 is a

closing on M and J¢ is an opening on L.
2.3.3 Fuzzy Morphology

Fuzzy morphology means the grayscale morphology defined on fuzzy logical and fuzzy
sets. It is another alternative extension of binary morphology to grayscale morphology. In
this technique, concepts from fuzzy logic and fuzzy sets are used for designing

morphological operators rather than representing grayscale image as a fuzzy set.
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Several researchers have made their contributions to fuzzy morphology. Goetcherian
(1980) first applied the concepts from fuzzy logic to grayscale morphology. This
technique ﬁas also been advocated by several other researchers, for example, Sinha and
Dougherty (1993), Bloch and Maitre (1995), De Baets (1997), and Nachtegael and Kerre
(2001). De Baets (1997) developed a general logical framework which induces previous
results as special cases. His idea was to fuzzificate the logical operations, i.e., Boolean
conjunction and Boolean implication, to obtain a successful fuzzification. In other words,
his work was based on the notions of negator, conjunctor and implicator on the unit

interval.

Definition 2.4 A unary operator Neg: [0, 1] — [0, 1] is called a negator if it is decreasing

on [0, 1] and satisfies Neg (0) = 1 and Neg (1) = 0 (De Baets, 1997).

Definition 2.5 A binary operator Conj: [0, 1] x [0, 1] — [0, 1] is a conjunctor if it is
increasing on [0, 1] and satisfies Conj (0, 0) = Conj (0, 1) = Conj (1, 0) = 1 and Conj (1,

1) = 0 (De Baets, 1997).

Definition 2.6 A binary operator Imp: [0, 1] x [0, 1] — [0, 1] is called an implicator if it
is hybrid monotonous on [0, 1], that is, decreasing with first argument and increasing
with second argument, and satisfies Imp (0, 0) = Imp (0, 1) =Imp (1, 1) = 1 and Imp (1,

0) = 0 (De Baets, 1997).
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According to the above definitions, every implicator Imp induces the negator Neg;
defined by Neg,(x)=Imp(x,0),Vxe [0,1]. Similarly, given a conjunctor one can

construct an implication from the conjuntor, and vice versa (De Baets, 1997). Using these
extended logical operators, the basic fuzzy morphological operators are defined as

follows.

Definition 2.7 Let Conj be a conjunctor on [0, 1]2, Imp be an implicator on [0, 1]2, GI be

a grayscale image (GI: R™ — [0, 1]), and SE be a grayscale structuring element (SE: R"

SE
Imp

— [0, 1]). The fuzzy dilation &2F

Conj are the grayscale images

and the fuzzy erosione&

defined by
5gfnj (yed,)= sup Conj(SE(x-y),GI(y)) (2.24)
xeTy(dB)
e (yed,)= sup )Imp(SE(x—y),Gl(y» (2.25)
xeT,(dy

where d4 and dp are the domains of image GI and structuring element SE, respectively,

and are defined by
d,={ze R"|@re[0I)(GI(z) =1)} (2.26)
d, ={ze R" | @t [0,])(SE(z) =)} (2.27)
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T, (dp) is the translation operation of d, by the vectorw € R™,

T,(d;)={z€ R"|z—we SE} (2.28)

Definition 2.8 Let Conj be a conjunctor on [0, 112, Imp be an implicator on [0, 11, GI be

a grayscale image, and SE be a grayscale structuring element. The fuzzy closing ngnj,,mp

and the fuzzy opening 0Z, ,,, are the grayscale images defined by

Xeaimp = Emp Ocon;) (2.29)

(£3E) (2.30)

SE _ SSE
olmp,Conj - 5 Imp

Conj

2.3.4 Colour Morphology

Similar to the extension from binary morphology to grayscale morphology, in order to
extend the concepts of grayscale morphology to colour morphology, one needs some
rules to organize colour values. The complete lattice has been used in colour morphology,
because it retains the basic properties of its grayscale counterpart. However, when
employing the theory of complete lattice, an inherent difficulty is that there is no obvious

and unambiguous method of fully ordering colours (vectors).
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So far, there is no unified colour morphology theory, due to the variety of vector ordering
schemes and colour spaces that can be used. Approaches to defining colour morphology
can be categoried by the vector ordering schemes. They are marginal morphology
(Beacher, 1996), partial morphology (Meyer, 1996), and reduced morphology (Serra,
1982).

2.4 Fuzzy Set Theory

This section reviews some basic notions about fuzzy set theory, which will be used later.
More information on fuzzy set theory can be found in Gottwald (1979), Dubois and

Prade, (1980), Zhang, (1980), George and Bo (1995).

The concepts of fuzzy sets and fuzzy logic were first introduced by Zadeh (1965) to deal
with problems involving knowledge expressed in vague, linguistic terms. Classically, a
set is defined by its members. In traditional (crisp or point) set theory, an object (or
element) may be either a member or a non-member of a set. Mathematically, the set U,
called universe of discourse, can be represented by its indicator function, or charateristic

function, u

1if ueU
- @231)
Hl) {0 if ug U

As an extension of classical set theory, a fuzzy set can also be characterized by its

charateristic function, called membership degree function, which maps U into the interval
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[0, 1]. The value O of the membership degree means that the member is not included in
the given set. The value 1 of the membership degree describes a fully included member
(these behaviours correspond to classical set theory). A value between O and 1

characterizes the degree to which a member belongs to the universe.

Definition 2.9 A fuzzy subset F on U can be described by its characteristic function ur

which is a mapping from U to [0, 1], i.e.,
urs U — [0, 1] (2.32)

Generally, there are two notations for fuzzy set, F stands for the actual fuzzy set, while
ur, which is always a function from U to [0, 1], means a degree assigned to each member
of U, called the membership degree. All fuzzy sets on U form a set denoted by F(U). Like
the crisp set theory, some operations between two fuzzy sets on F(U), such as union,

intersection, and complement, can be defined by using their characteric functions.
Definition 2.10 Let U be a universal set, F; and F> be two fuzzy subsets on U, and their

characteristic functions be ur, and ug,, then unionv, intersection A of F; and F,, and

complement ' on F are defined by

Moy (X) = max{,uﬁ (%), M, (0}, VxeU (2.33)

Hsnry (%) = min{ 1, (0), 5, (1)}, Vxe U (2.34)
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M5 () =1-p1p (x),Vxe U (2.35)

2.5 Vector-based Filters

Let n m-dimensional vectors in the vector set V = {V;, V,, ..., V,} be arranged in

ascending order according to some ordering criterion as follows

the ith vector Vj; in this sequence is called ith order statistic. The minimum vector V),
maximum vector V), and median vector V(j,z)) are the most important order statistics,

resulting in the min, max, and median filters, respectively.

Unfortunately, ordering multivariate vectors is not straightforward, because there is no
notion of the natural order in a vector space as in one dimension case. Although there is
no unambiguous scheme for ordering multivariate vectors, many works have been done
to order multivariate data. Barnett (1976) proposed the sub-ordering principles to rule the
ordering. In general, the sub-ordering principles are divided into four classes: marginal
ordering (M-ordering), condition ordering (C-ordering), partial ordering (P-ordering), and

reduced ordering (R-ordering) or aggregate ordering.
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In the M-ordering scheme, vectors in V are ordered along each of components
independently. The ith marginal order statistic is the vector Vg = [V, Vizs ---» Viiyp -
Vi), where Vg j is the ith largest element in the jth component. The marginal order
statistic V(; may not correspond to any original vector in V as it does in the one
dimension case. This ordering scheme is equivalent to a separating method in which each

component of a vector is processed independently and new vectors may be resulted in.

In the P-ordering scheme, the objective is to partition vectors into groups such that these
groups can be distinguished with respect to order, rank, or extremeness. For example,
subsets of vectors are grouped together forming minimum convex hulls. The first convex
hull is formed such that its perimeter contains a minimum number of vectors and the final
hull contains all other vectors in V. However, to determine the convex hull is a difficult
task if the dimensions of V are more than two. Another drawback associated with P-
ordering scheme is that there is no ordering within the groups and this scheme is not
easily expressed in analytical terms. Thus, P-ordering is still rather infeasible for

implementation in color image processing.

In the C-ordering scheme, vectors are ordered conditionally on some specified
component. Thus, after the component is ranked other components of each vector are
listed according to the position of the ranked component. This scheme has a disadvantage
in multivariate image processing, i.e., only the information in one channel is used. It
seems that this ordering scheme is suitable for ordering colours in HSI colour space in

which the components of colours have less correlation.
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In general, the R-ordering scheme reduces a vector to a scalar value according to a given
criterion. Mardia (1976) further developed the subclasses of R-ordering scheme: measure
ordering and projection ordering. The measure ordering refers to the use of any specific
measures among vectors, such as distance and angle measures. It is obvious that R-
ordering scheme is easier to be used in multivariate image processing than other vector

ordering schemes.

By using the distance measure d(V;, V) defined in Section 2.2 for two vectors V; and V;

in V, the aggregation distance D(V;) associated with each vector V; can be calculated by

DWV,)=>dV,V;), fori=1,2,...,n (2.37)

j=1
If the aggregation distances of all vectors in V are arranged in ascending order, i.e.,

D(Vy)) £D(V(5)) SA ,<D(V) S,A <DV y,) (2.38)
then the same ordering to all vectors in V is implied, i.e.,

V(l) SV(Z) S,A ,S V(') S,A ,SV(n) (2.39)
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In the ordered sequence presented in Equation (2.39), V() is the minimum vector. It is
defined as the vector in V whose aggregation distance is minimum. This ordering results

in the vector median filter (VMF).
Like distance measure of vectors, the angle measure between two vectors can also be

used to order the vectors in V. Using the angle measure a(V;, V)) described in Section 2.2,

the aggregation angle A(V;) associated with the vector V; can be calculated as follows
n
A(V,-)=Za(V,.,Vj), fori=1,2,...,n (2.40)
=

Similarly, the order of the vectors in Equation (2.39) can also be implied, if the

aggregation angle defined in Equation (2.40) follows the order,
AVy) AWV () SA S AVE) SA <AV ,) (2.41)

In this case, V() in Equation (2.39) results in another kind of vector filter, the basic vector

directional filter (BVDF).

To take advantage of both distance and angle measures, the R-ordering scheme based on

the so-called distance-angle measure is introduced.

Generally, the product of the aggregation distance and aggregation angle for V; is defined

as
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DAYV, = 3a(V,.V )3.d(V,.V,) (2.42)
=1 =1

where d(X;,X;)anda(V;,V;)are the angle and distance measures between V; and V;,

respectively.
From Equation (2.42), an ascending ordering of the products DA(V;)’s is assumed, i.e.,
DAV 4)) £ DA(V(5)) S,A ,< DA(V;)) S,A , < DAV ,) (2.43)
then the order implies the same ascending order to the corresponding vectors V;’s, i.e.,
Vay SV SA LSV SA LSV, (2.44)

By using V(jy in Equation (2.44), the filter, called directional-distance filter (DDF), can be

constructed.
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3 FUZZY SIMILARITY MEASURE

The similarity measure is an important concept in multivariate data analysis (Bouchon et
al., 1996; Santini and Jain, 1999; Yeung and Tsang, 1997). Such a measure can be used
to compare two vectors in a vector space and to determine how they are similar to each
other. In a vector space, both the spatial distance and the relative direction of two vectors

are the similarity measures (Stark and Yang, 1998).

In this chapter, a new similarity measure between two vectors in a vector space, called
fuzzy similarity measure (FSM), is introduced. It is based on both distance and direction
of vectors and address the rationale of the proposed measure from the short-range

ordering and fuzzification perspectives.

This chapter consists of four sections. In Section 3.1, the definition of the FSM is given.
In Section 3.2, the numerical properties of the FSM are analyzed. In Section 3.3, an
example to show how to use the FSM to compare the colour similarity in RGB colour

space is presented. A summary about the study is given in Section 3.4.

3.1 Definition of FSM

The FSM is based on two basic assumptions: (1) short-range ordering, and (2)

fuzzification on similarity relationships among vectors. The idea behind the short-range
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ordering similarity among vectors is sparked by the same concept from solid physics. It is
well known that the atom structure in an amorphous is short-range ordering. This
phenomenon can be explained as that the interaction among atoms in an amorphous just
exists among those atoms that are concentrated in a small neighbor. In other words, an
atom in the amorphous is just correlated with those atoms in a neighbor around it.
Similarly, this phenomenon also happens for vectors in some feature vector spaces. For
example, depending on the human perception, similar colours in RGB colour space
concentrate on a small neighbourhood. In addition to the short-range ordering, the
similarity among vectors in some feature vector spaces is difficult to quantify and shows
much more uncertainty, so the best way to characterize the similarity is to use a fuzzy

based measure.

Instead of directly using both distance and angle between two vectors as their similarity

measures like stated in Chapter 2, this chapter introduces the FSM which uses the

distance and angle of two vectors simultaneously and models the concept of the short

rank ordering and fuzzification on similarity among vectors.

Definition 3.1 Let V be a vector set. A fuzzy membership function g,

4V XV >[0]] 3.1)

is called a fuzzy-based similarity measure among vectors in V if u satisfies the following

conditions:
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(a) Ascending
(b) Convex
(c) Identical

(d) Symmetric.

For (a) and (c), it is easy to understand that the similarity measure between two vectors
should has a larger value if they are more similar (ascending), and the measure value
should be equal to 1 when two vectors are the same (identical). Convexity is explained as
that given two vectors, if there exist other two vectors that locate between them, then the
similarity between the latter is larger than that for the former. Symmetry emphasizes that

two vectors should has the same similarity no matter their order.

In order to define a reasonable and reliable similarity measure, it is necessary to indicate
the meaning of the similarity between two vectors by considering the contribution of the
distance and angle between them. There may be many different ways to explain the
similarity. In this study, two vectors in a vector space are considered to be similar if they
have both a short distance and a small angle. Based on this idea, the fuzzy membership
function described in Equation (3.1) can be defined by a mapping from the distance and

angle of two vectors to the unit interval [0, 1], i.e.,

uV,v,):dy,vy),ewv, vy —-Ioll, VV,V,ev (3.2)
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where d (V;, V)) and 6 (V;, V) are distance measure and angle measure between V; and |

respectively.

And the above conditions for u can be further stated as follows

(e) u(Vi,Vp) u(Vi, V), if d(V,V)) 2 d(Vy,V)) and 6(V,,V)) > 6(Vi, V), V Vi, Vj, Vi,
VieV

O u(Vi, V) p(Vi,Vi), V,,V,,V,,V, € R" and V,,V, € [V,,V,]

(g) 1 (0,0)=1, and g (0, 8) =0, and

() 4(ViV) = u(V, Vi), VY,V eV

There exist many convex functions that satisfy the conditions (e)-(h) and can be selected
as the fuzzy membership functions. The following equation is used in this study as the

FSM.

LV, V) =Y cos(l,60V,V)) (3.3)

where k; = [0, ©) and k; = [0, 1], and d(V;, V) and 6(V;, V)) are distance and angle

between V; and V; defined in Equations (2.15) and (2.21), respectively.

It is obvious that Equation (3.3) satisfies the above conditions (¢) and (g) directly. It is
also worthy of note that if Equation (3.3) is used as the definition of the FSM the

condition (h) is also naturally satisfied.
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Figure 3.1 explains the convexity of the FSM in 2-D case. For any two vectors V; and V;
correspon&ing to points A and B in quadrant I with the distance |AB| and angle AAOB
between them. If there are other two vectors V; and V; corresponding to points C and D
on AB, it is obvious that the distance |CD| and the angle ACOD between Vi and V, are
less then |[AB| and AAOB, i.e., d(Vy, Vi) <d(V;, V)) and 6(Vi, Vi) < 6(Vi, V)), respectively.
By Equation (3.3), it can be concluded that u(V;, V;) < u (Vi, V). It means that V; and V,

are more similar than V; and V; are. Then the convexity is proved.

Y‘p

OI

Fig. 3.1 Convexity of FSM in 2-D case.

3.2 Numerical Properties of FSM

In this section the numerical properties of the FSM is discussed. The impact of the

parameter k; on the FSM when k; = 1 is illustrated in Figure 3.2.
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Fig. 3.2 Impact of k; on FSM when k; = 1.

When k; = 0, the FSM defined in (3. 3) depends only on the angle and is decreasing on 0.
This case is shown in Figure 3.2(a). Figure 3.2 also illustrates that the value of the FSM is
sensitive to the change of k. It implies that the values of the FSM have a rapid
attenuation with the slight increase of k; as shown in Figures 3.2(b)-(f). So the parameter
ki can be used to decide how two vectors are similar when they are gapped by a distance

d.
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Figure 3.3 illustrates the impact of the parameter k, on the FSM when k; = 1.

Fig. 3.3 Impact of k; on FSM when k; = 1.

L]

When k; = 0, the fuzzy similarity measure depends only on the distance, which is shown
in Figure 3.3(a). In this case, the values of the FSM have no relation to the angle measure

0. Figure 3.3 shows that the FSM decreases as the angle and k; increase.

Figure 3.4 shows the change of the FSM with the change of the parameters k; and ko,
where d = 0.5 and 0 = /4. Comparing with Figure 3.3, it can be observed that the value
of the FSM is much more sensitive to the change of k; because 4 has more pronounced

attenuation with the increase of k;.
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Fig. 3.4 Impact of k; and k, on FSM, whend =1, 8 = n/4.

It can be concluded from the analysis of the numerical properties that the FSM can
adequately characterize the short-range ordering and fuzzification of the similarity. The
short-range ordering of the similarity can be explained by selecting a threshold to
characterize the degree under which vectors are considered to be dissimilar or non-
correlative. For each vector in a vector space there is its neighbour in which its similarity
values to other vectors are larger than the given threshold. As a result, the neighbour can
be called the range in which the vectors are similar. On the other hand, the range of the
neighbour can be determined by the parameters k; and k;. It means that the neighbor
restricted by a certain threshold will change with the different combinations of the

parameters k; and k,. This can be explained as the uncertainty of the similarity.
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3.3 Colour Similarity in RGB Colour Space: An Example

In this section, the FSM is applied to measure the colour similarity in RGB colour space.
RGB colour space is an additive colour space. Its three primary colours (r, g, b) are
combined additively to produce any desired colour. Each component of a colour is
represented by a value between O and 255. For example, RGB value (255, 255, 255)
indicates white, and (0, 0, 0) indicates black. This representation leads itself to be easily
manipulated by computer systems. It also means that 16,777,216 (=255% = 255 x 255 x

255) colours can be represented in such a RGB colour space.

In order to demonstrate the similarity among colours, the similarity measures between the
colour (204, 102, 153) and colours in three typical groups (see Figures 3.5-3.7) in RGB

colour space are calculated.

The colours in Group 1 are sampled from whole RGB space by evenly dividing the RGB
cube into eight bins and taking colours corresponding to the nodes of each bin. In Figure
3.5, the gray cube denotes the RGB cube, the planes surrounded by white lines are the
slicing planes to cut the cube, and the planes I, II, and III are the colour planes consisted

of those selected colours.
The colours in Group 2 are from a colour subspace in which the red changes from 153 to

255, the green from 51 to 153, and the blue from 102 to 204. It means that the colour

subspace is a 102* cube. By evenly dividing the RGB colour subspace into eight bins and
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taking colours according to the nodes of each bin the colours for Group 2 can be
obtained. In Figure 3.6, the gray cube denotes the RGB colour subspace, the planes
rounded by white lines are the slicing planes to divide the cube, and the planes, II, and III
are the colour planes consisted of selected colours.

G, I

127

255

Fig. 3.5 Colours in Group 1.

204 153 102 51 153

Fig. 3.6 Colours in Group 2.
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The colours in Group 3 are obtained with the same way as for Group 2. The only
difference is that the colour subspace for Group 3 locates from 187 to 221 for red, from

85 to 119 for green, and from 134 to 170 for blue, see Figure3.7.

170 153 136 102 187

Fig. 3.7 Colours in Group 3.

The similarities between the colour (204, 102, 153) and each of selected colours are

measured by the FSM. The computational results are given in Tables 3.1 and 3.2.

For all selected colours, the similarities are first computed with parameters k; = 0.001 and
k, = 0.2. The results are listed in Table 3.1. The aim of this experiment is to exanimate
whether colours similarity measured by the proposed similarity measure conforms to the
human perception. Table 3.1 also shows those selected colours. By observation, the
results obtained in general conform to the human perception. Of course, the human
perception on colour similarity is subjective and sometimes application dependent. In

Table 3.1, the colours in Group 3 have larger similarity values to the colour (204, 102,
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153) than that of the colours in Group 2, since the colour subspace from which colours in
Group 3 are obtained is totally embedded in that colour subspace from which colours in
Group 2 are taken. As a result, the colours in Group 3 are more similar to the colour (204,
102, 153) than those in Group 2 in vision.

Table 3.1 Similarity measure values and colours in Groups 1, 2, and 3.

Group 3 Group 2 Group 1

S R,G,B S R,G,B S R.G,B
1.0000 | 204, 102, 153 1.0000 | 204, 102, 153 09389 | 255, 127, 127
0.9831 | 221,102,153 [l 09501 | 255,102,153 09172 | 127,127,127
0.9831 | 187, 102, 153 0.9499 | 204, 102, 204 i 0.8895 | 255, 127, 255
0.9831 | 204, 102, 170 { 09499 | 153,102, 153 0.8865 | 255,0, 127
0.9831 | 204, 102, 136 0.9498 | 204, 153, 153 1708749 | 127,0, 127
0.9831 | 204, 119, 153 [ 09497 | 204, 102, 102 0.8747 | 127, 127, 255
0.9831 | 204,385,153 [N 09496 | 204,51, 153 0.8553 | 255,0,255
09762 | 221,102,170 |8 0.9303 | 255, 102,204  0.8468 | 255,255, 127
09762 | 187,102, 136 | 09301 | 255,153,153 1| 08435 | 255,127,0
09762 | 221,119, 153 |8l 0.9301 | 153, 102, 102 08432 | 127,0,255
09762 | 187,85,153 | 204,153,204 ||j[j-]li 0.8352 | 127,255 127
09762 | 204,119,170 [SSi 153,51, 153 0.8337 | 127,127,0
0.9761 | 204, 85, 136 255,51, 153 | 08251 | 255,255,255
0.9761 | 221, 85, 153 204, 51, 102 08174 | 255,0,0
0.9761 | 204, 85, 170 204, 51,204 | 0.8148 | 127,255,255
09761 | 221,102, 136 ik 255, 102, 102 08105 | 127,0,0
09761 | 187,119, 153 § 153, 102, 204 i1 0.8010 | 0, 127, 127
0.9761 | 187, 102, 170 204, 153, 102 0.7936 | 255, 255,0
09761 | 204, 119, 136 [§ 153,153, 153 0.7837 | 0, 127,255
09710 | 221,119, 170 255, 153, 204 0.7835 | 127,255,0
09710 | 187,85,136 | 153,51, 102 0.7797 | 0,0, 127
0.9708 | 221, 85, 170 255,51,204 0.7640 | 0,0,255
0.9708 | 187,119, 136 255, 153, 102 0.7599 | 0,255, 127
0.9708 | 221, 119, 136 153, 153, 204 0.7588 | 0,0,0
09708 | 187,85,170 [ 153, 153, 102 0.7521 | 0,127,0
0.9708 | 187, 119, 170 J§ 255, 51, 102 0.7488 | 0,255,255
09708 | 221,85,136 | 153, 51,204 0.7218 | 0,255,0

Table 3.2 lists the values of the similarities between colour (204, 102, 153) and each
colourin Group 3 with the different combinations of the parameters k; and k, i.e., ky =
0.001 and k, = 0.2, k; = 0.01 and k; = 0.2, and k; = 0.0001 and k; = 0.8. The results in
Table 3.2 indicate that the similarity measure decreases as k; (or k) is increasing and

more detail can be identified.
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Table 3.2 Similarity measure values and colours in Group3.

ki =0.001,k;=0.2 ki=0.1,k2=0.2 k; =0.001,k,=0.8 Colours
*S *R, *G, *B N R.G,B S R.G,B
1.0000 | 204,102,153 1.0000 | 204,102,153 1.0000 | 204,102,153
0.9831 221,102, 153 0.1827 221,102,153 0.9827 221,102, 153
0.9831 187,102, 153 0.1827 | 187,102, 153 0.9826 | 187,102,153
0.9831 | 204,102,170 0.1827 | 204,102,170 0.9824 | 204,102,170
0.9831 | 204,102,136 0.1827 | 204,102,136 0.9823 | 204,102,136
0.9831 | 204,119,153 0.1827 | 204,119,153 0.9822 | 204,119,153
0.9831 | 204,85,153 0.1827 | 204, 85, 153 0.9821 | 204,85, 153
09762 | 221,102,170 0.0903 | 221,102,170 09759 | 221,102,170
09762 | 187,102,136 0.0903 | 187,102, 136 0.9758 | 187,102,136
09762 | 221,119,153 0.0903 | 221,119,153 0.9755 | 221,119,153
09762 | 187,85,153 0.0903 | 187,85,153 09752 | 187,85,153
0.9762 | 204,119,170 0.0903 | 204,119,170 0.9750 | 204,119,170
0.9761 | 204, 85,136 0.0903 | 204, 85, 136 0.9747 | 204,85,136
09761 | 221,85, 153 0.0903 | 221,85, 153 09741 | 221,85,153
0.9761 | 204,385,170 0.0903 | 204, 85,170 0.9740 | 221,102,136
09761 | 221,102,136 0.0903 | 221,102, 136 09740 | 204,85,170
0.9761 187,119, 153 0.0903 | 187,119,153 0.9739 | 187,119,153
0.9761 187,102,170 0.0903 | 187,102,170 0.9739 | 187,102,170
09761 | 204,119,136 0.0903 | 204,119,136 0.9739 | 204,119,136
09710 | 221,119,170 0.0526 | 221,119,170 09708 | 221,119,170
09710 | 187,85,136 0.0526 | 187,85,136 0.9707 | 187,85,136
0.9708 | 221,85,170 0.0526 | 221,385,170 0.9687 | 221,85,170
0.9708 | 187,119,136 0.0526 | 187,119,136 0.9681 187,119, 136
0.9708 | 221,119,136 0.0526 | 221,119,136 0.9680 | 221,119,136
0.9708 | 187,85,170 0.0526 | 187,85,170 0.9676 | 187,85,170
0.9708 | 187,119,170 0.0526 | 187,119,170 0.9676 | 187,119,170
0.9708 | 221,85, 136 0.0526 | 221,85, 136 0.9674 | 221,85,136
* S = Similarity; R = Red; G = Green; B = Blue.

Comparing the similarity values of columns 1, 4, and 7 in Table 3.1 and selecting a
threshold (for example, 0.97), if the values of the similarities is smaller than this
threshold the colours are considered to be dissimilar, then the range of short-range
ordering for the similarity can be determined to be the cube corresponding to the colours

in Group 1. And by observing the similarity measures in columns 1, 3, and 5 in Table 3.2,
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the similarity measures change for the same colour. The phenomenon indicates the

fuzzification of the FSM.

3.4 Chapter Summary

In this chapter, the scheme for measuring the similarity among vectors in a feature vector
space has been presented. Under two basic assumptions on similar relationship of
vectors: short-range ordering and fuzzification and by using both distance and angle of
vectors, the similarity measure between two vectors is defined and its numerical
properties are studied. Experimental results have shown that the similarities for colours in
RGB colour space obtained by the similarity measure coincide with that from human
perception. In the following chapters of this thesis the proposed similarity measure will
be used to define colour morphology, fuzzy clustering and multivariate filtering

algorithms.
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4 COLOUR MORPHOLOGY BASED ON FSM

In this chapter, the colour morphology is defined by using the FSM proposed in the
previous chapter. The properties of the colour morphology are also given. To demonstrate
the application of the colour morphology to colour image processing, an edge extractor

focused on the detection of colour edges is designed.

4.1 Introduction

Mathematical morphology has been wildly used in image processing community (Serra,
1982; Sternberg, 1986; Dougherty, 1992; 1994; Haralick et al.,, 1992). This is not only
due to its rigorous mathematical theory (Heijmans and Ronse, 1990), such as set theory
(Tourlakis, 2003), fuzzy set theory (George and Bo, 1995; Klir and Yuan, 1995),
topology (Cain, 1994), and lattice theory (Wechler, 1992), but also its powerful utilities
in image analyses, such as image filtering (Heijmans, 1996b; Pessoa and Maragos, 1996;
Schonfeld, 1996; Mehnert and Jackway, 2000), image segmentation (Beacher, 1996;
Meyer, 1996; Bienick and Moga, 1998; D’Ornellas and Boomgaard, 2000; Pesaresi and
Benediktsson, 2000), image measurement (Serra, 1982), image sequence analysis
(Demarty, 1996; Gu, 1996), and image texture analysis (Auber et al., 2000). Generally
speaking, mathematical morphology uses morphological operations to analyze and
recognize geometric properties and structures of objects in images. Mathematical

morphology has been well developed and used as a complete and efficient tool to analyze



the spatial organization in binary and grayscale images. It can be categorized into binary

morphology and grayscale morphology.

From both practical and theoretical point of view, colour morphology should be of great
interest. Firstly, it is well known that colours play a significant role in human visual
perception and is heavily relevant to remote sensing image processing when multi-
spectral and hyper-spectral images become widely available (Sharma and Trussel, 1997).
By contrast with binary and grayscale imagery, colour imagery contains more
information which can be used to simplify image analysis, e.g., object identification and
extraction based on colour attributes (Ohta et al., 1980). Therefore, it is necessary to
develop efficient techniques to analyze colour images directly. Secondly, since both
binary and grayscale morphology are intended to analyze binary and grayscale imagery,
respectively, it would be of interest, from the theoretical point of view, to extend

morphological theory to colour morphology fro directly processing of colour imagery.

The simplest scheme for extending grayscale morphology to colour morphology is to
treat a colour image as three independent monochrome images corresponding to its three
components, and then to utilize grayscale morphological operators to deal with each
colour component. Unfortunately, this procedure has some drawbacks. For example, it
produces new colours that are not contained in the original image and losses the
correlations among the components. Vector morphological techniques involving these
correlations have been developed (Comer and Del, 1998; Talbot et al., 1998; Vardavoulia

et al., 2002). These algorithms are based on the concepts of ranking multivariate data
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(Barnett, 1976; Mardia, 1976; Mardia et al., 1979). In other words, they require an
appropriate colour ordering scheme to define colour morphological operations that can
retain the basic properties of their grayscale counterparts. Unfortunately, ordering vectors
is not straightforward, because there is no notion of the natural ordering in a vector space
as in one dimension case. On the other hand, it seems that the similarity is more essential
and significant than the order to characterize the correlation between vectors in a feature

vector space.

In this chapter, novel colour morphology is introduced. The proposed colour morphology
is based on the assumption, i.e., the colours represent an object in colour imagery are
much more similar than those for other objects. In fact, it is true for most of scenes.
Under the above assumption, the proposed morphological operations should be able to
smooth the colours in the same object and at the same time “shrink” or “expand” the
objects to detect their geometric structure. By using the FSM proposed in Chapter 3, the
infimum and supremum operations are firstly defined. On the basis of the infimum and
supremum operators, the fundamental colour morphological operations (erosion, dilation,
opening, and closing) are defined. As an application of the proposed colour morphology,
edge detectors for extracting edges in colour images are designed by using the colour

morphological operations and post-processing algorithms.
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4.2 Infimum and Supremum Operators Based on FSM

Let X represent an arbitrary m-dimensional vector subset of a vector set V on R"™, which
includes n vectors, ie., X = {Xy, Xa, ..., Xi, ..., X;:}, Xi = [Xi1, X», ....Xi m]- The most
dissimilar vector pair, called max-min vector pair (X,uax, Xmin), induced in X, consists of
two vectors between which the value of the FSM is minimum comparing to the values for

all possible vector pairs in X x X, that is,

(Xmax’ X'"i" ) = (Xi’ XI) /l(xi-XfFlsT.ilgﬂ”(xhxl) (4. : )

The maximum vector X, and minimum vector X,,;, in the max-min vector pair (Xuax,

Xnin) are defined as one with larger magnitude and another with smaller magnitude, i.e.,

4.2)

Xmax - X‘l Xi'xje(xmax'xmin)-"xillzllxju

(4.3)

Xoin =X .~| XiuX (X g X i) IS,

where || - || is a norm chosen as the measure of the magnitude of a vector.

According to the FSM proposed in Chapter 3 and the maximum and minimum vectors

defined above, all vectors in X can be classified as two classes CL1 and CL2, called the

similar vector class. For any vector X; € X , if the value of the FSM between X; and X,.in
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is larger than that between X; and X, then X; belongs to CL1. Otherwise, the vector

belongs to CL2, i.e.,

CLI={X, l Py X Y21 Xy X )X X ) (4.4)
CL2 = {Xil/‘(Xl'xmax)ziu(xl'xmin)'inex } (4.5)
The most similar vectors X¢z; in CL1 and X¢;, in CL2 are determined by
Xew =X, Icei| lau] 4.6)
X;eCL! and iz:;lp(x,,xi)ﬁs&aéul( E{u(xk.xj)l
X =X, leL2| 2| 4.7
X;eCL2 and ,§."(X"'x")=ust'2|"éz|[ j};lp(xk,x,.)]

where |CL1| and |CL2] are the numbers of vectors in CL1 and CL2, respectively.

Figure 4.1 provides the illustration of above definitions on max-min vector pair, similar
vector classes, and the most similar vectors. The vector subset used in this example
consists of 16 2-D vectors. In this example, only the direction and length of vectors are
considered as the features to judge the similarity. The colours of vectors are just for the

purpose of the explanation.
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Fig. 4.1 Definitions of max-min vector pair, similar

vector classes, and the most similar vectors.
As shown in Figure 4.1, the bold blue and bold red vectors are two most dissimilar
vectors in terms of their length and direction in all possible vector pairs. Then the two
vectors are selected as the max-min vector pair. In this vector pair, the red vector is
longer than the blue one, so the red vector is defined as the maximum vector and blue one
as the minimum vector. It is obvious that all blue vectors are more similar to the
minimum vector and all red ones are more similar to the maximum vector with respect to
both their lengths and directions. Therefore, all blue vectors belong to CL1 and all red
vectors belong to CL2. According to the defined similarity measure, the light blue vector
has the maximum aggregation similarity with all other seven vectors in CL1, so the
vector is the most similar vector in CL1. Similarly, the light red vector is the most similar

vector in CL2.

Using the most similarity vectors in two vector classes described above, the infimum

operator A in X can be defined by
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AX =AX, X, A X, ) =X, (4.8)

From Equation (4.8), it is obvious that the operator A outputs the so-called “most

centrally located” vector in CL1, which has the maximum sum of the values of the FSM

between X¢.;1 and each vector in CL1.

In the same way, the supremum operator Vv is defined by

vX=viX.X,.A,X,}=Xg, | (4.9)

Thus, the v operator results in the most centrically located vector in CL2, which has the

minimal sum for the values of the FSM between X2 and each vector in CL2.

The infimum and supremum operators defined above are vector preserving, i.e.,

VX cV,3X,,,Xq,€ X, suchthat AX=X_, andvX =X, (4.10)

Furthermore, the two operators can be used to define the colour morphological

operations, which will be discussed in next section.
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4.3 Colour Morphological Operations

4.3.1 Definition

According to the supremum and infimum operators defined above, the colour

morphological operations can be defined as follows.

Definition 4.1 Let CI be a colour image and W be a window centered at pixel p and the

colours of all pixels in W form the vector subset W),. The colour dilation 52.‘;” , erosion eg” ,

closing y 7, and openingo¥ of CI are the colour images given respectively by

o¢f ={vW,,Vpe CI} (4.11)

el ={AW,,Vpe CI} (4.12)
xk =€t (6h) (4.13)
ocf =65 (et (4.14)

The overall characteristics of the colour morphological operations are similar to that in
grayscale case. For example, the colour erosion eliminates ‘dark’ details, enhances ‘light’

details, reduces ‘dark’ objects and enlarges ‘light’ objects, while the colour dilation
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eliminates ‘light’ details, enhances ‘dark’ details, reduces ‘light’ objects, and enlarges
‘dark’ objects. The colour opening typically eliminates ‘dark’ details, and the colour

closing eliminates ‘light’ objects

4.3.2 Illustration

In this section, the proposed morphological operations are illustrated (see Figure 4.2). For
simplification, all operations are just used on a small region. The window size for all
morphological operations is 3x3. The parameters kjand k, for the FSM are 0.001 and 0.8,

respectively.

Figure 4.2a shows a colour aerial image with the size of 150 x 150 pixels and 1 m
resolution. Figure 4.2b1 is the small region centred at pixel point (30, 100) with the size
of 15 x 15 pixels framed by the red square shown in Figure 4.2a. This region is enlarged
by increasing the area of each pixel to 10 x 10 = 100 times (see Figure 4.2b2) and
increasing the number of pixels to 10 x 10 = 100 pixels by interpolating pixels (see
Figure 4.2b3). The scene in this small region consists of four colour objects. The gray
corresponds to roads, the white to curbs, the dark green to trees, and the black to
shadows. Figures 4.2cl1, dl, el, and fl show the results of the colour morphological
operations: dilation, erosion, closing, and opening, respectively. And also, these images
are enlarged by the same ways as Figure 4.2bl and the enlarged images are shown in

Figures 4.2¢c2 and c3, d2 and d3, €2 and e3, and {2 and {3, respectively.
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Fig. 4.2 Illustration of proposed morphological operations

It is observed from Figures 4.2c1, c2, and c3 that after dilation shadows (in black) expand
toward trees (in green), trees expand toward curbs (in white), and roads (in gray) also
expand toward curbs. As a result, curbs are compressed. On the other hand, the colours of
each object look much smoother. Figures 4.2d1, d2, and d3 show the results from the
erosion operation that is the reverse process from the dilation operation. Curbs expand
toward both roads and trees, and trees expand toward shadows. It can also be observed
that the colours become smoother in each object. The closing (opening) operation is

similar to the dilation (erosion) operation (see Figures 4.2¢1, €2, €3, 3fl, {2, and f3).
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4.3.3 Properties

In order to evaluate the impact of the parameters k; and k in Equation (3.3) on the
performance of the colour morphological operators, the different combinations of the

parameters k; and k; are used for all colour morphological operators.

Figure 4.3 shows a colour Ikonos image with the size of 150 x 150 pixels and 1 m

resolution, which covers a typical residential area in Toronto, Ontario.

Fig. 4.3 Colour Ikonos image.

Figures 4.4 - 4.7 show the results obtained by using the colour morphological operations

on Figure 4.3 with the different combinations of the parameters k; and k; listed in Table

4.1.

Table 4.1 Parameters used in colour morphological operators

Parameters Figures 4.4 - 4.7
al a2 a3 bl b2 b3 cl c2 c3
ky 0.01 | 0.01 | 0.01 | 0.005 | 0.005 | 0.005 | 0.001 | 0.001 | 0.001
ky 0.2 0.5 0.8 0.2 0.5 0.8 0.2 0.5 0.8
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Fig. 4.4 Dilation with parameters in Table 4.1.

The results reveal the effects of the parameters k; and k; on the colour morphological
operators. Though the colour morphological operators are based on the same concept,
they have different results when using different parameters. The simple reason is that the
different similarity degrees can be available under different combinations of the

parameters to quantify similarity among the colour vectors.
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Fig. 4.5 Erosion with parameters in Table 4.1.

For the results presented in Figures 4.4 - 4.7, the following conclusions can be drawn by

subjective evaluation.

e All four morphological operators (dilation, erosion, closing, and opening) are
optimum when k; = 0.001, k2 = 0.8 (see Figures 4.4 (c3) - 4.7 (c3)) from the point

of view of smoothing objects and preserving edges.
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With the decrease of k; and the increase of k;, the performances of all
morphological operators can be improved evidently and they are more sensitive to
the change of k; than the change of k,.

With decrease of k; and the increase of k, the similarity between the dilation
image and erosion image increases.

The objects are shrank or expanded and the colours in an object become smoother

after the colour morphological operations.

Fig. 4.6 Closing with different parameters listed in Table 4.1.
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Fig. 4.7 Opening with parameters in Table 4.1.

4.4 Colour Edge Detection

In this section, a colour edge detection method based on the colour morphological
operations is presented. The proposed method creates a binary edge image that results
from the similarity between a pair of morphological images. In this method, colour edges
are detected by three consequent stages. In the first stage, a pair of morphological
operations are chosen, which extends and reduces the contours of objects in the colour

image efficiently. In the second stage, the similarity between the resultant images of two
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chosen operations is calculated by using the FSM between two colour images. In the last
stage, a threshold, which controls the dissimilarity between two colour vectors, is
determined to extract colour edges. A block diagram for the proposed colour edge

extractor is shown in Figure 4.8.

Input colour image

Y

Perform morphological operations

v

Calculate the similarity between resultant images

Y

Determine a threshold parameter

v

Extract edges

v

Filter edge images

]

Thin filtered edge images

v

Overlay thinned edge image on original images

Fig. 4.8 Block diagram of the colour edge extractor.

4.4.1 Definition of Colour Edge

Generally, the edges of the objects in a grayscale image can be defined as the
discontinuities of the brightness. However, the situation is different in colour images.
Several definitions of colour edges have been proposed (Pratt, 1991). First, a colour edge
can be said to exist if and only if the luminance field contains an edge, ie., the

discontinuities of the luminances. This definition ignores discontinuities in the hue and
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saturation that occur in regions of constant luminance. The second way to define colour
edges is to check if the edges exist in any primary components. The third definition is
based on forming the sum of the gradients of the primary values. A colour edge is said to
exist if the gradient exceeds a threshold. In this study, a potential colour edge is defined
as the discontinuities of neighbor vectors in the vector field representing the colour image

shown in Figure 4.9, in which pink line and orange line indicate two typical colour edges.

"\\\ A 4 7
N\

NN
N
AN

Fig. 4.9 Definition of colour edge.

\\

Grayscale erosion and dilation have been successfully applied to extract the edges in
grayscale images based on the subtraction of these two morphological images (Lee'et al,,
1987; Dougherty, 1994). However, these algorithms cannot be applied directly to colour
images by means of the difference of colour erosion and dilation, since the subtraction of
two colours in RGB colour space does not make sense. In order to define an efficient
colour edge extractor by using the colour morphological results, it is necessary to

introduce the method to compare two colour images.
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4.4.2 Similarity Measure between Two Colour Images

According to the similarity measure between two colour vectors, the similarity measure

between two images can be stated as follows.

Let u(V;, Vj) be the value of the FSM between two colour vectors V; and V; in RGB

colour space and CI1 and CI2 be two colour images with n pixels denoted by the vector
sets Vg, ={V&.VE,.A Va4, and Vg, ={V},.V2,.AV5,), respectively. The

similarity measure between V¢ and Vcp is defined as a scalar set on [0, 1], called

similarity set M.

M(ch’vaz) ={M,,M,,A ’M,.}

1 1 2 2 n n (4’15)
={uVe1 Ve s MV VA BV GV )}

where M, p = 1, 2, ..., n, is the value of the FSM between two colour vectors from CI1

and CI2 for pixel p.

4.4.3 Fuzzy Similarity Edge Extractor

Based on the previous discussion on the similarity measure between two colour images,
the fuzzy similarity edge extractor (FSEE) is constructed by thresholding the values of

the similarity measure between two morphological images.
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Let a€[0,1] be the threshold to indicate the similarity between two colour vectors. The

FSEE is defined as the scalar set as follows.
FSEE={FSEE,.|FSEE,. =1, if M,<a; and FSEE,=0, if M,>a} (4.16)

where FSEE; = 1 indicates colour edges.

Figure 4.10 illustrates the rationality of the extractor. The colour image shown in Figure
4.10a consists of two objects (one in red and another in blue). Though the colours of the
single object are not very smooth, they still have much more similarities to each other
compared to the colours of another object. The green line is the edge or boundary of two
objects. When considering an edge, the pixels corresponding to the edge is dependent
upon the size of a used window. For example, if a 3 x 3 window is used those pixels
beside the two sides of a boundary will be processed as the so-called edge pixels (for
example, pixels 2 and 3 in Figure 4.10). Other pixels except for edge pixels ;clre called
object pixels (pixels 1 and 4). For simplification, four typical pixels, framed by light blue
lines, are chosen to make the illustration. Figures 4.10b and 4.10c show the results of
dilation and erosion, respectively. For object pixels, though the two dual morphological
operations chose different pixels in the windows around the object pixels (for example,
the windows framed by yellow lines in Figure 4.10) as their outputs, the two kinds of
resultant pixels are still very similar because they belong to the same object, for example,
the pixel 1b (see Figure 4.10b) and the pixel lc (see Figure 4.10c), the pixel 4b (see

Figure 4.10b) and the pixel 4c (see Figure 4.10c). For edge pixels, the situation would be
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totally different. If a morphological operation tries to select the pixel belonging to one
object its dual one will select other one belonging to another object, because the pixels in
the window corresponding to an edge pixel come from two objects separated by the edge.
As a result, the resultant pixels of two dual operations have less similarity to each other.
The examples are the pixel 2b (see Figure 4.10b) and the pixel 2c (see Figure 4.10c), the

pixel 3b (see Figure 4.10b) and pixel 3c (see Figure 4.10c).

Fig. 4.10 Illustration of FSEE.
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4.4.4 Experimental Results and Discussions

Experiments using QuickBird, Ikonos, and aerial images have been conducted. Three test
images are shown in Figure 4.11. Each has 24 bits per pixel and 150x150 in size. The

window size for morphological operations is 3x3.

Fig. 4.11 Original images: (a) QuickBird, (b) Ikonos, and (c) aerial images.

In this experiment, parameters k; and k, for all morphological operators are taken as
0.001 and 0.2, and k; and k; for similarity measures between images are also set as 0.001

and 0.2, respectively, to design the FSEE.

To design an edge detector, the first step is to select a pair of suitable morphological
operations. According to the resultant images of morphological operations shown in
Figure 4.12, the pair of dilation-original images is chosen to construct the FSEE. In
Figure 4.12, (a), (b), and (c) show QuickBird, Ikonos, and aerial images, respectively,
while (1), (2), (3), and (4) show the results of dilation, erosion, closing, and opening,

respectively.



Fig. 4.12 Result of morphological operations.

By using Equation (4.15), the similarity set for the selected image pair can be calculated.
Actually, this set includes all information about the edges in the processed image from
similarity point of view. The set is shown in two ways. In the profile curve (see Figure
4.13), the value of the colour similarity corresponding to each pixel is demonstrated by a
height. In the grayscale image (see Figure 4.14), the values are used to indicate a

grayscale.
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Fig. 4.13 Profile curves of similarity measure between selected images pair for (a) QuickBird, (b)
Ikonos, and (c) aerial images.

Fig. 4.14 Grayscale images of similarity measure between selected images pair for (a)
QuickBird, (b) Ikonos, and (c) aerial images.

In order to extract the edges of interest, it is necessary to give a suitable threshold. For
comparison, three thresholds are chosen to extract different edge details. Table 4.2 lists
the selected morphological operation pairs and thresholds obtained by analyzing the
results illustrated in Figures 4.13 and 4.14.

Table 4.2 Morphological operation pairs and thresholds

Colour images Morphological operation pair Thresholds
QuickBird Dilation-Original 0.5, 0.6, and 0.7
Ikonos Dilation-Original 0.5, 0.6, and 0.7
Aerial Dilation-Original 0.5, 0.6, and 0.7
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Using these thresholds listed in Table 4.2 to Equation (4.16), the FSEE can be
constructed. The edge images of the test images obtained by the FSEE are shown in
Figures 4.15. It can be obverted from Figure 4.15 that more and more edges can be
detected with the increase of the thresholds. In Figures 4.15, 4,16, and 4.17, (a), (b), and
(c) show the results on QuickBird, Ikonos, and aerial images, respectively, and the results

of (1), (2), and (3) are obtained by using thresholds 0.5, 0.6, and 0.7, respectively.

Fig. 4.15 Binary edge images.

In order to eliminate noises (i.e., non-edge pixels), the directly binary morphological

dilation operator using a structuring element of 3 x 1 pixels is applied (Li et al., 2002).
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This operation deletes isolated pixels. The results are shown in Figure 4.16, which are

obtained by filtering the binary images shown in Figure 4.15.

Fig. 4.16 Results of directly binary morphological dilation of edge images.

To recognize exact edges, a thinning algorithm (Zhang and Suen, 1984) is used. Figure

4.17 shows the extracted object edges after applying the thinning algorithm.
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In image processing, the subjective evaluation constitutes a very important criterion to
assess the performance of any operator. Consequently, the extracted edges (see Figure
4.17) are overlaid on the original images for the verification purpose (see Figure 4.18). A
visual evaluation gives the impression that the FSEE performs well for edge detection
and is less sensitive to small texture variations. In all cases the extracted edges are in

good agreement with the subjective criteria for colour edges.

Fig. 4.17 Extracted object edges.
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Fig. 4.18 Overlaying edges (in red) on original images.

4.5 Chapter Summary

In this chapter, a new framework that extends the concepts of morphology to colour
image processing based on the FSM has been presented. Its foundational and secondary
operations, colour erosion, dilation, opening, and closing have been defined, and their
basic properties have been examined. The new approach is vector preserving. The
defined morphological operations have been used to design colour edge extractor and the
results of the extractor have revealed the applicability and efficiency of the colour

morphology.
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S FUZZY CLUSTERING BASED ON FSM

Clustering is one of the most fundamental problems in pattern recognition (Tou and
Gonzalez, 1974; Zeng and Starzyk, 2001), image segmentation (Liew and Yan, 2001),
unsupervised learning (Langan et al., 1998), and data compression (Zhong et al., 2000). It

plays a key role in assessing the relationships among the patterns of data sets.

Given a finite vector set, a clustering procedure organizes the vectors in the vector set
into groups or clusters based on similarity or dissimilarity among vectors such that the
vectors within a cluster show a greater similarity. There are two distinct families of
clustering schemes. One is the crisp-based clustering algorithm (Anderberg, 1973;
Hartigan, 1975) and the other is the fuzzy-based clustering algorithm (Bezdek, 1981; Sato
et al., 1997; Hoppner et al., 1999). The latter has been proved to be well suited to deal
with the imprecise and uncertain nature of vector sets, such as multivariate remote
sensing images. This chapter presents a fuzzy clustering method based on the FSM. In
this method the clustering procedure is modeled as a combinational optimum problem.
And then a colour image segmentation method is proposed by using the fuzzy cluster
algorithm. The use of the proposed segmentation algorithm for automated extraction of
roads and buildings from high-resolution remote sensing imagery has also been

investigated

This chapter consists of five sections. In Section 5.1, the fuzzy c-partition algorithm

based on the FSM is proposed. In Section 5.2, the colour histogram is defined. In Section
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3, the segmentation method based on the proposed fuzzy c-partition algorithm and the
defined colour histogram is developed. In section 5.4, the segmentation method is used to
design the road and building extractors, respectively. The section 5.5 is the summary of

this chapter.

5.1 Fuzzy C-Partition Algorithm Based on FSM

Consider a vector set V formed by n vectors in m-dimensional real number space R ", i.e.,
V={V, Vo ..., Vo, Vi=[Vj1, Vi, ..., Viml and j = 1, 2, ..., n, a fuzzy c-partition on V is
represented by

P=[p;], i=1,2,A ,c and j=1,2,A ,n 5.1

where P is a fuzzy partition matrix and satisfies

Y.py=1,forallj=1,2,...,n 5.2)

i=l

0<) p;<n,foralli=1,2,...,c (5.3)

j=

72



where c is the positive integer to indicate the number of the clusters in the partition, and

p; € [0,1] is the fuzzy membership value of V; belonging to ith cluster (George and Bo,

1995).

The above clustering process is generally completed as follows. First, each cluster is
associated with a vector, called centre vector, and all ¢ centre vectors form a vector set,
called centre vectors set VC = {VC), VC», ..., VCc}. Second, the similarity between VC;
and Vj to characterize the fuzzy membership value of V; belonging to ith cluster is

calculated by

1

VC.,V.)m!
__HVCLY) (5.4)

S uwve,.v,)
k=1

P;

m-1

where u(VC;, V)) is a similarity measure between two vectors defined on R ™ and

represents a similarity relationship between them, me [1,00) is the weighting exponent

on each fuzzy membership. The larger m is the fuzzier the partition is.

Briefly, fuzzy clustering can be considered to find an associated centre vector set and
calculate a fuzzy c-partition matrix by using this set. To evaluate the effectiveness of a
fuzzy c-partition, an objective function is required. Generally, the objective function
expresses that the relationship among the vectors is strong if these vectors are within the
same cluster and it would be weak if they are in different clusters. Give a fuzzy c-

AP Yy~s -
- -
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partition matrix P and a centre vector set VC, the objective function, J(P,VC), is defined

by

[ n

J,(PVC)=>"> p,u(VC,,V,) (5.5)

i=l j=1

where pj; is the weight of similarity measure u (VC;, V;) and calculated by Equation (5. 4).

In order to obtain the best fuzzy c-partition, the number of the clusters should be first
given, and then a searching process controlled by J,, should be designed carefully to find
the best VC corresponding to the best fuzzy c-partition. In this study, the former is
accomplished by a histogram-based method and the later is modeled as an integer

programming (IP) problem.

Given a vector set V = {V}, V,, ..., V,}, and the number of the clusters c,
Max

J,.(P.,VC)= ; ; p;H(VC,.V;) (5.6)
Subject to

VC,eV (5.7)
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HVC,V,) = o~ HA0CY)) cos(kz 6(VC, aV,-)) (5.8)

m 172
d(VC,,V,) = (Z]vc,.k -V, |2) (5.9)
k=1
;VC&V,‘&

6(VC,,V;) =arcco (5.10)

‘/ivc,.f ‘/ivﬂ?

k=1 k=1

where j (= 1, 2, ..., n) is the index of vectors in V, i (= 1, 2, ..., c) is the index of vectors

in VC, and k (=1, 2, ..., m) is the index of vector’s dimensions in V.

After finding the best centre vector set VC, ={VC,,,VC,,,A ,VC,}, the best fuzzy c-

partition matrix is calculated as follows

P, =[pb,.j], i=1,2,A ,cand j=1,2,A ,n (5.1
L
Ci’V_)m-l
Py = HICorVy , (5.12)
c m-1
Z,U(VCM: Vi)

k=1
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As stated early, the fuzzy c-partition algorithm requires the desired number of clusters
specified in advance. Unfortunately, in most of situations, the number of clusters is
unknown a prior and sometimes it is difficult to specify any desired number of clusters.
For exami)]e, the situations often happen in the segmentations of remote sensing images,
because the ground truth is always not available for these images. In the following
segmentation method, a histogram-based procedure is used to obtain the number of the

cluster ¢ and the initial centre vector set VCy.

5.2 Colour Histogram

Colour histogram is an important technique in colour image analysis, because of its
efficiency, effectiveness and triviality in computation (Pratt, 1991). Generally speaking, a
colour histogram represents the statistical distribution of the colours in a colour image on
all colours in a colour space. From the view of the applicabili;y and computation, this
kind of histogram is unnecessary and impossible. The general way is to divide a colour

space into some bins and calculate the colour distribution on those bins.

Given a colour space divided into I colour bins, the colour histogram of the colour image
CI with n pixels is represented as a vector H = [ho, hy, ..., h; 1], in which each entry A;
indicates the statistical figures of the colours in the colour image which belong to the ith

bin, i.e.,
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h,=—L,i=0,1,...,I-1 (5.13)

where n; is the number of pixels with colours in the ith colour bin.

In this chapter, RGB colour space is represented with 24 bits (8 bits for each component).
Each colour corresponds to a point in RGB colour space. In order to obtain a colour
histogram, pixels of a colour image distributed on all bins should be accounted for.

Let RGB colour space be discretized along the R, G, and B axes by the numbers N, Ng,
and Np, respectively. Then the total N (= Ng x Ng x Np) bins are available. These bins are

coded in such a sequence from R to G and then from G to B. According to the specified

discretizing and coding scheme the index of each bin can be represented as

i=R+N ,xG+N,*xB (5.14)

where R=0, 1, ... ,Ng-1,G=0,1,...,Ng-1,and B=0, 1, ..., Np—1.

Then the pixel (rp, gp, bp) Will be in the bin with the index i,

. rpNR gpNG ) pr,,
= N FN,X 5.15
r [256 J+ Gx{ 256 | ® | 256 19

where |_ _] is an integral operator.
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Figure 5.1 shows an example of the divided RGB colour space with Nz = Ng = Np=4 and

the codes of all bins. In this example, a total of 64 (=4 x 4 x 4) bins can be obtained.
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Fig.5.1 Discretization of RGB colour pace and codes of bins.

5.3 Segmentation Based on Fuzzy C-Partition Algorithm

To solve the optimization model introduced in the previous section, there are many
methods, such as a branch-and-bound approach (Winston, 1991), and genetic algorithms
(Goldberg, 1989). However, they are very time consuming and not practical in the real
world. Therefore, the use of a heuristic, which gives a good but sometimes not optimal or

the best solution, is necessary. The approach consists of three steps: (1) Pre-clustering.
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This process includes determining of the number of clusters, finding an initial centre
vector set VCo, and indicating the ranges in which the centre vectors are chosen in the
following optimal procedure. This procedure is finished by using a histogram-based
technique. (2) Searching the best fuzzy c-partition. It is realized by solving an integer
programming problem to find a good fuzzy c-partition. (3) Post-processing. It means a
defizzification procedure to convert the fuzzy c-partition matrix to the crisp c-partition

matrix. In this section, only steps (1) and (3) are emphasized.

5.3.1 Pre-clustering Procedure

For the given colour image CI, the colour histogram H (CI) can be obtained in terms of
the definition of colour histogram discussed in the previous section. It is obvious that if
an image is composed of distinct objects with different colours, its colour histogram
usually shows different peaks. Each peak corresponds to one object and adjacent peaks
are likely to be separated by a valley. The height of a peak implies the number of the

pixels falling in the bin corresponding to the location of the peak.

The pre-clustering procedure is carried out by thresholding the colour histogram of a
colour image. For a selected threshold, the peaks having higher magnitudes than the
threshold can be detected. The number of all detected peaks is chosen as the number of
clusters, and the bins corresponding to the detected peaks determine the ranges in which

the centre vectors are investigated for the purpose of the optimization. The initial centre
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vectors consist of the minimum vectors of all bins. On the other hand, they can also be

produced randomly, as long as they are located in the selected bins.

The threshold is determined by either a manual or an automatic way. In the manual case,
the number of clusters is determined by observing the colour image and the colour
histogram of the image. In the automatic case, the criterion to determine the threshold
should be given first. For example, the mean of all peaks can be used as the criterion. It

means that the peaks with the higher magnitudes than the mean are valid.

5.3.2 Post-processing Procedure

In order to obtain the segmented image, it is necessary to transform the fuzzy c-partition
matrix to the crisp partition matrix. In this study, the following defuzzification scheme is

used.

LetP=[pjli=1,2,..,candj=1,2, ..., n be the fuzzy c-partition matrix, it is well
known that p;; presents the membership grade for pixel j belonging to cluster i. A percent

partition matrix, Pp, is defined as

- __Pi
Pp _[pl’ij]’pﬂij ~ n

Pj

(5.16)

Jj=

In terms of the percent partition, the crisp partition matrix, P, is defined as
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F.=[pll py =1 if p,y =max(p,), elsep,; =0 (5.17)

It is clear that in the crisp-partition matrix each pixel belongs to a certain cluster.
5.3.3 Experiment and Results

The purpose of the experiment is to illustrate the procedure of the segmentation method
and show its performance. In this experiment, colour QuickBird, Ikonos, and aerial
images are used. They are shown in Figure 5.2. Each colour image has 24 bits per pixel

and 128 x 128 pixels in size and 1 m resolution.

Fig. 5.2 Test images: (a) QuickBird, (b) Ikonos, and (c) aerial images.

The pre-clustering procedure determines the number of clusters, finds the appropriate
initial centre vector for each cluster, and gives the ranges (bins) in which the optimal
centre vectors corresponding to the clusters are searched. This procedure is completed by
using the histogram-based technique discussed in the previous section. In colour

histogram analysis, a suitable discretization is crucial. It depends on the compromise
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between the appropriate initial centre vectors and the adequate search space, of course,
and the search time. In this experiment, the interval for discretizing each colour

component is 32. It means that the total 512 (= (256/32)* = 8*) bins can be obtained.

Figure 5.3 shows the colour histograms for the three types of colour images shown in
Figure 5.2. It is observed from Figure 5.3 that the colour histograms are multimodal with
planes. In this case, the bins can be grouped into different regions by those planes. For
example, in Figure 5.3 (a), the bins are divided in 8 regions, i.e., [0, 49], [50, 99], [100,
199], [200, 249], [250, 349], [350, 399], [400, 499], and [500, 511]. The number of all

segmented regions is taken as the number of clusters.

Fig. 5.3 Colour histograms of (a) QuickBird, (b) Ikonos, and (c) aerial images.

In each given region, the bin with the maximum peak is selected as the searching range of
centre vector corresponding to the cluster. The minimum vectors in selected bins are
taken as the initial centre vectors. The number of clusters, the selected bins, and the initial

centre vectors are summarized in Table 5.1.

After searching the best centre vector set, the optimal centre vectors and the

corresponding fuzzy c-partition are obtained. The optimal centre vectors for the different
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test images are listed in the last column of Table 5.1. Figures 5.4 - 5.9 show the profile

curves and the pseudo-colour images of fuzzy c-partition matrix of different clusters for

the test images, where (a)-(h) are the results of Clusters 1-8, respectively. They indicate

the membership degree of each pixel belonging to corresponding clusters. In profile

curves, the membership values are denoted by the heights of curves. In pseudo colour

images, they are represented by some specified colours. It seems that the pseudo colours

give a much more intuitive representation of the fuzzy c-partition matrix.

Table 5.1 Results of pro-clustering and optimal centre vectors

Number of
Image Bins for searching centre vectors Initial centre vectors Optimal centre vectors
luster
BIN,"={(32, 0, 0), (63, 31, 31)) Vie=(32, 0, 0) Vi=(41, 20, 16)
BIN,={(224, 64, 0), (255, 95, 31)} Va=(224, 64, 0) V,=(233, 78, 4)
BIN;={(224, 160, 0), (255, 191, 3)} V=(224, 160, 0) V3=(248,164,13)
QuickBird | 8 BIN,={(128, 64, 0) (159, 95, 31)} Va=(128, 64, 0) V4=(155, 78, 9)
BINs={(96, 160, 0), (127, 191, 31)} Vso=(96, 160, 0) Vs=(98, 181, 20)
BINg={(0, 64, 0), (31,95,31)} Veo=(0, 64, 0) Ve=(23, 94, 11)
BIN;={(192, 128, 0), (223, 159, 31)} | V3=(192, 128, 0) V,=(194, 155, 9)
BINg={(160, 224, 0), (191, 255, 31)} | Vs=(160, 224, 0) Vs=(1717, 249, 2)
BIN={(96, 32, 0), (127, 63, 31)} V16=(96, 32,0) V1=(97, 41,23)
BIN,={(32, 160, 0), (63, 191, 31)} Va=(32, 160, 0) Va=(35, 189, 14)
BIN3={(224, 192, 0), (255, 233, 31)} | V3=(224, 192, 0) V3=(255,205,25)
Tkonos 7 BIN=((224, 96, 0), (255, 127, 31)] | Vap=(224, 96, 0) Vi=(225,115,12)
BINs={(128, 192, 0), (159, 223, 31)} | Vs=(128, 192, 0) Vs=(147,199,26)
BINg={(32, 96, 0), (63, 127, 31)} Veo=(32, 96, 0) Ve=(34, 103, 15)
BIN:={(224, 128, 0), (255, 159, 31)} | Va=(224, 128, 0) V3=(254,130,14)
BIN;={(32, 0, 0), (63, 31, 31)} V10=(32, 0, 0) V,=(45, 5, 31)
BIN={(32, 128, 0), (63, 159, 31)} Va=(32, 128, 0) V,=(49,136, 27)
Aerial 6 BINs={(0, 224, 0), (31, 255, 31)} V3=(0, 224, 0) V3=(24, 246, 0)
BIN,={(192, 96, 0), (223, 127, 31)} Vap=(192, 96, 0) Vi=(220,119,15)
BIN={(128, 192, 0), (159, 223, 31)} | Vs=(128, 192, 0) Vs=(144,204,12)
BINg={(32, 96, 0), (63, 127, 31)} Veo=(32, 96, 0) ‘ Ve=(37, 121, 28)

* Each bin is indicated by its left lowest and right highest points.
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Fig. 5.6 Profile curves of
fuzzy c-partition matrix of
Ikonos image.




Fig. 5.7 Pscudo colour
image of fuzzy c-partition
matrix of Ikonos image.

Fig. 5.9 Pseudo colour image of fuzzy c-partition matrix of acrial image.
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Referring to Figure 5.2c, optimum centre vectors for the aerial image and their colours
listed in Table 5.1, and the pseudo colour image of its fuzzy c-partition matrix (Figure
5.9), the meaning of fuzzy c-partition matrix can be explained as follows. The Cluster 1
centred at the vector (45, 3, 31) include shadow (in black) pixels representing shadows
(in black) in original image, since they have larger membership values. These pixels are
indicated by red in pseudo colour image of fuzzy c-partition matrix (see Figure 5.9a).
Cluster 4 with centre vector (220, 119, 15) trend to cover the circle (in light pink)
correspondingly, the colours (dark red) in this cluster have larger membership values (see

Figure 5.9d). Other clusters can also be explained in the same way.

By calculating the crisp-partition matrix for each test image and assigning the pseudo
colour for each cluster, the segmented images can be obtained (see Figure 5.10). It can be
observed that the crisp-partition matrix gives the obvious classifications of different

objects such as building roof, road, grass, shadow, and so on.

b € &y SR
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Fig. 5.10 Segmented images: (a) QuickBird, (b) Ikonos, and (c) aerial.
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5.4 Object Extraction Application

In this section, the proposed segmenting algorithm is applied to the road and building
extraction. The results demonstrate that the proposed method is efficient for high-

resolution remote sensing image processing tasks.

5.4.1 Road Centreline Extraction

Extracting road networks from high-resolution remote sensing images, such as Ikonos,
QuickBird, and aerial images, is particularly motivated by the increasing demand for
accurate and timely information for the applications ranging from urban planning, traffic
flow analysis and simulation, estimations of air and noise pollutions, road maintenance
and upgrading, and the telecommunication. Many road extraction algorithms using
satellite or aerial images have been developed in the past years (Trinder and Wang, 1998;

Lee et al., 2000; Dell’ Acqua and Gamba, 2001; Hinz et al., 2001).

In this section, the segmentation method based on the fuzzy c-partition algorithm is
utilized to extract road centrelines from high-resolution remote sensing images. The
overall flow of the extracting procedure is illustrated in Figure 5.11. It consists of three
main steps: (1) segmenting colour images based on the above segmentation method; (2)
detecting road networks from segmented images; (3) delineating road centrelines from

the extracted road networks. The discussions are mainly focused on the Steps 2 and 3.

87



Input colour image
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Detecting road regions
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Filtering road networks
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Delineating centerlines of roads

v

Overlaying centerlines on original image

Fig. 5.11 Road extraction strategy.

5.4.1.1 Extraction of Road Networks

Once the pseudo-colour segmented images are obtained by the above segmentation
method, the binary road network image can be extracted from it by selecting the pseudo-
colour corresponding to the road regions. In general, the roads in the binary image are
corrupted by noise objects, which have the similar colours to roads. In order to clear the
road regions, it is necessary to filter the corrupted road network image. To this end,
binary morphological operations are used. For example, depending on the shapes of noise
objects, the appropriate combinations of binary dilation, erosion, opening, and closing

should be chosen.
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5.4.1.2 Delineation of Road Centrelines

An important process for representing the structural shape of the detected road regions is
to reduce it to a graph. This work can be accomplished by a thinning algorithm. The
thinning algorithm developed by Zhang and Suen (1984) for thinning binary regions is
utilized in this study. It is assumed that the road pixels in the binary road network images
have value 1 (black), and those background (non-road) pixels have the value O (white).
The method consists of the successive passes of two basic steps applied to the contour
pixels of the given images, where a contour pixel is any pixel with value 1 and has at
least one 8-neighour value 0. With reference to the 8-ncighbourhood definition shown in
Figure 5.12, the first step indicates a contour pixel p for deletion (from black to white) if

the following conditions are satisfied:

e 2<N(p)<6
e S(p=1
e po-pr-p3=0

e p3ps-p1=0

where N (p) is the number of nonzero neighbors of p, i.e.,

7
N(p)=2.p; (5.18)
i=0
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and S(p) is the number of 0-1 transitions in the ordered sequence of py, pi, ..., Ps Pr-

P17 Po P1
Pe p D2
Ds D4 D3

Fig. 5.12 Neighborhood arrangement.

In the second step, first two conditions remain the same, but the last two conditions are

changed to

® porp1-p1=0

® pops-p1=0

5.4.1.3 Experiments and Results of Road Extraction

The proposed road extraction algorithm has been tested on three types of high-resolution
remote sensing images, including (a) QuickBird, (b) Ikonos, and (c) aerial images (see

Figure 5.13). All test images have a size of 150 x 150 pixels and 1 m resolution.
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Fig.5.13 Original images: (a) aerial, (b) Ikonos, and (c) QuickBird images.

The pseudo-colour segmented images generated from the original images shown in

Figure 5.13 are given in Figure 5.14.

Fig.5.14 Segmented images: (a) aerial, (b) Ikonos, and (c) QuickBird images.

Figure 5.15 shows the binary images of the road networks after the segmentation of the
colour images shown in Figure 5.14. It can be observed in all three images shown in
Figure 5.15 that the segmented road networks are corrupted by the objects with similar
colours to roads. For example, the pillars supporting the highways, see Figures 5.13 (a),

5.14a, and 5.15a exhibit this characteristic.

Fig.5.15 Binary images of road regions: (a) aerial, (b) Ikonos, (c) QuickBird from segmented images.
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Figure 5.16 shows the road regions obtained after filtering the segmented images
depicted in Figure 5.15 using the binary morphological operators. A visual comparison of
the images clearly favours the filtered images (see Figure 5.16) over the segmented
images (see Figure 5.15). Figure 5.16a shows the results obtained by filtering Figure
5.15a using the combinations of the binary closing, dilating, and erosion, followed by
another dilating, where the size of the structuring elements are 2 x 2 for all morphological
operators. Figure 5.16b shows the results obtained by dilating Figure 5.15b with a
structuring element of 3 x 3, followed by eroding with a structuring element of 5 x 5.
Figure 5.16c shows the results obtained by dilating Figure 5.15¢ with a structuring

element of 3 x 3 and eroding with a structuring element of 5 x 5.

/I

Fig.5.16 Filtered road network images: (a) aerial, (b) Ikonos, and (c) QuickBird images.
The road centrelines are delineated using the thinning algorithm discussed above, and the

results are shown in Figure 5.17.

i

/)

Fig.5.17 Road centerlines: (a) aerial, (b) Ikonos, and (c) QuickBird.
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In order to illustrate the accuracy, the extracted road centrelines are overlaid on the
original image, see Figure 5.18. In the overlay images the thin red lines indicate the road
centerlines, while the narrow white regions indicate the roads. It can be obverted in
Figure 5.18 that most centrelines match well their roads, though they do not locate
accurately on the centres in some parts of the roads. Those situations occur because of

either the existence of cars on the road or the irregularities of the roads.

Fig.5.18 Road centerlines (in red) overlaid on original images: (a) aerial, (b) Ikonos, and (c) QuickBird.

5.4.2 Building Extraction

Building extraction from high-resolution remote sensing images is of great practical
interest in applications such as data acquisition and update of GIS databases or site
models. This section presents the application of the fuzzy c-partition based segmentation
method to building roof extraction. Figure 5.19 shows the building extraction strategy.
The strategy for extracting building roofs is similar to that for the road extraction
described in Section 5.4.1. The difference between the two methods is that the latter

extracts the road regions from segmented images according to the colour features of the
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roads and then uses a thinning algorithm to decline the extracted roads to the centrelines,
but the former needs to extract the building regions according to the colour features of the
buildings and uses an edge extraction algorithm to detect the skeletons of the detected

buildings. To this end, a boundary extractor is designed and described in this section.

Inputing colour image

v

Segmentation

v

Building Extraction

v

Filtering

v

Edge Creation

v

Overlaying for Verification

Fig. 5.19 Building extraction strategy

Following the definition of 8-neighborhood shown in Figure 5.12, the boundary pixel for

building is determined if it is a contour pixel and satisfies the following condition:

e O<N(p)<8

where N (p) is the number of nonzero neighbors of pixel p.
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Three types of test images, including (a) QuickBird, (b) Ikonos, and (c) aerial images (see
Figure 5.20), are used to test the proposed building extraction method. All images have

the sizes of 150 x 150 pixels and 1 m resolution.

Fig 5.20 Test images: (a) QuickBird, (b) Ikonos, and (c) aerial images.

Figure 5.21 shows the results of the segmentation of the three test images using the

proposed segmenting method.

Fig 5.21 Segmented images: (a) QuickBird, (b) Ikonos, and (c) acrial images.

The binary images of building regions generated from the segmented images are shown

in Figure 5.22.
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Fig 5.22 Detected buildings: (a) QuickBird, (b) Ikonos, and (c) aerial images.

The filtered results of the binary images of the detected building roofs by using the binary
morphological operations are shown in Figure 5.23. Figure 5.23a shows the results
obtained by erosion with a structuring element of 2x2 followed by dilation with a
structuring element of 4x4. Figure 5.23b shows the results obtained by closing with a
structuring element of 4x4. Figure 5.23c shows the results obtained by erosion with a

structuring element of 3x3 followed by closing with a structuring element of 4x4.

Fig. 5.23 Building roof regions after filtering: (a) QuickBird, (b) Ikonos, and (c) aerial images.

Figure 5.24 shows the edges of the extracted building roofs using the proposed boundary

extractor described above.
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Fig. 5.24Delineating building roofs: (a) QuickBird, (b) Ikonos, and (c) acrial images.

For the purpose of verification, the extracted building roofs (in red) are overlaid on the
corresponding original images shown in Figure 5.25. A visual evaluation gives the
impression that the detected building roofs match the shapes of the building very well and

the proposed method produces thinner edges.

Fig 5.25 Building edges (in red) overlaid on original images: (a) QuickBird, (b)Ikonos, and
(c)aerial images.

5.5 Chapter Summary

Colour image segmentation is crucial in many colour image processing applications such
as object detection and extraction. Usually, it is the first task of any colour image analysis
process, and other steps rely heavily on the quality of segmentation. A new colour image
segmentation technique has been presented in this chapter. It is based on the fuzzy

similarity measure proposed in Chapter 3. Using the proposed segmentation algorithm,
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the approaches of road centrelines and building edges extraction are also proposed. The
results of the automated extraction of road centrelines and building roofs show that the

proposed colour image segmentation method is very effective.
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6 MULTIVARIATE FILTERING BASED ON FSM

Multivariate filtering play a very important role in multichannel remote sensing image
processing, especially in reducing noise which is introduced by sensor malfunction,
imperfect optics, electronic interference, or flaws in the data transmission procedure
(Pitas and Venetsanopoulos, 1990). Recently, a number of non-linear multivariate filters,
which utilize the correlations among multivariate vectors, have been proposed. Among
them, the vector-based filter is the popular one. Many vector-based filters are designed by
ordering vectors in the vector set corresponding to a predefined moving window
according to the distance measure and angle measure. The output of these filters is
defined as the lowest ranked vectors. Good examples for this kind of filters are vector
median filters (VMF) (Astola et al., 1990), vector directional filters (VDF) (Trahanias
and Venetsanopoulos, 1993), and directional-distance filters (DDF) (Karakos and
Trahanias, 1995). It is no doubt that these standard filters detect and reduce noisy pixels
well, but their property of preserving pixels which were not corrupted by the noise
processes needs to be improved. The purpose of this chapter is to construct a simple,
efficient filter based on the FSM presented in Chapter 3, called fuzzy similarity filter
(FSF), which has the ability of generating a compromise between preserving original

pixels and removing disturbed pixels.
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6.1 Fuzzy Similarity Filter

Unlike the vector-based filters that rely on the distance, angle, or both of them between
vectors in a vector space, the fuzzy similarity filter is designed by utilizing the FSM
presented in Chapter 3. The fuzzy similarity function to determinate the similarity
between two vectors X; and X; in a vector set X = [X), X, ..., X,] on R" can be rewritten

as

My =X, X )= cos(kzﬁ(X,-,Xj)) (6.1)

where k; = [0, ), k2 = [0, 1], d and @ are the distance and angle between X; and X;,

respectively

Based on the FSM, the fuzzy relation FR among vectors in X is constructed as follows

FR =[1;(X;, X )] n (6.2)

where n is the number of vectors in X.

It is clear that the fuzzy relation defined by Equation (6.2) is a fuzzy compatibility

relation because it satisfies the following conditions

e Reflexivity, yi=1,fori=1,2, ..., n.
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e Symmetry, u;=p;, fori,j=1,2, ..., n.

The aggregate similarity for the vector X; in X can be represented as
aui(Xi)=Zluij(Xi’Xj) (6.3)
j=!

It is clearly that the aggregate similarity of X; describes the degree to which X; is similar
to all vectors in X. According to the aggregate similarity, the maximum similar vector

Xinaxs, which has the maximum aggregate similarity f,.4x, can be written as
X poxe = Xl (X)) = Y = max{ g, (X,), VX, € X} (6.4)

It means that the maximum similar vector most concertedly located in the vector set X

according to both distance and direction.
From the definition of the fuzzy compatibility relation in Equation (6.2), it can be noticed

that the compatibility class of Xuaxs induced in terms of a specified membership a defines

the crisp subset X, on X, called a-cut, in which the vectors are similar to Xmas under the

degree larger than q, i.e.,

X, ={X,[p(X e X)) > 2, VX € X} (6.5)
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Using the compatibility class of X4, the FSF is defined as follows.

Definition 6.1 Let W be a window on a multivariate image centred at the pixel p with
pixel vector X, and all pixel vectors in the window form the vector set X. The output of

the FSF, FSF(X), is defined as

if X, eX,

6.6
if X, ¢ X, ©0)

.
FSF(X)= X

maxs *
where 0 <a < 1, X, is the maximum similar vector in X, and X, is the a-cut.

The most crucial step in the design of the FSF is to select the parameters k; and k;
presented in Equation (6.1) and the parameter a used to determinate the a-cut. These

three parameters are the designing parameters and vary in applications.

It is obvious that k; determinates the degree to which how the two vectors are similar
from the distance point of view. When k; is equal to zero, it means that all vectors are the
same regardless of the distance between them if they align the same angle. In this case,
the designed filter behaviours like a VDF. On the other hand, if k; = o, any two different
vectors are totally dissimilarity. Similarly, k, determinates the degree to which how the
two vectors are similar from the angle point of view. If k; = 0, the designed filter acts as a
VMF. 1t is expected that a can determinate the degree to which pixels are kept during the

filtering process. The following example explains how the FSF works.
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Example 6.1 The test image selected (see Figure 6.1) is a pansharpened Ikonos colour
image with 1 m resolution in Toronto, Ontario. The vector set X taken from the image is

formed by the 3x3 window around the pixel at (50, 100) as follows.

Fig. 6.1 Test image.
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In X, the centre pixel vector X, is put on X, that is, X, = X;.

The fuzzy relation FR induced in X is computed by Equation (6.2) and represented by the

membership matrix in Equation (6.8). In this example, k; =0.001 and k2 =0.2.
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X, X, X, X, X, X, X, X, X,
1.0000 0.7180 0.9169 0.9845 0.8386 09618 0.8426 0.9683 0.95997X,

0.7180 1.0000 0.7832 0.7076 0.8561 0.6920 0.8515 0.7409 0.6903 X,

09169 0.7832 1.0000 0.9035 09145 0.8839 0.9187 0.9455 0.8816 X, (6.8)
09845 0.7076 0.9035 1.0000 0.8265 0.9748 0.8307 0.9553 0.9748 | X
0.8386 0.8561 0.9145 0.8265 1.0000 0.8080 0.9920 0.8653 0.8061 |x
09618 0.6920 0.8839 0.9748 0.8080 1.0000 0.8121 09343 0.9927 | x
0.8426 0.8515 09187 0.8307 0.9920 0.8121 1.0000 0.8698 0.8104 | ¥
0.9683 0.7409 0.9455 0.9553 0.8653 0.9343 0.8698 1.0000 0.9326 | x
| 0.9599 0.6903 0.8816 0.9748 0.8061 0.9927 0.8104 0.9326 1.0000 | ¥

r'S

FR =

“w

=

<

]

o

After summing all elements of each row vector in FR, the sum vector SV, in which each

element corresponds to the aggregate similarity of each pixel vector in X, is given by,

SV =[8.1907, 7.0397, 8.1479, 8.1577, 7.9071, 8.0597, 7.9279, 8.2120, 8.0484] T (6.9)

In SV, the maximum aggregate similarity guqc = 8.2120. Corresponding to this maximum

aggregate similarity, the maximum similar vector Xas is determined as Xynaxs = Xs.

For the maximum similar vector X3, the similarity measures between X3 and each vector
in X can be obtained from the eighth row of Equation (6. 8), i.e., {0.9683, 0.7409,
0.9455, 0.9553, 0.8653, 0.9343, 0.8698, 1.000, 0.9326}. If a = 0.8, then the compatibility

class for Xg is

X(l=0.8 = {Xh X39 X49 X69 X89 X9} (6‘10)

Because the centre pixel vector X; is included in X,, the filter takes the centre pixel

vector X as its output, i.e.,
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FSFX) =X 6.11)

This result indicates that the FSF chooses the original pixel as output instead of using the

most similarity vector Xs. It shows the FSF’s ability of preserving pixels.

If a=0.97, then

Xo-08 = { X3} (6.12)

In this case, the output of the FSF is

FSF(X) = Xg_ (6.13)

The result shows the ability of the FSF to find the most similar vectors.

6.2 Simulation Results

The evaluation of filtering techniques is a complicated task not only because different
criteria employed by filter designers can lead to different assessment results for the
performance of designed filters, but also it is difficult to characterize the capabilities of

replacing the corrupted pixels and preserving the uncorrupted pixels. The subjective and
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objective measures are often used by filter designers to evaluate the performance of their

filters (Pratt, 1991).

A variety of objective measures can be utilized for quantitatively comparing the
performance of different filters. All of them provide some measures of proximity
between two digital images by exploiting the differences in the statistical distributions of
the pixel values (Eskicioglo et al., 1995). In this chapter, the normalized mean square

error (NMSE) is used as the objective measure of the two compared images and is

defined by
N Ny R 2
>3 Ve n-va i)
NMSE =22 (6.14)

>3l

i=l j=1

where Ny, N, are the dimensions of the images, V(i, j) denotes the pixel vector at the point

(i, ) in the original image and V(i, J) is its estimation.

Another objective measure, normalized colour difference (NCD) quantifying the
perceptual error between images in the perceptually L*u*v* colour space (Wyszecki and

Stiles, 1982; Hall, 1999), is also used for the evaluation purpose.

In L*u*v* uniform colour space, the perceptual colour error between two colour vectors

is defined as the Euclidean distance given below
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|
| AE,,, [I=[(AL*)? + (Au*)? +(Av*)2 )2 (6.15)

where ||AEL,)| is the colour error and AL*, Au*, and Av* are the differences in the L*, u*,

and v* components.

Once each AEL,, is calculated, the NCD is estimated according to

> JAE,,

NCD="H (6.16)

=[(L*)? + (u*)® + (v*)*]"? is the norm or magnitude of the uncorrupted

*
where ”E L

pixel vector in an original image.

A set of experiments have been conducted in order to evaluate the FSF and to compare its

performance against the performances of the VDF, VMF, and DDF.

The pansharpaned colour Ikonos image (see Figure 6.1) is used in the experiments. In
order to evaluate the performance of the FSF under different noise distributions, the test
image is contaminated using Gaussian noise, impulsive noise, and both of them. The
noise models and their parameters are listed in Table 6.1. The noise images contaminated

by different models are shown in Figure 6.2, where Figure 6.2(a)-(d) correspond to noise
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models 1-4, respectively. The original image and their noisy versions are represented in
RGB colour space.

Table 6.1 Noise models and distributions

Number Noise Model
1 Gaussian (¢” = 200)
2 Gaussian (¢° = 200), Impulsive (2%)
3 Impulsive (2%)
4 Impulsive (2%), Gaussian (o” = 200)

Fig. 6.2 Noisy images.

6.2.1 Impact of Parameters on Performances of FSF

There are three parameters that need to be set in the construction of the FSF before it can
be used. They are ki, k2, and a. In addition, the size of moving window also plays an

important role during the design of filters.
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In order to evaluate the impact of the parameter k; on the performance of the FSF in the
presence of different noise models listed in Table 6.1, the simulation experiments are

conducted when k; varies from 0 to 100 while k, = 0.2 and a = 0.9.
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Fig. 6. 3 NMSE of FSF, k; from 0 to 100, ;= 0.2, and a=0.9.
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Figures 6.3 and 6.4 illustrate the results of the NMSE and NCD measures. From the

simulation experiments it is obvious to conclude that the performance of the FSF is the

best for all noise models when k; is equal to 0.02. Another obvious observation from the

results shown in Figures 6.3 and 6.4 is that the FSF gives the best filtering performance

for the impulsive noise (Model 3).
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Fig. 6.4 NCD of FSFs, & from 0 to 100, &k, = 0.2, and a = 0.9.
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When varying k; in the interval [0, 1], the filtering results of the FSF are shown in Figure
6.5, where k; = 0.02 and a = 0.9, respectively. From NCD measure results shown in
Figure 6.5, it can be seen that there is minimal impact of k, on the performance of the
FSF for all noise models. From the analysis of the NMSE measures, the impart of k2
seems to be larger, this phenomena may be caused by the representation of the images in
different colour spaces. The results from both measures show that the parameters of the
FSF have the same effect on the performances of the FSF for all noise models. For
example, for Model 1 and Model 4 noises, their NMSEs and NCDs reduce as k;
increases. For Model 3 noise, they increase with the decrease of k, when k; is larger than

0.3. For Model 2 noise, both measures illustrate that k, has a trivial effect on the

performance of the FSF.
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Fig. 6.5 NMSE and NCD of FSF, k; from 0 to 1, k; = 0.02, and a = 0.9.

The parameter a is used to adjust the degree of holding a pixel during filtering. The
filtering results for FSF under a = [0, 1], k; = 0.02, and k, = 0.2 are shown in Figure 6.6.

From the results, it can easily be seen that there is no effect on the performance of the
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FSF when a is less than 0.7. The results in Figure 6.6 also show that the FSF has the best

performance when a = 0.9 for all noise models.
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Fig. 6.6 NMSE and NCD of FSF, a from O to 1, k; = 0.02, and k; = 0.2.

Figure 6.7 shows the filtered images of four types of noise images by the FSF with k; =
0.02, k; = 0.2, a = 0.9, where Figures 6.7a-d correspond to noise models 1-4. The
subjective evaluation gives the impression that the FSF works well under all noise

models.

Fig. 6.7 Images after Filtering by the FSF.

During above simulation for evaluating the effects of the parameters, all experiments are

conducted with a 3x3 processing window. Figure 6.8 illustrates the effect of window
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size on the performance of the FSF, where the window sizes vary from 2x2 to 7x7, while
ki1 =0.02, k2 = 0.2, and & = 0.9. From the results of NCD measures for the FSF, it can be
observed that the performances of the FSF are improved with the decreasing of the

window sizes. The NMSE measures almost give the same results expected for the 2 x 2

window.
008 v T —r + T v 009 .
-6~ model 1 -8~ model 1
00751 |+ model2 1 ooesk |+ 2 -
—+ model 3 ) —+— model 3
007F | =3 model 4 ek i model 4
008}
00751
=)
3]
z
007 (
0.065

0. L H ) L L L L 1 Y N s N N " A .
03§X2 3X3 4X4 5X5 6X6 7X7 2X2 3X3 4X4 5X5 6X6 X7
Window Size n x n Window Size n x n

Fig. 6.8 NMSE and NCD of FSF with different window sizes.

6.2.2 Comparison of Performances

In this section, the performance of the proposed FSF and the well-known multivariate
filters such as the vector median filter (VMF), the vector directional filter (VDF), and the
distance-direction filter (DDF) has been compared. The FSF is designed with k; = 0.02,
k» = 0.2, and a = 0.9. The NMSE and NCD measures are used for this purpose. The
results of both measures for all kinds of the filters are shown in Figures 6.9 and 6.10,
where (a)-(d) correspond to the noise models 1-4. It follows from Figures 6.9 and 6.10

that the performance of the FSF is better than that of the VMF, VDF, and DDF.
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The filtered images by VMF, VDF, DDF, and FSF for all noise models are presented in
Figures 6.11 to 6.14 for visual and qualitative comparison, since in many cases they are
the best measures of performance. All filters operate using a 3x3 window. The FSF
preserves edges and smooth noise under different scenarios and outperforms the other
filters. A comparison of the filtered images clearly favours the FSF over the VDF, DDF,
and VDF. The FSF efficiently removes impulses, smoothes out nominal noise and

preserves edges, details, and colour uniformity.

Fig. 6.13 Filtered images of Model 3 noise image by (a) VMF, (b) VDF, (c) DDF, and (d) FSF.
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Fig. 6.14 Filtered images of Model 4 noise image by (a) VMF, (b) VDF, (c) DDF, and (d) FSF.

6.3 Chapter Summary

A novel nonlinear multivariate filter, called fuzzy similarity filter (FSF), has been
presented in this chapter. This filter is designed based on the FSM defined in Chapter 3.
The behaviours of the FSF are analyzed and their performance is compared to that of the
most commonly used nonlinear multivariate filters, such as the VMF, VDF, and DDF by

using objective measures NMSE and NCD and subjective evaluation.

The FSF not only has the rigid theoretical foundation but a promising performance in a
variety of noise characteristics. The simulation results and the subjective evaluation of
the filtered colour images indicate that the FSF is comparable with other filters used in
the study. As seen from filtered images, the FSF possesses the abilities of noise

attenuation and edges or detail preservation but also preserves.
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7 CONCLUSIONS AND RECOMMENDATIONS

Motivated by the development of effective multivariate image processing techniques for
analyzing, interpreting high-resolution remote sensing images, this study is focus on the
definitions and analyses of the fuzzy similarity measure, colour morphology, multivariate
clustering, and multivariate filter. In this chapter, the major achievements of the study are
summarized in Section 7.1. The conclusions of this study are drawn in Section 7.2.

Finally, recommendations for further research are given in Section 7.3.

7.1 Summary

The main contributions of this thesis can be summarized as:

The fuzzy similarity measure(FSM), which can be used to measure the similarity between
vectors in a vector space, is introduced. The FSM employs the concepts of the short-
range ordering and fuzzification inspired by the same concepts from solid physics and
fuzzy mathematics. The results of similarity measures among colours calculated by the

FSM shown that it behaves like human perception on colour similarity.
Based on the FSM, three image processing tools, colour morphology, multivariate

clustering, and multivariate filtering, have been developed to meet the requirements of

high-resolution remote sensing image processing.
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Three practical problems arising from engineering applications such as colour edge
extraction, road and building extraction, and noise reduction, have been solved by using

the developed tools.

7.2 Conclusions

The new finding on the four key issues studied can be summarized as follows.

7.2.1 Fuzzy Similarity Measure

Inspired by the ideas of short-range ordering and fuzzification from solid physics and
fuzzy mathematics, the short-range ordering and fuzzification for the relationship among
vectors in a vector space are employed as basic assumptions to define the FSM. Based on
both distance and angle measures the FSM is presented, which is different from previous
methods that use either distance or angle measure only. The exponential function is
employed to characterize the contribution of distance between two vectors, and the cosine
function is utilized to describe the contribution of their angle. The impact of the distance
on the FSM can be controlled by the parameter k;. The larger the parameter k; is the
stronger its impacts on the similarity are. Similarly, another parameter k, is used to
manage the impact of the angle. The FSM shows the potential for vector-based image
processing. It will bring new developments to colour morphology, multivariate

clustering, and multivariate filtering.
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7.2.2 Colour Morphology

A new framework that extends the concepts of grayscale morphology to colour image
processing has been developed, which is based on the FSM. The basic operations of
colour morphology such as erosion, dilation, opening, and closing have been defined and
their basic properties have been analyzed. The results of the applications of these
operations to colour images also have been illustrated. Moreover, it is convenient to
apply the new morphology to colour image processing such as colour image edge

detection.

7.2.3 Fuzzy Clustering

Remote sensing image segmentation is often accomplished by clustering, in particular,
when ground truth is not available to provide samples to train a supervised classifier. The
fuzzy clustering is proved to be well suited to deal with the imprecise nature of remote
sensing data. According to the fuzzy clustering framework, each cluster is a fuzzy set,
and each pixel in the image has a membership value associated to each cluster, which
measure how the pixel belongs to that particular cluster. In this thesis, a new fuzzy
clustering algorithm, which is based on the FSM, is presented. The new algorithm is
obtained by solving a combinational optimum problem. The effectiveness of the proposed
clustering algorithm is demonstrated by extracting the road and building from high-

resolution remote sensing images such as QuickBird, Ikonos, and aerial images.
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7.2.4 Multivariate Filtering

A novel nonlinear multivariate filter, called fuzzy similarity filter (FSF), has been
proposed in this thesis. This filter is also based on the FSM which combines both distance
and direction criteria. Simulation results and subjective evaluations of the filtered images
indicate that the new filter outperform all other filters used in the study (vector median
fiter (VMF), vector directional filter (VDF), and distance-direction filter (DDF)).
Moreover, as seen from images filtered by the FSF, the FSF possesses the capabilities of

noise attenuation and edge or detail preservation.

7.3 Recommendations for Future Research

In addition to spectral data, remote sensing data also include spatial and temporal data of
the earth’s surface, such as maps that show simply topography or more especially
geophysical measurements for regions of interest and multitemporal images that provide
the spatial distribution of energy coming from the earth during several different periods.
Labeling pixels by drawing inferences from several available sources of data, i.e., mixed
data types, is an open question. In many cases, the problem is complex, especially when
the data are quite different from each other. A feasible scheme is to model each data type
in mixed data sources as an attribute and organizes all attributes as an attribute space in
which each attribute is multidimensional. For example, for a mixed data consisting of

colour image and geographical map, colour and map attributes both are three-
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dimensional. The former includes brightness, saturation, and hue and the latter consists of
latitude, longitude, and altitude. In order to characterize the relationship between
variables with multiattribute, similarity between them is perhaps the most basic approach.

Similarity in this case should be complex, should also be sensitive to all attitudes.

Another interesting topic is to study the fuzzy geometry and fuzzy topology and to
provide their applications to the geomatics community. The digital geometry plays a key
role in calculating geometrical measures of objects such as area, perimeter, diameter,
compactness etc. Since the objects in an image have ill-defined or non-crisp boundaries,
it would be a good idea to consider them as fuzzy sets. In addition, it is important to
represent, store, query, and manipulate spatial information for many non-standard
database applications. Specialized systems like geographical information systems (GIS),
spatial database systems and image database systems to some extent need model spatial
phenomena and their topological relationships through vague or fuzzy concepts due to

indeterminate boundaries.
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Aggregate ordering 27
Aggregate similarity 101
Angle between two vector 16
Angle measure 16

Attribute space 120

B

Basic vector directional filter 28
Bin 76

Binary closing 17

Binary dilation 17

Binary erosion 17

Binary morphology 16

Binary opening 17

BVDF 28
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C

Centre vector 75
Centre vectors set 75
Charateristic function 23
Chessboard distance 14
City block distance 14
Closing 19

Colour closing 51
Colour dilation 51
Colour edge 60
Colour erosion 51
Colour histogram 76
Colour model 8
Colour opening 51
Colour morphology 22 51
Colour similarity 38
Colour space 7
Compatibility class 102
Condition ordering 26
Conjunctor 20

Convex 32

C-ordering 26



Crisp partition matrix 80

D

DDF 29

Dilation 19
Directional-distance filter 28

Domain 21

E

Edging algorithm 93
Erosion 19

Euclidean norm 13
Euclidean distance 14

Euclidean space 16

F

FSEE 62
FSF 102
FSM 32

Fuzzy closing 22

Fuzzy compatibility relation 100

Fuzzy complement 24
Fuzzy c-partition 72
Fuzzy c-partition matrix 73

Fuzzy dilation 21

Fuzzy erosion 21

Fuzzy geometry 121

Fuzzy intersection 24

Fuzzy membership function 33
Fuzzy morphology 19

Fuzzy opening 22

Fuzzy relation 100

Fuzzy set theory 23

Fuzzy similarity edge extractor
Fuzzy similarity filter 102
Fuzzy similarity measure 32
Fuzzy subset 23

Fuzzy topology 121

Fuzzy union 24

G

Grayscale morphology 18

I

Identical 32
Implicator 20
Infimum operator 50

Inner product 15

62



L*u*v* colour space 9

M

Marginal ordering 26
Mathematical morphology 16
Maximum aggregate similarity
Maximum similar vector 101
Maximum vector 47

Max-min vector pair 47
Median vector 26

Membership degree function 24
Minimum vector 47
M-ordering 26

Most similar vector 48

N

NCD 106
Negator 20
NMSE 106

Norm 12

Normalized colour difference 106

Normalized mean square error 106
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Objection function 74
Objective measure 106
Opening 19

Order statistics 26

P

Partial ordering 26
Percent partition matrix 80
P-norm 13

P-ordering 26

R

Reduced ordering 27
Reflection operator 17
Reflexivity 100

RGB colour space 8

R-ordering 27

S

Short range ordering 31
Similarity measure 12
Similar vector class 48
Straight line distance 14
Supremum operator 50

Symmetric 32



Symmetry 101

T

Thinning algorithm 90
Translation operator 17

Translation operation 22

U

Uniform colour space 9
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\Y%

Vector filters 25
Vector median filter 28

VMF 28

w

Weighted distance 14

Weighting factor 14



