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Abstract

This work is based on Shafer’'s Dichromatic Reflection Model as applied to color image
formation. The color spaces RGB, XYZ, CIELAB, CIELUV, rgb, l4l,l3, and the new h;hyhs
color space are discussed from this perspective. Two color similarity measures are studied: the

Euclidean distance and the vector angle.

The work in this thesis is motivated from a practical point of view by several shortcomings of
current methods. The first problem is the inability of al known methods to properly segment
objects from the background without interference from object shadows and highlights. The
second shortcoming is the non-examination of the vector angle as a distance measure that is
capable of directly evaluating hue similarity without considering intensity especialy in RGB.
Finally, there is inadequate research on the combination of hue- and intensity-based similarity
measures to improve color similarity calculations given the advantages of each color distance

measure.

These distance measures were used for two image understanding tasks. edge detection, and one
strategy for color image segmentation, namely color clustering. Edge detection algorithms
using Euclidean distance and vector angle similarity measures as well as their combinations
were examined. The list of algorithmsis comprised of the modified Roberts operator, the Sobel
operator, the Canny operator, the vector gradient operator, and the 3x3 difference vector
operator. Pratt’s Figure of Merit is used for a quantitative comparison of edge detection results.
Color clustering was examined using the k-means (based on the Euclidean distance) and
Mixture of Principal Components (based on the vector angle) algorithms. A new quantitative
image segmentation evaluation procedure is introduced to assess the performance of both

algorithms.

Quantitative and qualitative results on many color images (artificial, staged scenes and natural
scene images) indicate good edge detection performance using a vector version of the Sobel
operator on the h;hohs color space. The results using combined hue- and intensity-based
difference measures show a slight improvement qualitatively and over using each measure
independently in RGB. Quantitative and qualitative results for image segmentation on the same
set of images suggest that the best image segmentation results are obtained using the Mixture of
Principal Components algorithm on the RGB, XY Z and rgb color spaces. Finally, poor color
clustering results in the h;hh; color space suggest that some assumptions in deriving a
simplified version of the Dichromatic Reflectance Model might have been violated.
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Chapter 1: Introduction

1.1 Background

When humans are asked to describe a picture, they generally give a list of objects within the
picture as well as their relative positions [20]. However, upon closer examination the image
reveals object shadows, highlights from shiny object parts and differences in the color
brightness of an object (i.e., object parts away from the light source appear darker than those
closer toit). Shiny object parts could also produce object reflections in another object. Various
physical processes by which light interacts with matter can explain these optical effects. An
image understanding system that would generate descriptions similar in quality to the ones
given by humans will have to discount the influence of these physical processes.

The purpose of ageneral image understanding system is to recognize objects in a complex scene
or document image. Typically, one of the first steps in such a system is edge detection [20].
Edge detection algorithms usually detect sharp transitions of intensity and/or color within an
image. These transitions are characteristic of object edges. Once edges of an object are
detected other processing such as region segmentation, text finding, and object recognition can
take place. Researchers have concentrated in the past few decades on devising algorithms for
grayscale image understanding [28]. With the advent of powerful personal computers, it is now
possible and practical to move to the more computationally intensive realm of color image
understanding. There are many benefitsin using color images. For example, the increase in the
guantity of information can be used for more accurate object location, processing, and the

possibility of processing images that are more complex.

Thetrichromatic model of color representation is fundamental to the human perception of color.
A typical color image capturing system relies on a trichromatic input based on the additive
primary colors red, green and blue [19,44]. This is commonly known as the RGB color space.
The RGB model corresponds most closely to the physical sensors for colored light (e.g., the
cones in the human eye), and it is implemented as red, green, and blue filtersin most color CCD
sensors. However, the human perception of color qualities can be said to follow more closely
the HSI (Hue, Saturation, and Intensity) model [35]. This model creates a color image
representation based on the amount of light (i.e., the Intensity), the amount of color (i.e., the
Saturation) and color as described by the wavelength (i.e., the Hue). There exist a number of
other equivalent color spaces with important properties. They will be discussed later in this

thesis.



The perception of color is fundamental to the human visual system. It would make sense,
therefore, to try to use this information to improve the accuracy of current grayscale algorithms.
In color image understanding, similar tasks are performed as in the grayscale image world. The
fundamental difference isthe availability of chromaticity information such as hue and saturation
for example. Several researchers have already used color images for complex applications: text
finding [72], enhancing binary check documents [65], automatic granite inspection [50],

automated road navigation [2], and color image map segmentation [24].

It would be useful to design a system that follows more closely how the human visua system
perceives color objects. To that end, the physical processes that underlie the optical effects have
been studied. In thisthesis, the work presented is derived from a physics-based approach based
on the Dichromatic Reflection Model introduced by Shafer in 1985 [51]. Physical processes
involved in the image formation stage have not been a strong point of interest in the traditional
line of computer vision research [29]. The common practice has been and till is to divide the
image understanding process into two phases. a feature extraction phase and a higher-level
object model-fitting phase. The former is characterized by a low-level segmentation process
such as edge detection. In the latter, image features are related to object features described in
object models of the scene. From this point of view, image processing has been considered a
statistical image processing problem where the determination of statistically significant
differences between pixel values under the presence of noise is a mgjor concern. It is assumed

implicitly that significant changes correspond to object boundaries in the scene.

However, the edges and regions thus generated will probably not only outline material
boundaries (which is what image segmentation purports to accomplish), but also shadows,
highlights, and intensity changes across the object. The segmentation result is then passed to a
higher-level process that tries to merge regions across highlights and shadows according to the

model representation of each object for the specific application.

1.2 Motivation

As computing power increases, more complex image processing operations can be implemented
in real time applications. Color image processing has been researched for several decades,
however, this research was more motivated by theoretical advances (such as devising more
intuitive color spaces) than by practica applications [28,29,51]. Today, image processing
applications based on binary or gray images are being introduced regularly. There is a great
need to extend the image processing knowledge base to color-specific implementations of these
algorithms and to new color-based image processing algorithms. Color image capture
equipment is becoming commonplace and recent advances in chip technology make real time

color image processing practical.



Shafer's mode has shown itself a useful tool for color image understanding
[17,18,29,30,31,56]. However, some limitations to the dichromatic theory approach have
motivated in part the research presented in this thesis. Some of the mgjor limitations can be

summarized as follows:

1. No sensitivity to gray level differences. The theory attributes any linear color variation to
the changing illumination geometry of a single material. This limitation does not allow for
the finding of material boundaries between objects with collinear matte clusters [29]. In
other words, clusters that have similar hues, vary in average intensity, and belong to
different objects are not distinguishable.

2. Color information in dark image areas is unreliable. Thisis similar to what happens within
the human eye. At lower light intensities, the eye senses brightness differences, but is
unable to make color discriminations.

3. Assumptions about illumination conditions and the object materials do not take into
account the possible changes in object reflectance properties and that the illumination color

might vary depending on the part of the object being examined.

4. Shafer's model does not take into account more general illumination conditions such as
inter-reflection, and shadow-casting between objects, as well as having severa light sources
that shed differently colored light on the scene.

This thesis will address aspects of the first two limitations. The work is also being motivated
from apractical point of view by the following shortcomings of current methods:

1. Theinability of state of the art approaches in color image processing to properly segment
objects from the background without interference from object shadows and highlights.

2. The inability of existing color similarity measures to evaluate directly color differences

based on hue without considering intensity in RGB.

3. Theinahility of current methods to effectively combine intensity- and hue-based similarity
measures when segmenting an image through edge detection, and color clustering

approaches.

1.3 Outline

This work is concerned with the extension of image edge detection and image segmentation
algorithms into the color image processing realm by examining color-adapted edge detection
and image segmentation techniques within different color spaces.

The second chapter describes Shafer’s dichromatic reflection model as applied to color images
[51]. Various color spaces are then explored in a physics-based context. The third chapter



gives details on the Euclidean distance and the vector angle. It also explores the integration of
these two similarity measures into a unified distance measure. The fourth chapter explains the
theory behind the edge detection methods explored using the various distance measures. The
fifth chapter deals with an aspect of the image segmentation problem; namely color clustering.
Results are presented and discussed in the sixth chapter. The thesis concludes with the seventh
chapter.



Chapter 2: Color Spaces

2.1 Introduction

Humans perceive color as a result of light in the visible region of the spectrum (i.e., having
wavelengths in the region of 400 nm to 700 nm [43]) being projected upon the retina.
Therefore, color is the brain's reaction to a specific visua stimulus (i.e., an object reflecting
light of a certain wavelength). Although color can be precisely described by measuring its
spectral power distribution or SPD (the intensity of the visible electromagnetic radiation at
many discrete wavelengths) this leads to a large degree of redundancy. The human retina has
only three types of color photoreceptor cone cells each of which responds to incident radiation
with a somewhat different spectral response curve. These three broad spectral bands roughly
correspond to what humans perceive as red, green and blue light. The rod is the fourth type of
photoreceptor cell present in the retina. Rods are effective only at extremely low light levels.
The signals from these color sensitive cells (cones), together with those from the rods (sensitive

to intensity only), combine in the brain to give “sensations’ of different colors[14].

Three numerical components are necessary and sufficient to describe a color given the
appropriate use of spectral weighting functions since there are exactly three types of color
photoreceptors [61]. This is the concern of the science of colorimetry. In 1931, the
Commission Internationale de L’ Eclairage (CIE) adopted standard curves for a hypothetical
standard observer [42]. These curves specify how an SPD can be transformed into a set of three

numbers that specifies a color.

A color space is a method by which we can specify, create and visualize color. Color may be
defined by its attributes of brightness, hue and purity for humans. A computer may describe a
color using the amounts of red, green and blue phosphor emission required to match a color. A
printing press may use the reflectance and absorbance of cyan, magenta and yellow inks on the
printing paper to generate a specific color (black ink is also used for gray tones). Thus, a color
is usualy specified using three co-ordinates, or parameters (except for printing athough
technically speaking black is not considered a color but the absence of a color). These
parameters describe the position of the color within the color space being used. They do not tell

us what the color is, that depends on what color spaceis being used.

This chapter describes the color theory, and color image models or spaces, which are used in
this thesis. First, principles of physics-based color image understanding are described using
Shafer's Dichromatic Reflection Model [51]. Second, each color space is briefly discussed
together with its properties and computational complexity. The computational complexity of



the transformation to obtain each color space will be addressed with respect to the number of

addition/subtraction and multiplication/division operations required.

2.2 The Dichromatic Reflection Model
The use of physics can be avery useful tool in studying color. A model for the image formation

process based on the product of the illumination E falling on a scene and the reflectance p,

L(x,y) =E(x, y)p(x,y) ¢y
was first introduced by Stockham [55]. L isthe luminance of the formed image at point (x,y).

In this section, a more elaborate reflectance model is described. The Dichromatic Reflection
Model first proposed by Shafer [51] is based on physical properties of materials and optics. Itis
a more generalized form of Stockham’'s model that takes into account surface geometry and
different types of reflection. This theory is further described in [29,30,31] and expanded upon
in[17,18,56].

Consider an image of an infinitesimal surface patch of an inhomogeneous dielectric (i.e., non-
conducting material) object. To obtain an image of this surface patch the measured sensor

values are given by Shafer’s [51] model by
C=L,(A,n,5V) +Ls(A,R,5,V)

where A is the wavelength, i represents the normal to the surface patch, S denotes the

direction of the illumination, and V is the direction of the viewer. The Dichromatic Reflection
Model describes the light which is reflected from a point on a dielectric, non-uniform material

as a mixture of the light Ls(A,R,S,V) reflected from the material surface or interface (see

Figure 1) and thelight L,(A,,S,V) reflected from the material body (see Figure 2).

L, is caled the surface reflection component and generally appears as a highlight or gloss on
the object since it is scattered from the surface by a mirror-like reflection that is focused and

restricted in angle. L, is called the body reflection component and exhibits the properties of

object shading. Body reflection is defined as the equal scattering of the incident light in all
directions when the light exits the material. A fraction of the incident light is absorbed by the

material which means only certain wavelengths are reflected.

When an inhomogeneous surface has no interface reflections and only body reflections, it is
called a matte or Lambertian surface [61]. Its power spectral distribution corresponds to that of
the characteristic wavelength of the surface color. In theory, shadows faling on Lambertian
surfaces only change the intensity of the color being reflected thus causing shadows. The power
spectral distribution (PSD) of the surface reflection (sometimes called specular reflection) is



generaly similar to the power spectral distribution of the illuminating light, whereas, the PSD of

the body reflection provides the characteristic object color. Specular reflection is generaly
called a highlight. For completeness, the definition of inter-reflection is also given. An inter-

reflection occurs when light that is reflected from one object falls on another object of a
different color. Given that the light reflected from the first object has a similar power spectral
distribution to the body reflection of that object, this light will change the color appearance of
the object that it falls upon. This thesis does not try to address this complex phenomenon.

However, inter-reflections will be described in the results section when appropriate. The reader
is directed towards [17] for more information on this topic.
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Figure 1. Surfacereflection of incident light from dielectric materials
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Figure 2: Body reflection of incident light from dielectric materials



In this thesis, only shadows and highlights will be of concern which means that other more
complex optical effects such asinter-reflections will still affect the image processing results. To
summarize, a shadow on a surface is characterized by a change in illumination intensity (and to
some extent saturation) as compared to other regions of the same surface. A highlight is atype
of reflection that is characterized by a power spectral distribution similar to the illuminating
light. A highlight usually appears as a gloss on an object.

This can be further refined by considering the power spectral distributions of both reflection
components, as well as the geometric scale factors. Let e(A) denote the spectral power
distribution of the incident light. Let the spectral sensitivities of the red, green and blue (or
RGB) sensors be fgr(A), fg(A), and fg(A), respectively. Consider the following response
for sensor C [17],

C=m,(n, §)I/\ fc (A)e(A)c, (A)dA + mg (R, §,\7)I/\ fe (A)e(A)cg(A)dA

for CO{R,G, B} . The spectral power distribution of the light reflected from the surface (also

known as the surface abedo) is denoted by c(A) while ¢, (A) represents the spectral power
distribution of the light reflected from the body of the object (also known as Fresnel reflectance

[17]). The m,(R,S) and my(Ri,S,V) represent respectively the geometric scale factors for the

body and surface reflections.

Since the reflection from the body is distributed among many angles and the reflection from the
interface is confined to a small angle, highlights on a surface appear much brighter than diffuse
reflection from the body [61]. The differences in geometrical distributions of these reflected
rays indicate that highlights can only be seen from certain angles. This is commonly
experienced by all humans every day.

The reflected light can be described as a linear combination of the two vectors c,(A) and
cs(A) in the infinite-dimensional vector space of spectral power distributions where each

wavelength defines an independent dimension. However, for the purposes of this thesis, the
power spectral distributions at the primary red, green and blue wavelengths will be considered.
The spectral sensitivity of the sensors of each camerais dlightly different. For example, in the
human eye the spectral sensitivity of blue cones peaks at 420 nm, that of green cones peaks at
534 nm and that of red cones peaks at 564 nm, while the spectral sensitivity of rods (sensitive to
light brightness) peaks at 496 nm [4].

Assuming that ¢, (A) has a constant value independent of the incident light wavelength and that
the illumination source e(A) iswhat humans see as white light (i.e., the energy density is equal

for all wavelengthsin the visible spectrum from 400 nm to 700 nm), then



Cs =C5(A)
e=eA)

Next, let ke be the compact formulation of the dependency on surface albedo and sensors

described by
ke =[ fc(A)c,(A)dA
c J;‘ c(A)ey(A)
The sensor response can be now rewritten as
C, =my(A,3)ke + erns(ﬁ,éz,\?)csL fo(A)dA

for C, {R,,G,,,B,} representing the RGB sensor response under the assumption of white
light.

Assuming the light source is white light, Gevers and Smeulders [17] state that
f =, frA)dA =[, f(A)dA = [ f5(A)dA (2)

However, in practice this assumption seems to hold only for colors with higher intensities or
colors with high saturation (i.e., relatively pure colors). Thisis perhaps because the RGB bands
do not necessarily have approximately the same widths. In other words, this assumption fails at
low intensity levels. This is a related phenomenon to the occurrence of shadows on matte
surfaces described above and will be addressed when discussing results from color spaces
claiming to be invariant to certain physical occurrences such as shadows and highlights.

Finaly, the reflection from a non-uniform dielectric material under white illumination can be

written as

C, =em, (i, S)ke +emy (i, ,V)c, f 3
The model is thus a useful tool for describing the light that is reflected from an infinitesimal
patch (or in discrete terms a point) of an object as a mixture of two distinct power spectral
distributions, c,(A) and cs(A). Each of the PSD’s is scaled according to the properties of
body and surface reflection.
In the next section, color image models will be discussed together with their properties with

respect to Shafer’s Dichromatic Reflection Model. All theoretical proofs will be derived for

Lambertian (i.e., matte) surfaces and metallic or specular surfaces will not be of concern.



2.3 Color Image Model s

Color is a phenomenon of perception, not an objective component or characteristic of a
substance. Color is an aspect of vision; it is a psychophysical response consisting of the
physical reaction of the eye and the automatic interpretive response of the brain to wavelength
characteristics of light above a certain brightness level. At lower light intensity levels, the eye
senses brightness differences, but is unable to make color discriminations.

There are many different ways of representing color. The most common way in computer
graphics is to use a triplet of intensity values. Any unique combination of the three values
yields adistinct color. The three dimensional space which describes the distribution of physical

colorsis called a color space.

Color vectors in each of these spaces differ from one another. This difference means that two
colors in one space being separated by one distance value would be separated by a different
distance value in another space. A color represented in one space can be changed to another
spatial representation by performing some linear or non-linear transformation. As mentioned
above, the RGB space is the physical sensor-based color space. It is from this space that all
other color spaces are derived. It is still used more than any other space today in image
processing applications due to its direct relationship with the physical world. There are many
other spaces including CMY [19], YIQ, YUV, HSI [19] or its generalized form HSV [33],
CIELAB [33], CIELUV, rgb (known as the normalized RGB space) [19], ¢1C,C3 [17], l4ll5 [17],
Y C,C; [41], and the Angle Space [70]. Figure 3 shows the relationships between the color
spaces. |t also gives the nature of the transform required to go from one space to another.

The concentration of research on the RGB color space is logica since it avoids the
preprocessing step of transforming the captured image into another color space. In the past,
only YUV and YIQ transformations seemed to be fast enough to allow processing of images in
real time. Today, transformations to such spaces as rgb, |4l,l5, and h;hyh; are also very fast, but
they present other problems such as random behavior at low intensities. Such transformations
as CIELAB, CIELUV and various flavors of HSI are nonlinear in nature and are very
computationally intensive. It is, therefore, desirable to find fast algorithms for use in the RGB
space for real-time applications such as check processing [65].
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Figure 3: Color Systems (based on [41])

In this thesis, the following color spaces will be examined for either edge detection or color
clustering applications: RGB, XYZ, CIELAB, CIELUV, rgb (i.e., normalized RGB), 14l,l5, and
h;hohs. The first four have been chosen due to their extended use in the literature. The other
three spaces, rgb, h;hoh, and 141,13 are combinations of RGB vaues that create spaces with
various invariant properties with respect to the Dichromatic Reflectance Model. The
transformations from the RGB space to this subset of spaces can be found in the sections below
and in [33,44,19]. A detailed description of the color spaces used in this thesis follows.

It is necessary to examine several color spaces with respect to the same edge detection and
image segmentation algorithms since each coordinate system represents data differently. Some
spaces such as CIELAB and CIELUV have been especially designed to be perceptually correct;
that is, the Euclidean distance is supposed to indicate perceptual color differences accurately,
while for example the RGB space is based on the physica (i.e., wavelength) representation of
the three primary colors red, green and blue. It would be of great importance to find out
whether the algorithms proposed in this thesis function better (given the quantitative evaluations
techniques used in this thesis) in the perceptually correct spaces rather than in the RGB (or some
other) space for several reasons:

1. Computational speed
2. Better understanding of how color representation affects image processing results

3. Better understanding of the interaction between the color distance measures and the color
space in which they are used

The computation in the RGB space will serve as a baseline for the comparison with other color
spaces given its widely known properties and its popularity. The CIELAB and CIELUV spaces
will allow for the evaluation of perceptually correct spaces. The rgb, h;hoh, and I4l,l5 spaces

will giveinsights into the processing of images in physics-based color representations.
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The computational complexity of al color space transformations with respect to the number of
additions/subtractions (A/S) and multiplicationg/divisions (M/D) will be given. All operations
are assumed to be floating point.

2.3.1RGB

The RGB (Red, Green, Blue) space is used most frequently in computer graphics and image
processing applications. A color in this space is represented by a triplet of values typically
between zero and one and is usually scaled by 255 for an 8-bit representation. Each color can
be broken down into its relative intensity in the three primaries corresponding to the spectral
response of one of the three types of cones present in the human eye: red, green and blue. The
space is easily represented as a three dimensiona cube where each axis represents the strength
of the color in one of the three primaries (see Figure 4).

Green
Yellow
(255,255,255)
Grays'
= Red
(0,0,0)
Black

Blue
Magenta

Figure4: The RGB color space
The quantization of each component into an 8-hit value introduces some round-off effect. With
respect to human sensitivity, experimental studies indicate that a 2% change in graylevel
contrast on a video screen is just noticeable [28]. Thus, if the quantization is uniform the
contrast scale needs about 50 levels or 6 bits. Therefore, assuming the human eye should be
able to distinguish between approximately 50° colors and that each plane of the RGB space is
guantized into an 8-bit value (i.e., 256 levels), quantization should not be an issuein this thesis.

The dichromatic reflection theory states that the body reflection term from equation 3 depends
on the sensors and surface reflective power (i.e., ko), as well astheillumination intensity and the
object geometry. For amatte surface region containing a variety of surface normals (e.g., dueto
changing intensity or because of shadows), the set of measured colors will generate an
elongated cluster. This cluster will be composed of a broad range of RGB pixels although the
intrinsic color or hue at each pixel should be the same. Furthermore, color highlights are only

related to the color of the light source and not to the color of the surface (under the assumption
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that c,(A) is constant for al values of A). This means that the sensor-measured values of a

shiny surface under a white light can be represented by gray values within the RGB space. The
extent of the streak will depend on the reflectiveness of the object surface. A rough surface will
generate a small cluster while for very shiny objects the cluster will extend along much of the

gray axis[17]. Thisaso leadsto alarge number of RGB values.

Therefore, by applying Shafer’ s reflection model, one easily notices that the color representation
in the RGB space is sensitive to the viewing direction, object surface orientation, highlights
(i.e., gloss, cf. Section 2.2), illumination direction, illumination intensity, illumination color, and
inter-reflection.

To obtain this representation no transformations need to be applied. Therefore, the number of

computationsis zero.

2.3.2XYZ
The XYZ color space was developed by CIE as an aternative to RGB [33]. Since it is

impossible to choose three real primaries such that all possible colors can be matched with
additive mixtures of those primaries, three imaginary primaries were created when the CIE
system was specified in 1931 [41]. One of the characteristics of this system is that the
tristimulus values X, Y, and Z, are aways positive for al rea color stimuli [41]. Poyton states

that there were several reasons for the adoption of imaginary primaries [42]:

1. It was necessary to devise X, Y, and Z such that they would be positive for all possible real
stimuli.
2. The coefficients were chosen such that the Y tristimulus value was directly proportional to

the luminance of the additive mixture.

3. The coefficients were chosen such that X=Y=Z for a match to a stimulus that has equal

luminance at each wavelength.

The XY Z color space can be obtained by transforming the RGB space by

XO [0.607 0.174 0.2000 (RO (4)

o 0
E\(D- %).299 0.587 0.114%%3D
ZH 0000 0066 1.116H BH

Since the XY Z space isjust alinear transation of the RGB space, the conclusions drawn from
using the dichromatic reflection model to analyze the RGB space will also apply. Therefore, the
color representation in the XYZ space is sensitive to the viewing direction, object surface
orientation, highlights, illumination direction, illumination intensity, illumination color, and
inter-reflection.
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To obtain the XY Z color space nine M/D’s and six A/S's are required per point.

2.3.3CIELAB
The CIELAB cube root color coordinate system was developed to give a simple measure of

color in agreement with the Munsell color system. Professor Albert H. Munsell, both an artist
of distinction and a gifted teacher of art, developed the first widely accepted color order system
to make the description of color accurate and convenient and to aid in the teaching of color.
The Munsell color order system has gained international acceptance and has served as the

foundation for other color order systems [41].

There are perhaps two problems with the specification of colors in terms of tristimulus values
and chromaticity space. First, the RGB space is not easily interpreted in terms of the
psychophysical dimensions of color perception such as brightness, hue, and purity. Second, the
XYZ system and the associated chromaticity diagrams are not perceptualy uniform which
means that differences in color are not equally perceived in the whole CIELAB space. For
example, the difference between colors A and B might be perceptually smaller than the distance
between colors A and C even though color vectors A and C are closer in terms of the Euclidean
distance. The second of these points is a problem if we wish to estimate the magnitude of the
difference between two color stimuli. The need for a uniform color space led to a number of
nonlinear transformations of the CIE 1931 XY Z space and finally resulted in the specification of
one of these transformations as the CIE 1976 L*a*b* or CIELAB color space [41].

The CIELAB space has been designed to be a perceptually uniform space. A system is
perceptualy uniform if a small perturbation to a component value is approximately equally
perceptible across the range of that value [14]. For example, the volume control on a radio
could be designed to be perceptually uniform: rotating the knob twenty degrees anywhere across
the range will produce approximately the same perceptual increment in volume. Therefore, the
logarithmic nature of human perception of sound would place the perceptua difference of the

control at the bottom of its range if the control were physically linear [42].

In CIELAB, the L-axis is known as the lightness and extends from 0 (black) to 100 (white).
The other two coordinates A and B represent redness-greenness and yellowness-blueness
respectively [44]. Samples for which A=B=0 are achromatic. Therefore, the L-axis represents
the achromatic scale of grays from black to white. The non-linear relationships for L, A, and B

are intended to mimic the logarithmic response of the eye [14].

As stated above, the CIELAB space is a perceptualy correct space. This means that a
perceptual difference between two points in the CIELAB space can be represented closely by
the Euclidean distance (square norm) measure. The XY Z-to-CIELAB transformation is shown

in Equation 5:
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L=g O YoD Yo
D9033 otherwise
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where Xo, Yo, Zo are the tristimulus values for the reference white (i.e., RGB=255,255,255). For

the purpose of thisthesis, it is assumed that the light source iswhitein all cases.

Given that CIELAB space is a nonlinear transformation of the XYZ space, the dichromatic
reflection model states that the color representation in this space is sensitive to the viewing
direction, object surface orientation, highlights, illumination direction, illumination intensity,
and inter-reflection. In theory, it isinvariant to the illumination color since the XY Z values are
normalized with respect to a white reference. However, in practice, it is only possible to obtain
this property when the capturing device is constantly in a controlled environment such as check
processing or industrial part inspection.

For this transformation, there are 18 M/D’sand 9 A/S's, aswell as11 M/D’sand 6 A/S sfor the
computational load of carrying out each of the three different cubic roots assuming that only the
first three terms are used in the Taylor seriesfor limited precision. Thisis reasonable given the
coarser precision of the image quantization. This will be also assumed for al other series
approximations when calculating computational complexity. Together with the RGB-to-XYZ
transformation, the total number of operations per pixel is60 M/D’sand 33 A/S's.

234 CIELUV
The CIELUV color coordinate system has evolved from the CIELAB and UVW spaces [44].

The CIELUV space has aso been designed to be a perceptually correct space (it aso improves
the perceptual nonuniformity ratio of the XYZ color model to 6:1 [42]); i.e., the Euclidean
distance between two points indicates more or less the perceptual difference between them.
Furthermore, the CIELUV space exhibits differences in color typical of those in the Munsell
book of color, whereas the CIELAB space was intended to exhibit color differences greater than
the IND threshold, but smaller than those in the Munsell book of color [28]. The XYZ-to-
CIELUV transformation is shown in Equation 6 below. In CIELUV, L is a measure of
intensity; however, there is no analogous relationship between U and V and the RGB

components as thereisfor the A and B planesin the CIELAB space. The nonlinear relationship
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for L is intended to mimic the logarithmic response of the eye [14]. The transformation is
defined as,

0 32 ©
0
gzsgooig ~16 Y > 0.008856
L=g U Yoo 0
090331 Y <0.008856
H Yo Yo
U =13L(u' - up)
vV =13L(v' - v})

where u, and Vv, are obtained by the substitution of the tristimulus values X,, Yo, Zo for the

reference whiteand U’ and v’ are defined as

pe X U
X +15Y +3Z

= 9y 8
X +15Y +3Z

The analysis of the CIELUV space with the dichromatic reflection model is worth exploring.
Consider the calculation of the U component:

U =13L(u' -up)
where u’ is defined in equation 7.

Applying the dichromatic reflection model for matte or Lambertian surfaces (i.e., only the body
reflection term is considered since such surfaces do not shine) to equation 7 (without loss of

generality to equation 8) yields

= 24286, (7 S)kg +0.696 [em, (7, Sk +0.800 [, (7, S)ks
5.092 [em, (71, $)kg +9.177 [em, (7, 5)Kg +5.258 [, (7, 5)Kg

Factoring out the common terms, the result is

= 2428 kg +0.696 (kg +0.800 ke
5.092 [k +9.177 [k +5.258 kg

which is a ratio which depends only on sensors and surface abedo. Therefore, the
representation of the color in the CIELUV space is invariant with respect to illumination
direction and intensity, as well as viewing direction and object surface orientation (since the
geometry term has been canceled out). Thiswould mean that in the CIELUV space the effect of
shadows should be much reduced with respect to the RGB space. However, this space varies
with respect to highlights as can be easily verified by analyzing the surface reflection term of
equation 3. Therefore, highlights should appear in CIELUV just as well as they appear in RGB.
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The color representation in this space is sensitive to the highlights, and inter-reflection. Since
the colors are normalized with respect to a white reference (i.e., to the values corresponding to a
white color under the illuminating light), it would be reasonable to say that color represented by
CIELUV is invariant to the illumination color. However, like CIELAB where the white
reference is obtained a priori, this conclusion only applies to well controlled lighting

environments.

For this transformation, there are at least 14 M/D's and 7 A/S's, as well as 11 M/D’s and 6
A/S sfor the computational load of carrying out one cubic root (cf. see Section 2.3.3). Together
with the RGB-to-XY Z transformation, the total is34 M/D’sand 19 A/S's.

2.35rgb
The normalized RGB space, or rgh, has been used in the literature for several decades[19]. The

following transformation needs to be performed to obtain this space:

R ©
R+G+B

_ G

" R+G+B

_ B

" R+G+B

g

It follows that all the values need to add up to one.

When Shafer’s model is applied to the rgb space [17], the same conclusions as were made for
CIELUV can be made. Namely, for matte objects the color representation in the rgb space is
invariant with respect to illumination direction and intensity, as well as the viewing direction

and surface orientation. This spaceis till sensitive to highlights, and inter-reflection.

For this transformation, thereare 3M/D’sand 2 A/S's.

2.3.6 HS
For completeness the HSI space is defined, however it will not be used in this thesis. As stated

previously, the HSI (Hue, Saturation, and Intensity) model [35] can be said to follow more
closely the human perception of color qualities. Hue (H) is the color as described by
wavelength — for example, the distinction between red and blue. Hue represents the
fundamental or dominant color. Saturation (S) represents the amount of a color present, where
pastel shades (e.g. pink) have low saturation values while pure spectral colors (e.g. red) are
completely saturated. The intensity (1) represents the overall brightness or the amount of light.
It is independent of color and isalinear value. It is measured as an angle on a color circle with
the three primary colors spaced 120° apart. The first two values specify the chromaticity of a
color point. Figure 5 shows the relationship between the HSI and RGB spaces.

17



White

240° Hue
Blue Saturation
. P
Luminance
OO
120° Red
Green
Black
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It is noted that the HSI color space is one of several spaces that can be derived from the General
Hue, Luminance and Saturation (GHLS) space. There are other dlightly different interpretations
of hue, luminance and saturation. There is a general transformation from RGB to GHLS [33].
By setting certain parameters in this transformation, one can specify any of the transformations
from the RGB space to an HSI, HLS or HSV [33] (Hue, Saturation and Vaue) representation.

The HSI definitionisgivenin[19]:

(R-G)+(R-B) (10)
20(R-G)? + (R-B)G-B)"’
_ e if B<G
- E 2r—-60 otherwise
3mmin(R, G, B)
 R+G+B

cosf =

s=1
-1
| —3(R+G+B)

The plane I=1 (for normalized R, G, B vaues) defines the hue triangle (with vertices at the
extremities of the Red, Green and Blue axes) from which these equations have been derived.
Shafer's model was applied to the different components of the HSI space [17]. Severd
conclusions can be drawn from this analysis. First, that the | plane is sensitive to the various
physical effects of light. Second, the saturation plane representation is invariant with respect to
illumination direction and intensity as well as the viewing direction and surface orientation.
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Finally, the hue plane has several invariant properties with respect to highlights, viewing

direction, surface orientation, as well as to illumination direction and intensity.

However, although the theoretical results seem to present a good case for HSI, there are many
problems. Poynton gives several arguments against the use of HLS-based (e.g. HSI) color
systems [43]:

1. For example, he indicates that the HLS spaces do not refer to the lightness perception by
humans when computing the lightness or intensity components as spaces such as XYZ or
CIELUV do.

2. There is no reference to the linearity or nonlinearity of the underlying RGB color space.
For example, the computation for the intensity presented in Equation 10 would indicate
yellow to be about six times more intense than blue at the same lightness level of 50 out of
a 0-100 range (as determined from the Y component of XYZ). That is, the intensity
component in HSI is not represented by the weighed average of the RGB components as

perceived by humans.

3. Nearly dl formulations of HLS introduce visible discontinuities in color space due to

different computations around 60 degree segments of the hue circle.

4. The ubiquitous formulations are based on RGB components whose chromaticities and
white point are unspecified which indicates that the HLS-type systems do not convey
accurate color information.

For these reasons, the HSI space will not be used in this thesis.

The RGB to HSI transformation is very computationally intense: eight additions/subtractions
and seven multiplications/divisions, as well as 11 M/D’s and 6 A/S's for a square root operator
(based again on athree term Taylor series expansion) per point for atotal of 18 M/D’s and 14
A/S's.

2.3.71 1| 2|3

Gevers and Smeulders observed that the measured colors of a uniformly colored region must be
on the triangular color plane in the RGB space spanned by the body and surface reflection
components [17]. Therefore, just as hue (in the HSI model) is a function of the angle between
the main diagonal and the color point in RGB, any expression defining colors on the same linear
triangular plane will have similar properties to hue. The |l,l5 space was introduced as a space
that uniquely determines the direction of the triangular color in the RGB space [17]. The space
is described asfollows:
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G)? (11)

_ R
(

)
" R-GF +(R-B} + (G- B)

= (R-B)
* (R-GP+(R-B) +(G-B)
= (G-B)
* (R-G) +(R-BY +(G-BY

Absolute values can be used instead of squaring in order to increase algorithm speed [18].
Naturally, applying the dichromatic reflection theory one may observe that this space is
invariant to highlights, viewing direction, surface orientation, as well as to illumination
direction and intensity.

For this transformation, there are 6 M/D’s and 5 A/S's. If absolute values are used instead of
squaring, there will only be 3M/D’sand 5 A/S's.

2.3.8 hihzhs

The rgb space has show itself to be invariant to illumination intensity. The I4l,l; space has
shown invariance with respect to highlights and illumination intensity. A new space will now
be introduced which is only invariant with respect to highlights. This space will be
preliminarily called the h;h,hs space and will be defined as follows:

h,=R-G (12)
h3:B_R

There are many color spaces aready and introducing another one would seem redundant.
However, there are several motivating factors for introducing the h;h,hs space. First, although
difference-based color spaces exist, there is no color space that is solely based on channel
differences. Second, the space has the property of having very low values when pixel colorsin
the RGB space lie close to the R=G=B line (i.e, gray vaues). In this way, the intensity
component is easily removed. Third, Shafer's model shows that this space is invariant to
highlights, a useful feature in image understanding when observing shiny surfaces. This
completes the gamut of spaces based on Shafer’s model that exhibit different kinds of invariant
physics-based properties.

By applying the dichromatic reflection model, it is easily seen that the new space only depends
on the body reflection term for each of the spectral components. Consider the h; term (without
loss of generality):

hy =em, (A, )kg +em, (1,5,9)c, f ~ (em, (7, Sk +emy (7,5, V)c, f ) (13
hy, =em, (7, §)kg — ko]
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This means that the terms in this new space are sensitive to viewing direction, surface
orientation, as well as to illumination direction and intensity. Although, this space is invariant
to highlightsin theory, this does not seem to be the casein practice. Thiswill become important
when discussing the distance measures in the next section. In addition, an immediate practical
conseguence of this transformation is that any gray-level area will have coordinates very close
to zero irrespective of theintensity level. That is, the magnitude of a gray valued color vector in

h;h,hs space will be near zero.

For this transformation, there are only three additions/subtractions.

2.4 Summary

Table 1 shows a summary of the characteristics of the color spaces discussed in this chapter.
Most of the color spaces have an important individual feature or a unique combination of
features from other spaces. Some color spaces such as RGB, XYZ, CIELAB, and CIELUV are

provided for comparison purposes with previous work.

All the spaces presented in Table 1 will be used in the thesis except for the HSI space for the
reasons outlined above. From this table, several hypotheses can be made assuming the
Dichromatic Reflectance model is valid. First, the RGB, XYZ, CIELAB and h;h,h; spaces
should produce worst results when using the Euclidean distance (cf. definition in Chapter 3)
given the low number of invariances indicated. The best results should be obtained from the
CIELUV, rgb, and 141,13 spaces given the high number of invariances indicated. However, given
the perceptually uniform nature of CIELAB, the image edge detection and region segmentation

results should appear better than results in non-perceptually uniform spaces.

The use of other color similarity measures will be discussed in the next chapter, as these will
introduce certain changes to the color space properties. That is the color space properties
depend very much on the color similarity measure that is being used to compute color
differences. The properties discussed in this chapter can only apply to the use of the Euclidean
distance.

Finally, the CIELAB and CIELUV space transformations will be the most computationally
intensive whereas processing in RGB will have no overhead associated with color space

transformations.
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Color

Space

Conversion
Complexity
From RGB

viewing
directip

M/D’s

AIS's

surface
orientd

illumiri
directip

illumir
intensi

illumir
color

highlidh

per cept

uniforin

uniqud
feature

RGB

-+

Sensor-based;
easily
understood
from aphysics
perspective

XYz

Y channel
represents
luminance

CIELAB

60

33

Perceptually
uniform

CIELUV

19

Perceptually
uniform

rgb

Random values
for small values
of R, Gand B

HSI

18

14

Very intuitive;

| channel
represents
luminance; Hue
channel shows
color of pixels

lal2l3

Random values
for small values
of R, Gand B

hihzhs

+

+

+

+

+

+

Channel
subtraction

Table1: Color space characteristics (‘- means “invariant to”, ‘+ means“ sensitive to”)

based on the Dichromatic Reflectance M odel
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Chapter 3: Color Similarity Measures

3.1 Introduction

There are different color similarity measures used in the literature today depending on the color
space. For example, the Euclidean distance (cf. definition in Section 3.3) is used on RGB [70],
CIELUV [49,50], CIELAB [68] and even on a non-standard hybrid multidimensional space
made up of RGB, XY Z, and LAB spaces [69]. Variations on the Euclidean distance have been
used in HCI [8], and the Angle space [70]. Some researchers have also applied intensity-based
difference measures on individual color planes in the RGB and HSI spaces and then combined
the results [7,24]. Extracting useful information for color edge detection or image segmentation
directly from the RGB space is not well defined. However, given that images are easily
available in the RGB space, most research has been done in that domain. It seems that using a
perceptually correct space or a space with a hue-based component is necessary to process the

information in these images with greater accuracy.

Furthermore, there has been a lot of successful development in the area of color space
transformations to derive hue-based or perceptually correct spaces for the past twenty five years
[17,28,33,42]. This has resulted in several very useful color representations; however, at this
time no RGB hue-based measure has been introduced in the literature. Recently, the vector
angle has been applied to the RGB space to address this problem [12]. Severa distance
measures are described in [1] including the Euclidean distance and a different form of the vector
angle measure. Other similarity measures such as the Canberra distance, the Czekanowski
coefficient, as well as the generalized Minkowski metric are also described. However, since
they have been found to perform poorly in a color-based image similarity study for an image
retrieval application [1], they will not be considered in this thesis.

A much more complex way to calculate color differences is described in [28]. It consists of
describing small differencesin color on observations of just noticeable differences (JINDs) from
one color to another. A unit JND is described by an ellipsoid with a set of nine parameters
(three for each plane). The JND ellipsoids would be of uniform size if these coefficients were
constant throughout the particular color space. This would mean that the color space could be
reduced to a Euclidean tristimulus space where the color differences between any two colors
would become proportiona to the length of the straight line joining them [28]. However, these
coefficients exhibit large variations in RGB which means that the size and orientation of each of
the JND ellipsoids varies considerably. Because of this the distance between two arbitrary
colors is described by a geodesic (i.e., the minima distance chain of élipsoids lying along a

23



curve joining the two colors). For example, in the CIELUV space the geodesics between the
primary colors red, green and blue are nearly straight lines in the chromacity (u,v) plane,
whereas the geodesic curves between other colors are generally curved [28]. Because of the
complexity of computing geodesics, this thesis will not discuss this topic. The reader is

encouraged to consult [28] for further information and references.

There has been some research done on combining distance measures in color image processing
[1,66]. Some researchers have even chosen an entirely different route: that of coming up with
the optimal set of three color planes from a set of multiple color spaces [60]. However, in this
thesis, the focus will be on examining the currently available color spaces and coming up with
the best combination of color space and distance measures for quantifying color differences for
the purposes of color edge detection and image segmentation. A mixture of the Euclidean
distance and the vector angle measures are also examined in the RGB color space for color edge
detection applications. Various algorithms have been examined using different color spaces
[9,34,40]; however, there has not been an evaluation of color distance measures on the various

color spaces.
Two areas are of interest:

1. To devise similarity measures with invariant properties in the RGB space. After applying
each of those distance measures, a cumulative distance measure is calculated based on a

weighted combination of the individual measures.

2. To devise special color spaces with invariant properties. Next, the image segmentation
methods using the Euclidean distance can be applied to each of those spaces. Finaly, an

algorithm combines the result.

Thefirst point names an emerging field, but results are scarce [1]. Recently, the work of Carron
and Lambert in the HCI space [7] was applied to the problem of edge detection in the RGB
space using a combination of the Euclidean distance and the vector angle [66]. The work in this
thesis will demonstrate how one can use only RGB or one of the other color spaces with
specifically designed distance measures to segment color images without the need to design any

new color spaces.

The second point represents an extension of using the HSI space in color image understanding
with some work having already been done [17,18]. There has been some research done in this

field using HSI [7]. This methodology will not be explored in this thesis.

In this chapter, first an artificial image is described that will be used for comparing the
similarity measures for various color spaces. Next, the Euclidean distance measure is discussed.
Then, the vector angle measure is explained in detail. Third, addition-based combinations of the

two similarity measures are introduced and discussed. The combined computational complexity
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of using a certain color space and the various distance measures is addressed in detail.
Particular attention is paid to the properties resulting from the combination of each similarity

measure and the different color spaces.

3.2 Example

To examine the empirical effects of using Euclidean distance in the RGB space, a test image
was introduced in [12]. Please refer to the example image in Figure 6 and the vector
representation of the four colorsin thisimage in Figure 7. This image was chosen so that colors
C and D, as well as colors A and B have the similar hues. In addition, colors B and C are of

similar intensity as are colors A and D.

D B

Figure6: Artificial test imagewith four colors

Lignt green Light brown
RGB=178,254,178 A RGB=236.220 154
Dark green C B Dark brown
RGB=148,212,148 RGB=197,183,128

@)

Figure7: Vector geometry between thefour colors of Figure 6
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The purpose of this example is to show that the Euclidean distance is not necessarily a good
color discriminator for all of the spaces considered. A desired outcome is to show that in RGB

the vector angle can distinguish colors based on hue where the Euclidean distance failsto do so.

3.3 Euclidean Distance

The Euclidean distance (Dg) measure is usually used to compute distance in N-dimensional
vector space. Itisdefined as

DE(Vyy) = [y — s (14)

where |*| isthe L, vector norm. For athree-plane color space the distance calculated is

De(V, V) = \/(Vl,l _V2,1)2 +(V2 _V2,2)2 +(V3 ‘V2,3)2 (15)

. T . .
where v, =[v,,V,, V3] isacolortriplet.

The computational expense of using the Euclidean distance is five additions/subtractions and
three multiplications, as well as 11 M/D’s and 6 A/S's for one square root operator (assuming a
three term Taylor expansion) per comparison for a total of 14 M/D’s and 11 A/S's. However,
the total computational 1oad will vary depending on the number of calculations required for each
of the image segmentation algorithms.

The results obtained using Shafer's model in the previous chapter apply of course when the
Euclidean distance is used and, therefore will not be discussed here. The results of comparing
the color difference calculation for the artificial image example presented in Section 3.2 will be
discussed with respect to the different color spaces used.

3.3.1RGB

In RGB, the Euclidean distance represents at once differences in intensity, hue and saturation. It
is not clear in what proportion each of these differences is represented. It seems that intensity
counts a great deal when calculating a color difference. That is, the magnitude of a vector (i.e.,
an elongation or shortening of the vector) will produce differences in the calculation of the
distance. Thisillustrates the effect of illumination variations on the resulting color pixel value
and color differences.

In RGB coordinates, two pixel values from areas of the same reflectivity characteristics, but
under different illumination intensities (assuming equal color balance in the illumination) are
related by [12]

v, =a [ (16)
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where o is a scaar such that o > 0 and a # 1. Given that the two pixels in RGB come from
areas with the same hue (i.e., intrinsic color as described by wavelength), the Euclidean distance

calculation would not be zero due to the variation in illumination; i.e.,
De(V, V) #0 (17)

Therefore, the distance between two colors would depend very much on intensity. Thisis a
undesirable if trying to compute distances between two different colors that have similar
intensities. However, it is a desirable feature when trying to determine differences between two

colors of the same hue.

Typicdly, the goa in image analysis is to determine characteristics about the underlying
physical properties of the scene being imaged such as differences in material from one object to
the next. These are inferred from the reflectance properties of the objects present in the scene.
Therefore, the way light is reflected from the various objects conveys the information about the
scene. Variationsin the illumination can be considered as noise most of the time (in practice the
only time thisis not true is when two objects of the same hue but of different saturation values

overlap spatially).

In the above example, it may be the case that color samples A and B come from regions with
exactly the same reflectance properties, but region A has 20% more incident illumination. For
image segmentation, there should be no difference between A and B or between C and D;
however, using the Euclidean distance measure in RGB space, there is. In generd, it can be
said that De in RGB is sensitive to variations in intensity, and relatively much less sensitive to

variations in hue and saturation [12].

3.3.2 Behavior in Other Color Spaces
The Euclidean distance characterizes color differences in each color space differently. Table 2

summarizes these results. It is clear that color differentiation in the RGB and XY Z spaces based
on the Euclidean distance does not fully reflect the underlying necessity of including hue in the
caculations. For example, the two colors, which are closest in hue, are furthest apart in

Euclidean distance in the XY Z space.

From the above experiment, it can be said that the Euclidean distance seems to quantify
perceptua differencesin the CIELUV space similarly to the CIELAB space. This has also been
observed earlier [50]. This result seem to strengthen the initia hypothesis and say that the
combination of CIELAB with the Euclidean distance could account for both intensity and hue

differences.

Color representations based on the dichromatic reflectance model such as rgb, h;h,hs, and 141513

seem to characterize color differences well since the intensity component has been factored out
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in some way. However, it seems odd that the Euclidean distance quantifies color differencesin
the h;h,h; space well athough the dichromatic reflectance model does not support this
conclusion. That is, Shafer's model states that the h;hoh; space should be invariant to
highlights, and not illumination intensity. The seemingly good color discrimination based on
hue of rgb (i.e., normalized RGB) and |l,l5 spaces for the example image in Figure 6 is directly
in line with the results based on Shafer’s model.

Color Space Euclidean Distance Color
De(A,B) De(C,D) | Dg(B,C) | Discrimination
RGB 59.72 59.69 60.34 Poor
XYz 60 60 33 Poor
CIELAB 6.8 6.8 234 Good
CIELUV 7 7 37 Good
Rgb 0.0014 0.0024 0.12 Good
l15l3 0.0054 0 0.77 Good
h;hyhs 17.1 0 117.3 Good

Table 2: Comparison of Euclidean distance measuresfor different color spaces

3.4 Vector Angle

An dternate distance measure is the vector angle (Dya) [12] defined as
vV, (18)
Al

Unlike the Euclidean distance, the vector angle measure is insensitive to intensity differences,

cosf =

but quantifies well hue and saturation differences. However, there are certain drawbacks to
using the angle 6 as a similarity distance measure, including the problematic computation of

statistics on values in angular coordinates [64].

A problem with using cos@ or 1- cosé isthat the dynamic range of values for small anglesis
small compared to the dynamic range for small angles when using sing. This is important
since it is desirable to emphasize hue differences however small they may be. Therefore, the

sin@ was proposed in [12] as the actual angular distance measure and is defined as
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(19)

If computational requirements were strict, one could use the sin6.

It is assumed that all the color values are positive. This assumption will not hold for one of the
color spaces examined in this thesis: h;h,hs. However, experiments have shown that this is not
of major concern. The computation of angles greater than 90° in spaces such as h;h,h; or in a

translated RGB space will be examined in the future.

Only the sine of the vector angle will be considered in this thesis and will be referred to as Dya
or vector angle henceforth. The vector angle has aso been independently presented for color

image retrieva initsangular form[1].

The computational expense of calculating the cosf is11 M/D’sand 6 A/S's, as well as as well
as 11 M/D’sand 6 A/S'sfor each of two square roots (assuming a three term Taylor expansion)
for atotal of 33 M/D’s and 18 A/S's. For the sin@, this increases to 12 M/D’s and 7 A/S's
together with as well as 11 M/D’s and 6 A/S's for each of three square roots for a total of 45
M/D’s and 25 A/S's. However, due to simplifications the actual number of operations is 22
M/D’sand 13 A/S's.

The properties of the vector angle measure will be discussed for the different color spaces with
respect to the dichromatic reflection model. In general, it can be said that the vector angle

measure is unstable near the origin of any color coordinate system.

3.4.1RGB

Consider two pixel vaues V; and V, from areas with the same reflectivity characteristics in the

RGB space, but under different illumination intensities (assuming equal color balance in the
illumination). They are related asindicated by Equation 16.

Even though the two pixels come from areas with the same intrinsic color, the vector angle in

RGB space would be exactly zero (irrespective of the variation inillumination); i.e.,

(20)

’ /2
Dyp =Sin6 = Ei v o BZBV H BONT# BZBl =(-12=0
ﬁvl" Pl @ ol E@

This shows a very desirable characteristic of this measure; namely, that the angle between two

colorsin the RGB space will be insensitive to variations in illumination (intensity), but sensitive
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to differences in hue and saturation. The same result would be obtained by using the body
reflectance term from Shafer’s model. In other words, the invariance is only valid for matte
surfaces. The vector angle should still be sensitive to glossy effects in the image (i.e.,
highlights).

This can be observed by examining the angle between the different colors from Figure 6. The
angles between colors A and B and between color C and D are both 0.11°, which means that
both sets of RGB values have approximately the same hues. However, the angle between colors
B and C is 11.6°. A mgjor problem with using the angle or sine of the angle as a distance
measure between two colors is that the angle is undefined at the (0,0,0) point. Because of this,
the calculation of vector angle when one of the vector magnitudes (or intensities) is small

exhibits near random behavior. Thisissue will be examined again in Section 0.

3.4.2 Behavior in Other Color Spaces
The vector angle characterizes color differences in each color space differently from the

Euclidean distance. Table 3 gives a summary of computation of vector angles and sine of the

vector angles.

It isinteresting to note that the vector angle measure gives good color difference information for
all color spaces to be used with it. This is suggested by Shafer's dichromatic reflection model;
however, there does not seem to have been any studies to evaluate whether the vector angle
reflects perceptual differences better than the Euclidean distance. This should be part of future

research. Several other conclusions can be reached from the example presented in Section 3.2.

The same problems found with using this measure on low intensity RGB colors would be
encountered in the XY Z space since it is a linear transformation of the RGB space. The XYZ
space might not benefit from the intensity invariant properties of RGB since the Y component
represents the luminance of an object and Y is aweighted sum (cf. see Equation 4) of the RGB

components.

The results from using the vector angle on the example image strengthen the hypothesis that
CIELAB captures well color differences. It is not possible to use Shafer’'s model to extract
meaningful information about the interaction of the CIELAB space and the vector angle.
Therefore, nothing can be said about the effect of the color comparison done with the vector
anglein CIELAB at thistime. It is possible that because the computation will take into account
the luminance component that the results will be worse than in RGB. Furthermore, it is not
expected that the vector angle would add any capability to the CIELUV space given the
presence just as in the previous case of aluminance component. Intensity invariance has been
factored into the U and V components; however, because they are used together with the

luminance, again it is not possible to say what positive effect the vector angle might have.

30



The results for the normalized RGB and the RGB spaces are identical. This is expected since
the sum of the RGB components used in the normalization process to obtain the rgh space is
factored out in the vector angle calculation. In practice, round-off errors might dightly change
the differences being calculated.

The vector angle discriminates very well between colors of differing hues since invariance to
highlights has already been taken into account in the design of the h;hyh; color space. The
vector angle in this case might be a much better discriminator than the Euclidean distance since
the color similarities between vectors A and B were not as well computed with the Euclidean
distance. The vector angle further adds intensity invariance properties based on Shafer’'s model
(i.e.,just likein RGB).

However, the possibility of the vector angle being too sensitive to color differences for practical
applications arises. For example, the distance between color points B and C is very high for
both the h;h,hs and 141515 spaces which means that large amounts of noise could be introduced

when processing images in those color spaces.

Color Space Vector Angle Color
Dva(A,B) Dva(C,D) Dya(B,C) Discrimination
6 sin@ 6 sin@ 6 sin@

RGB 0.11° | 0.002 | 0.11° | 0.002 | 11.6° | 0.20 Good

XYz 0.20° | 0.035 | 0.05° | 0.000 | 6.3°> |O0.11 Good

CIELAB 0.64° | 0.011 | 0.12° | 0.002 | 14.8°> | 0.26 Good

CIELUV 0.95° | 0.017 | 0.15° | 0.003 | 22.9° | 0.39 Good

rgb 0.11° | 0.002 | 0.11° | 0.002 | 11.6° | 0.20 Good

I4l5l5 0.44° | 0.008 | 0° 0 66° 0.91 Good/Noisy

h:hohs 0.46° | 0.008 | 0° 0 71.1° | 0.95 Good/Noisy

Table 3: Comparison of vector angle measures and propertiesfor color spaces

3.5 Distance Measure Combinations

An emerging area in color image processing is the combination of hue and intensity based
information in color similarity measures. There are two principal ways of combining distance
measures. using an addition-based approach [66] or a multiplication-based method [1]. Both
present advantages and disadvantages, however, the main problem lies in deciding whether a
color difference of 0.1 obtained with one distance measure and 0.1 obtained with another

distance measure give an indication of similar color differences. Of course, this is not clear
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however the answer to this question is beyond the scope of this thesis and should be part of

future research.

In this thesis, both distance measures are normalized to fit within the zero-to-one range, which
means that a priori the distances are compared on an equal basis. In the case of Euclidean
distance, the calculations need to be normalized whereas the values for vector angle are aready
scaled within the 0-1 range since the sine of the vector angle is used. Only the addition-based
combination technique will be examined in this thesis. For the multiplication-based

combination, please refer to [1] as a start.

As the name implies, addition-based combination techniques focus on adding weighted values
of the different distance calculations. They take the following basic form:

C=aD, +a,D,+...+3a,D, (21)

where C is the combined distance, D; (i is an integer and n=i>1) represents the i"" distance
measure and g; its relative weight. D; can be either the result of applying a distance measure
such as the Euclidean distance to different color spaces or the result of applying different
similarity measures such as the Euclidean distance and the vector angle to the same color space
(e.g. RGB).

It is necessary now to focus on obtaining the appropriate weights a for each distance
calculation. In this thesis, only two distance measures will be considered; therefore, only two
weights are needed. The weights can be arranged to be the opposites of each other; that is, if
one of the weightsis high then the other one should be low to aways have a normalized output.
Therefore, only one trade-off parameter would need to be calculated. The changing nature of
the trade-off parameter will decide adaptively what determines the final relative weight of each
distance measure in each color distance calculation.

Given that in this thesis the determination of a color difference is dependent only on the two
colors being compared (i.e., the neighborhood of the pixels is not taken into account), two
values have to be calculated (one for each of two points being compared) to obtain the trade-of f
parameter or distance measure weight. Therefore, a transition function between the different

feature spaces is necessary for each point in the pair.

Let the value needed by the trade-off function be X, for i=1,2. The sigmoid is a widely used

transition function. A sigmoid function can be defined by

1 (22)
+ e—sl ope( X, —offset)

a(Xx) =
1

where the slope defines the slope at the transition point and offset the transition midpoint. This
function is shown in Figure 8. Both the slope and the offset are application-dependent and are
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set experimentally in thisthesis. In this case, as the parameter X; increases, the function's output
slowly changes from zero towards one biasing the outcome towards one of the calculations
based on the underlying image characteristics.

However, since every time two points are considered, the trade-off parameter function [7]
shown in Figure 9 is defined as

p(Xy, X,) = Ja(X,) @(X,) (23)

This trade-off parameter has been first used by Carron and Lambert [7] and then by
Wesolkowski and Jernigan [66].
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Figure 8: Trade-off parameter function Figure 9: Example of equation (23)

There are severa advantages of trying to combine distance measures. The shortcomings and
advantages of the Euclidean distance, and the vector angle have been shown in previous
sections. It would be beneficial if each of these measures could be applied when it is the most
discriminating. Of course in the end, this depends very much on the application. That is, what
are the distance measures needed by some application? For what is the application needed? If
these questions can be successfully answered the choice of distance measures and potentialy
one of the combinations of distance measures would be quite easily chosen. This means that not
al distance measures are necessarily going to perform well on al problems. This is an
important observation, which will be discussed further in Chapter 6..

In this thesis, two distance measures will be used: the Euclidean distance (an intensity-based
measure in RGB), and the vector angle (a hue and saturation-based measure in RGB). If these
color similarity measures are used, then the combined function with the trade-off parameter can
be calculated knowing that
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&y = p(Xy, X3) (24)
a, =1- p(Xy, X3)

where g is the weight for the vector angle and & is the weight for the normalized Euclidean

distance. Then, the combined color similarity measure can be written as:
C=aDg +a;Dya

or

(25)
AT () Wa(xy) B

1-p(X, X V1(X,y) = Vo (X,
H|V1(X, y)" "\_/.2 (X, y)"H +( p( 1 2)) EnVl(X y) VZ(X y)"

c =p(X1,X2)\/1

In this case, the vector angle measure will be used only when X is high for both points,
otherwise the Euclidean distance measure or a combination of both should be used. As the
parameter X increases, the function's output slowly changes from zero (i.e. Euclidean distance

bias) towards one (i.e. vector angle bias). The question of what X;’ s should be now arises.

The possibility of using the intensity or the saturation parameters will be explored in the next

two sections.

3.5.1 Intensity-Based Combination
A simple method of combining both distance measures would involve using the intensity of

both points being compared. One way of calculating intensity involves taking a simple average
of the RGB components. The use of intensity as a trade-off variable is a logical choice given
that the vector angle measure breaks down for low values of intensity (see Section 3.3.1).
Therefore, vector angle could be used when both pixels being compared have high intensity.

Euclidean distance would be used when one of the two pixels would have low intensity.

To compute the intensity only one multiplication and two additions are required.

3.5.2 Saturation-Based Combination
A saturation-based combination of hue and intensity planes for edge detection was first

attempted in [7]. Carron and Lambert converted the RGB color image into an HS|

representation using the Y C,C, transformation as an intermediary step:

DYB 51/3 1/3 1/SDERS (26)
0l -1/2 —1/2%5

K,H Ho -+3/2 J3/2BEREH

This results in the saturation definition shown in Equation 27.
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They argued that this form of saturation is less sensitive to nonlinear effects than the classical
saturation transformation [7]. Recall that this transformation [19] is given by

_ 3IMin(R, G, B) (28)
R+G+B

S=1

Carron and Lambert show that the noise variance within the hue component is higher than
within the intensity component when saturation is low (i.e. intensity is more relevant than hue).
They aso show the noise variance within the intensity component is higher than within the hue
component when saturation is high (i.e. hue is more relevant than intensity). In this thesis,
Carron and Lambert’s method will be used with saturation (as defined by Equation 27) and

intensity as independent variables in the trade-off function.

The vector angle provides a good measure of hue difference and the Euclidean distance a good
measure of intensity difference directly within the RGB space. This is potentialy an
improvement over using the hue and intensity planes from a complex transformation as shown
in[7]. Therefore, when both pixels are highly saturated, vector angle would be used, and when

one of the pixelsislow in saturation, the Euclidean distance would be used.

To compute the intensity five multiplications and two additions are required together with 11
M/D’sand 6 A/S's (assuming a three term Taylor series expansion) for the square root operator
for atotal of 16 M/D’sand 8 A/S's.

3.6 Computational Com plexity

Combining distance measures inherently increases the computation complexity of the color
similarity measure since at least two different cal culations have to be made. Furthermore, based
on the nature of the independent variable (i.e., either intensity or saturation), the computational
complexity increases further.

The computation requirements for each similarity measure calculation are givenin Table4. The
computational complexity for the combination cases includes the computation of the trade-off
parameter (i.e., the weights for both similarity measures) and assumes that a look-up table is
available for the exponential function. The vector angle is about three times as computational ly
expensive as the Euclidean distance especialy because of the normalization step. It is also
easily noticed that the combined similarity measures are very computationally expensive in

relation to either the Euclidean distance or the vector angle.
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The computational complexity of the combination methods might not make them practical at
this point. However, the ability to combine both intensity and hue information might warrant

the use of such a computationally expensive algorithm to obtain increased performance.

Distance M easures I ndependent Computational Complexity
Variable
M/D’s AlS's

Euclidean Distance N/A 14 11
Vector Angle N/A 22 13
Euclidean distance | Intensity 55 39
and vector angle -

(RGB only) Saturation 69 43

Table 4: Comparison of computational complexity for color similarity measures

3.7 Summary of Distan ce Measures

In summary, the vector angle was shown to be a good hue-based discriminator of RGB color
vectors; however, it is not very good at taking into account intensity. It actually does not
consider intensity information at all. The Euclidean distance was found an inadequate color
difference calculator in the RGB space. This measure takes into account all color information
(i.e., intensity, saturation and hue) from RGB pixels to come up with the color difference

whereas the vector angle only factors in the saturation and hue information.

For other color spaces, the interaction between the similarity measure and the properties of the
color space is more complex. In color systems such as CIELUV and CIELAB, the measures
seem to be equivaent color discriminators. It is seemingly easy to assess these properties from
atheoretical perspective based on the dichromatic Reflectance Model. However, in practice the
results might be quite different because certain assumptions (such as Equation 2) used in
deriving Equation 3 might not hold at al illumination intensities. That is, the nonlinear
relationship between the RGB color channels is not fully taken into account by some of these
assumptions. So, the results presented in this chapter indicate a possible outcome for practical
applications; however, the theory might not be adequate to provide good answers in this respect
and the hypotheses formulated here might prove to be false. New assumptions might be needed
to devel op solutions where the current assumptions might break down.

From a computational perspective, it is clear that the Euclidean distance is by far the fastest way

to compute color similarity; however, it might not be the best way.
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In the next two chapters, two image processing applications will be examined: color edge
detection and color image segmentation. The similarity measures examined here will be

adapted to the algorithms presented therein.

37



Chapter 4. Color Image Edge Detection

4.1 Introduction

What is an edge? In gray-level images, edges have been typically modeled as brightness
discontinuities. From an intuitive sense, it can be said that an edge is an apparent boundary
between two pixels with significantly different brightness values. Here “significantly different”
may depend on local pixel brightness statistics for example. This variation usualy occurs
because an edge usually represents a physical boundary between two objects having different
intensities. Theword edgeis used to refer to alocation on the image where the brightness value
appears to jump. These jumps are associated with high values of the first derivative and are the
kinds of edges that were originally detected by Roberts[47,20].

4.2 Gray-Level Based Techniques

Severa edge detectors were developed in the 1960's and 1970's [19,20]: Roberts [47], Prewitt
[45], and Sobdl [53]. These simple yet powerful methods are still used today in many different
applications athough many other edge detectors have been developed [22]. Severa of the
standard gray-level edge detectors have been adapted to color image processing for this thesis.
They will be briefly described here with their color extensions being described in the following
sections.

The Roberts edge detector [47] is a simple approximation of the image differentiation operator.
It issimply defined as

29
D =X y) ~V(X+ Ly + D) + ((x+Ly) - v(x, y + 1))’ (29)
This implementation can also be described by two masks (see Figure 10). Equation 29 shows
the computation of the Roberts operator using a cross difference. It is aso possible to compute
it using differences in the horizontal and vertical directions instead of the cross differences
shown above.

1 0 0 1

0 -1 -1 0

Figure 10: Roberts Operator 2x2 Masks
The Prewitt edge detector [45] is an extension of the Roberts edge detector to a 3-by-3

neighborhood (see Figure 11). Here, the horizontal and vertical differences are computed.
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Figure 11: Prewitt Operator 3x3 Masks
The Sobel operator is the classical edge detector standard [53]. It is very similar to the Prewitt
edge detector. It is described in Figure 12. The Sobel operator emphasizes the horizontal and
vertical differences between the pixels closest to the central pixel.

-1 -2 -1 -1 0 1
0 0 0 -2 0 2
1 2 1 -1 0 1

Figure 12: Sobel Operator 3x3 Masks
A more robust edge detection algorithm is commonly referred to as the Canny edge detection
method [6]. The Canny operator is a sophisticated gradient-based edge detection agorithm. It
will be further explained in Section 4.4.3.

4.3 Color-Based Edge Detection: Literature Review

For color images, the notion of an edge is much more complex than in grayscale images. In
color images, intensity, hue and saturation of a color al play a part in determining object
boundaries. A physical boundary produces an edge which needs to be captured using a measure
that combines the different color characteristics. The concept of color similarity now becomes
important since pixe intensities alone cannot be used to determine the existence of an edge (see
Chapter 3: for more details).

The use of color in edge detection increases the amount of information needed for processing
which complicates the definition of the problem. For grayscale images, most edge detectors use
local gradient information or a difference operator in some fashion. In color images, a distance
measure (typically the Euclidean distance) needs to be used to define the color gradient. It is,
therefore, very easy to extend the Roberts, Prewitt's, Sobel’s, and Canny’s methods by
replacing the difference operators by the Euclidean distance, vector angle or a combined

measure.
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The color image processing extension to the Roberts [12], Sobel and Canny [16] operators will
be described in the next section. First, a literature review outlines the work recently done in

color image edge detection.

For color images, a number of approaches have been proposed from processing individual
planes [7,24] to true vector-based approaches [12,18,36,50,52,57,58,70,71]. The computational
load of computing edges on individual planes can be much smaller than that of computing edges
on the color vector. However, this seems to be a trade-off between speed and agorithm
performance. The vector-based approaches exploit the correlation between the color planes
much more effectively than the computation on single planes. This is why most researchers

have concentrated on the vector-based approaches.

The Sobel operator has been applied successfully to al three planes in the RGB space and the
gradients were summed to obtain the resultant edges in [24]. Hedley and Yan compute the
Sobel operator on each of the three RGB planes and then sum the results. For their map
processing application where colors and objects are well defined, this seems to be an adequate
technique for edge detection. However, for more complex color images where it is necessary to

capture better the correlation between the planes, this approach would probably be inadequate.

The Sobel operator was also applied to each component of the HSI space and the individual
results were combined using a trade-off parameter between hue and intensity [7]. An interesting
feature of this trade-off parameter was its dependence on the level saturation. The results of this
combination are not convincing given the test images used (there are only minor differences
between results where hue information is used as compared to those where it is not). Color
image scenes containing shadows might have provided a better indication of the capabilities of

combining the information contained within the individual HSI planes.

Several researchers have applied vector order statistics methods such as vector mean and vector
median filters [70], the minimum vector dispersion (MVD) edge detector [58], and the vector
range operator [57] in the RGB space. However, again it seems that the inappropriate image
test sets were used to show the viability of the methods. The authors did not compare their
methods to a vector-based Sobel or Canny operator. This would go a long way in
demonstrating that their methods are truly superior at least when intensity is used as the
prevalent source of information for color edge detection (i.e., when using the Euclidean distance

similarity measure).

Another approach for edge detection was the calculation of the maximum Euclidean distance
between the central pixel and al its neighbors, which is called the vector gradient [71]. This
algorithm was found to work best in the CIELUV space [50]. However, this determination
seems to have been done on an ad-hoc basis since ho methodology for choosing the best result
was provided in [50]. Further, no methodology for identifying a threshold to detect the actual



edge was given. However, this method is simple and elegant. It will be described in the next

section in more detail.

Another method for finding edges in multidimensional images approaches the problem from an
eigenvector point of view [71]. In this method, the eigenvectors for a 3x3 neighborhood are
computed and the distance between them is calculated using the Euclidean distance. This value
gives an indication of the strength of an edge at that point. This method was successfully

further used by Gevers and Smeulders on severa different color spaces[18].

The entropy operator [52] has also been used for color edge detection. It calculates the entropy
inalocal region based on RGB color vectors. The entropy is calculated individually for each of
the three planes. Thetotal entropy at the central pixel is defined to be the weighted sum of these
individual entropy values. The weights are defined as the normalized RGB values (cf. see
Section 2.3.5 for a definition of the normalized RGB space). One of its interesting propertiesis
that it yields a small value when the color chromaticity in a region becomes uniform and

produces a large value when the color chromaticity is highly changing.

Moghaddamzader et al. [36] describe a hybrid method which uses RGB and Lhy,c,, (See Figure
3), ahue-based derivative of the LAB space which the authors refer to as the HSI space in their
paper. The authors use fuzzy membership functions based on intensity and saturation
information to assign arelative value to the hue contrast. Next, hue contrast is hormalized using
this information. Finally, the Euclidean distance between the RGB color vectors is averaged
with the hue contrast measure producing an edge detector based both on hue and intensity
differences. The method seems quite complicated given what it is trying to accomplish (i.e.,
color edge detection). In addition, the results presented are not convincing since they are shown

on images that do not necessarily present a problem in the color domain.

4.4 Color-Based Edge Detection Algorithms

In this thesis, several edge detection algorithms adapted for color image processing will be
compared. The agorithms are the modified Roberts operator [12], the Sobel operator, the
Canny operator [6], the Vector Gradient operator [50], and the 3x3 Difference Vector operator
[70].

The example image of Figure 6 is used here to illustrate the difference between an edge
detection performed with a Euclidean distance-based edge detector and one based on the vector
angle. Applying an Euclidean distance-based operator yields the result shown in Figure 13. It
can be noticed that all apparent edges in the image have been detected. The threshold used was
very low (i.e., avalue of 5 out of arange of 0-255) to allow the displaying of all significant
edges detected in theimage. The operator distinguishes between all regions. However, when a
vector angle-based edge detector is applied, the result is an image such as the one shown in
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Figure 14. It is immediately apparent that the edges between regions A and B and regions C
and D are non-existent. This is due to the vector angle being near zero between the values in
these two color pairs. The value of thiswill be further illustrated on test images in Chapter 6.

Figure 13: Edge detection using a Euclidean distance-based operator

Figure 14: Edge detection using a Vector Angle-based operator

4.4.1 Modified Roberts Edge D etectors
A very simple edge operator is the Roberts operator [47]. A modified version of this operator
[12] calculates the maximum absolute difference between diagonally adjacent pixels in a 2x2
block instead of computing the magnitude of the gradient (cf. Equation 29). This operator can
be generalized to multidimensional pixel values by:
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Eg = max(Dg (V(x, ), V(x+1y +1)), Dg (V(x +1 y),V(x, y +1))) (30)
where V(X, Y) is the vector containing the multiple values of the pixel at coordinate (x,y).

The modified Roberts operator can also be extended to the proposed vector angle difference.
The vector angle modified Roberts can be calculated using the maximum sine of the angles

between diagonally adjacent pixelsin a2x2 block as
Sk = Max(Dya (V(X, Y),V(x + 1y +1), Dya (V(x +1 y),V(x, y +1))) (D)

The use of the combined distance measure presented in Section O parallels that of the Euclidean

distance and vector angle-based modified Roberts operators described above.

The Roberts edge detector is a simple operator. The vectorization of this operator alows for a
better performance on color images than of the intensity values alone (i.e,, summing edge
detection values obtained independently from each of the different color planes). However, this
edge detector lacks the robustness of the Sobel or other more sophisticated operators such as the
Canny edge detector.

4.4.2 Sobel Edge Detector
As mentioned earlier, the Sobel operator isavery well known edge detector [53]. In this thesis,

the origina difference-based gradient computation as shown in Figure 12 is replaced by a
Euclidean distance calculation. This vectorization of the algorithm allows for the effective use
of the color information given that simple intensity differences would not represent differences

between two color vectors as well as a Euclidean distance calcul ation.

The Sobel operator has been shown to be a good edge detector. In its expanded form, it will
deal better with the information contained in color images without compromising it such asin
methods where the operator is applied to each color plane independently [24]. In those cases,
the correlation between the various planesis lost and the final result would be probably less than
adequate. The Sobel operator will suffer from an inability to identify all hue difference-based
edges just as other Euclidean distance-based operators.

The Sobel edge detection operator will be applied to the different color space.

4.4.3 Canny Edge Detector
The Canny edge detector [6] uses linear filtering with a Gaussian kernel to smooth the noise in

theimage. Next, the edge strength and direction are calculated for every pixel in the smoothed
image. The Canny operator does this by differentiating the image in the horizontal and vertica
directions, and then computes the gradient magnitude as the root sum of sguares of the
derivatives. The arctangent of the ratio of the derivatives is used to compute the gradient

direction. The next step is called nonmaximal suppression. In this process, the edge strength of



each candidate edge pixel is set to zero if its edge strength is not larger than the edge strength of
the two adjacent pixels in the gradient direction. The pixels that survive the nonmaximal
suppression thinning process are labeled as candidate edge pixels. An adaptive thresholding
method is then applied on the thinned edge magnitude image to obtain the final edge map.

Adapting this algorithm to color images is not trivial. One could apply the Canny operator to
each plane of a color space. However, just as was mentioned in the previous cases this would
result in a lower performance than when the color information from all planes is used at the
same times. In this thesis, an adaptation to color images by Gauch using cubic splines to
estimate the derivatives is applied [16]. The non-maximal suppression and edge map
thresholding steps have been transformed into a zero-crossing detection step with an adaptive
threshold relative to the local gradient.

In its origina form, the Canny operator is known for emphasizing weak edges and yet
suppressing edge output due to noise. Aswill it be shown in Chapter 6, the Canny operator can
perform very well when one is trying to detect edges due to intensity changes. However, when
edges occur due to hue differences, this might not be the case anymore. The Canny operator

will show similar results to other Euclidean distance-based edge detectors.
The Canny edge detector will be only applied to gray and color RGB images.

4.4.4Vector Gradient Edge D etectors
The vector gradient edge detector is a local operator which computes the maximum distance

with the desired similarity measure between the center pixel and the 8-connected pixels adjacent
toit[71]. It has aready been used successfully with the Euclidean distance measure in the LUV
space [50].

The Euclidean distance version of this operator can be simply defined as
Eue =max{[[v; (x,y) =% (x Y[} (%2

where i is a counter representing each of the eight neighboring pixels (see Figure 15) and

v, (x,y)is the i color vector in the neighborhood of the examined color point at position
(X y) .

The vector angle version of this edge detection operator is written as

(33)

. H\*/T(xy)W(Xy)gB
= 1- | : o
Sie = MaX H O )| Vo (x W H E



Figure 15: Positions of neighborhood pixels

Theformulafor the vector gradient operator with a combined distance measure would be

Cve = P(X1, X2)Syg + (1~ p(X1, X2))Eye

or

(34)
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The vector gradient uses the central pixel as the reference in the gradient calculation and
chooses the maximum difference as the edge gradient. This is not necessarily beneficial, as
there can be a lot of noise in an image in contrast to the Roberts, Sobel or Canny operators

which use some kind of implicit averaging in their calculations.

4.4.5 3x3 Difference Vector Edge Detectors
A well-known edge detector in image processing is the 3x3 difference vector (DV) edge

detection operator [70], which is characterized as a 3x3 operator calculating the maximum
gradient across the central pixel. The Euclidean distance version of the difference vector

operator can be written as
Epv =max{[V; (x y) =Va.; (x y)[} (35)

where i represents one of the first four (out of a possible eight) positions around the centra
pixel, whereas 4+i represents each of the positions opposite to the first four (see Figure 15).

Thisis done in order to obtain measurements for the four directional gradients (i.e., horizontal,
vertical, left and right diagonals) across the central pixel. v, (x,y)is the i™ color vector in the

neighborhood of the color point at position (x, ) .

The vector angle version of the difference vector edge detector is characterized by



(36)
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The difference vector operator using the saturation-based combination measure would be

represented by
Cpv = p(X1, X2)Spy + @~ p(Xq, X2))Epy
or
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Notice that the maximum is being computed on the whole gradient calculation. Thisis donein
order to conserve the relative meaning of the pixels. That is, the Euclidean distance Difference
Vector operator calculation is to be combined with its vector angle Difference Vector operator

counterpart.

The DV operator, just like the gradient vector operator, does not do any implicit or explicit
averaging of the differences. Therefore, one can expect that there will be also some noise since
again only the maximum value is selected as the gradient. However, it will be twice as fast as
the vector gradient operator due to the reduced number of distance calculations (i.e., one half the

number of distance calculations).

Suggestions for using larger neighborhoods for the difference vector operator are discussed in

[70] while vector angle adaptations are suggested in Chapter 7.

4.5 Computational Com plexity

This section details the computational complexity of using a particular distance measure within
an edge detection technique in a particular color space. Combined measures will also be treated
here since their computational load is quite a bit higher than that when only single distance

measures are applied.

An important consideration in a practical system is the computational complexity of an
operation. The lower the computational complexity, the faster the algorithm will be executed.
In real time systems, differences of milliseconds can be crucia. The complexity of using the
various distance measures together with particular color spaces adds another factor in choosing

which distance measure and color space to use for edge detection in a practical system.
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The computational complexity for each pixel assuming three components per color vector is
summarized in Table 5. It is immediately noticed that the computational load of combining
similarity measures is very large compared to non-combining approaches. The computational
complexity aso increases as the number of Euclidean distance and especially vector angle
calculationsisincreased. Thus, the individual vector gradient edge detectors will take longer to

execute than their counterparts in other edge detector groups.

Finally, the additional computation incurred by smoothing the image for the purpose of edge
detection is not included in this calculation except for the gray level version of the Canny

algorithm sinceit is part of the algorithm definition.

Edge Detection Distance Measure Computational Complexity
Method ED's VA's M/D’'s | AIS's
Modified Roberts ED 2 0 28 22
VA 0 2 44 26
Combination/Intensity | 2 2 110 78
Combination/Saturation | 2 2 138 86
Sobel Single plane (graylevel) | N/A N/A 15 13
ED 6 0 97 73
Canny Single plane [6] N/A N/A 31 40
ED [16] 6 0 69 63
3x3 Vector Gradient ED 8 0 112 88
VA 0 8 176 104
Combination/Intensity | 8 8 440 312
Combination/Saturation | 8 8 552 344
3x3 Difference Vector | ED 4 0 56 a4
VA 0 4 88 52
Combination/Intensity | 4 4 220 156
Combination/Saturation | 4 4 276 172

Table 5: Computational compelxity of edge detection methods

4.6 Edge Thresholding
When detecting edges, it is important to find an appropriate edge intensity threshold beyond

which significant (i.e., meaningful for the segmentation of objects within an image) edges are

present. Without a threshold or with avery low threshold, alot of noise edges might appear that
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would make it more difficult to perform further image understanding tasks such as object

recognition.

In this thesis, a global threshold is used. The best threshold is determined based on the quality
of the edge detection as determined by Pratt's Figure of Merit [44] (please see Chapter 6 for an
explanation of this quality measure). This cannot be done when applying these algorithms to
real world problems. However, in this thesis the objective is to compare the best possible
performances of the different edge detectors. It is assumed that Pratt's Figure of Merit will
indicate which threshold gives the result closest to theideal edge map.

The only exception to this will be the threshold used for the Canny operator. The thresholds
used in the Canny operator are locally adaptive and therefore try to take into account the
variations within each region. The thresholds used for the grayscale and color image Canny

operators were determined experimentally for the particular images used.

Finally, the design of an adaptive thresholding algorithm is left as a future research topic and is
discussed in Chapter 7.

4.7 Summary of Edge Detection

The edge detectors that will be used in this thesis have been summarized. They include the
modified Roberts operator, the Sobel operator, the Canny agorithm, the vector gradient
operator and the 3x3 difference vector operator. Based on the computational analysis, the
vector gradient method will take the most time and the modified Roberts operator the least
amount of time to execute. The vector gradient or other color edge detection operators would

have to have a better performance to justify using them over the modified Roberts operator.

Algorithms such as the Sobel operator and the modified Roberts operator have been originally
adapted for color processing in this thesis. The algorithms based on the vector angle have been
shown to perform as expected on an artificial test image. These edge detectors will be applied

to real scene images to test their robustness and performance quality in Chapter 6.

In the next chapter, color image segmentation will be addressed by studying a new agorithm for

color clustering.



Chapter 5: Color Image Segmentation

5.1 Introduction

Image segmentation is probably the most important task in image understanding. It is the
partitioning of an image into a set of non-overlapping regions whose union is the entire image.
The purpose of image segmentation is to decompose the image into parts that are meaningful
with respect to a particular application. Without good image segmentation, it is not possible to
process the image appropriately and, therefore, to understand what it represents.

It is very difficult to define what constitutes a“ meaningful” segmentation of an image within a
computer algorithm. Haralick and Shapiro suggest that the following rules are usually obeyed
[20]:

1. Segmented regions should be uniform and homogeneous with respect to some characteristic

such as gray level or texture.
2. Regioninteriors should be simple and without many small holes.

3. Adjacent segmented regions should have significantly different values with respect to the

characteristic on which they are considered uniform.
4. Boundaries of each segment should be simple, not ragged, and must be spatially accurate.

However, achieving these desired properties is very difficult since applying strictly uniform and
homogeneous measures to segmentation produces regions full of small holes (due to intensity
variation or compression artifacts in images [73]) which have ragged boundaries. Furthermore,
trying to create regions with large differences in values of the measured properties can cause

highly similar regions to merge and boundaries to be lost.

Image segmentation is the process of grouping data into different spatial aggregates. Haralick
and Shapiro suggest that there is no full theory of clustering, and, therefore, no full theory of
image segmentation [20]. This means that image segmentation techniques are generally ad hoc
and differ on how they emphasize one or more of the desired properties. In the end, each
method tries to balance one property against another. Therefore, the final implementation of
each image segmentation algorithm depends very much on the end application. However, these
differences usualy center on the choices of parameters or methods of how to adapt certain

parameters to the image.

In this thesis, one variant of image segmentation algorithms will be explored: color clustering.
Clustering does not segment pixels based on their spatial relationship, but rather based on their
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intensity or other inherent characteristic. Many agorithms enhance clustering algorithms with
spatial constraints to make them more practical; however, in this thesis, only the general
clustering algorithms will be discussed. Another type of image segmentation known as region
growing will not be explored. Region growing is a method which aggregates neighboring pixels
around a seed pixel and keeps growing the region as long as certain homogeneity criteria are
satisfied.

The purpose of discussing image segmentation in this thesisis to illustrate how various distance
measures in color images can help in improving the segmentation process. The premise is to
show differences in color image segmentation based on different criteriawhich in the end would

be application-specific.

The color image segmentation field can be roughly divided into three categories: global or color
clustering methods [3,40,56,67,68,69,70], local or region growing algorithms [8,15,59,72], and
hybrid procedures [3,24,29,32,49,73]. These agorithms base their principles on physical
models of the image [29,56,67] or on the statistical nature of images [5,9,34,50]. This thesis
will concentrate on studying the impact of using different color clustering similarity measures

within the color clustering context.

5.2 Histogram-Based Grayscale Image Clustering

Clustering in pattern recognition is the process of partitioning a set of pattern vectors or data
into subsets called clusters. There are many clustering algorithms detailed in the literature such
as k-means, ISODATA, etc. [13,48]. The most difficult aspect of clustering is the cluster
validation problem. That is, it is difficult to either estimate the number of clusters the data is
made up of or to determine the particular characteristics of every distinct data partition. The
first problem is usually solved in an ad hoc manner by overestimating the number of clusters
and then using cluster merging criteria. The second problem can be solved by selecting
thresholds based on neighborhood or global statistics with respect to cluster size, variance of the
data, etc.

The most referred to and simplest clustering algorithm is the k-means algorithm [48]. This
algorithm iteratively computes the mean of a set number of clusters until it converges to a stable

set of cluster prototypes (i.e., means). This algorithm is described in detail in Section 5.4 below.

In gray-scale images, regions are typically modeled as uniform intensity areas and segmentation
algorithms employ some form of Euclidean distance measure to determine pixel similarity either
on a spatially local basis or on a global color basis. The clustering problem reduces to a
thresholding or multilevel thresholding problem. That is, for example, in binarization the
guestion becomes what threshold will partition the image into two well-separated background
and foreground clusters [37]. Such partition might allow the further stages in a system to
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identify parts of the image as text and apply optical character recognition algorithms to them.
For more complex images, a multilevel thresholding method could be used to discern several
intensity clusters in the data [38]. This could be used in partitioning grayscale images into
many different regions only based on their intensity or some intensity-related property.

5.3 Histogram-Based Color Image Clustering

For color image processing, the clustering algorithms operate in complex multidimensional
spaces. Because of the added complexity of needing three variables to represent color pixels,
the issue of region segmentation in color images is not as well defined as for gray-scale images.
The segmentation now focuses more on creating regions of homogeneous color. This means
that the choice of distance measure becomes very important since homogeneity depends very
much on how distances between colors are being measured. |n this case, al approaches found
in the literature use some form of Euclidean distance to determine similarity between two color

pixels.

A number of color clustering approaches have been proposed. Most approaches have used the
RGB space for applying their algorithms [24,32,70,73]. Other approaches are based primarily
on one color space: CIELAB [68], and CIELUV [49]. Some approaches were also designed for
non-standard hybrid multidimensional spaces [69]. A few agorithms were designed and tested
with avariety of color spaces[34,40]. A method for color image segmentation evaluation based

on the Euclidean distance measure has also been devised [3].

Next, several global image segmentation techniques will be reviewed. In addition, some hybrid

methods implementing a global approach as afirst step will also be described.

Y ang describes a method based on the classification of avector composed of two angles and the
magnitude describing the color pixel RGB triplet [70]. The method uses two thresholds to
determine region homogeneity: comparing the Euclidean distance between the angles of two
vectors to a "vector direction tolerance" and comparing the magnitude to a second threshold.
For two vectors to be considered similar in color, both the Euclidean distance between the
angles representing the directions of each vector and the vector magnitudes have to be within a
tolerance threshold of each other. This does allow the use of the hue component for region
segmentation purposes; however, the use of the Euclidean distance measure is awkward and
thresholds are needed. Only one image was used in testing this method; therefore, it is not
known how accurateit is.

Park et a. describe an approach based on morphological transforms [40]. They first smooth the
3-D RGB histogram using a difference of Gaussians and then apply closing and dilation
operators to segment the image. The clusters follow a non-uniform expansion (i.e., a cluster
could be greatly extended in the horizontal direction but not in the vertical direction). Again,
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the cluster formation process is decided based on the Euclidean distance thereby not taking into
account hue very well. Their results on an artificia image with shadows show promise.
However, it is questionable whether their results on the standard house image show that their
algorithm is superior to the k-means agorithm for example.

Wu et a. use afuzzy c-means clustering algorithm for preliminary segmentation of RGB map
images for the purpose of extracting lines and text [69]. A neura network is then trained on a
set of cluster centers, which satisfy a set of criteria. The image is finally segmented using the
neural network optimized cluster centers using a nearest neighbor approach. Again, the use of

the Euclidean distance as the similarity measure is problematic.

Severa other methods make use of a global segmentation approach as a preliminary step to
more specific region segmentation or merging. For example, Hedley and Yan [24], as well as
Zhou et a. [73], use distance measures which incorporate a spatial component to complement
their color clustering approaches in order to mitigate the effects of outliers and anti-aliasing.
This is a very important feature of the algorithm, however, the authors have only applied their
algorithms to images where the intensity is constant. These algorithms would fail if applied to
images with shadows since they use the Euclidean distance or its variants for region similarity

computation.

Schettini applies a histogram-directed clustering approach based on a recursive one-dimensional
histogram analysis to identify spatia regions of uniform color [49]. The technique
oversegments the image and then uses a merging technique to collapse spatially neighboring
zones. This means that the segmentation is done on a statistical basis at best and not a physical
understanding of the image formation process. Thisis especialy important if the regions are of
constant, but different hues, and, therefore, belong to different objects. It would be necessary to

implement complex region merging algorithms to remedy this problem.

Kurugdll and Sankur show a method, which exploits the correlation present in 2-D histograms
of RGB pairs (i.e. RG, GB and RB) to perform region clustering [32]. The region segmentation
is very dependent on the intensity. This can be clearly observed on the only result image
provided (the color “Lena” image). It is concluded that this type of segmentation cannot deal

well with intensity changes.

Furthermore, Woelker implements a color clustering method in CIELAB space with each
cluster being defined as a cube with a Euclidean distance-based tolerance [68]. This Euclidean
distance tolerance needs to be small if dissimilar colors of similar intensity are not to be

included in the same region.

In this thesis, the k-means approach will be examined in detail together with the Mixture of
Principal Components (MPC) neural network [67]. The effect of clustering data based on a
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single pixel, as well as a 3x3-pixel neighborhood will be examined. Since this section is only
concerned with the comparison of using either the Euclidean distance measure or the vector
angle measure, the results of the application-specific approaches in the literature will not be
examined at thistime.

5.4 Euclidean Distance-Based Clustering: The K-Means
Algorithm

The k-means (KM) algorithm is defined as follows [48]:

1. Choose the number of classes, k.
2. Chooseinitia cluster centers i, i, ,..., Hy -
3. Classify each data point.

4. Recompute estimates for fi; using the results of 3.
5. If [ areconsistent, stop; else go to step 3.

Step 3 is carried out using a simple 1-nearest neighbor approach [48] using the Euclidean
distance as asimilarity measure. Typically, the straight distance between two points is the most
intuitive similarity measure. The number of classes, k, and choosing initial cluster centers,

Hy,Hy,..., [, , are still two challenging problems. In this thesis, the number of classes for k-

means to operate on is defined and the initia cluster centers are chosen randomly with an

appropriate distribution for the color space being used in the clustering process.

The Euclidean distance is very suitable for the k-means algorithm since this distance measure
can be directly related to the computation of the cluster centers or means. For example, if we
take two points and average them, the distances from each of these points to the mean will be
equal. If there are more points in the average, then the distance from each of those points to the
mean will be proportional to the contribution of that point towards the average of the data; i.e.,

the vector mean.

Since the use of the Euclidean distance as a similarity measure assumes that the color space is
isotropic, the clusters defined by this distance will be invariant to translations or rotations [13].
However, they will be sensitive to linear and nonlinear transformations in general, especialy
those that distort the distance relationships. Given that the RGB space for example is not
perceptualy uniform, the assumption that it is isotropic fails and, therefore, clustering

algorithms using the Euclidean distance will not necessarily yield good results.

The k-means algorithm was implemented using the standard batch-based approach. That is, the

means were recalculated after all training patterns had been classified. There exists an online
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training algorithm for k-means [46]; however, given their equivaence, it was decided that the
batch-based training approach would be implemented. Finaly, to avoid problems with the class
means falling into local minima, the k-means agorithm was trained with a progressively
increasing number of classes (e.g., first 2 classes, then 4, etc. until the desired number of classes
was reached). This ensured that the class prototypes actualy corresponded to means
representative of the data.

5.5 Vector Angle-Based Clustering: The MPC Approach

The choice of the similarity measure biases in a subtle manner the results of a clustering
algorithm [13]. For example, the Euclidean distance and its variants have long been used for
image segmentation whether global or local in nature. However, the Euclidean distance
between two colors in RGB does not necessarily reflect the visual separation between these two
colors [12,50] (see discussion in Chapter 3). Therefore, a distance measure which would
quantify hue and saturation, might be more suitable for processing color images. The vector
angle measure has been recently introduced for that purpose [12] and was detailed above in
Section 3.4. The vector angle has been suggested as a similarity measure in the past for

clustering algorithms [13].

For color clustering, the vector angle cannot be substituted directly for the Euclidean distancein
the k-means agorithm. Recently, a mixture of principa components (MPC) has been
developed to represent data in a new way [10,11]. This approach has been applied already to
color image segmentation [67].

The difficulty with directly substituting the vector angle for the Euclidean distance lies in the
way k-means calculates the class means or prototypes. For k-means, the class prototype is the
average of al the vectors in the class. Distance calculation with Euclidean distance measure is
directly related to the mean vector. From a intuitive point of view, the contribution of a color
point to the vector mean is directly proportional to the distance between those points. The
analogous notion of a prototype for the vector angle is the principal eigenvector of the class.
The principal eigenvector (i.e., the eigenvector corresponding to the largest eigenvalue)
indicates the most prominent direction of the data cluster in the given space. Intuitively, the
principal eigenvector appears to be the angular analogy of the vector mean, just as the vector
angle is analogous to the Euclidean distance. The MPC effectively combines the vector angle
and principal component extraction into a clustering algorithm.

Figure 16 illustrates the modular architecture of an MPC network for a single basis vector per
class. Each module consists of a basis vector and represents a class of the input data.
Therefore, if asingle color vector is used for clustering within each module, it will be made up

usualy of three values (i.e., one corresponding to each of the elements in the color vector).



However, for multispectral images, there will be a corresponding increase in size of the color

basis vector.

A basis vector corresponds to the principal eigenvector for a given class thereby defining the
class. Each basis vector performs a linear transformation on the input data. The input vector,

x M M, is linearly transformed by each of the K modules resulting in K coefficient vectors,
¥, Y5,V - A one-dimensional linear subspace is defined by each single basis vector, W,
contained in the corresponding module. So, if W is of dimension N, the coefficient y; is

caculated as
y, =W % (38)

In the MPC approach, the raw dot product is used rather than the actual vector angle form to
compute the distance between the prototype cluster centers and the data. This is because the

normalization of the result is done implicitly by the classifier. That is, |w;| =1 and || is

constant across all i.

Module 1
a1
W
Module 2
— Y
Wo
® [ J
® [ J
Input color ° ¢ Classifier
vector Maglek argf max Iy )}
X
— Yk
WK

Figure 16: Coding section for MPC network with K classes and 1 component per subspace

The classifier then chooses the output of the winning module based on the subspace classifier
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arg{ max((ly I} (39)

For a network with unit norm basis vectors, this classifier is equivaent to maximizing eguation
3, i.e, minimizing the vector angle between the basis vector, W, and the input, X. In other

words, the principal eigenvector of the class closest to the color point being classified using the
vector angle measure will be chosen.

In summary, the class is represented by the basis vector which defines the prototypical angle.
Contrast this with k-means, which uses the mean as the class prototype. In other words, the
calculation of the class prototype using the vector mean for the k-means agorithm is analogous
to computing the first principal component for the MPC approach [67]. Similarly, the
calculation of color similarity using the Euclidean distance for the k-means algorithm would be
analogous to computing this similarity using the vector angle for the MPC method. Therefore,
the use of the vector mean within the k-means clustering agorithm to calculate the prototype of
the class values while using the vector angle as a distance measure is inappropriate. Instead, the
principal angle of the classisrequired, or equivalently, the first principal component of the class
data. Finaly, the clusters would be invariant to rotations and dilations (i.e., scaling) and not

invariant to translation and general linear transformations [13].

To compute the principal components while refining the class definitions, an iterative algorithm
is employed:

1. Choose the number of classes, K.

2. Initialize the K principal components, W,,W,,...,W, , to some appropriate set of

values.

3. Classify a data point using the subspace classifier (minimum vector angle) using

equations 38 and 39

4. Modify the basis vector, W, of the winning class using a Hebbian neural network

algorithm which extracts the class principal component [23,25,39].
5. If no convergence, go to 3, else stop

Just as in the k-means a gorithm, determining the number of clusters and their position is still an
open problem. In this thesis, the number of classes for the MPC approach is defined and the
initial cluster centers are chosen randomly with an appropriate distribution for each of the

different color spaces.

The MPC approach was implemented in an online or sequentia training fashion. That is, the
class prototypes were updated after each training pattern had been classified. This was
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necessary since the batch-based approach proved to be highly unstable which prevented the

algorithm from properly converging. It was therefore not very practical.

The sequentia agorithm used was based on Oja’s rule for unsupervised learning [39]. Oja's
learning rule is simply a procedure for Hebbian learning with constrained weight vector growth.
It adds a weight decay that is proportional to the squared output. Ojas learning method finds a
unit weight vector maximizing the mean square output. This is equivalent to finding the
principal component for zero mean data. Since in this thesis the color spaces are considered to
have their origin fixed at (0,0,0), the learning agorithm finds the principal eigenvector of the
autocorrelation matrix for each class with respect to the origin [10,11,39]. Thisis of course not
necessarily useful for some spaces. However, the determination of which spaces need to be

translated to obtain better classification results is left as afuture exercise.

5.6 Summary of Color Image Segmentation
Two color clustering algorithms have been described in detail: the k-means algorithm and the
Mixture of Principal Components method. The former is based on the Euclidean distance while

the latter is dependent on the vector angle.

Since the vector angle measure used in the MPC algorithm is implicitly normalized the runtime
computation per point and per prototype is reduced to the dot product between two vectors; i.e.,
6 multiplication and 3 additions. This is much less than the computation of the Euclidean
distance between the two vectors. Therefore, the MPC algorithm will be faster than the k-

means algorithm in test mode (i.e., after al class prototypes have been computed).

However, in training the situation is dlightly different. Given that the convergence properties of
both agorithms were not studied, this analysis is beyond the scope of this thesis. The
convergence speed of several subspace-based |earning methods is presented in [27].
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Chapter 6: Results and Evaluation

6.1 Experimental Set-Up
To test the various color similarity measures with the myriad of edge detection, and color
clustering algorithms, a database of eight images has been collected. All images represent a

scene from the real world. They are shown in Figure 17.

Image 1 was staged to contain shadows, highlights and inter-reflections. It is a composition of
various toys and house items. The scene is made up of numerous vivid colors. Its well defined
edges will help in the quantitative comparison of various edge detectors as well as the
guantitative evaluation of the MPC/VA and the KM/ED algorithms for image segmentation.
Image 2 shows an image of a person with colorful clothes on seashore background. Image 3
shows an outdoor scene with some objects such as a fire hydrant made up of well defined
colors. Image 4 shows a complex scene of a group of people. Image 5 shows a flower on a
purple wall background. Image 6 shows an image of ared metallic Volkswagen. Image 7 isthe
standard “peppers’ image while Image 8 is the standard “Lena’ image.

This chapter will first discuss results for the edge detection problem. Next, results from the
color clustering approaches will be summarized. Since this thesis is only concerned with the
comparison between the functioning of particular algorithms with the Euclidean distance and
the vector angle, no extended effort has been made to produce a full system using either of these

distance measures. Thisis|eft as an exercise for future work.

6.2 Edge Detection

6.2.1 Introduction
Severa color edge detection operators were tested with the Euclidean distance: the modified

Roberts operator, the Sobel operator, the Canny operator, the 3x3 vector gradient operator, and
the 3x3 difference vector operator. Some color edge detectors were tested with the vector angle
as the color similarity measure: the modified Roberts operator, the 3x3 vector gradient operator,
and the 3x3 difference vector operator. All edge detectors are applied to al the different color
spaces except for the Canny operator and the various operators based on combined distances
which are studied only within the context of the RGB color space. The Sobel and Canny

operators will be applied to the gray-level images for comparison purposes.

The first experiment consisted in using the color pixel triplet for classification. The edge
detectors were applied to a smoothed image. The image was smoothed with a 3x3 averaging
operator after which atransformation from RGB to another color space was used.

58



Figure 17: Images 1-8 used for testing
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The experiment consisted in using the color pixel triplet for classification. The edge detectors
were applied to a smoothed image. The image was smoothed with a 3x3 averaging operator

after which atransformation from RGB to another color space was used.

The next two sections will detail the quantitative and qualitative results for edge detection. The
guantitative results are based on Pratt’s Figure of Merit [44]. The qualitative results are based
on avisua comparison of the edge images obtained for the largest Figure of Merit value for that

image.

6.2.2 Quantitative Evaluation: Pratt’s Figure of Merit
Severa quantifiable comparison methodologies exist for edge detection [21,22,44]. Heath et al.

propose an edge detection comparison technique based on visual assessments by a group of
people trained to assess edge quality [21,22]. In one study, the Canny operator is compared
with the Sobel operator, the Nalawa-Binford edge detector, as well as the Sankar-Boyer edge
detection operator [22]. This comparison method is based on the premise that human rating
experiments can be done in a much more rigorous manner to provide useful quantitative
conclusions. This paradigm is based on experimental psychology and statistics and assesses
whether there is a statistically significant difference in edge detector outputs as perceived by
humans when considering an object recognition task. Although this technique would be
appropriate for evaluating color edge detectors, it was not used due to its complexity and
inability to easily factor out extraneous edges. In fact, it is necessary to train people to detect
exactly what one wants to be detected. However, problems could occur if people did not
exactly understand how each edge contributes to the overall quality of the image. Instead, the
well-known Pratt's Figure of Merit [44] was used to compare edge detector output. This

measure iswell understood and it is possible to control largely what is being tested.

Pratt’s Figure of Merit (FOM) attempts to balance three types of errors that can produce
erroneous edge maps. missing valid edge points, failure to localize edge points and

classification of noise fluctuations as edge points. The Figure of Merit is defined as [44]

R:LIZA 1 (0)
In & 1+ad?

In this equation, Iy is the maximum of 15 and I,. 15 represents the total number of actual edge
pixels; i.e., those edge pixels that were found. |, represents the total number of ideal pixelsin the
image; i.e., the number of edge pixels in the reference image (e.g. Figure 18 see for an ideal
edge map of Image 1). The parameter a is a scaling constant while d is the distance from an
actual edge point to the nearest ideal edge point (in this thesis a = 0.9). The scaling factor is
used to penalize edges that are localized, but offset from the true position (in this thesis a scaling
value of 0.9 isused). The rating factor is normalized so that a value of one means that the edge
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has been detected perfectly. The Figure of Merit is normalized with the maximum of the actual
and ideal number of edge pixels in order to ensure a penalty for smeared (i.e, I, < 1,) or
fragmented edges (i.e., || > 1,).

Figure 18: Hand-segmented truth image.

There are severa problems associated with using Pratt’s Figure of Merit. For example, the
scene image might be incorrectly segmented to provide an accurate representation of an ideal
edge. However, although the hand-segmentation can have some inaccuracies, the same edge
map is compared across all image results. This ensures that all result images are compared in an
equivaent fashion. It will become apparent to the reader that the Figure of Merit is a good
indicator of edge detection performance. This will be demonstrated in the section below.
Furthermore, an advantage to using Pratt’s Figure of Merit is that extraneous edges can now be

considered as noise since they are not be included in the ideal edge map.

In this thesis, Pratt’s Figure of Merit was used to determine an idea edge threshold. This was
done by choosing the threshold value corresponding to the highest Figure of Merit score for
each agorithm/color space combination. In this way, all results are compared to each other
when they are closest (from a Figure of Merit point of view) to the ideal edge map. This
ensures that the results being compared are relatively the best possible for that edge detection

algorithm and color space combination.

Thetypical training run to obtain an edge map was as follows:

1. Convert the RGB image into a different color spaceif required

2. Perform edge detection operation on color image

3. Normalize edge values to the 0-255 range

4. Apply Pratt’s Figure of Merit at all threshold levels (i.e., from 0 to 255)

5. Choose the image corresponding to the highest Figure of Merit value as an illustration of a
good edge detection with the edge detection operator being tested
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6.2.3 Staged Scene Image: Qu alitative and Quantitative Results
The quantitative edge detection evaluation was done on Image 1 (see Figure 17). The Figure of

Merit plots are shown in Figure 19 and Figure 20 for the modified Roberts operator. A list of
thresholds with corresponding FOM values is shown in Table 6 for edge detection results from
all operators on Image 1. These numbers give an indication of how much the edge image is
close to an ideal edge map. The Figure of Merit tries to balance the effect of erroneous edges
with the number of good edges. If there are many error edges and good edges then the edge
image will be deemed of poor quality due to the high amount of noise. They will be discussed
in the text as needed.

The Figure of Merit results indicate that the best edge detection results for the Euclidean
Roberts are obtained with the h;hohs, RGB and XY Z color spaces. For the vector angle case,
the best edge detection results are obtained with the RGB (and rgh), CIELAB and XY Z color
spaces according to the Figure of Merit results. The rgb and RGB curves are superimposed
because the normalizing factor in the denominator of the rgb values is eliminated due to the

division in the vector angle calculation.

The thresholded edge maps for RGB and XY Z are shown in Figure 21. The Euclidean distance
results are shown on the right while the vector angle results are placed in the left column
(consequent figures are arranged in a similar manner). Given the quantitative result for the
vector angle case explained above, it is not unexpected that the edge map obtained using the rgb
space is identical to its RGB counterpart. The results for CIELAB and CIELUV are shown in

Figure 22 while results for rgb, h;h,hs and 141,15 are shown in Figure 23.

It is clear from examining the results that the edge detection methods using either the Euclidean
distance or the vector angle are not clearly superior to one ancther. For example, in the RGB
case the vector angle Roberts operator shows better discrimination in areas of differing hues
while the Euclidean distance Roberts operator is better at finding edges between areas of
different intensities. Since there are more such areas in the image, the Figure of Merit value is
higher for the Euclidean Roberts operator. However, it could be argued that the vector angle
result looks better in general since there are no shadow edges present in the image. The results
in the XY Z space reflect closely the results in the RGB space.

Theresults for the CIELAB are relatively good with the vector angle result showing most of the
edges. The edges that are missing are the same as those in the RGB space (e.g. white bottle in
the center and colored paper in right bottom corner). However, the “blue bottle” is well formed
in the vector angle case. The results do not seem as good as the RGB results, which agrees with
the Figure of Merit result. The CIELUV results are disappointing (especialy the edges around

the “blue bottle). These results are reflected in the FOM quantitative assessment as well.
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Algorithm | Color Space | Max Figureof | Algorithm | Color Space | Max Figure of
Merit Merit
Euclidean RGB 0. 678746 V ector RGB 0. 647929
I\D/I'S(tj??%% XYZ 0. 657035 Qf;%_?ed XYZ 0. 602809
odifi ifi

Roberts CIELAB 0. 618543 Roberts CIELAB 0. 629472

Operator CIELUV 0. 636672 Operator CIELUV 0. 566058
rgb 0. 632845 rgb 0.647929
h;hohs 0. 679676 h;hohs 0.531151
R 0. 531151 [4l,l5 0. 531356

Modified Combined/ | 0. 693960 Modified Combined/ | 0.689219

Roberts Intensity Roberts Saturation

Operator off=.88, s=2 Operator off=.85, s=2

Euclidean RGB 0. 684174 Vector RGB 0. 663736

Sgtance XYZ 0. 659277 Cngtle XYZ 0. 627299

or ector

Gradient CIELAB 0.641172 Gradient CIELAB 0. 642540

Operator CIELUV 0. 640500 Operator CIELUV 0. 584877
rgb 0. 647755 rgb 0. 663736
h;hohs 0. 692398 h;hohs 0.532147
l1ll3 0.532147 l1ll3 0. 532374

Vector Combined/ | 0. 698636 V ector Combined/ | 0. 694955

Gradient Intensity Gradient Saturation

Operator off=.50, s=1 Operator off=.10, s=1

Euclidean RGB 0. 664119 Vector RGB 0. 672654

B!fsftance XYZ 0. 647398 gf}?le XYZ 0. 628742

ifference ifference

Vector CIELAB 0. 616945 \ector CIELAB 0. 652867

Operator CIELUV 0. 623495 Operator CIELUV 0. 595476
rgb 0. 626205 rgb 0. 672654
h;hohs 0. 672252 h;hohs 0. 547970
l1ll3 0.512463 l1ll3 0.547789

Difference | Combined/ | 0. 702619 Difference | Combined/ | 0. 695673

Vector Intensity V ector Saturation

Operator off=.85, s=1 Operator off=.85, s=1

Sobel Gray 0. 624518 Sobel rgb 0. 673525
RGB 0. 682067 h;hohs 0. 709257
XYZ 0. 661203 1155 0.574823
CIELAB 0. 665053 CIELUV 0. 639175

Canny Gray 0. 344098 Canny RGB 0. 470092

Table 6: Quantitative Color Edge Detection Results
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Figure21: Img 1 RGB (top) and XY Z (bottom) results for the Roberts operator
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Figure22: Img 1 CIELAB (top) and CIELUV (bottom) results for Roberts operator
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Figure23: Img 1 rgb (top), hihohs (middle) and 141,15 (bottom) results for Roberts operator
The best edge detection result without combining similarity measures visualy (and
guantitatively) is obtained with the h;h,hs color space with the Euclidean distance. The outline
of all edges appears in the edge image while some edges are shown prominently. Excessive
noise seems to affect the vector angle result (especialy on the right side of the image). Thisis
because of the compounding effect of having RGB values near the gray axis (which produces
low values in hihyhs) and the unpredictability of the vector angle for vectors with magnitude
close to zero. Thisisreflected in a below average Figure of Merit assessment. The results in
the 14,15 color space are also corrupted with noise which greatly affects the edge detection

result. The poor visual edge detection performance is echoed in the Figure of Merit assessment.
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Figure24: Image 1 reslutsfor Sobel (top) and Canny (bottom) operators (left - grayscale,
right - RGB color)

The edge detection with the Sobel and Canny operators on a grayscale version of the image and
the RGB color image is illustrated in Figure 24. Both operators in both modes show many
extraneous edges which results in a low Figure of Merit score. However, the results on the
RGB color images are much better than the results for the grayscale image which is expected
since more datais available in acolor image. The RGB Canny result is arguably better than the
other results given that its FOM score is the highest of the four images and visually very few
extraneous edges are shown. The edges for the blue bottle are faint but better than for Sobel and
the other operators when the Euclidean distance is used.

Results obtained with the Sobel operator on other color spaces are shown in Figure 25. The best
edge detection result according to the FOM score is obtained on the h;h,hs color space (a score
of 0.709257). Thisis confirmed with a visual inspection with almost all edges being present in
total or in part. Thisisasurprising result given that the h;h,h; space was one of the spaces with
the least number of invariances derived from the Dichromatic Reflectance Model. The other
edge detection results are not as good, with the Il,l; color space yielding the worst edge
detection.
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Figure 25: Image 1 reslutsfor Sobel operator (left toright): XYZ, CIELAB, CIELUV, rgb,
h1h2h3 and |1|2|3

Finally, it is important to discuss the performance of edge detectors with a combined similarity
measure. The quantitative results for the different edge detectors indicate that these are some of
the best edge detection results within this set of algorithms. However, upon examination of the
edge images (see Figure 26), the results appear only slightly better at best. In all results, part of
the edge of the blue bottle is missing and most importantly, the edge formed by the piece of
paper in the bottom right hand corner is not visible in some cases. Surprisingly, the modified
Roberts operator gives better qualitative (but not quantitative!) results than the two more

sophisticated algorithms (i.e., vector gradient and difference vector operators).
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Figure 26: Image 1 combined distanceresultsin RGB for modified Roberts (top), vector
gradient (middle) and difference vecotr (bottom) operators

It seems that the Figure of Merit might not be the most appropriate way to analyze optimal edge
detection results which are to be viewed by humans since it does not directly correlate with the
way humans perceive edges [21]. Humans tend to tolerate more noise. For example, Figure 27
shows an edge detection result with a lower threshold than the result shown in Figure 26. The
image does not appear noisy and yet its FOM is much lower than before (the new threshold
generates a FOM of 0.651872 versus the old 0.702619). However, given that the result is a
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machine vision application which might not tolerate noise to the same extent that a human
would, then perhaps the FOM gives a good indication of edge detection performance.
Furthermore, the best way to assess the results of an edge detector is by studying its effect on
the application for which it is meant. The Figure of Merit trades off showing more correct
edges versus not showing erroneous edges thus leading to images that show mostly correctly
detected edges and little erroneously detected edges.

(offset=0.85, dope=1) and a lower threshold than that given by FOM

6.2.4 Summary of Results
A surprising result is the one obtained using the vectorized Sobel operator and the modified

Euclidean distance Roberts operator on the h;h,hs space. This result indicates that h;h,hs has to

some degree desirable properties such as intensity-invariance.

The vector angle versions of the different edge detectors performed as expected by being more
effective at separating areas where hue differences were more significant than intensity
differences. However, due to the high noise propensity of this similarity measure many results
have excessive amounts of noise.

The combination of Euclidean distance and vector angle measures helps to bridge the gap
between intensity-based and hue-based differences in RGB. The results obtained using the
combination methods enhance both measures to some degree; however, this increase would not
be warranted given the very high computational load required. Thisis especialy visiblein areas
of the image with ahigh intensity or saturation.

In the realm of combined distances, there are still numerous problems to be resolved. First, the
problem of proper measure normalization arises. In this thesis, the distances are assumed to be
equivalent in both measures. This is a preliminary step to discovering whether there is some
kind of correspondence between the two. Does a 0.1 measurement within the normalized

Euclidean distance measure mean the same as 0.1 within normalized vector angle measure?
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Certainly not. Thisisafundamenta question which was not answered in thisthesis. An answer

to this question could well determine if thisis a worthwhile endeavor.

Second, in this thesis, one combination method with two variants was used (intensity- and
saturation-based combinations). This parallelsresearchin [7]. A mix of saturation and intensity
might achieve better combination results since intensity is heeded to make sure hue is not used
for low RGB pixel values and saturation is needed to decide whether two pixels are highly
saturated and, therefore, more likely to have stable hue values.

Third, as mentioned before, the application is very important when assessing the results of an
algorithm. In this case, edge detection constitutes only a preliminary step in an image
understanding process. The edge detectors shown here should be evaluated in a broader context
to verify that their functioning is consistent with our preliminary results. To this effect, more
tests should be carried out on artificial and rea images to fully assess the usefulness of the
methods. In order to accomplish this effectively, it is aso necessary to devise new quantitative

evaluation methods that directly relate to the application that will use this preprocessing step.

6.3 Color Clustering

6.3.1 Introduction

Two different experiments were performed on different color spaces to evauate the
effectiveness of the new color clustering scheme. The color spaces used for the k-means
algorithm were RGB, XY Z, CIELAB, CIELUV, rgb, h;hohs, and 14l,ls. The color spaces used
for evaluating the MPC approach were RGB, XY Z, rgb, hih,hs, and |415l5. The use of CIELAB,
and CIELUV was not appropriate since the luminance or intensity component would have
greatly biased the result. These spaces could be evaluated in the future without the L or |
components.

Thefirst experiment consisted in using the color pixel triplet for classification. Experiment two
consisted in using a 3-by-3 neighborhood of the color pixel being compared as the actual color
thus producing a 27 element vector. The second experiment shows the result of using the
implicit smoothing method. There was no explicit smoothing done for the series of experiments
conducted here.

The number of classes for each image is different. Usually, one would just select the number of
classes for either the k-means or MPC algorithms and run them. However, for increased
stability, both algorithms are initiated with a single class to obtain the mean vector of the datain
the case of k-means and the first principal component in the case of MPC. This vaue is quite
different for each of the color spaces and it is very important to perform this step in order to
obtain meaningful results. After completing the training, a new class prototype is added to the

prototypes already in existence. The new prototype is based on one of the class prototypes
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already found, and is randomly modified in order to create a new separate class. Each of the
iterations performs the clustering step until the number of clustersis reached. If the number of
classes is determined to be a power of two (or close to one if this number was large), then the
number of class prototypes is doubled instead of adding one new class at each major iteration in

order to speed up the training.

The number of training patterns used was 400 times the number of classes for the 1x1 problem
and 3600 times the number of classes for the 3x3 clustering. More pixels were used for the 3x3
problem since training in a higher dimensional space requires more data for the data to converge
properly. Therefore, the total number of randomly selected training patterns used for an 8 class
3x3 MPC clustering (assuming no overlapping training sets) would have been (8+4+2+1)* 3600
=54,000. That's roughly speaking 19% of the data since the image contains 283162 pixels in
total. Thiswould go up to about 40% for the 16 class 3x3 MPC clustering. The number of total
training color vectors varied from image to image, but was aways less than 50% of al the

pixelsin the image.

Results for the color clustering approach will be evaluated on Images 1 through 8 described
above (see Figure 17). The number of clusters used for segmenting was 16, 16, 8, 14, 3, 5, 4
and 5 for images 1-8 respectively. Quantitative and qualitative results are discussed.

6.3.2 Quantitative Clustering Evaluation
For quantitative algorithm evauation, the color image segmentation measure proposed by

Borsotti et al. [3] was first examined. It was concluded that this Euclidean distance-based
measure would not reflect properly the results in this thesis. In this thesis, an aternate way to
measure the performance of the above clustering algorithms is proposed.

The new method for evaluating the image segmentation result is based on the idea of maximized
pixel consistency within a truthed region [67]. First, it is necessary to manually segment (or
truth) the regions of the images that are being examined. In this thesis, only Image 1 is
examined in this way since the objects in that scene are easily segmented manually. Figure 18
shows the hand-segmented truth image. Next, the number of different pixel classes in each
separate region is counted. Next, the number of pixels corresponding to the most numerous
class in each region is added up. These are considered class-consistent pixels since they best
represent the truthed region. Then, the second largest number of pixels for each region is

calculated, and so forth, up to the number of classes used for the segmentation process.

The quantitative assessment was done on color clustering runs of both the MPC/VA and
KM/ED agorithms. The evauation was done for an 8-class as well as a 16-class clustering to
show the degradation that occurs when more classes are added (i.e., the more classes are present

the higher the likelihood that a pixel will be closer to a class that it does not belong to).
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6.3.3 Qualitative Clustering E valuation
The bulk of the results will be discussed qualitatively. Figure 28 shows the labels of the details

that will be used in the text below to describe the results. The details center on particular
features of each of the images. The naming of the details was made consistent with the type of

result with which they were associated. The details focus on the following areas:

A — Regions which should be classified as one class

B — Regions where the shadow is mostly or entirely suppressed

C — A region of significantly different saturation sometimes classified as a separate region
D —Regions of similar hue but with different intensity levels

E — Regions affected by inter-reflection

F — Highlight regions (cf. see Section 2.2) which are characterized by having similar physical

characteristics as the light source (i.e., highlights appear white due to white light illumination)
G — Small regions with differing hue and saturation from their neighbors
H — Regions of very low intensity

Thetext will present the author’s visual assessment of the results.

6.3.4 Staged Scene Image: Qu alitative and Quantitative Results
Image 1 will be first discussed from qualitative and quantitative points of view. This image

contains many of the features that could be problematic for color image clustering: falling
shadows, object highlights, inter-reflections and superimposed objects of the same hue. The
gualitative assessment is given first for each color space and is followed by a quantitative

evaluation.

The image segmentation results on Image 1 using the RGB space are shown in Figure 29. It can
be immediately noticed that the images showing the results of the MPC/VA agorithm present
objects that appear uniformly colored in the scene as single entities compared to the images
obtained using the KM/ED algorithm. For example, the blue bottle (i.e., detail A) inImage 1 is
seen as one object instead of three. The same is true of the many colored sheets of paper in the
background. In addition, most of the shadows have been subsumed into their corresponding
backgrounds (e.g., details B) since they result in mostly intensity changes on the background

colors.

73



Figure 28: L ocation of result areas of Images 1-8 discussed in thethesis

These results reflect a tendency of the k-means algorithm to classify image regions based on
their intensity levels rather than their hue or saturation. Therefore, any intensity changes on the
same object are generally classified as a different object. However, when using the MPC/VA
approach, the object’ s classification is generally based on the object’s hue and saturation.

Although many objects do appear whole, some do not. There are, therefore, some limitations to
the MPC/VA adgorithm. For example, not al shadows have been subsumed into the
background objects on which they fall since shadows affect not only the intensity of the color of
the object they fall on, but also the color’ s saturation. In the cases when the change in saturation
is high, the shadow will appear as a separate object (e.g., detail C). The same of course happens
with KM/ED. It seems that in practice shadows aso change the saturation of the color of the
matte surface which is not explained by the assumptions used to derive Equation 3.
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Figure29: Img 1 RGB results (left toright: KM-1x1, MPC-1x1, KM-3x3, M PC-3x3)

Furthermore, the objects that differ only in intensity from their background will be generally
subsumed by the background color. Such is the case with the light green object on the very
light green sheet of paper shown in detail D. In the KM/ED case, these objects are well
separated in most cases athough thisis not the case of detail D, but is true of the small bottle of
white pain in the background.

Next, effects of inter-reflection (see Section 2.2 for definition) seen in details E affect the
segmentation results of both methods although they seem to affect MPC/VA much more than
KM/ED. The effect of inter-reflection in Image 1 causes a different color to appear on the glass
bottles which leads to these objects not being segmented in their entirety (i.e., each is made up
of more than one class if the effect of inter-reflection is present). Finally, highlights (see details
F) are clearly visible in al results given that their spectral characteristics are much different
from the regions that surround them.

In general, the use of the 3x3 kernd reduces noise and improves qualitative and quantitative
(according to the methods presented here) results. However, detail G shows a region that is
correctly isolated for the 1x1 case of the MPC/VA, but subsumed into neighboring regions of
differing hues in the 3x3 case the MPC/VA (whereas KM/ED separates it correctly). The
increase in complexity from a three-dimensional to 27-dimensional space does not result in a

noticeabl e degradation in execution time during the training phase (i.e., computation of the class
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prototypes). However, there is an important increase in processing time in the test phase (i.e.,

when classifying all the pixels in the image).

From a quantitative point of view, the MPC/VA agorithm has a higher pixel consistency rate
than the KM/ED approach. Figure 30 and Table 7 show the class frequency distribution in the
different color spaces (see Appendix A for detailed numerical values). For example in RGB,
22.2% of the KM/DE results are inconsistent whereas for MPC/V A this figure is 10.6% for the
8-class clustering on a 1x1 neighborhood. When 16 classes were used for clustering colors in
Image 1, this resulted in 29.8% of the KM/DE results being inconsistent while this percentage
decreased for MPC/VA to 15.2%. When a 3x3 neighborhood was used, a dight improvement
was noticed for MPC/V A while there was a 5% degradation in pixel consistency for KM/ED for
both the 8-class and 16-class problems. These results agree with the visual evaluation of the
images in Figure 29. Furthermore, the degradation from going from an 8-class to a 16-class

clustering is expected since there is a higher chanceto classify a pixel erroneously.

From the quantitative performance evaluation, it seems that the MPC/VA algorithm shows
promise when applied in RGB. The performance measure, however, does not effectively take
into account the possibility (which increases as the number of classes decreases) that two
adjacent regions may be recognized as the same class (see detail D in Image 1). Thisis a

serious shortcoming when evaluating computer vision systems that should be investigated.

For the XYZ space, the results for KM/ED paralel those of KM/ED in the RGB space (see
Figure 31). Thisis easily explained by the fact that the XY Z space is a linear trandation of the
RGB space. The MPC results do not seem as good as those in Figure 29. This could be because
the intensity component of the XYZ space, color plane Y, is used in the vector angle
calculation. For this reason, some shadows that did not appear in Figure 29 appear now (see
details B). In addition, the green object of detail D is much better defined. Inter-reflections of
detail F are still very prominent (more so than when using RGB). Results for XY Z seem worse
than the results for the RGB space. The region of detail G completely disappears when the
XY Z space is used regardless of the applied clustering scheme. Quantitatively, the clustering
performance in the XY Z space is worse than for RGB (see Figure 30). However, the MPC/VA
still has a much better pixel-class consistency rate than KM/ED. This further strengthens the
hypothesis that the comparable performance is dueto XY Z being alinear trandation of RGB.
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Figure 30: Distribution of most class-consistent pixels

1 2 3
FGE MPC 8h.67 4% 10.526% 2.800%
Orgb MPC 85.854% 10.846%: 3.300%:
B=¥IMPC 8§3.732% 11.548% 4.720%
oLAB KM 81.053% 16.275% 367 3%
B h1h2h3 KM 80.999% 15.708% 3.293%
W T2IE M 72.292% 18.079% 5.B629%
HErghb KM 71.573% 19.6598% 5.729%
@ h1h2h3 MPC BH.498% 18.028% 1247 4%
BRGEE KM b5 406% 23.609% 10.954 %
a 11215 MPC B5.030% 22377 % 12.593%
Q=YL b B3.543% 23.814% 12.643%
B LU KM 54.978% 23.437% 21.585%

Table 7: Distribution of most class-consistent pixels
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Figure31: Img 1 XYZ results (Ieft toright: KM-1x1, MPC-1x1, KM -3x3, MPC-3x3)

Figure 32 shows results for the CIELAB and the CIELUV color spaces. Only the KM/ED
approach was used here since the intensity component would bias the result of MPC/VA. Both
of these results are disappointing. Visualy, results in CIELAB look better than the results in
CIELUV. Thisis unexpected given that the CIELUV space was designed as an improvement to
the CIELAB space. However, it seems that the results reflect a greater sensitivity of CIELUV
to variations in color in hue, saturation and intensity. Since the intensity component is used in
the clustering process, it biases the result. The fact that CIELAB and CIELUV are perceptually
correct spaces does not seem to result in any benefits for color clustering. The Quantitative
evaluation confirms the visual assessment in that it CIELAB seems to have a pixel consistency
between 77% and 81% while CIELUV has a deplorable 53%-55% rate. Given that the CILUV

space was supposed to have shadow invariant properties, this result is quite poor.

Figure 33 shows results for the rgb (i.e., the normalized RGB) color space. Again, the results
seem to paralle the results obtained for the RGB space (cf. Figure 29) with some notable
differences. For example, two of the small glass bottles appear whole for the MPC/V A whereas
in RGB they appear to be much more fragmented (also for MPC/VA). The region of detail G
appears in the KM/ED results and in the 3x3 MPC/V A result. Also, there is more noise in some
of the regions due to low vauesin the rgb space. One of the drawbacks of the rgb color spaceis
that for low intensities it produces color vectors that are meaningless from the color point of
view (i.e., the values appear random). When the MPC/V A agorithm is applied, this drawback

78



might be magnified since the vector angle also produces unreliable measures for low values.
However, the qualitative assessment confirms that applying the MPC/V A to the rgb color space
is highly effective. Only about 15% of the pixels are inconsistent with MPC/VA while this
number jumps to between 29%-31% for KM/ED. Furthermore, the MPC/VA and rgb
combination seems to be the only one to come close the MPC/VA performance in RGB. It is
surprising that the KM/ED performance is so low given that this space was supposed to exhibit
shadow invariant properties. The failure of KM/ED to give comparable performance to the
MPC/VA suggests that Equation 2 is not aways valid. The shadow invariance built into the
MPC/V A seems to be much more eff ective than that built into the normalized RGB space.

Applying color clustering to the h;h,h; space was surprising (see Figure 34). The KM/ED
appears to cluster the image much better than the MPC/VA method. For example, the main
body of the blue bottle (i.e., detail A) is only clustered using two classes with KM/ED while
four classes are needed when using MPC/VA. In addition, the images for both of the MPC/VA
results are very noisy (especially the 1x1 case) which meansthat 2 or more classes are needed to
classify that particular object (see especialy right side of image). However, many of the
shadows have been subsumed by their respective backgrounds (see details B) when applying
both KM/ED and the MPC/VA. Furthermore, it is interesting to note that detail D is classified
as a different object in al cases. Also, inter-reflections illustrated by details E are seen in all
results. Although this space was shown to be highlight invariant (cf. Section 2.3.8) it seems that
highlights in detail F persist. The quantitative evaluation confirms yet again the visual
assessment.  The number of pixels most consistent with their primary class is around 80% for
KM/ED and 58%-69% for MPC/VA.

Finally, Figure 35 shows the results for color clustering using KM/ED and MPC/VA in thel4l,l3
color space. It is hard to tell which method clusters the image better given the poor visual
appearance of results generated by KM/ED and by MPC/VA. For example, the main body of
the blue bottle (i.e., detail A) is only clustered using at least four classesin al cases — many of
the illumination changes across the bottle are not clustered into one object. In addition, the
segmented images after applying for both methods are very noisy (especially the 1x1 cases)
which means that two or more classes are needed to classify each particular object (see
especialy right and upper-right sides of the image). However, many of the shadows have been
subsumed by their respective backgrounds (see details B) although the shadow in detail C

persists.
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Figure32: Img 1 CIELAB and CIELUV results (left toright: LABKM-1x1, LUVKM-1x1,
LABKM-3x3, LUVKM-3x3)

Figure33: Img 1 rgb results (left toright: KM-1x1, MPC-1x1, KM-3x3, M PC-3x3)
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Figure 35: Img 1 l1l,l5 results (Ieft to right: KM-1x1, MPC-1x1, KM -3x3, MPC-3x3)

Furthermore, it is interesting to note that detail D is classified as a different object in all cases.

Also, inter-reflections illustrated by details E are seen in al results. Although this space was
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shown to be invariant in theory to shadows and highlights (cf. Section 2.3.7), the shadows of
detail C and highlights in detail F persist. The quantitative evaluation confirms the visual
assessment.  The clustering in the I4l5l; color space is much worse than in RGB resulting in
28%-39% inconsistent pixels for KM/ED and 35%-37.5% for MPC/VA.

In summary, the three best color space and clustering algorithm combinations appear to be
MPC/VA in RGB, followed by MPC/VA in rgb and MPC/VA in XYZ. The best performance

for the k-means algorithm was in the CIELAB and the h;h,h; color spaces.

In the next section, several more images will be visually assessed. Quantitative assessment

would not be meaningful for those images given the very complex nature of each natural scene.

6.3.5 Natural Scene Images: Qualitative Results
This section will present a qualitative assessment of Images 2-8 in Figure 17. The results

obtained in each of the color spaces will be discussed together. Only relevant results for the 3x3
neighborhood will be discussed since the results for the 1x1 neighborhood generally contained
more noise and were of worse quality.

First, consider RGB results for Images 2 to 8 shown in Figure 36 (k-means) and Figure 37
(MPC). The skin components in Image 2 (see details A — the hand, the legs and the face) are
clustered with the MPC/V A into oneclass. A similar result is given on Image 4 with MPC/VA
although it is not as good as on Image 2. The classification of the skin is not done very well
with KM/ED. This is especialy seen in details A on Images 2 and 4 (areas that should be
classified as the same class but are not). Part of the face in Image 4 near detal E is
misclassified as the red lifgjacket. Skin detection and classification are still very hard problems
today. The MPC/VA offers an dternate way of performing unsupervised classification
effectively for skin detection.

Furthermore, areas of constant color shown by details A on Images 2-8 are generaly better
classified with the MPC/VA. The red Volkswagen in Image 6 seems to have been well
segmented by both methods. However, the dark shadow under the car (i.e., details C and H) is
not well classified by MPC/VA. Thisis because MPC/VA fails to classify pixels correctly for
low intensitiesin RGB and low pixel valuesin general (cf. Section 3.4.1). Dark areas like detail
H in Image 3 are also segmented into multiple classes. The same phenomenon responsible for
classifying the shadow in detail C in Image 1 (see Figure 1) also happens in Image 2 within the
region of sand (i.e., detail C). Itisclear that the sand changes in consistency in the area of detail
C. Again, thisis an important result that should help in improving the theory used in devising

spaces and measures invariant to various physics-based lighting effects.
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Figure 36: Images 2-8 KM 3x3 RGB results

The MPC/VA segmentation of various objects in Image 3 was very good compared with the
KM/ED result. The MPC/VA aso clusters the shadow with the background wall for Image 5.
However, when the number of classes is increased beyond 3, there does not seem to be any
distinction between the performance of KM/ED and MPC/V A for thisimage. That is, detail B
is clustered into one class with the remainder of the shadow.
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Figure 37: Images 2-8 MPC-3x3 RGB results
The segmentation of Image 7 is better when using MPC/VA than KM/ED. For example, the
shadow area near detail E is clustered (correctly) with the red pepper for MPC/VA, but the
KM/ED approach creates one class for this image component. Some of the peppers that appear

yellowish are clustered with the greener peppers with MPC/VA. However, KM/ED clusters
some the red peppers (see detail A) into a separate class with part of the big green pepper in the
center which is undesirable. The segmentation results of Image 8 are quite poor for both
algorithms. The MPC/V A agorithm fails since al colors in Image 8 are distributed very close
to the gray-axisin the RGB cube. This causes the differences in angle to be small and therefore
makes classification difficult. Furthermore, the background has a very similar hue to the face
thereby making separation of these two classes difficult. The KM/ED fails sinceit mostly relies
on intensity for segmenting the image. The face has different degrees of shading which causes
the intensity to vary across it.



The color clustering results on XYZ and rgb were very similar to those for the RGB space.

Therefore, they are not mentioned since the discussion would parallel the one in Section 6.3.4.

Next, some of the color clustering results for Images 2-8 in the CIELAB (see Figure 38) and
CIELUV (see Figure 39) spaces are discussed. In generdl, it appears that CIELAB is better for
color clustering than the CIELUV space. Given that CIELUV is based on CIELAB and

guantifies better color differences, thisis an unexpected result.

One of the better segmentation results for Image 2 appears to be given by applying the KM/ED
to CIELAB. This result rivals the result obtained with the 3x3 MPC/VA in RGB; however, the
skin regions are not as well segmented when CIELAB is used (notice the different face zones
for the in both of the CIELAB results). The other image segmentation results appear worse than
those for when using RGB, XY Z or rgb with MPC/VA.

Theresults of segmenting some of the Images 2-8 in the h;h,h; space are shown in Figure 40 (k-
means) and Figure 41 (MPC). The surprising result is that the segmentation with the KM/ED
algorithm is much better than that with the MPC/VA. For example, MPC/VA segments the
central green pepper into at least four classes (out of a possible four!). The personin Image 2 is
generaly well segmented by KM/ED except for the skin which is classified into 3 different
classes. However, these results are not as good as those obtained with MPC/VA on RGB.

A\ b

Figure 38: Resultson Images2, 4,6 & 7 on CIELAB with KM-3x3
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Figure 41: Resultson Images 2, 3 & 7 on hihshz with MPC 3x3
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Figure 42: Results on Image 2 on 14,3 with KM -3x3 (right) and M PC-3x3 (left)

Finally, the results for |41, were quite poor. The I, space appears to be very sensitive to
small changes in RGB values thereby classifying many visually homogeneous regions into

multiple classes. A good example of that can be seen in Figure 42.

6.3.6 Summary of Segmentati on Results
The results for image segmentation can be summarized as follows. The MPC/VA agorithm

applied to an image in the RGB space yielded the best segmentation results overall on several
images with varying characteristics. It is surprising given the results in edge detection that the
combination of MPC/VA and one of RGB, XYZ or rgb could yield the best results. The
explanation lies within the underlying properties of the combination of color space and
similarity measure. Although other spaces combined with the Euclidean distance showed in
theory similar properties to the RGB/MPC combination, it appears that in practice the vector
angle incorporates certain invariances much better than the transformation of the RGB space

into another space (e.g., rgb).

Furthermore, the importance of developing algorithms for specific applications has surfaced yet
again. It would not have been possible to predict the results of the color clustering knowing the
results of the edge detection. These are in essence two different problems and each needs to
have a solution developed with a clear focus on the end goal (i.e., either edge detection or image
segmentation).
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Chapter 7. Conclusions

7.1 Conclusions
Severa conclusions can be drawn based on the research presented in this thesis. They will be

grouped by major theme.

7.1.1 Edge Detection
The edge detection algorithms based on the vector angle showed good capabilities in color

separation and therefore edge identification in areas where intensities were similar. However,
as expected in the areas where hue differences were less significant than intensity differences no
edges were generated. These areas were well detected by Euclidean distance-based operators.
However, the efforts to combine both measures showed only a small gain with respect to the
computational power needed to generate them. This is disappointing in that optimal edge
detection was not achieved with this method. The problem most certainly lies in the
determination of the trade-off parameter between the two similarity measures. This should be

an area of future focus.

The best quantitative and qualitative results were obtained with Euclidean distance-based
operators on the hihoh; space. This is a surprising result as only highlight invariance was
deduced from Shafer’s model for the h;h,h; space.

7.1.2 Color Clustering
Severa conclusions can be made with respect to the color clustering results. The MPC/VA

algorithm shows a clear improvement over the KM/ED algorithm from quantitative and
qualitative (i.e., visual) points of view. The MPC/VA proved to be the better of the two
algorithms within the context of any color space. Furthermore, the top three results were
obtained with the MPC/V A agorithm on the RGB, XY Z, and rgb spaces.

Although the quantitative analysis has not yet been perfected, it gives a good indication of the
results without having a particular application in mind. This algorithm is a good start for

devising an application-independent image segmentation eval uation a gorithm.

Certain spaces incorporating physics-based invariances such as h;h,h; and 141513 generated poor
results with either KM/ED or MPC/VA. This would suggest that certain assumptions could be

wrong in the deduction of these properties. Thiswill need to be examined in the future.

The results obtained with KM/ED on the h;h,h; space were much better than the MPC/VA

results (although worse than in results obtained in other color spaces). This is unexpected since
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the h;hyh; space was not hypothesized to be not intensity-invariant. It was hypothesized that the
MPC/VA through the vector angle calculation would introduce an intensity-invariant property

into this space. Thiswas not the case and the reasons for this should be studied.

The inclusion of neighboring pixel information in the 3x3 neighborhood implementation was
very important in reducing misclassification that occurred in the 1x1 case. This indicates that
local information is very important in image segmentation and future research should examine
potential ways of incorporating other local information to improve the image segmentation

process.

7.1.3 Dichromatic Reflectance M odel
Shafer’s Dichromatic Reflectance Model has proven to be useful in trying to understand the

behavior of the different image processing algorithms in the various spaces studies in this thesis.
However, it isfelt that the assumptions used in deriving different properties from the model are
not always true given the inherently nonlinear nature of the color spaces being studied
(especially RGB).

Some of the hypotheses derived based on the model have been shown to be incorrect. For
example, the behavior of edge detection algorithms was much better than expected in the hyhyohs
color space. Also, the color clustering results in for KM/ED in rgb were much worse than the
results for MPC/VA in RGB. This would indicate that the intensity invariance built into the
vector angle is much more robust than the intensity invariance built into the normalization of the
rgb space. Finaly, the results for MPC/VA in both RGB and rgb were not identical. This might

be possibly dueto asmall round-off effect due to the normalization process.

It will be necessary to take a close look at the assumptions in the model to make sure that they
are trying to model the physical phenomena as closely as possible. It is possible that the model
cannot deal with the data presented in this thesis due to the nonlinear nature of the different

color spaces and the non-obvious calculation of the distance between two color points.

7.1.4 Color Spaces
From the color spaces used the h;h,h; color space proved to be most interesting. It negated the

hypotheses on its behavior that were generated based on the Dichromatic Reflection Model and
gave especialy in the edge detection application the best results. Although the color clustering
results were not as promising given its very low computational cost, it would be advisable to

study this space further.

It can be concluded that some spaces such as XY Z, rgb, 141,13 and CIELUV are not very good
spaces for color image processing applications. This is a surprising conclusion especialy for
CIELUV which is a perceptualy uniform space. Perhaps this color space might be more

applicableif the luminance and chrominance components are considered separately.
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7.1.5 Computational Speed and Algorithm Performance
The computational cost of combining distances for color edge detection seems to outweigh any

positive impact that this combination might have. Thisis an important practical conclusion as it
indicates that such combinations should only be used when they are highly suitable for the
application at hand.

The most computationally expensive color spaces showed themselves to be not adequate the
applications examined in thisthesis. Thisisan important conclusion as it indicates that research

should continue on the RGB space since it good results can be generated based on it as well.

7.2 Future Work

There are numerous possible extensions to this thesis:
1. Thestudy of the vector angle similarity measure itself
2. Theextension of the combined Euclidean distance and vector angle similarity measure

3. The possible extensions of other edge detection algorithms to the color image realm and

especially the vector angle and combined distance measures

4. Theextension of color clustering to a Euclidean distance and vector angle hybrid as well as

optimization for various color spaces.

5. Thedesign and implementation of a region growing algorithm based on the vector angle or
acombined pixel similarity measure.

Each of these possible extensions will be discussed briefly in the sections below.

7.2.1 TheVector Angle
In this thesis, the vector angle was discussed as the sine of the angle between two vectors. It

would be very useful to extend this discussion to include the angle itself and the cosine of the

angle. The questionsthat arise are

1. What isthe best representation for the vector angle?

2.  Which oneis easiest to compute and when?

3. Which oneisthe most practical and in which situations?

Another issueis the study of the vector angle in spaces other than the RGB space where it could
prove to be very useful. One such space was determined to be the h;h,h; color space. However,
the current form of the vector angle does not take into account possible negative values in the

h;h,hs space. The modified measure could look as follows:

90



_Hising| cosf >0 (41)
A~ 22— |sing| cos6 <0

Finally, there does not seem to have been any study to evaluate whether the vector angle better
reflects perceptual differences than the Euclidean distance in the RGB space or in any other
color space. Thiswould be an important addition to the research to determine where the vector
angle can best be used.

7.2.2 Combined Similarity Measures
There is much work needed in order to develop practical similarity measures which combine

intensity- and hue-based information. Thiswork needs to take on severa different facets.

First, answering the question whether the Euclidean distance and vector angle measures are
equivaent, i.e., whether one unit in one equals one unit in the other. The simple answer is
probably not. Therefore, research is needed in order to develop a framework that can

effectively capture the diff erences between both similarity measures and use them well.

Second, one of the ways this could be done is by determining a statistics-based trade-off
function. That is, it would be desirable to assess how the likelihood of detecting an edge with
either the Euclidean distance or the vector angle changes as the saturation (or intensity) of the
two pixels changes. Thiswill result in adiscrete joint probability density function which would

uniquely specify the tradeoff parameter between two arbitrary saturation (or intensity) values.

Third, as an dternative to the addition-based combination, a multiplication-based combination
of the angular measure and the intensity-based measure could be studied. This combination has
been proposed by Androustos et a. for use in color-based image retrieval [1]. A similar
measure paralleling the developments of Section O would be described as

0 [f’(xvxz) B ) p(%X)
0l B )Wy BB 0 [ -0 WIIél o

Fo el & Jemw o

(42)

c=1

The normalization of the Euclidean distance measure is similar to the one proposed in this

thesis.

7.2.3 Edge Detection
For edge detection, the main suggested direction of future work is the integration of the vector

angle measure into well known edge detectors to improve their performance on color images.
The edge detectors in question are especially the Sobel and Canny edge detection operators, as
well as the 5x5 median, mean and a-trimmed mean edge detectors [70]. These edge detectors

were developed with the Euclidean distance in mind. They have shown good performance in
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the presence of noise. However, their performance on a wide range of color images is not
known. For example, instead of using the vector mean (i.e., the average of the color vectors)
and Euclidean distance as the similarity measure, one could use the principal eigenvector as the
class prototype and the vector angle as the similarity measure.

7.2.4 Color Clustering
For color clustering, it is necessary to devise a way to effectively combine the benefits of k-

meang/Euclidean distance and Mixture of Principa Components / vector angle algorithms.
Furthermore, more experimentation is needed with the MPC agorithm to determine practical

applications of thiswork in the color domain.

Another interesting area of research could be the investigation of the optimal color space set-up
for clustering with the MPC/V A algorithm. In this thesis, al color spaces have been assumed to
have an origin at the (0,0,0) point which allows for the computation of principal eigenvectors
from the origin. However, some spaces have points with negative coordinates and this
assumption might not be optimal for them.

The problems of skin detection and classification are still challenging today. The MPC/VA
offers an alternate way of performing unsupervised classification effectively for skin detection.
It appears that the vector angle measure is very good at ng the distance between pixelsin

skin regions. This application should be investigated thoroughly.

7.2.5 Region Growing
For region growing, the connected component principles outlined in [62,63] could be extended

in a fashion as to exploit the most information in color images. The use of the principal
eigenvector of a class instead of the vector mean would be necessary to maximize the results
when trying to determine whether a pixel belongsto a growing region. However, computational
issues will dictate practical approximations to this preferred approach.

Another region growing agorithm proposed by Hojjatoleslami and Kittler [26] could be
extended to color images. A unique feature of the method is that at each step, at most one pixel
exhibits the required properties to join the region. In other words, only one pixel a any one
time has the desired properties to be added to the growing region. The average contrast of a
region is defined as the difference between the average color of the region and the average color
of the current boundary (i.e., the pixels that are adjacent to the current region). The periphera
contrast is defined as the difference between the color average of the current internal boundary
(i.e., the boundary produced by the set of connected outermost pixels of the current region) and
the color average of the current boundary. Again, the principal color defining the region could

be determined by the principal eigenvector of that region.
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Appendix A: Detailed Color Clustering
Consistency Measures

In this appendix, color clustering consistency measure results for Image 1 (see Figure 17) are
given. The clustering evaluation measure is explained in Section 6.3.2. Detailed results are
presented here for several color spaces. RGB, XY Z, CIELAB, CIELUV, rgh, hihohs, and 14l,l.

The calculations have been done on both 8-class and 16-class clustering results.

RGB
8 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 77.766% 0 73.622% 0 89.395% 0 90.712%
1 18.215% 1 22.456% 1 8.898% 1 7.833%
2 2.985% 2 3.166% 2 1.461% 2 1.217%
3 0.866% 3  0.606% 3  0.209% 3 0.217%
4  0.139% 4  0.109% 4  0.032% 4 0.021%
5 0.021% 5 0.036% 5 0.004% 5 0.001%
6 0.004% 6 0.004% 6 0.000% 6 0.000%
7 0.003% 7 0.001% 7 0.000% 7 0.000%
16 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 70.157% 0 65.406% 0 84.800% 0 86.674%
1 20.225% 1 23.609% 1 11.530% 1 10.526%
2 6.880% 2 8.501% 2 2.113% 2  1.499%
3 1.748% 3 1.448% 3  0.860% 3  0.708%
4  0.475% 4  0.604% 4  0.403% 4  0.335%
5 0.296% 5 0.243% 5 0.171% 5 0.170%
6 0.131% 6 0.101% 6 0.082% 6 0.061%
7 0.052% 7 0.044% 7 0.027% 7 0.019%
8 0.022% 8 0.025% 8 0.008% 8 0.005%
9 0.007% 9 0.008% 9 0.004% 9 0.001%
10 0.004% 10 0.004% 10 0.000% 10 0.000%
11 0.002% 11 0.002% 11 0.000% 11 0.000%
12 0.000% 12 0.002% 12 0.000% 12 0.000%
13  0.000% 13  0.000% 13  0.000% 13  0.000%
14  0.000% 14  0.000% 14  0.000% 14 0.000%
15 0.000% 15 0.000% 15 0.000% 15 0.000%
XYZ
8 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 72.478% 0 67.868% 0 90.965% 0 92.065%
1 20.446% 1 23.668% 1 7.940% 1 6.563%
2  5.299% 2 6.589% 2 0.869% 2 0.866%
3 1.377% 3 1517% 3  0.185% 3 0.379%
4  0.340% 4  0.289% 4  0.038% 4  0.122%
5 0.047% 5 0.058% 5 0.002% 5 0.006%
6 0.010% 6 0.006% 6 0.000% 6 0.000%
7 0.004% 7 0.003% 7 0.000% 7 0.000%
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16 classes

K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 60.230% 0 63.543% 0 74.713% 0 83.732%
1 24.783% 1 23.814% 1 18.879% 1 11.548%
2 9.813% 2 7.112% 2 4.030% 2 2.924%
3 3.129% 3  3.430% 3 1.340% 3  0.865%
4 1.282% 4  1.260% 4 0.531% 4  0.493%
5 0.432% 5 0.521% 5 0.304% 5 0.239%
6 0.172% 6 0.195% 6 0.120% 6 0.114%
7 0.080% 7 0.083% 7 0.055% 7 0.049%
8 0.035% 8 0.026% 8 0.017% 8 0.028%
9 0.018% 9 0.009% 9 0.007% 9 0.005%
10 0.014% 10 0.004% 10 0.004% 10 0.001%
11  0.005% 11 0.002% 11 0.000% 11  0.000%
12 0.004% 12 0.001% 12 0.000% 12  0.000%
13  0.001% 13  0.000% 13  0.000% 13  0.000%
14 0.001% 14  0.000% 14  0.000% 14  0.000%
15 0.000% 15 0.000% 15 0.000% 15 0.000%
CIELAB and CIELUV
8 classes
LAB K-Means 1x1 LAB K-Means 3x3 LUV K-Means 1x1 LUV K-Means 3x3
0 88.961% 0 89.330% 0 57.694% 0 61.967%
1 9.028% 1 8.891% 1 27.685% 1 26.019%
2 1.408% 2 1.234% 2 8.881% 2 8.987%
3 0.436% 3 0.428% 3  3.629% 3 2.191%
4  0.154% 4 0.115% 4  1.282% 4 0.573%
5 0.012% 5 0.002% 5 0.546% 5 0.214%
6 0.001% 6 0.000% 6 0.197% 6 0.044%
7 0.000% 7 0.000% 7 0.086% 7 0.006%
16 classes
LAB K-Means 1x1 LAB K-Means LUV K-Means 1x1 LUV K-Means 3x3
0 77.252% 0 81.053% 0 53.056% 0 54.978%
1 17.194% 1 15.275% 1 24.169% 1 23.437%
2 4.152% 2  2.396% 2 11.878% 2 11.909%
3 0.739% 3 0.701% 3  6.505% 3 5.053%
4  0.319% 4 0.328% 4 2.673% 4  2.921%
5 0.181% 5 0.133% 5 0.980% 5 0.815%
6 0.117% 6 0.076% 6 0.303% 6 0.414%
7 0.030% 7 0.029% 7 0.188% 7 0.222%
8 0.013% 8 0.008% 8 0.108% 8 0.142%
9 0.002% 9 0.001% 9 0.067% 9 0.059%
10 0.001% 10 0.000% 10 0.043% 10 0.028%
11  0.000% 11  0.000% 11  0.018% 11  0.008%
12  0.000% 12  0.000% 12  0.004% 12 0.008%
13  0.000% 13  0.000% 13  0.003% 13  0.004%
14  0.000% 14  0.000% 14 0.003% 14 0.003%
15 0.000% 15 0.000% 15 0.000% 15 0.002%
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Normalized RGB: rgh

8 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 74.514% 0 77.602% 0 92.390% 0 92.047%
1 20.541% 1 18.704% 1 5.891% 1 6.969%
2 3.978% 2 2.768% 2 1.193% 2 0.654%
3 0.792% 3 0.784% 3  0.382% 3 0.263%
4  0.149% 4 0.127% 4 0.128% 4  0.059%
5 0.015% 5 0.011% 5 0.014% 5 0.008%
6 0.010% 6 0.004% 6 0.001% 6 0.000%
7 0.002% 7 0.000% 7 0.000% 7 0.000%
16 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 69.210% 0 71.573% 0 85.056% 0 85.854%
1 21.381% 1 19.698% 1 11.447% 1 10.846%
2 5.994% 2 6.175% 2 1.793% 2 2.025%
3 2.280% 3 1.506% 3  0.938% 3 0.664%
4  0.649% 4 0.581% 4  0.495% 4  0.303%
5 0.279% 5 0.242% 5 0.176% 5 0.203%
6 0.119% 6 0.132% 6 0.072% 6 0.077%
7 0.043% 7 0.059% 7 0.014% 7 0.020%
8 0.027% 8 0.023% 8 0.006% 8 0.007%
9 0.010% 9 0.006% 9 0.001% 9 0.002%
10 0.004% 10 0.003% 10 0.000% 10 0.000%
11 0.002% 11 0.002% 11 0.000% 11 0.000%
12 0.001% 12 0.000% 12 0.000% 12  0.000%
13  0.000% 13  0.000% 13  0.000% 13  0.000%
14  0.000% 14  0.000% 14  0.000% 14 0.000%
15 0.000% 15 0.000% 15 0.000% 15 0.000%
hihzhs
8 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 93.499% 0 94.171% 0 73.212% 0 79.329%
1 5.691% 1 5.089% 1 19.064% 1 13.475%
2 0.619% 2 0.584% 2 4.502% 2 4.275%
3 0.135% 3 0.127% 3 1.671% 3 1.531%
4  0.055% 4  0.029% 4  0.747% 4  0.794%
5 0.000% 5 0.000% 5 0.505% 5 0.356%
6 0.000% 6 0.000% 6 0.221% 6 0.165%
7 0.000% 7 0.000% 7 0.077% 7 0.076%
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16 classes

K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 80.011% 0 80.999% 0 57.812% 0 69.498%
1 15.999% 1 15.708% 1 26.035% 1 18.028%
2 2.676% 2 2.388% 2 6.810% 2 5.365%
3 0.860% 3 0.564% 3 3.547% 3 2.728%
4  0.292% 4  0.192% 4  2.174% 4  1.489%
5 0.106% 5 0.085% 5 1.211% 5 0.857%
6 0.041% 6 0.035% 6 0.682% 6 0.594%
7 0.011% 7 0.022% 7 0.467% 7 0.500%
8 0.003% 8 0.006% 8 0.358% 8 0.299%
9 0.001% 9 0.001% 9 0.256% 9 0.237%
10 0.000% 10 0.000% 10 0.213% 10 0.185%
11  0.000% 11  0.000% 11 0.179% 11  0.082%
12 0.000% 12 0.000% 12 0.119% 12 0.045%
13  0.000% 13  0.000% 13  0.062% 13  0.034%
14  0.000% 14  0.000% 14 0.043% 14 0.030%
15 0.000% 15 0.000% 15 0.034% 15 0.026%
l1lol3
8 classes
K-Means 1x1 K-Means MPC 1x1 MPC 3x3
0 82.081% 0 83.400% 0 77.624% 0 81.874%
1 12.763% 1 12.081% 1 15.985% 1 12.674%
2 2.660% 2 2.595% 2 3.912% 2 3.254%
3 1.183% 3 0911% 3 1.137% 3 1.128%
4 0.663% 4  0477% 4 0.670% 4  0.537%
5 0.298% 5 0.307% 5 0.428% 5 0.370%
6 0.264% 6 0.174% 6 0.144% 6 0.114%
7 0.088% 7 0.053% 7 0.101% 7 0.049%
16 classes
K-Means 1x1 K-Means 3x3 MPC 1x1 MPC 3x3
0 60.793% 0 72.292% 0 62.501% 0 65.030%
1 24.300% 1 18.079% 1 22.862% 1 22.377%
2 6.780% 2 4.891% 2 7.331% 2 6.268%
3 3.659% 3 1.999% 3 2.918% 3 2.480%
4  1.490% 4  0.977% 4  1.419% 4 1.281%
5 0.952% 5 0.596% 5 0.857% 5 0.803%
6 0.624% 6 0.474% 6 0.604% 6 0.586%
7 0.370% 7 0.284% 7 0417% 7 0.334%
8 0.254% 8 0.171% 8 0.275% 8 0.243%
9 0.215% 9 0.092% 9 0.240% 9 0.177%
10 0.166% 10 0.051% 10 0.165% 10 0.145%
11  0.140% 11  0.038% 11  0.151% 11 0.121%
12 0.119% 12 0.023% 12 0.113% 12 0.067%
13  0.072% 13  0.017% 13  0.070% 13  0.045%
14 0.043% 14 0.010% 14 0.053% 14 0.027%
15 0.022% 15 0.006% 15 0.024% 15 0.015%
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