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ABSTRACT 

This dissertation analyzes the different 

characteristics of coler images compared to monochromatic 

images, combines these characteristics with monochromatic 

image enhancement techniques, and proposes useful color 

image enhancement algorithms. 

Luminance, hue, and saturation (L-H-S) color space is 

selected for color image enhancement. Color luminance is 

shown to play the most important role in achieving good 

image enhancement. Color saturation also exhibits unique 

features which contribute to the enhancement of high 

frequency details and color contrast. 

The local windowing method, one of the most popular 

image processing techniques, is rigorously analyzed for the 

effects of window size or weighting values on the visual 

appearance of an image, and the subjective enhancement 

afforded by local image processing techniques is explained 

in terms of the human vision system response. 

The digital color image enhancement 

proposed are based on the observation that 

algorithms 

the enhanced 

luminance image results in a good color image in L-H-S 

color sp&ce when the chromatic components (hue, and 

saturation) are kept the same. 
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The saturation component usually contains high 

frequency details that are not present in the luminance 

component. However, processing only the saturation, 

while keeping the luminance and the hue unchanged, is not 

satisfactory because the response of human vision system 

presents a low pass filter to the chromatic components. 

To exploit high frequency details of the saturation 

component, we take the high frequency component of the 

inverse saturation image, which correlates with the 

luminance image, and process the luminance image 

proportionally to this inverse saturation image. 

These proposed algorithms are simple to implement. 

The main three application areas in image enhancement 

contrast 

smothing, 

enhancement, sharpness enhancement, 

are discussed separately. The 

and noise 

processing algorithms are restricted to 

preserve the natural appearance of the scene. 

those 

computer 

which 
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CHAPTER 1 

INTRODUCTION 

In general, there are two main application areas in 

image processing one is for human perception, and the 

other is for machine perception. The former refers to 

techniques for improving visual information for 

interpretation by the human eye such as image enhancement 

or image restoration, and the latter refers to techniques 

for making machines analyze or recognize scenes from their 

2-D images. Of course there are other application areas 

such as image coding to compress the transmission 

bandwidth, or reconstruction from projections used in 

Computerized Tomography. The scope of this dissertation 

lies in image enhancement of digital color images. 

Much of the work done in digital image enhancement has 

been limited in application to black and white (B&W) images 

[lJ because of their technical and instrumental simplicity. 

Nearly all imagery, however, is in color, particularly that 

which pertains to human interpretation. Indeed, we are 

now inundated by a flood of color information media such 

as color TV, color movies, and color photographic films. 

Hence the need for color image enhancement is increasing. 

As an example, the competitive market which exists in 
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home video recorders is a result of our natural desire for 

'enhanced' piC"i:,ures. Many manufacturers of home video 

recorders have tried to improve the quality of pictures on 

the TV screen since home video recorders were first 

introduced by Sony. Their efforts lead to the development 

of better systems in picture quality: the Super Beta system 

developed by Sony using the Beta format, HQ circuitry 

developed by JVC using the VHS format, and most recently 

Super VHS system by JVC using the VHS format [2] [3]. 

Their efforts are mainly directed at the sharpness 

enhancement of TV images subject to the constraint of fixed 

bandwidth. As an another example, Kodak, the world's 

largest commercial photographic film manufacturer, recently 

introduced a new color print film; IIVR-GII. They claim 

that the most significant improvements of their new color 

print film IIVR-G" compared to the old one, "VR", is 

'increased color contrast', which is usually referred to as 

improved color saturation or richness [4]. Thus the need 

for color image processing is necessary : indeed, it is 

essential. 

Two major problems arise when color image enhancement 

is attempted. The first pertains to the choice of a 

suitable color space for a given application. Black and 

white (monochromatic) images can be considered to have only 

1-dimensional scalar values which represent the brightness 



at the corresponding spatial position. 

color images can be considered to have 
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In contrast, 

3-dimensional 

vector values at one spatial position --- the well-known 

'trichromatic theory'. Many 3-dimensional color spaces 

have been developed such as R-G-B, Y-I-Q, and L-H-S. A 

host of image processing algorithms have been developed for 

B&W image enhance~ent, but unfortunately these may create 

color artifacts which would be intolerable in color 

applications when applied to the well-known red, green, and 

blue(R, G, and B) components of color images independently. 

Enhancement algorithms for color images must preserve the 

natural appearance of the scene, and so must avoid 

artifacts such as false color, and halo. Therefore, the 

most suitable color space must be chosen for this s~ecific 

purpose. 

The second 

methodology. 

problem 

Certain 

concerns image 

image enhancement 

processing 

techniques 

developed for monochromatic image processing are not so 

promising when applied to color imagery. Consider, for 

example, the well known process of histogram equalization 

for contrast enhancement. Although quite useful in 

emphasizing important details in monochrome images, if 

applied to color images even in a suitable color space, 

this algorithm would destroy the natural appearance of the 

scene. For example, color artifacts are often produced 
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when the luminance of shaded regions is boosted, simply 

because dark areas are not guaranteed to have the same 

color balance as bright areas l even when the subjects 

(grass 1 water, etc.) is the same in both cases. As an 

another example, the local windowing method applied to a 

suitable color space can cause undesirable artifacts such 

as the 'halo' phenomenon 1 or the 'clustering effect' in 

processed images. What is needed is a suitable strategy 

for color image enhancement which correlates with human 

color perception and is amenable to computer implementation. 

Several researchers have recently reported efforts 

towards the goal of color image enhancement and 

restoration. Faugeras [5] investigated a homomorphic 

approach based on a model of human color vision. 

Buchanan [6] pointed out the advantages of a color image 

display/processor based on luminance, hue, and saturation 

(L, H, and S) components. Hunt and Kubler [7] developed 

the theory for restoring images with any number of spectral 

bands. Although the theory develcped by Hunt and Kubler 

depends on the Karhunen-Loeve transform, and is therefore 

impractical, the authors suggest a feasible alternative 

based on the National Television Systems Committee (NTSC) 

transformation from R-G-B to Y-I-Q color spaces. Ohyama 

et. al. [8] described a strategy for color emphasis 1 

contrast enhancement, and sharpness improvement based on 
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luminance, hue, and saturation space. 

This dissertation specifically addresses the 

enhancement of natural color scenes found in the video or 

photographic fields. A three component space consisting 

of luminance, hue, and saturation (L-H-S) components is 

employed because this color space is known as good for 

human color perception, despite certain disadvantages such 

as nonlinearity in the transformation required for going 

back and forth between R-G-B and L-H-S spaces, and 

singularity in the transformation equation. However, the 

information contained in the luminance, in particular, can 

be of great benefit for image enhancement. The Y 

component in Y-I-Q color space corresponds to the luminance 

component in L-H-S color space. From the earlier work of 

Hunt and Kubler [7J, this useful property of luminance 

component for image enhancement has been already studied. 

Color image enhancement includes three main 

application areas contrast enhancement, sharpness 

enhancement, and noise smoothing. Most application areas 

involove luminance component processing in the first 

instance. The luminance image of a 'better looking' 

enhanced color picture should look better than the 

luminance 

Accordingly, 

image of 

a 'better 

the original color 

looking' luminance image 

picture. 

should 

produce a 'better looking' color image if converted into a 
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color image. This simple, but important fact paves the 

way for most image processing techniques for color images. 

However, the saturation component also possesses 

interesting properties. It is shown that the high 

spatial frequency content of the 'saturation image' can be 

strikingly different from that of the 'luminance image', 

which migh~ be caused by the nonlinear transformation. 

Therefore, the saturation component is useful for sharpness 

and contrast enhancement. 

The histogram transformation is employed to enhance 

the contrast of the 'luminance image' of a color image 

because of its easy and simple implementation, and good 

performance. The local windowing method is employed to 

enhance the sharpness and smooth the noise of the 

'luminance image' of a color image because this locally 

adaptive method preserves the natural appearance of images. 

Before applying local windowing methods, the effects of the 

window size and weighting values on the visual appearance 

are analyzed in terms of their filtering behavior. 

Chapter 2 describes several color spaces and their 

advantages and disadvantages in specific applications, and 

suggests some appropriate choices of a color space for 

specific applications. Chapter 3 explains the objectives 

and specific application areas in image enhancement, and 

the most popular image enhancement techniques found in the 

------------------------------------------------------------------------------------------
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applications of monochromatic images. Chapter 4 is 

dedicated specifically to the analysis of local windowing 

method such as the effects of window size and weighting 

values on the visual appearance of imagery. The 

determination of the emphasis constant in the application 

of sharpness enhancement is also discussed. 

contains many illustrations for comparison. 

analyzes the L-H-S color space in detail, 

This chapter 

Chapter 5 

explains the 

close relationship between monochromatic image processing 

and color image processing, and describes a suitable 

methodology of color image enhancement in the chosen L-H-S 

color space. Chapter 6 describes contrast enhancement of 

color images; enhancement of luminance contrast and 

enhancement of color contrast. Chapter 7 describes 

sharpness enhancement of color images in detail in 

conjunction with the monochromatic image processing for 

comparison. The interesting properties of the saturation 

component are also illustrated. Chapter 8 describes the 

noise smoothing of color images in the most frequent noise 

cases; band-to-band uncorrelated random noise smoothing, 

etc. Chapter 9 gives a general summary and conclusions. 

Mathematical proof of some important equations are included 

in Appendices. 



CHAPTER 2 

COLOR SPACES 
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In normal light conditions, humans perceive most 

objects in color rather than brightness only. Our 

interpretation of color; blue sky, green grass, etc., 

corresponds to the psychological interpretation of the 

phenomenon of color. Psychologically, color attributes 

are often represented by hue denoted by red, green, blue, 

and so on, and saturation denoted by deep blue, or light 

blue [9J. The phenomenon of color can be explained in 

several different ways. Psychophysically, the phenomenon 

of color is related to the spectral content of the radiant 

energy whose spectral range we can perceive, between 350 

and 780 nano meters(nm). As Levine [10J states, "Color is 

a phenomenon in which we visually perceive some function of 

the spectral content of the radiant energy emanating from 

an object." 

However, all possible discrete spectral components 

within this spectral range are not independent of each 

other. Instead, only 3 components among them are known 

to be independent. The well-known 'trichromatic theory' 

states that any color can be synthesized by a mixture of 3 

independent elementary colors. Consequently, most color 
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spaces have their own 3 independent elementary components. 

Several color spaces are used extensively, such as 

red, green, and blue (R-G-B) space or luminance, hue, and 

saturation (L-H-S) space. But not all of them meet the 

needs of a specific application. Instead, each of them 

has its own advantages over the others depending on the 

application. For example, R-G-B space is suitable for 

acquisition of color images because these red, green, and 

blue components are known as red, green, and blue primary 

colors. But even though most color images are often 

available as RGB format when produced by digital scanners 

having red, green, and blue filters, this RGB format does 

not correspond well to human color perception because 

humans perceive color as a whole, not as separate elements. 

From the view point of human color perception, then, an LHS 

format is preferable to an RGB format because the LHS 

format treats an RGB format as a whole, such as 

brightness (luminance), overall hue (hue) , and 

depth of hue (saturation). As an another 

overall 

overall 

example, 

consider the United States color television system. The 

National Television Systems Committee (NTSC) broadcasts 

signals in YIQ format instead of RGB format because the YIQ 

format represents good energy compactness (bandwidth 

compression) [llJ . Thus a suitable color space must be 

selected for a given application. The purpose of this 
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is to describe the basic trichromatic theory, to 

several color spaces which come out from that 

and to show their specific applications to diverse 

fields of image processing. 

2.1 Human Vision and Trichromatic Theory 

A detailed study of the human vision system is beyond 

the scope of this dissertation, rather belonging to the 

study of biology. However, even a basic understanding of 

the human vision system can give us a better understanding 

of the theoretical background of color spaces. 

Biological studies of the human eye identify two kinds of 

photoreceptors; 'rods' and 'cones'. Rods possess only 

one type of pigment, known to be responsible for achromatic 

(scotopic) vision, while cones possess three different 

types of pigment, 

chromatic (photopic) 

which are known to be responsible for 

vision. These 3 different types of 

pigment of the cones are loosely called 'red, green, and 

blue', and possess the frequency responses shown in Fig. 

2.1. 

This phenomena implies the basic concept of 

trichromatic theory which states that any color can be made 

by a mixture of 3 different elementary colors. 

Levine [10J also says about the trichromatic theory that 

there is overwhelming evidence that the color of an image 



is a mixture of three distinct signals, 

to the output of three different types 
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each corresponding 

of cones. Sir 

Issac Newton is credited with discovering the nature of 

color in 1704. Since then, Young, Helmholtz, and Maxwell 

have contributed to the development of trichromatic theory 

[10J. The history of this trichromatic theory can be 

found in other literature [12J. 

Thus the trichromatic theory of human vision system 

has been established for a long time, accordingly the human 

vision system can be modeled as in Fig. 2.2. 



Figure 2.1 

;--5,(<) 

'I 
'I 

Frequency response of cones 

27 



28 

J I (),,)Sr()..)d>-
.... .. 

I(~) J I (>")Sq(.A.)c1).. - Tristil7l.ulus 

J I (>,,)Sb()..)d>... 
... .. 

G 

R 

B 

Figure 2.2 Model of the human vision system 



29 

2.2 Review of Historical Color Spaces 

Based on the trichromatic theory, several different 

three-component color spaces have been proposed during the 

last fifty years, all of which attempt to represent the 

trichromatic nature of color for their own specific 

purposes. Several references about the historical and 

analytical description of these color spaces are found in 

the literature [9J [13J . Several popular color spaces 

are briefly summarized here. The term 'tristimulus 

values' are scalar values which represent the magnitude of 

each elementary color vector, and the term 'chromaticity 

diagram' is a 2-dimensional (2-D) projection of a 3-

dimensional (3-D) color space. 

2.2.1 C.I.E. Spectral Primary Color(RGB) space (1931) 

In 1931, the C.I.E.(Commission Internationale de 

l'Eclairage) developed a standard primary reference system 

with 3 monochromatic primaries(R,G,B) at the following 

wavelengths : 

Red = 700 nm ; Green = 546.1 nm ; Blue = 435.8 nm 

The tristimulus values and the chromaticity diagram are 

shown in Fig. 2.3. The units of the tristimulus values are 

such that the tristimulus values are equal when matching an 

equal-energy white throughout the visible spectrum. 
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2.2.2 C.I.E. X-Y-Z Color space (1931, 1964) 

The C.I.E. spectral primary color(RGB) space has one 

analytic colorimetric calculations are defect when 

performed : the tristimulus values are sometimes negative. 

this problem, the C.I.E. developed an 

primary color space in which all tristimulus 

Recogni~ing 

artificial 

values required to match the spectral colors are positive. 

Furthermore, the C.I.E. X-Y-Z primary colors have been 

chosen so that the Y tristimulus value is equivalent to the 

luminance of the color. Luminance, the intensity of 

light per unit area, is a psychophysical property that can 

be measured [9J. Tristimulus values and a chromaticity 

diagram are shown in Fig. 2.4. 

2.2.3 N.T.S.C. Receiver Primary Color space 

Commercial United States television system receivers 

are based on the red, green, and blue primary colors of the 

N.T.S.C. (Na.tional Television Systems Committee) receiver 

primary color space. The gamut of color producible by 

the N.T.S.C. phosphors is smaller than that available from 

the C.I.E. spectral primary colors because the N.T.S.C. 

phosphors are not pure monochromatic sources of radiation. 

The comparison between the N.T.S.C. receiver primary color 

space and the C.I.E. X-Y-Z color space is shown in Fig. 

2.5. 
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2.2.4 N.T.S.C. Transmission Color (Y-I-Q) space 

In the development of the United States color 

television system, N.T.S.C. formulated a color space 

composed of three tristimulus values Y,I,and Q. The Y 

value is the same as the Y of the C.I.E. X-Y-Z color space; 

it is a measure of the luminance of a color. The 

remaining two tristimulus values I and Q jointly describe 

the color property of the image. 

2.2.5 C.I.E. Uniform Chromaticity Scale (UCS) 
Color space (1960) 

A desirable property for any color space is that any 

unit change in the chromaticity diagram of that color space 

should be perceived as an equivalently noticeable color 

shift to an observer. The 1931 C.I.E. color space, still 

widely used, has a major deficiency from this point of 

view. Colors on the C.I.E. diagram which are separated 

by an equal numerical difference are not equally different 

in appearance. This is illustrated in Fig. 2.6 in which 

ellipses of just noticeable difference (enlarged 10 times) 

are shown on the x-y C.I.E. diagram [14J. To overcome 

this deficiency, the 1960 C.I.E. uniform chromaticity scale 

(UCS) color space is derived from the 1931 C.I.E. diagram 

by stretching the axis unevenly. This C.I.E. UCS color 

space is shown in Fig. 2.7. 

---- ---------
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2.2.6 Munsell color space 

The Munsell color specification system is one which 

uses psychological ordering of colors, and is based on a 

100- division hue scale and a 10-division saturation and 

intensity scale, which is shown in Fig. 2.8. The II 

Munsell Book of Color II contains patches of color 

appropriate to positions in this scale [15J. Hence this 

color space is useful for comparison, and often employed 

for the purpose of color television calibration [14J 

because the book containing patches of color shows the 

real appearance of color to humans. 

2.2.7 Luminance, Hue, and Saturation (L-H-S) 
Color space 

Hall [14J states about L-H-S color space 

brightness is the primary visual sensation 

that 

whose 

corresponding psychophysical variable is luminance, while 

hue is the color sensation associated with different parts 

of the spectrum such as red, green, or blue, whose 

psychophysical variable is the dominant wavelength of the 

light. Saturation is the color sensation corresponding 

to the degree or depth of hue in a color whose 

psychophysical variable is purity. 

This L-H-S color space is suitable for human color 

perception in the sense that in most cases, humans perceive 
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color images subjectively. Statements such as: "this 

part is too bright or dark", "the.color of t.hat part. 28 red 

or yellow", or "that red color is deep or light" reflect 

our experience of luminance, hue, and saturation, 

respectively. In this sense the L-H-S color space is 

naturally appealing to human color perception, and is a 

good candidate for image processing work because it is 

directly related to human color perception. 

This L-H-S color space is shown in Fig. 2.9 ~n 

relat.ion to RGB color space. The two important elements 

of this representation are (1) the length of the vector OP 

from the origin (black) to the pixel coordinates, which is 

proportional to luminance, and (2) the intersection of this 

vector with the sO-.called Maxwell triangle, representing 

the attributes of hue and saturation. 

LHS components are defined in the following way simply 

because of the geometry of Fig. 2.9. In Fig. 2.9, the 

luminance L(x,y) (equivalent to Y in NTSC terminology) can 

be computed as a weighted sum of numerical values of gray 

level (GL) in the RGB images at the position (x,y). 

L(x,y) = O.3R(x,y) + O.59G(x,y) + O.llB(x,y) --- (2.1) 

where (x,y) are the pixel coordinates. The unequal 

weights account for the different sensitivity of the human 

vision system to each primary color. Luminance 

------------_._--------------------------------------
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corresponds to the projection length of the vector OP onto 

the axis OLe Also hue and saturation are defined with 

respect to the three chromaticity coordinates shown in 

Fig. 2.10, where rgb chromaticity values are normalized 

tristimulus values: 

R G B 
r = g= b = ----- (2.2) 

R+G+B R+G+B R+G+B 

Every RGB color pixel can be expressed in terms of 

rgb. The locus of r+g+b=l defines the Maxwell triangle 

shown in Fig. 2.9 and Fig. 2.10. The intersection of the 

vector OP with this surface (at point P') represents the 

pure color attributes; hue and saturation, which are 

defined as : 

H = r? (0 ~ ¢ ~ 27C) ------------------- (2.3) 

WP' 
s = (0 ~ S ~ 1) -------------------- (2.4) 

WA 

The neutral or gray point W represents equal amounts 

of the three primaries, and is the reference point for 

defining the color attributes of hue and saturation. 

Point A is the intersection of WP' with the triangle 

perimeter. 

From Eq.(2.3) and the geometry of Fig. 2.10, it is 

possible to show that: 
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H = ¢ 
J 0 

-1 N 
+ cos ---------------------------------

/6 [(r-1/3}' + (g-1/3):z. + (b-1/3)2 ] 
(2.5) 

where N = 2r-g-b, and ~o = o<=> in region I 

N = 2g-b-r, and ~o = 120 0 
in region II 

N = 2b-r-g, and ~o = 240.j in region III 

Also, from Eq. (2.4) and the geometry of Fig. 2.10 

S = 1 - 3 min(r,g,b) ------------------------- (2.6) 

The (x,y) spatial coordinates have been dropped in Eqs. 

(2.2) - (2.6) for simplicity. For simplicity, 2-D 

projected plane onto r-g plane can be substituted for 

Maxwell triangle. This 2-D plane is called 'chromaticity 

diagram' and is shown in Fig. 2.11. In the chromaticity 

diagram, the equations to represent the hue component and 

saturation component are shown in Eq. (2.7) and Eq. (2.8) 

N H = Go ± cos -1 ________________________ _ 

/5 [(r-1/3)2 + (g-1/3)2 ] 
----- (2.7) 

where N = 2 (r-1/3) (g-1/3), and eo = 0 0 in region I 

N = 2 (g-1/3) (r-1/3), and eo = 143 0 in region II 

N = 2 (r-1/3) (g-1/3), and 90 = 360 0 in region III 

In region I and II, the sign in front of arccos is 

positive, whereas in region III, the sign is negative. 
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S = 1 - 3 min(r,g,b) ------------------------ (2.8) 

However, in 2-D chromaticity diagram, the saturation 

component is exactly the same as that in Maxwell triangle, 

and the hue component is proportional to that in Maxwell 

triangle. Hence, 2-D chromaticity diagram is somtimes 

preferable to 3-D Maxwell triangle for simplicity. The 

proof of the equations CEq. (2.7) and Eq. (2.8)) is shown 

in Appendix A. 

Thus Eq. (2.1), Eq. (2.5), and Eq. (2.6) define the 

three components (L, H, and S) in L-H-S color space, and 

Eq. (2.1), Eq. (2.7), and Eq. (2.8) also define the three 

components (L, H, and S) in L-H-S color space. 

2.3 Choice of Color Space vs. 
Image Processing Application 

The choice of an appropriate color space for a 

specific application is not easy. Several researchers have 

reported on their work towards the choice of a color space. 

Pratt [llJ has reported that the Y-I-Q color space, which 

has been used in the N.T.S.C. color TV broadcasting system, 

provides a reasonably good energy compaction, so this Y-I-Q 

color space is a reasonable choice for broadcasting systems 

where the concern is bandwidth compression. Ohlander [16J 

has employed nine redundant color features R, G, B, Y, I, 

Q, I(L) , H, and S for color image segmentation, reporting 
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that H was most useful and that Y, I, and Q were rarely 

used. 

discussion 

Kender [16J has presented a 

of the behavior of the linear 

very careful 

and nonlinear 

color transformations used to obtain color features such as 

L, H, S from R, G, B, and concluded the following: (1) 

Nonlinear transformations such as H, S and normalized color 

have nonremovable singularities, near which a small 

perturbation of the input R, G, and B can cause a large 

jump in the transformed values; (2) The distribution of the 

nonlinearly transformed values can show spurious modes and 

gaps. For these reasons and from the computational point 

of view, the linear transformations such as Y, I, Q are 

preferable to nonlinear ones. Recently, Yuichi Ohta [16J 

has reported that the Karhunen-Loeve (K-L) transformation 

of R, G, B data is effective in region segmentation. 

Let's consider the choice of an appropriate color 

space for image enhancement from different points of view. 

The previous section introduced many color spaces C.I.E. 

spectral primary (R-G-B) color space, C.I.E. X-Y-Z color 

space, N.T.S.C. receiver primary (Rn-Gn-Bn) color space, 

N.T.S.C. transmission (Y-I-Q) color space, C.I.E. ues color 

space, Munsell color space, L-H-S color space. By 

examining these color spaces carefully, we can categorize 

them into two groups; spectral representation for color 

image acquisition, measurement, or display, and descriptive 
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representation for psychological human interpretation. 

C.I.E. R-G-B, C.I.E. X-Y-Z, N.T.S.C. Rn-Gn-Bn, and C.I.E. 

VCS color spaces belong to the former group, and N.T.S.C. 

Y-I-Q, Munsell, and L-H-S color spaces belong to the latter 

group. In the latter group, only one component; the Y 

component in N.T.S.C. Y-I-Q, the value in Munsell, and the 

luminance (L) ~n L-H-S color spaces represents the 

brightness of color images. The other two components 

together represent pure color properties of color images. 

For the purpose of enhancement of color images, the 

descriptive representation of color images is more 

preferable to the acquisitive representation of color 

images because the judgement of enhancement depends on 

humans, and humans perceive color images in a descriptive 

way. Then, the final issue becomes to decide which color 

space among the descriptive group; N.T.S.C Y-I-Q, Munsell, 

and L-H-S color spaces, could be the best one for 

enhancement of color images. L-H-S color space is very 

similar to the Munsell color system, but the L-H-S color 

space is 

Munsell 

N.T.S.C. 

more formal, and mathematical compared 

color system. Hence the decision lies 

Y-I-Q color space and L-H-S color space. 

to the 

between 

comparison 

final clue. 

between both color spaces may give rise to 

It has already been pointed out that 

The 

the 

one 

component in both color spaces represents the brightness of 
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color images, the other two components represent the pure 

color properties of color images. The numerical values of 

one component used to represent brightness are the same in 

both color spaces. Both color spaces take into 

consideration the sensitivity of the human eye to each 

spectral primary component altogether by exactly same 

amount. Hence there is no distinction between both color 

spaces in this matter. The comparison of pure color 

properties between both color spaces is shown in Fig. 2.12 

[17J. From Fig. 2.12, we can recognize that the pure 

color properties in L-H-S color space (hue and saturation) 

are represented as I and Q components in Y- I-Q color 

space. The difference between both color spaces lies in 

the fact that the each hue or saturation component in L-H-S 

color space describes one aspect of color properties 

independently whereas each I or Q component in Y-I-Q color 

space 

instead 

cannot describes these properties independently, 

I and Q components should be combined together to 

represent color properties. In other words, L-H-S color 

space is the best descriptive color space for human 

interpretation. Hence L-H-S color space is chosen as a 

suitable color space for color image enhancement, which is 

subjective processing for human interpretation. 
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CHAPTER 3 

MONOCHROMATIC IMAGE ENHANCEMENT 

The objective of image enhancement is to improve 

the visual appearance of an image perceived by a human for 

a specific purpose. The success of an enhancement 

technique depends on human judgement, since no satisfactory 

objective quality criterion has yet been discovered as Hall 

points out [14]. The term 'specific purpose' implies 

that image enhancement techniques are mostly problem

oriented, and the term 'no objective criterion' implies 

that any judgement by a human observer about the quality of 

an image is mainly subjective. Tom [18] defines good 

image enhancement such that undetectable image detail is 

rendered visible without the generation of excess spurious 

artifacts. 

There are several good textbooks which explain this 

topic very well [13] [14] [19]. This chapter explains the 

objectives of image enhancement, describes the methodology 

of image enhancement techniques, and demonstrates three 

popular application areas in detail; contrast enhancement, 

sharpness enhancement, and noise smoothing, which will be 

also the main application areas of color image processing 

in this dissertation. 
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The important fact to be remembered in this chapter is 

that most images considered in this chapter are in 'black 

and white' (B&W) instead of 'color'. 

3.1 Objectives and Methodology 

The goal of image enhancement is to make an image 

"look better. II Tom [18] defines the goal of image 

enhancement, " --- is to improve image quality so that 

either human image analysts or a set of subsequent computer 

algorithms will be able to extract more information from 

the image under investigation." Wi th the goal being 

loosely defined, image enhancement is a subjective process 

judged by a human and it may not require the formal 

mathematics usually associated with other objective 

processes. Generally speaking, image enhancement includes 

three main application areas contrast enhancement, 

sharpness enhancement, and noise smoothing. For example, 

contrast enhancement is useful for revealing the hidden 

details of poorly exposed photographs, sharpness 

enhancement is useful for recognizing objects in natural 

scenes more easily, clearly, and pleasingly, and noise 

smoothing is quite useful for enhancing the degraded 

pictures of Saturn transmitted by a space probe. For a 

given image, the appropriate enhancement should be 

classified, before processing such as contrast enhancement 

----. --------------------------------
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in mostly dark images, and sharpness enhancement in loosely 

focused images. All these image enhancement techniques 

can be applied as pre-processing for image analysis. 

In image enhancement, the approaches may be categorized 

as either spatial-domain methods or frequency-domain 

methods. Spatial-domain refers to the image space 

itself: enhancement techniques in the spatial-domain 

manipulate image pixels directly. On the other hand, 

frequency-domain techniques exploit the 2-D Fourier 

transform of an image : thus frequency-domain enhancement 

techniques transform the spatial frequency characteristics 

of an image into a desirable shape in the frequency-domain. 

For example, contrast enhancement is usually carried out in 

the spatial-domain by a one-to-one mapping histogram 

transformation function to make the dark ares look brighter. 

Sharpness enhancement can be also carried out in the 

spatial-domain by exploiting the 'Mach band' effect in 

human vision [20]. Random noise such as II snow" in TV 

images can be smoothed by averaging neighboring pixels in 

the spatial-domain, and structured noise rather than random 

noise can be removed by eliminating corresponding frequency 

components in the frequency-domain [13J [14]. From a 

practical point of view, it is known that if the 

calculation of neighboring pixels in the spatial-domain is 

not too great ( window size ~ 7x7), then methods in the 
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spatial-domain are mo!'e efficient than those in the 

frequency-domain [21J. 

3.2 Contrast Enhancement 

In psychology, contrast C is defined as the ratio of 

the difference between the luminance of an object and its 

surrounding background to the luminance of the surrounding 

background. Applied to image interpretation, the term 

'contrast' is often used to describe the average contrast 

of small objects relative to their immediate background. 

So images which have mostly similar bright regions can be 

considered low contrast images because the differences in 

luminance between adjacent regions of an image are very 

small. On the other hand, images which have dynamically 

changing bright and dark regions can be considered high 

contrast images. 

We understand intuitively that the visual appearance 

of low contrast images can be improved by stretching the 

range of contrast. In other words, the histogram of gray 

levels(GL) of an image can be transformed into a desirable 

shape as judged by a human observer. This processing 

includes several popular transformation techniques 

contrast transformation, histogram equalization, and 

geometric transformations. Contrast transformation is to 

stretch the interesting range of contrast in an image : 
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usually hardly visible dark regions. It can be linear or 

non-linear. The compromise between linear and non-linear 

transformation is a piecewise-linear transformation (PLT). 

Histogram equalization makes the histogram of the image 

equally probable throughout the entire brightness range. 

Although histogram equalization is very effective ior 

enhancing low-contrast details, it can sometimes destroy 

the natural appearance of an image because it can change 

the brightness of an image too much. As an example, 

piecewise-linear histogram transformation is shown next. 

A piecewise- linear transformation (PLT) is often useful 

because of easy implementation and good performance. 

Several break points can be set interactively with a 

computer. As a practical example, a mostly dark picture 

is shown in Fig. 3.1, which is called "BOOKS". The 

histogram of this picture and its PLT curve are shown in 

Fig. 3.2. To stretch the range of contrast, the simple 

PLT curve can be drawn interactively on a screen such as 

Fig. 

255), 

3.2. The break points are (0,0), (30,128), (150, 

(255,255). This curve is not the unique one, 

instead there can be iniinite number of curves as far as 

they stretch the range of contrast and make the picture 

'look better' than the original one. 

The computer processed picture by this PLT curve 

(Fig. 3.2) is shown in Fig. 3.3, and the histogram of this 
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processed picture is shown in Fig. 3.4. Comparing this 

picture (Fig. 3.3) with the original picture (Fig. 3.1), we 

can see the details of those books on the bookshelf, 

especially in dark regions in the original picture - the 

right and left corners of the bookshelf. This processed 

picture (Fig. 3.3) is definitely 'contrast enhanced' to 

most people posessing normal vision system. McDonnell 

also used the PLT with different break points to enhance 

the same picture "BOOKS". 

results [22J. 

He obtained very similar 



Figure 3.1 

Figure 3.2 
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Original image II BOOKS II 

Histogram of the original image "BOOKSII 
and piecewise-linear transform(PLT) curve 
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Figure 3.3 Contrast enhanced image "BOOKS" 

Figure 3.4 Histogram of the enhanced image "BOOKS" 
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3.3 Sharpness Enhancement 

Image sharpness is closely related to the high 

frequency contrast of images as several experts point out 

[10J [15J. The perception of the human vision system is 

not only imperfect, but also unreliable in the sense that 

there are several illusions such as the 'Mach band' effect, 

or the 'simultaneous contrast' phenomenon, etc. Figure 

3.5 shows the 'Mach band' effect. In Fig. 3.5, the upper 

half shows the step wedge of the luminance (50, 100, 150, 

200, 250 in ° - 255 scale), and the lower half shows the 

step wedge of the saturation (0.0, 0.25, 0.50, 0.75, 1.0 in 

0.0 - 1.0 scale)of the color image which has the same 

luminance (150 in ° - 255 scale) and same hue (120 0 in 0° -

360 0 scale) throughout the entire wedges. We can see the 

'Mach band' effect in both halves. In the step wedge of 

the luminance we observe different brightness around the 

boundaries even though one stripe has the same luminance. 

Also in the step wedge of saturation we observe different 

color saturation around the boundaries even though one 

stripe has the same color saturation. Thus our human 

vision system responds to objects imperfectly in the strict 

sense. By exploiting the above two properties: 1) that 

image sharpness is related to the high frequency contrast 

of an image, and 2) the imperfect and unreliable response 

of human vision, the visual appearance of an image can 
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Figure 3.5 'Mach band' effect 
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often be improved even beyond that of the original image by 

emphasizing the high frequency contrast of an image to the 

point where some defects or artifacts appear. 

W.F.Schreiber [20J discusses this matter in detail. 

What is needed to emphasize the high frequency 

contrast is a high-frequency emphasis filter which boosts 

the high frequency response of a filter while keeping the 

low frequency response of that filter nearly the same so as 

not to destroy the natural appearance. As a matter of 

fact, this filter can be implemented in both domains : the 

spatial-domain and the frequency-domain, whereas the 

characteristics of this high-frequency emphasis filter can 

be easily understood in the frequency-domain. In the 

frequency-domain, this high-frequency emphasis filter can 

be realized in such a way that this filter partially 

suppresses the lower-frequency components, boosts a region 

of high-frequency components, and suppresses very-high

frequency components considered to be more representative 

of noise than image signal. Hall discusses this filter 

and shows some results of a chest x-ray images [14J. 

Frequency-domain processing usually requires much 

computation since it involves Fourier transform and inverse 

Fourier transform. As explained in section 3.1, if the 

size of a local window is smaller than 7x7, then methods in 

the spatial-domain are known to be more efficient. Hence 
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generally speaking, a small local window technique could be 

a good choice to enhance the sharpness if its 

is acceptable. As an example, sharpness 

performance 

enhancement 

algorithm by use of small local window is shown next : 

f'(x,y) = f(x,y) + k[f(x,y)-f(x,y)] ---------- (3.1) 

f(x,y) 

f(x,y) 

GL of a pixel of the original image at (x,y) 

Average GL of surrounding pixels within a 

window centered at (x,y) 

f'(x,y): GL of a pixel of the processed image at (x,y) 

k Constant or variable (>0 for sharpness, 

<0 for smoothing) 

The above algorithm makes any pixel which is brighter 

than surrounding pixels much brighter, and any pixel which 

is darker than surrounding pixels much darker by comparing 

it with the average of those surrounding pixels within a 

local window, so the contrast of the processed image at the 

edges becomes higher than that of the original image and 

the processed image should look sharper. This algorithm 

exploits the imperfect response of the human vision system, 

which states that the visual appearance of an image can 

often be improved even beyond that of the original image by 

emphasizing high frequency contrast. 

The computer processed results are shown in Fig. 3.6 

(a), (b). In this example, a 3x3 window (uniform 



60 

weighting, k = 2.0) is used to calculate f(x,y). The 

processed image (Fig. 3.6 (b)) looks much better than the 

original image (Fig. 3.6 (a)) concerning the sharpness. 

Let's consider the original image as a standard outdoor 

scene. This image possesses very small dark regions 

such as around the roof of the house, above the house in 

the tree shadow, and the foreground grass. Also this 

image is noise-free. Overall, this original image itself 

looks normal: generally good contrast, noise-free, and good 

focus, etc. 

contribute 

Hence only the sharpness enhancement could 

to the enhancement of this image, and the 

result reflects the real contribution of the processed 

sharpness enhancement technique. 



(a) 

(b) 

Figure 3.6 : Image "PARK" 
(a) Original image 

," :. ::.:--
. r~·_ 

(b) Sharpness enhanced image 
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3.4 Noise Smoothing 

Noise is simply defined as 'unwanted signal' in 

several textbooks [23J [24J. According to this definition, 

'noise' effects can include various kinds of phenomena 

which affect the true signal in many ways such as thermal 

noise, photographic-film grain noise, and electro- magnetic 

interference (EMI). There has been much effort to smooth 

or remove noise. Most algorithms are implemented in the 

spatial-domain for computational efficiency [25J [26J. As 

an example, 

noise while 

[28J . The 

the median filter is used to remove impulsive 

preserving edges within a local window [27J 

neighborhood averaging filter is very simple 

and effective for noise smoothing because it behaves as a 

low-pass filter in the frequency-domain, where the 

frequency spectrum of noise is considered to be dominant in 

the high frequency range. 

Let's consider the simplest form of noise zero-mean 

white Gaussian additive noise. Low pass filtering is 

usually effective for smoothing uncorrelated noise. The 

low-pass filter can easily be implemented in the spatial

domain by use of a small local window, a detailed analysis 

of which is shown in chapter 4. The simplest low-pass 

filter; the simplest local window, can be implemented by 

use of a 3x3 local window in the spatial-domain, whereas 

some esoteric local window algorithms for noise smoothing 



have been proposed [29J [30] [31J. 

local window for noise smoothing, 

example : 
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As an example of a 

consider the simplest 

f'(x,y) = f(x,y) ----------------------------- (3.2) 

The image f(x,y) is originally degraded by noise. Hence, 

this algorithm smooths the uncorrelated noise because the 

variance of the average of random variables is decreasing 

proportionally to the number of averaged random variables 

if those random variables are independent, and identically 

distributed (i.i.d.) [32J. Unfortunately, high frequency 

components of the image which represent the fine details of 

the image are also suppressed. However, the 3x3 averaging 

local window is simple to implement, and often effective. 

The computer processed results are shown in Fig. 3.7. In 

this example, the signal-to-noise ratio (sin) is defined as 

the ratio of variances of signal and noise. Comparing 

the split image; the original image and processed image, 

the image processed by the 3x3 averaging filter looks 

better than the original one in terms of noise reduction, 

but it looks less sharper than the original image. The 

original image itself is smoothed by the effect of the 

low-pass filter. 
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Figure 3.7 
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CHAPTER 4 

LOCAL WINDOWING METHOD 

A local windowing method for image enhancement ( 

sharpness enhancement and noise smoothing) was briefly 

discussed in chapter 3. A small local window is placed on 

the image centered at the currently processed pixel, and 

the center pixel is processed according to the local 

statistics of surrounding pixels within a small window. 

The image can be considered a 2-D 'signal' and most local 

windowing operations are equivalent to 2-D convolution 

between a window function and an image function in the 2-D 

spatial-domain, so the small window can be called a 2-D 

'FIR (Finite Impulse Response) filter'. Hence this 

processing is also equivalent to a product of the frequency 

characteristics of an image and the frequency response of a 

window function in the frequency-domain. 

Tom [18J points out that overcoming the non-stationary 

problem is the most important advantage of adaptive image 

processing techniques. 

stationary [33J [34J, but 

usually highly-correlated. 

Most images are inherently non

pixels in a small region are 

Hence 'local' processing 

instead of 'global' processing can take advantage of local 

stationarity of images. Locally adaptive techniques have 
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one disadvantage, which is their computational complexity 

because the adaptive techniques inherently require more 

computations. However, the development of special high-

speed processors, array processors, or recently introduced 

parallel and multi-processor machines should enhance the 

feasibility of adaptive techniques. 

Locally adaptive techniques are very desirable in the 

sense that they not only enhance an image, but also 

preserve the natural appearance of an image. Thus they 

are one of the most popular image enhancement techniques 

even though they lack an elegant mathematical background, 

as J.S.Lee [25J points out. Hence the size and weighting 

values of a window are determined empirically in most cases 

[25J. 

This chapter specifically analyzes the effects of the 

size and weighting values of a window on the visual 

appearance of an image for sharpness enhancement and noise 

smoothing, shows some computer processed results, and 

finally suggests a reasonable window size and weighting 

values for the application of the local windowing method to 

natural outdoor scenes. This analysis also takes into 

account the response of the human vision system. 

4.1 Principle 

The basic principle of the local windowing method is 
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shown in Fig. 4.1. The processor processes the current 

pixel in the spatial domain adaptively according to local 

statistics such as mean, variance, and histogram. Tom [18J 

states, II These local techniques frequently use sliding 

windows which compute local properties of the image. 

These properties, in turn, are used to locally control the 

enhancement or filter applied to the image. II This 

processor is called an 'adaptive filter' in image 

processing terminology because it seems to behave 

adaptively according to local statistics even though it is 

not an adaptive filter in the strict signal processing 

sense; i.e. that all adaptive filters must have a 

performance decision criterion at their output and a 

feedback control loop between the output and the processor. 

There have been other efforts towards more accurate 

local measures, which is a key factor in controlling 

adaptive processing. J. S. Lee [29J proposes a refined 

filtering algorithm to smooth image noise by using not only 

local mean and variance, but also local gradient 

information. Consequently, noise along edges is removed, 

and edge sharpness is enhanced. Chan and Lim [30J suggest 

an esoteric approach to preserve edges while removing noise 

in all regions of the image including the edge regions. 

There can be several variations on the scheme in Fig. 

4.1 such as cascading adaptive sharpness enhancement after 
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noise smoothing, or adaptive sharpness enhancement after 

luminance contrast enhancement. 

If there is an optimum measure in the processed output 

image, the feedback loop from the outpu~ to the adaptive 

processor could make this processing really adaptive even 

in the strict sense. However the adaptive processing 

techniques provide satisfactory results in most cases. 
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Figure 4.1 Principle of local windowing method 
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4.2 Sharpness Enhancement 

In section 3.3, it was shown that the high frequency 

emphasis filter is needed to enhance the sharpness of an 

image by stretching gray level differences at scene edges. 

This high frequency emphasis filter can be implemented by 

use of the local windowing method in the spatial domain. 

For convenience, let's consider the I-D case of a 

local window first. The local windowing algorithm used 

to implement the high frequency emphasis filter in the I-D 

case is shown in Eq. (4.1) 

f'(n) = fen) + k [f(n)-1(n)] ------------------- (4.1) 

fen) : amplitude of the original signal at the center 
position within a window 

f'(n): amplitude of the processed signal at the center 
position within a window 

k 

average amplitude of the original signal within 
a window 

constant or variable 

For the case k)O, this algorithm makes the signal 

which is bigger than the average of surrounding signals 

within a window much bigger, :md the signal which is 

smaller than the average of surrounding signals within a 

window much smaller by comparing it with the average of 

surrounding signals within a window. In other words, this 

algorithm emphasizes the difference between the pixel and 

--- ~- ----------------------------
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the average of its surroundings. On the contrary, for 

the case k(O, this algorithm makes the signal smoother. 

The characteristics of this local windowing method can 

be analyzed in the frequency domain. The original signal 

is a sequence f(l), f(2), 

signal is a sequence f'(l), 

feN), and the processed 

f'(2), ---, f'(N). As shown 

before, the processed signal at the center position within 

a window is the output of a convolution between the 

original signal and the window function in the spatial 

domain. 

f'(n) = fen) + k [fen) - l/w {f(n-(w-1)/2) +--- + fen) 

+ --- + f(n+(w-1)/2 }] 

= -k/w {f(n-(w-1)/2)} - k/w {f(n-(w-1)/2+1)} 

+ (l+k-k/w) fen) --- -k/w {f(n+(w-1)/2)} 

= fen) * wen) ---------------------------- (4.2) 

By taking the Fourier transform of this sequence, the 

following result (Eq.(4.3)) can be obtained by invoking the 

linear, shift-invariant (LSI) property of the transform. 

F{f'(1),f'(2),---,f'(N)} = F[{f(1),f(2),---,f(N)}* WF] 

= F{f(1),f(2),---,f(N)} x F{WF} ----------- (4.3) 

(WF window function ) 

Eq.(4.3) can be written in a compact form in Eq.(4.4). 

F f I (w) = F f (w) x F WF (w) ------------------------ (4.4) 
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The above Eq.(4.4) is significant in the sense that a 

moving window of size W «<N) is equivalent to the 

filtering function F 

in a global sense, 

(w) in the frequency domain not 

but also in a local sense. 

only 

By 

combining Eq.(4.1), Eq. (4.2) , Eq.(4.3), and Eq.(4.4), the 

following result can be obtained. 

F f I (w) = F f (w) + k {F f (w) - F f (w) xLPF (w) } 

= Ff(w)x[l + k {I - LPF(w)}] 

= F f (w)xFhTf (w) 

Therefore, 

F\'JF (w) = 1 + k {I - LPF(w)} -------------------- (4.5) 

Graphically, Fig. 4.2 (a), (b) shows the frequency response 

of two filtering functions LPF(w), and Fwr(w). 

As Fig. 4.2 (b) shows, the moving window behaves as a 

high frequency emphasis filter. If this kind of 2-D 

filter is applied to an image, the processed image should 

look sharper than the original image because the high 

frequency components containing fine details of the 

original image are emphasized. 

This I-D analysis can be extended to the 2-D case in a 

similar manner. The 2-D analysis proceeds as follows : 

In Fig. 4.3 (a), 

f(x,y) = (rect x)x(rect y) 



By taking the Fourier transform, 

f,{f(x,y)} = F(u,v) 

= {(sinc u)xo(v)}*{(sinc v)xo(u)} 

= S5{(sinc m)x6(n)}x{sinc(v-n)xo(u-m)}dmdn 

( m = u, n = 0) 
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= (sinc u)x(sinc v) ---------------- (4.6) 

The result is shown in Fig. 4.3 (b). Thus the frequency 

response of a local window filter in a 2-D case becomes Eq. 

(4.7) . 

F\\1F (u,v) = l(u,v) + k {l - FLPF (u,v)} -------- (4.7) 

Graphically the result is shown in Fig. 4.3 (c) [35J. 
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Figure 4.2 : Frequency response of a local window 
(a) LPF(w) 
(b) FWF (w) 
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f(x,y) 

(a) 

y 

(b) 

v u 



(c) 

v 

Figure 4.3 : 2-D local windowing method 
(a) Response of a low-pass filter in the 

spatial-domain 
(b) Response of a low-pass filter in the 

frequency-domain 
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(c) Response of a high-frequency emphasis filter 
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4.3 Noise Smoothing 

In section 3.4, the averaging filter for noise 

smoothing was introduced. This filter is implemented by 

use of the local windowing method in the spatial-domain. 

For comparison, following a similar procedure to the 

sharpness enhancement technique discussed in section 4.2, 

let's consider the 1-D local window case first, and then 

extend 1-D analysis to 2-D analysis. In the 1-D case the 

local windowing algorithm for noise smoothing, the 

neighborhood averaging filter, is shown in Eq. (4.8). 

f'(n) = fen) --------------------------------- (4.8) 

f' (n) amplitude of the processed signal 
at the center position within a window 

average amplitude of the original signal 
degraded by noise within a window 

Although this filter is implemented in the spatial 

domain, the analysis of this filter in the frequency domain 

is more formal and mathematical compared to the analysis in 

the spatial- domain. The original signal degraded by 

noise is a sequence f(l), f(2), feN), and the 

processed signal is a sequence f'(l), f'(2), f' (N) . 

The processed signal at the center position within a window 

is the output of a convolution between the degraded 

original signal and the window function in the spatial 
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domain. This convolution operation is shown in Eq. (4.9). 

f'(n) = 1/w [ f(n-(w-1)/2) + --- + fen) + --- + 

f (n+ (w+1) /2 ] 

= fen) * wen) -------------------------- (4.9) 

By taking the Fourier transform of this sequence, the 

following Eq. (4.10) can be obtained. 

F{f' (1), f' (2) , , f' (N) } 

= F[{f(l), f(2), --- , feN)} * wen)] 

= F{f(1) , f(2), --- , feN)} x F{w(n)} ---- (4.10) 

Eq. (4.10) can be written in another form in Eq. (4.11). 

F fO (w) = F f (w) x F\'J"F (w) -------------------- (4.11) 

Graphically, Fig. 4.4 shows the frequency response of this 

averaging filter. As Fig. 4.4 shews, 

behaves as a low-pass filter in the 

the moving window 

frequen~y-domain. 

The general shape of ~he power spectrum of the image and 

noise is shown in Fig. 4.5. Hence the averaging low-pass 

filter filters out the noise whose power spectrum is 

relatively bigger than that of the image in the high 

frequency region. However, the filtering of the i~age 

itself is inevitable the result being smoothing the 

original image edges. This analysis in the 1-D case can 

be extended to the 2-D case in a similar manner. 
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Figure 4.5 General power spectrum of image & noise 
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4.4 Effects of Window Size and Weighting Values 

Let's consider the effects of window size and 

weighting values on the performance of the high frequency 

emphasis filter for sharpness enhancement and the averaging 

filter for noise smoothing. The analysis in the 1-D case 

can be extended to the 2-D case very easily. Hence it is 

preferable to consider the 1-D case first because of its 

simplicity. 

filter first, 

spatial domain. 

Let's consider the high frequency emphasis 

which is represented as Eq. (4.1) in the 

The size of the window has a crucial 

bearing on the shape of the frequency response. Figure 

4.6 (a),(b) illustrates the shape of the frequency response 

in the case of the smaller window size and the larger 

window size, respectively. For convenience, let us call 

the constant k 'emphasis constant', and its value is fixed 

here (k = 1.5). 

Larger windows give rise to more peaks in the 

frequency response. In Fig. 4.6 (a), the filter has a 

smooth frequency response and boosts only high frequency 

components while keeping the low frequency components 

almost the same, so the picture should look sharper while 

preserving the natural appearance. But in Fig. 4.6 (b), 

the filter has several peaks throughout the frequency 

range, so it boosts not only high frequency components, but 

also medium and low frequency components unevenly. From 
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Figure 4.6 : Comparison of the frequency response 
between a small window and a big window 

(a) Frequency response of a small window 
(window size = 3) 

(b) Frequency response of a large window 
(window size = 9) 
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shape of this frequency response, 

the uneven boost of low and 
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inferred 

components 

processed 

can be seen as undesirable 

medium frequency 

effects in the 

image such as 'halo' phenomenon, which can be 

seen as a halo around sharp edges, and 'cluster' phenomenon, 

which can be seen as a cluster of usually in low variance 

texture; grass, etc. This analysis in the l-D case can be 

extended to the 2-D case without elaborate manipulation. 

The comparison between the original image and processed 

images using these different 2-D filters (small window and 

large window) is shown in Fig. 4.7 (a), (b), (c), (d) and 

Fig. 4.8 (a), (b), (c), (d). 

Comparing the original image (Fig. 4.7 (a) and Fig. 

4.8 (a)) with the image processed by a large 9x9 window 

(Fig. 4.7 (b) and Fig. 4.8 (b)), we feel that the processd 

images are not better than the original ones. In fact, they 

are even worse because of halo phenomenon and cluster 

phenomenon, etc. These artifacts are caused by uneven 

boost of low and medium frequencies as explained before. 

In contrast, the comparison between the original image and 

the image processed by a 3x3 small window (Fig. 4.7 (d) and 

Fig. 4.8 (d)) shows that the processed image by a small 

window looks 'better' or 'sharper' than the original 

image. All these computer processed results prove the 

validity of that analysis. 
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Ca) 

(b) 
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(c) 

(d) 

Figure 4.7 : Comparison of different window size (k=2) 
(a) Original image "PARK" 
(b) Processed image (9x9 window, uniform weights) 
(c) Processed image (3x3 window, uniform weights) 
Cd) Split images of Ca) and ec) 
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(c) 

L---------· ~' 

(d) 

Figure 4.8 : Comparison of different window size (k=2) 
(a) Origina.l image "HOUSE" 
(b) Processed image (9x9 window, uniform weights) 
(c) Processed image (3x3 window, uniform weights) 
(d) Split images of (a) and (c) 
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The effects of weighting values can be analyzed on the 

same basis. If the weighting values within a window makes 

the frequency response increase smoothly towards the high 

frequency range, the processed image should look sharper 

and better. As an example, a comparison is shown in 

Fig. 4.9 (a), (b), (c), (d). 

Figure 4.9 (c) generally looks a little bit better than 

Fig. 4.9 (b) especially in the area of grass, because of a 

smoother frequency response. Figure 4.9 (d) looks much 

better than Fig. 4.9 (b), and very similar to Fig. 4.7 (c). 

Weighting values according to a narrow Gaussian function 

( ~ = 1 ) make the 9x9 window very similar to a 3x3 window 

because this narrow weighting makes the weighting values 

concentrated around the center position, so many outside 

values are almost zero. These results reflect the 

validity of the analysis of window size and weighting 

values. 

Next let's consider the effects of window size and 

weighting values of the averaging filter for noise 

smoothing. The frequency response of the averaging 

filter is shown in Fig. 4.2(a), which is the same as LPF(w) 

in the high frequency emphasis filter. The LPF(w) in the 

high frequency emphasis filter exactly represents the 

response of the averaging filter in the frequency-domain. 

Accordingly, the effects of window size can be also 



89 
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Cc) 

Cd) 

Figure 4.9 : Comparison of different weighting 
values (k=2.0) 

Ca) Original image "PARK" 
(b) Processed image (9x9 uniform weighting) 
(c) Processed image (9x9 Kaiser weighting, 9=27t) 
Cd) Processed image (9x9 Gaussian weighting, 0=1) 
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analyzed by the same procedure used in the case of a high 

frequency emphasis filter. A small window possesses a 

filter response which decreases monotonically towards the 

high frequency range. o~ the contrary, large windows 

have a narrow frequency response, which decreases sharply 

around the low frequency range, and which exhibits 

sidelobes around the medium and high frequency range. 

Hence the effects of the window size on the visual 

appearance of the image become apparent. The small window 

smooths both the image and noise moderately whereas the 

large window smooths the image too much: the image loses 

most fine details, while smoothing the noise moderately. 

Edges or most fine details of images usually lie in the 

high frequency range in the frequency domain whether the 

image looks complicated or not. In general, the small 

window is preferable compared to the large window because 

it not only smooths noise, but also preserves edges or 

other fine details of the original image to some degree 

even though it is not so satisfactory. 

The effects of weighting values on the visual 

appearance of an image can also be analyzed on the basis of 

changes in the shape of the frequency response. The 

comparison of the processed results between a small window 

and a large window is shown in Fig. 4.10 (a), (b) for the 

image "GIRLII (sin = 7.4 db). 
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Figure 4.10 : Comparison of different window size in 
noise smoothing for the image "GIP..L" 

(a) Split image of the original image and 
processed one (3x3 window) 

(b) Split image of the original image and 
processed one (9x9 window) 
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4.5 Response of Human Vision System 

The phrase 'response of the human vision system' has 

several different meanings. For example, the 'spectral 

response of the human vision system' refers to the 

amplitude response of the human vision system through its 

frequency spectral range, whereas the 'luminance 

discrimination response of the human vision system' refers 

to the just noticeable difference in luminance between a 

small region and its background for varying background 

luminances, etc. Concerning image sharpness, the response 

of the human vision system refers to the amplitude response 

vs. spatial frequency. Much work has been done on this 

subject [14J [36J. The response of the human vision 

system as a function of spatial frequency is shown 

graphically in Fig. 4.11, which is sometimes called the 

'Human Modulation Transfer Function' (HMTF) in the 

terminology of system theory. The fact that the 

resolving power of the human vision system depends on 

distance is expressed in the units of the HMTF; i.e. line 

pairs/degree. As an example, let's assume that we watch a 

19" display monitor which has 512 pixels in the horizontal 

direction and 512 lines in the vertical direction (square 

picture). One pixel occupies 0.56 mm x 0.56 mm in screen 

space. As shown in Fig. 4.12, if we watch this screen 

from a distance of 40 em, the highest frequency of this 
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Figure 4.12 The effect of viewing distance 
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screen becomes 3 line pairs/ degree l if 80 cm; 6 line 

pairs/degree 1 etc. 

But the response of the human vision system is fixed 

by the units of line pairs/degree. So the viewing 

resolution of the TV screen depends on viewing distance. 

If we are too close to see the scene l we can't see the 

whole scope of the image 1 instead we can see the individual 

pixels. On the contrary 1 if we view the image from long 

range 1 we can't see the fine details of that image. 

Considering these observations 1 if we view the image 

from too close or too far l then the effects of sharpness 

enhancement are not seen. A comparison between the 

original image and a processed one makes sense only if the 

image is viewed at a reasonable distance, which means that 

the frequency content of the image falls in the active 

range of the human vision system. Most computer processed 

results shown in this dissertation were recorded at this 

reasonable distance. 

4.6 Determination of the Emphasis Constant 

We have seen that the frequency response of a filter 

affects the visual appearance of an image in many ways. 

For example, a smoothly increasing highpass filter makes an 

image look sharper, whereas uneven low frequency boost 

creates undesirable artifacts such as the 'halo' effect. 
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The emphasis constant k in Eq. (4.1) also affects the 

visual appearance of an image because the frequency 

response of a filter varies according to the magnitude of 

the emphasis constant k. 

The emphasis constant k does not change the general 

shape of the filter, it only affects the high frequency 

gain. For a reasonable value of emphasis constant k ( 

1.0 ~ k ~ 3.0 ) for outdoor natural scenes, the effects of 

the emphasis constant k on the visual appearance are less 

important compared to other factors such as window size, or 

weighting values. 

Considering the variations which exist in human 

opinion, no fixed optimum value of the emphasis constant k 

may exist. Instead, a broad range of permissible value k 

Furthermore, the emphasis constant k may 

the individual image. If the image has low 

may exist. 

depend on 

mean GL and small variance, the value of k should be 

smaller because even a small difference in an image can be 

seen noticeably. On the other hand, if the image has 

high mean GL and high variance, the value of k should be 

bigger because a small difference would not be noticeable. 

Thus the determination of the permissible range of the 

emphasis constant k may depend on image statistics. 

Sometimes it may well require very high-order statistics of 

an image. Furthermore, in the sense of adaptive 
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processing, the numerical value of the emphasis constant k 

could be varied according to the local statistics of an 

image to improve the visual quality of an image, such as 

increasing the numerical value of k according to local 

variance. However, most processed images with a wide range 

of emphasis constant k lead to sharpness enhanced images 

which 'look better' than the original image. Inevitably, 

judging and comparing enhanced image quality is not easy. 

Empirically, the permissible value of emphasis constant k 

lies between 1.0 and 3.0 for sharpness enhancement of well 

exposed outdoor natural scenes. As evidence, computer 

processed results with varying emphasis constant k are 

shown in Fig. 4.13. These empirical data reflect the 

broad permissible range of the emphasis constant k, which 

leads to the conclusion that any adaptive or sophisticated 

method to determine the emphasis constant k would be 

unlikely to lead to improvement compared with the use of 

fixed emphasis constant k. The reason for this is that no 

satisfactory objective measure for image quality has yet 

been widely accepted [14]. From these empirical data, we 

can conclude that the global determination of the emphasis 

constant k would be sufficient for its easy implementation 

and good performance. The statistics (min., max., mean, 

or variance) of several pictures of natural scenes are 

shown in Table 4.1. From these data, and considering the 
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(c) 

Figure 4.13 : Comparison of different emphasis 
constant k (3x3 uniform weights) 

(a) Split image of the original image "PARK" and 
processed image (k=1.0) 

(b) Split image of the original image "PARKII and 
processed image (k=2.0) 

(c) Split image of the original image IIPARKII and 
processed image (k=4.0) 
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argument presented earlier, we can infer a relationship 

between the low-order image statistics ( mean, and 

variance) and the emphasis constant k. This relationship 

can be represented as Eq. (4.12), and shown in Fig. 4.14. 

k = 1.4 + 2 + 0.4 -------------------- (4.12) 
m 

( m mean, 6 std. dev.) 

In Eq. (4.12) , the emphasis constant k varies proportionally 

to the change of the ratio of std. dev. and mean. Eq. 

(4.12) is not a strict rule; instead it is a loose guide to 

achieve useful sharpness enhancement of natural outdoor 

scenes based on the application of a 3x3 uniform weighting 

window. If we want a sharper image, then positively 

biased value is preferable, or if we want a smoother image, 

then negatively biased value is preferable. However, 

both cases produce sharper images than the original. 
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Table 4.1 

Statistics of natural scenes 

!~! "PARK" "HOUSE" "ROAD" 

I I 
I Min. I 1.0 17.0 20.0 
I 
I 
I Max. 235.0 229.0 242.0 
I 
I 
I Mean 106.6 161.0 166.5 
I 
I 
I Std. dey. 68.9 51.7 51.2 
I 
I 
I aim 0.65 0.32 0.31 
I 
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Figure 4.14 Relationship between the emphasis 
constant and low-order image statistics 

~----------------------------------------
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4.7 Concluding Remarks 

chapter has analyzed the local windowing method, 

one of the most popular image processing 

because of its easy implementation and good 

performance. 

Concerning sharpness enhancement, and considering the 

effects of window size and weighting values, and the 

response of the human vision system, leads to the 

conclusion that for the case of a uniform weighting window 

as a low pass filter, a small 3x3 window gives better 

results than larger windows. The uniform weighting 3x3 

window is the best choice for its simple implementation and 

good performance. The uniform weighting 9x9 window is 

not a good choice for image sharpness enhancement because 

it creates undesirable artifacts such as the 'halo' effect 

caused by uneven boost of low frequency components. 

The determination of the emphasis constant k should 

ultimately be performed by fine tuning. The numerical 

value of k may not depend on the absolute difference in 

luminance between pixels, but depends on the image 

statistics, such as mean GL, and variance. For uniform 

weighting 3x3 windows and for natural outdoor scenes, the 

value of k between 1.0 and 3.0 usually gives good results. 

This broad range of k could lead to a conclusion that the 

global determination of the emphasis constant k would be 

------
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sufficient for sharpness enhancement, and even necessary 

for practical implementation. Eq. (4.12) or Fig. 4.14 

gives a loose, but valuable guide to achieve a good 

sharpness enhancement results. 

Concerning noise smoothing, the small window averaging 

filter generally produces better results than the large 

window averaging filter except for several esoteric 

windowing methods [29J [30J. The analysis in the 

frequency-domain is very similar to that of sharpn.ess 

enhancement. This averaging filter is the same as LPF(w) 

of the high frequency emphasis filter. As shown in Fig. 

4.4 and Fig. 4.5, this averaging filter behaves as a low

pass fil~er in the frequency-domain, and the general power 

spectrum of noise is concentrated around high frequencies 

compared to that of the image itself. Hence the 

averaging low-pass filter filters out the noise power, 

which is relatively higher around high frequencies than 

signal power. 

inevitable. 

Undesirable smoothing of image details is 

However, most computer processed resu~ts support the 

theoretical analysis of the local windowing method. Hence 

the local windowing method can be used effectively in image 

enhancement. 



106 

CHAPTER 5 

METHODOLOGY IN COLOR IMAGE ENHANCEMENT 

The processing of color images is immature compared to 

that of black and white (B&W) images, as R.N.Strickland et 

al. [37] point out, "although the field of monochrome image 

enhancement is fairly mature, attempts to computer enhance 

color imagery are relatively recent." 

In chapter 1, two major problems are indicated in 

color image enhancement. The first problem is the choice 

of a suitable color space for a given application. The 

second one is the image processing methodology. From the 

analysis of color spaces in chapter 2, luminance, hue, and 

saturation (L-H-S) color space was chosen as a suitable 

color space for color image enhancement. This decision 

came from careful comparison of many different color 

spaces. The first comparison lay between two groups : 

spectral representation of color images (C.I.E. R-G-B, 

C.I.E. X-Y-Z, N.T.S.C. Rn-Gn-Bn, C.I.E. UCS color spaces) 

and descriptive representation of color images (N.T.S.C. Y

I-Q, Munsell, L-H-S color images). The descriptive 

represention group was known to be preferable for human 

perception of color images. The last comparison lay in 

the choice of the most suitable space among the descriptive 
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representation group. The L-H-S color space was chosen as 

the best one for color image enhancement. Thus the L-H-S 

color space can play an important role in image enhancement 

if the two previously discussed problems --- nonremovable 

singularity, and complicated computation are ignored, 

removed, or resolved. With the L-H-S color space 

selected, the methodology of how to process a color image 

becomes the final issue. 

This chapter analyzes the L-H-S color space in detail, 

and describes different characteristics of color images 

compared to monochromatic images. Also this chapter 

discusses the relationship between monochromatic image 

processing and color image processing. Finally this 

chapter relates monochromatic image enhancement techniques 

with color images in L-H-S color space, and proposes a new 

methodology of color image enhancement in L-H-S color 

space. Each application area in color image enhancement 

will be described in detail in subsequent chapters. 

5.1 L-H-S Color Space 

It has been already pointed out that the luminance, 

hue, and saturation (L-H-S) color space can be a suitable 

color space if two problems: nonremovable singularity, and 

complicated computation, are ignored, removed, or resolved. 

The attempt to convert from LHS format to RGB format can 

- - ------------------------------------------------------------------------------
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lead to complicated calculation because of nonlinearity 

perhaps this is why the L-H-S color space is rarely adopted 

in the color image processing literature. Fortunately, 

our processing never changes hue, and furthermore does not 

change more than one of the remaining components at anyone 

time. So the computation is not so complicated as 

expected. 

Therefore, the L-H-S color space is chosen as an 

appropriate color space for sharpness enhancement of color 

images, and was shown in Fig. 2.10 in relation to RGB color 

space. Also the equations representing L, H, and S 

components were shown in Eq. (2.1), Eq. (2.5), and Eq. 

(2.6) . 

Eq. (5.3)) 

These equations are shown again here (Eq.(5.1) -

L(x,y) = O.3R(x,y) + 0.59G(x,y) + O.llB(x,y) --- (5.1) 

N 
+ cos-1 --------------------------------

/6[(r-1/3)z+(g-1/3)2+(b-1/3)2] 
H = 0 

10 
(5.2) 

where N = 2r-g-b, and ~o = 0
0 

in region I 

N = 2g-b-r, and 10 = 120 0 in region II 

N = 2b-r-g, and 10 = 240 0 in region III 

S = 1 - 3 min(r,g,b) -------------------------- (5.3) 

For any RGB color image, luminance L(x,y), hue H(x,y), 

and saturation S(x,y) can be computed by Eqs.(5.1) - (5.3). 

As an example, LHS images from RGB images "HOUSE" are 

-----------------------------------------------
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(b) 



(c) 

B 

Figure 5.1 : L,H,S images of the image "HOUSE" 
(a) Luminance image, L(x,y) 
(b) Hue image, H(x,y) 
(c) Saturation image, S'(x,y) 

110 

B' 
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displayed in Fig. 5.1 (a), (b), (c) respectively as 8 bit 

single band images. Original R, G, and B images are 

represented as 8 bit data. The luminance image has the 

same scale as original R, G, and B images. The luminance 

image; L(x,y), is a normal monochromatic image to a human 

viewer. In monochromatic image processing, only the 

luminance image(L(x,y)) is available, and image enhancement 

algorithms are applied to this luminance image. The hue 

image is linearly scaled from 0 to 255, whose original 

values are from 0° to 360°. Figure 5.1 (b) represents 

the hue image. The saturation image is also linearly 

scaled from 0 to 255, whose original values are 0.0 to 1.0. 

In Fig. 5.1 (c), the negatively scaled version of 

saturation image S(x,y) is displayed, given by 

S'(x,y) = 255 [1 - S(x,y)] ------------------- (5.4) 

Displaying saturation in this way produces an image which 

correlates fairly closely with luminance, especially in 

bright regiosn. As an another example, luminance, hue, 

and saturation images of the image "PARK" are shown in 

Fig. 5.2 (a), (b), (c). 

the familiar property 

These examples clearly illustrate 

that, for outdoor scenes in 

particular, luminance tends to be higher for stimuli of low 

saturation. This is not surprising, since pure colors 

reflect only a narrow band of spectral energy, while whites 
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(c) 

Figure 5.2 : L,H,S images of the image "PARK" 
(a) Luminance image, L(x,y) 
(b) Hue image, H(x,y) 
(c) Saturation image, S'(x,y) 
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reflect most of visible spectrum. 

In the example of Fig. 5.2 (a), (c), we observe that 

the inverse saturation image S'(x,y) looks very different 

from the luminance image L(x,y) even though the general 

structure of the image (girl, house, grass, etc.) looks the 

same. Especially the house whose detailed contours can 

be hardly seen in the luminance image can be seen clearly 

in the saturation image. Thus the saturation image 

exhibits a noticeable feature which is not present in the 

luminance image: its general structure (contours of most 

objects; girl, house, tree, rock, man, etc.) is almost the 

same as that of the luminance image even though the 

brightness level of these objects could be different. But 

it shows some other details more clearly than the luminance 

image. In other words, the saturation image exhibits 

more high frequency details than the luminance image. To 

illustrate this further, let us go back to the example in 

Fig. 5.1 (a), (c). Figure 5.1 (a) is the luminance image 

of the original image "HOUSE" and Fig. 5.1 (c) is the 

inverse saturation image of that. A single line of Land 

S' data is plotted in Fig. 5.3 (a), (b), where the location 

of the line is indicated in Fig. 5.1 (a), (c) respectively. 

Periodograms [38] computed from the 1-D data in Fig. 

5.3 (a), (b) are presented in Fig. 5.4 (a), (b) as a means 

of comparing the spatial frequency content of luminance and 
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Figure 5.4 : Periodograms of single line data 
(a) In a luminance image 
(b) In a saturation image 
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sa~uration data. It is readily apparent that the 

saturation data contains more high frequency energy than 

luminance data. In fact, what is more significant is the 

difference between the details in these data on a local 

level. This is especially noticeable in regions containing 

foliage and vegetation, and in the path in the scene 

foreground. Certain objects or textures then, 

particularly in outdoor scenes, are likely to yield useful 

edge information in their saturation data, which is not 

always present in luminance data alone. It is quite 

reasonable, of course, for objects to exhibit variations in 

color saturation, with little or no equivalent variation in 

luminance as Strickland et ale [37] explained. Hence 

this unique feature of the saturation image can be used to 

enhance the sharpness of color images because the sharpness 

of an image is closely related to the high frequency 

contrast of an image as explained in chapter 3. 

In contrast, the hue image H(x,y) shows very small 

local variations, which may be useful for energy 

compaction. Processing the hue component may be risky in 

the sense that changing the hue may destroy the natural 

appearance of color images, and may be impractical because 

the inverse transformation from L, H, and S components to 

R, G, and B components requires much complicated 

calculations. Fortunately, our processing does not change 

~ .... _-------------------------------------



118 

the hue component of color images. 

5.2 Relationship between Monochromatic Image 
Processing and Color Image Processing 

Having adopted the L-H-S color space, we now turn to a 

problem of finding a strategy for making the image 'look 

better.' The simple option is to choose one component 

such as lum~nance, and then apply monochromatic image 

enhancement techniques to the selected component while 

keeping the other two components unchanged. Finally we 

get a processed color image by an inverse transformation. 

Let us consider certain aspects of monochromatic 

images in more detail. A little thought concerning how 

monochromatic images are produced provides us clues about 

the relationship between a monochromatic image and a color 

image. Most monochromatic images come from color images. 

In spite of this fact, we deal with many monochromatic 

images in the image processing field because of their 

technical and instrumental simplicity, as explained in 

chapter 1. Keeping this fact in mind, we can infer that 

a good monochromatic image comes from a good color image 

because we perceive the color image as a whole, and the 

monochromatic image which comes from that corresponding 

color image represents the general brightness property of 

that color image. Conversely, we can also infer the 

reverse phenomenon, which states that a good color image 
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should be produced from a good monochromatic image. From 

the above natural relationship between a monochromatic 

image and a color image, the color image can be enhanced by 

enhancement of the luminance component. As a simple 

example, take a luminance image of a given c,_,lor image, 

process the luminance image while keeping the other two 

components (hue, and saturation) the same, and then finally 

co:u:;.-er't these 

unprocessed hue, 

three 

and 

components (processed luminance, 

unprocessed saturation) into a new 

color image by an inverse transformation. The new 

processed color image should look 'better' to the extent 

that the single processed component (luminance), looks 

'better'. Let us call this processing 'luminance only 

processing' . 

There are three main application areas in color image 

enhancement; contrast enhancement, sharpness enhancement, 

and noise smoothing. Contrast enhancement can be applied 

to color images which have low luminance contrast regions 

of interest or almost dark regions, where the luminance 

contrast is very low. The idea for contrast enhancement 

of color images is very similar to that of monochromatic 

images. There is one exception in the contrast 

enhancement of color images, so-called 'enhancement of 

color contrast', which means the enhancement of color 

purity. As explained in chapter 1, this means the 
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enhancement of color saturation. Sharpness enhancement 

can be applied to color images even though original color 

images look normal. The idea for sharpness enhancement 

of color images is very similar to that of monochromatic 

images. Another different way to enhance sharpness is to 

process the luminance component according to the variations 

of the saturation component, which usually contains some 

fine details of color images. Noise smoothing can be 

also applied to color images on the same basis as the 

technique explained below for contrast enhancement and 

sharpness enhancement. 

5.3 Color Image Enhancement 
in L-H-S Color Space 

From the view point of processing components in L-H-S 

color space, the 'luminance only processing' should work in 

most cases because monochromatic image enhancement 

algorit~s originated for the enhancement of monochromatic 

images, and an enhanced color image is produced from an 

enhanced monochromatic image. On the other hand, due to 

the independence of luminance, hue, and saturation, there 

is nothing to prevent processing which involves the hue and 

saturation components, or combinations of all three 

components. Thus processing strategy can be categorized 

into two types in L-H-S color space concerning processing 

components; one component processing and combinational 

- --------------------------------------------------------------------------------.-..-----
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processing. 

is based on 

The determination of processing components 

each application area such as luminance 

component for luminance contrast enhancement. 

From the view point of enhancement techniques, 

processing strategy can be categorized into three types 

contrast enhancement, sharpness enhancement, and noise 

smoothing. Accordingly, appropriate monochromatic image 

processing algorithms can be chosen such as PLT for 

contrast enhancement. 

Consequently, the methodology of color image 

enhancement in L-H-S color space can be summarized as a 

combination of two choices: choice of processing components 

and choice of appropriate monochromatic image enhancement 

algorithms. Both of them are based on specific 

application areas. For example, if a given color image 

needs contrast enhancement, the luminance component can be 

chosen as a processing component, and the PLT can be chosen 

as a processing algorithm. Then the PLT is applied to 

the luminance component while keeping other two components 

(hue and saturation) unchanged. Finally the enhanced R, 

G, and B images are obtained by an inverse transformation 

from processed L, H, and S components (enhanced luminance, 

original saturation, and original hue) for display. Three 

main application areas will be described in detail in 

subsequent chapters. 
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CHAPTER 6 

CONTRAST ENHANCEMENT OF COLOR IMAGES 

Two major problems in carrying out color image 

enhancement; the choice of a suitable color space and 

finding a suitable strategy, have been resolved. The L-

H-S color space was selected for color image enhancement; 

and the methodology described in chapter 5 was chosen. 

With L-H-S color space selected, the remaining problem is 

to choose an appropriate monochromatic image enhancement 

algorithm and a suitable combination of luminance, hue, and 

saturation components. 

Of the three main application areas listed earlier, 

the main concern in this chapter is contrast enhancement. 

This chapter introduces some ideas about the relationship 

of the contrast between monochromatic images and color 

~mages, describes two applications 

enhancement of luminance contrast, and enhancement of color 

contrast. The other two main application areas; sharpness 

enhancement and noise smoothing, are described 

subsequent chapters respectively. 

6.1 Relationship of Contrast between 
Monochromatic Images and Color Image 

in 
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In order to understand the important role of the 

luminance image in contrast enhancement, let us consider 

the appearance of objects viewed in a very dim light. In 

this situation, the true colors of objects are not apparent 

to the extent that they are under normal lighting 

conditions. Instead, all objects tend to appear gray. 

This situation can be considered low luminance contrast 

even in color images. Then we need to enhance the 

luminance contrast to recognize the objects in color images 

because we recognize the objects by their little difference 

in luminance around low luminance contrast regions even in 

color images. Hence what is needed is contrast enhancement 

of the luminance component in color images. 

necessarily becomes an application of a 

luminance component in color images. 

The strategy 

PLT to the 

Let's turn to another situation, where the luminance 

contrast of color images looks good, but the color contrast 

of those looks low. The color contrast means the depth 

or richness of color in other formal words the saturation 

of color. This situation is not closely related to the 

luminance contrast. In this situation, the histogram of 

the saturation image must be concentrated in low saturation 

region. Hence what is needed is contrast enhancement of 

the saturation component of color images. Again the 

strategy may be an application of a PLT to the saturation 
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component of color images to stretch the histogram of the 

saturation component to desirable amount. 

6.2 Enhancement of Luminance Contrast 

The enhancement of the luminance component in L-H-S 

color space is necessary in dark and low contrast regions 

in color images, and the strategy for this is to apply a 

PLT to the luminance component, as explained in section 

6.1. 

This processing is one form of 'luminance only 

processing'. The other two components(hue and saturation) 

are kept unchanged during processing in order to preserve 

the original color information. 

Since the luminance defined in Eq.(S.l) is practically 

independent of the remaining two color attributes, then any 

enhancement algorithm developed for monochromatic imagery 

ought to be suitable for luminance only enhancement. 

Referring to Fig. 2.9, an enhancement algorithm applied to 

the luminance image will change the length of each vector 

OP at every color pixel. In general, these changes in 

length will be spatially dependent as well as luminance 

dependent. Ideally, the points in RGB space where the 

vectors intersect with the Maxwell triangle will not shift, 

and so hue and saturation will be unaffected. 

Straightforward luminance enhancement does not require 
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explicit computation of hue and saturation, since these 

depend only on gray level ratios. In fact, scaling the 

vectors in Fig. 2.9 may be easily accomplished by a simple 

luminance masking technique [22J. Let a specific 

enhancement algorithm be applied to the luminance image 

L(x,y) to produce a new image L'(x,y). We can represent 

the spatially varying scaling of luminance by a 2-D mask 

function K(x,y), where, 

K(x,y) = --------- -------------------------- (6.1) 
L (x,y) 

The tristimulus components of the enhanced color image are 

computed by multiplying each of the original RGB images 

with K(x,y) : 

R'(x,y) = K(x,y)R(x,y) 

G'(x,y) = K(x,y)G(x,y) 

B'(x,y) = K(x,y)B(x,y) 

-------------------- (6.2) 

One problem encountered in luminance enhancement is 

the possibility of one or more of the R'G'B' components 

exceeding the permissible 8 bit range. From Eq. (5.1) we 

note that this is most likely to occur when the green 

component is dominant, or when pixels are close to the 

upper brightness limit and are simultaneously highly 

saturated. In Fig. 2.9 this latter case occurs when 
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pixels occupy one of six corners of the RGB color cube. 

(The other two corners are the origin 0 and the point where 

R = G = B = 255.) Fortunately, relatively few pixels fall 

into this category, especially in natural or outdoor 

scenes. Vfnen enhanced pixels are forced outside the color 

cube boundaries, then it is usually preferrable to clip the 

pixel vector (OP in Fig. 2.9) at the cube boundary, rather 

than simply clipping all or any tristimulus components when 

they exceed 255. This latter approach is undesirable 

because it causes tristimulus ratios to change, leading to 

color shifts. 

Tristimulus clipping can also occur when the original 

luminance is close to 255, in other words, when bright 

white pixels occur, near R = G = B = 255. However, this 

problem is not unique to color imagery; black and white 

images also tend to clip at pixels close to 255. 

This 'luminance only processing' is implemented by the 

application of PLT processing to the luminance component of 

a color image. The computer processed results are shown 

in Fig. 6.1. 

In Fig. 6.1 (a), the original color image "BOOKS" has 

very low luminance contrast especially around both corners. 

Its luminance image is shown in Fig. 3.1. Hence a PLT 

(Fig. 3.2) is applied to this luminance component (Fig. 

3.1) of the original color image (Fig. 6.1 (a)) in L-H-S 
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color space, and the enhanced luminance component is 

obtained as in Fig. 3.3. Finally the enhanced color image 

is obtained by the luminance masking method, and is shown 

in Fig. 6.1 (b), which looks much better. In other words 

the luminance contrast is definitely enhanced. 
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Figure 6.1 : Image "BOOKS" 
(a) Original image 
(b) Processed image with a PLT (Figure 3.2) 
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A significant limitation to color image enhancement 

can arise if one or more of the RGB tristimulus components 

are clipped as a result of poor quantization during 

digitization. This typically occurs in dark regions, 

where one or more of the RGB values are zero or close to 

zero. These highly saturated regions are not usually 

noticeable because of the naturally low luminance. The 

problem arises during enhancement if, for example, contrast 

enhancement happens to create large boost in luminance, 

causing the saturated pixels to become visible, viewed as 

'false color', such as a green sky, or blue tree. 

McDonnell [22J used a form of saturation compensation to 

overcome some of the unwanted color artifacts created when 

the luminance component is contrast enhanced. This effect 

may be reduced by reducing the saturation of those pixels 

with low luminance, using a lookup table. The luminance 

component is unaffected, and so the desired contrast 

enhancement is still visible. Even this method is of 

limited help to overcome the problem. A more desirable 

way to overcome this problem is to program "intelligence" 

into a computer to identify the true color of objects. 

However, a problem still exists. The color of an 

object inherently depends on the condition of light 

illumination to some degree. This phenomenon is different 

from the 'false color' effect, rather it is an 'ambiguous 
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color' effect.. This so-called Cambiguous color' effect 

reflects t.he one aspect of the difficulty in color image 

processing. We cannot escape the fact that all of these 

images are correct even though the apparent color looks 

different in each image. 

6.3 Enhancement of Color Contrast 

We have seen the enhancement of luminance contrast of 

color images and some limitations in section 6.2. We now 

address the problem of enhancing color contrast (depth, or 

in other words saturation) in L-H-S space. 

In the situation of poor color contrast, we need to 

enhance the saturation contrast of color images to make 

them look more colorful. In this situation (poor color 

contrast), the enhancement algorithm might well be an 

application of PLT to the s~turation component of a color 

image in L-H-S color space while keeping the other two 

components (luminance and hue) unchanged. We use the term 

'saturation only processing' to describe this, because only 

the saturation component is processed while keeping the 

other two components unchanged. 

As an example, the computer processing results are 

shown in Fig. 6.2. In Fig. 6.2 (a), the luminance 

contrast of the original image looks good, but not the 

color contrast. Hence a PLT (Fig. 6.2 (b)) to stretch the 
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(a) 

(b) 



(c) 

(d) 

Figure 6.2 : Enhancement of color contrast 
in image "HOUSE" 

(a) Original image 
(b) PLT of histogram 
(c) Processed image 
(d) Split image of (a) and (c) 

. - ._- - -----------
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range of the saturation histogram is applied to the 

original image. This PLT curve is drawn interactively 

with a computer just as in the case of monochromatic image 

processing. There can be also infinite number of PLT 

curves to stretch the histogram of the saturation component 

of a color image. For convenience, just two times of the 

original saturation histogram is applied as a PLT function 

in Fig. 6.2 (b). 

Finally we obtain the processed image (Fig. 6.2 (c)). 

Split image of the original image and the processed one is 

shown in Fig. 6.2 (d) . Comparing these two images 

original image and processed image, we can see the 

difference of color richness between both images. The 

processed image looks more colorful, especially red window 

frame and foreground grass. Its color contrast is 

definitely enhanced. If we use a different PLT, the 

processed image must look different. 
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CHAPTER 7 

SHARPNESS ENHANCEMENT OF COLOR IMAGES 

We have seen, in section 3.3, that the sharpness of 

monochromatic images is closely related to the high 

frequency contrast of them. Considering the relationship 

that a monochromatic image is proportional to the luminance 

conponent of a color image, we can conclude that the 

sharpness of color images should be related to the high 

frequency contrast of the luminance component of color 

images. Thus so-called 'luminance only processing' 

should work in sharpness enhancement of color images. 

The high frequency emphasis filter in the local 

windowing method was used to enhance the sharpness in 

monochromatic image enhancement. Hence the strategy for 

sharpness enahncement of color images may be an 

application of the high frequency emphasis filter to the 

luminance component of color images while keeping the other 

two components (luminance and hue) to represent the pure 

color properties the same. 

On the other hand, 'saturation only processing' and 

'hue only processing' may be considered to be effective in 

sharpness enhancement of color images because the larger 

difference of saturation or hue at the edges may make those 
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edges of color images more noticeable than the original 

color images. Another potential algorithm is 'luminance 

with saturation processing', a form of the combinational 

processing, and which gives good results. 

This chapter describes several processing algorithms 

for sharpness enhancement of color images; luminance only 

processing, saturation only processing,hue only processing, 

and luminance with satnration processing. Also this 

chapter discusses the computer processed results and 

includes an explanation of these results. 

7.1 Luminance only Processing 

Concerning sharpness enhancement of color images, the 

'luminance only processing' strategy should work as 

explained just before. The strategy for this processing 

in L-H-S color space is as following. First we take the 

luminance image from a given color image. Second we apply 

a sharpness enhancement algoritbm to the luminance image. 

Finally, from this sharpness enhanced luminance component 

and original hue and saturation, we get the sharpness 

enhanced color image by an inverse transformation. A 

high frequency emphasis filter in the local windowing 

method can be used for sharpness enhancement of the 

luminance component, as explained in detail in chapter 4. 

The algorithm of a high frequency emphasis filter is shown: 



136 

L'(x,y) = L(x,y) + k [L(x,y) - L(x,y)] ------- (7.1) 

The other two components (hue and saturation) are the same. 

H'(x,y) = H(x,y) ----------------------------

S'(x,y) = S(x,y) -----------------------------

(7.2) 

(7.3) 

Both of Eq.(7.1) and Eq.(3.1) are basically the same. The 

only difference between Eq.(7.1) and Eq.(3.1) is the name 

of the signal. L(x,y) in Eq.(7.1) is the amplitude of the 

luminance component of a color image in L-H-S color space 

at the spatial position (x,y), whereas f(x,y) in Eq. (3.1) 

is the amplitude of brightness of a monochromatic image at 

the spatial position (x,y). The whole processing strategy 

becomes clear from Eq.(7.1), Eq.(7.2), and Eq.(7.3). Let's 

call this algorithm 'algorithm l' for sharpness enhancement 

for comparison with the other algorithms later. The 

enhanced color image can be obtained by an inverse 

transformation of Eq.(7.1), Eq.(7.2), and Eq.(7.3). 

Computer processed results obtained by the application of 

'algorithm l' to the luminance component and an inverse 

transformation are shown in Fig. 7.1 - Fig. 7.3. 

Comparing these color images with corresponding 

monochromatic images shown in chapter 4, we can conclude 

that, where subjective sharpness is concerned, good 

monochromatic images produce good color images. 
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(a) 

(b) 
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Cc) 

Cd) 
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(e) 



Figure 7.1 : Luminance enhanced color image "PARK!! 
(a) Original image 
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(b) Proces~p.~ image (3x3 windon, uniform weights, 
k = 2.0) 

(c) Processed image (9x9 window, uniform weights, 
k = 2.0) 

(d) Processed image (9x9 window, Kaiser weights, 
9 = 27t, k = 2.0) 

(e) Processed image (9x9 window, narrow Gaussian 
weights, a = 1, K = 2.0) 

(f) Split image of (a) and (b) 



(a) 

(b) 

-.-:.. .. :: 
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(c) 

Figure 7.2 : Luminance enhanced color image "HOUSE" 
(a) Original image 
(b) Processed image (3x3 window, uniform weights, 

k = 2.0) 
(c) Split image of (a) and (b) 



143 

(a) 
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(b) 



(c) 

Figure 7.3 Luminance enhanced color image "ROAD" 
(a) Original image 
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(b) Processed image (3x3 window, uniform weights, 
k = 2.0) 

(c) Split image of (a) and (b) 
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7.2 Saturation only processing 

The phrase 'saturation only processing' means any 

processing which processes only the saturation component 

while keeping the luminance and the hue unchanged. 

In this section we consider the possibility of 

sharpness enhancement of color images based on 

frequency emphasis of the saturation component. 

high 

This 

situation is drawn in Fig. 7.4. The processing algorithm 

is a high frequency emphasis filter and the processed 

component is the saturation while keeping other two 

components (luminance and hue) unchanged. 

the processing algorithms are shown next : 

Mathematically, 

S'(x,y) = S(x,y) + k [S(x,y) - S(x,y)] -------- (7.4) 

L' (x,y) = L(x,y) ----------------------------- (7.5) 

H'(x,y) = H(x,y) ----------------------------- (7.6) 

Let us apply this algorithm to an outdoor scene, the 

"HOUSE II image, which has been used very often in this 

dissertation as a standard outdoor scene. The computer 

processed results are shown in Fig. 7.5 by the use of a 

high frequency emphasis filter in the local windowing 

method (3x3 window, uniform weights) with the amplification 

constant k = 5.0, which is a much bigger numerical value 

than that used before. Very surprisingly, the original 

image and the processed image look identical except for the 
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frame of window which is very highly saturated in red hue, 

and vegetation, etc. Any other differences can be hardly 

seen in this example. 

The above example suggests that the human vision 

system is insensitive to high frequency components in the 

saturation component of color images. The reason for this 

is explained in Fig. 7.6, which describes the different 

response characteristics of the human vision system to 

chromatic components (hue and saturation) compared to the 

achromatic component (luminance) [13]. The frequency 

response curve for chromatic components is biased in the 

lower frequencies compared to that for the achromatic 

component. 

Let us consider another example to see this phenomenon 

further: the image "Step Wedge ll shown in Fig. 7.7, which 

was also shown in Fig. 3.5. The upper half shows the 

artificial 

lower half 

step wedge of the luminance component, 

shows the artificial step wedge 

and the 

of the 

saturation component with the same luminance and hue. In 

this example, we can clearly see the difference of apparent 

sharpness to the human vision system between the achromatic 

component (luminance) and chromatic components(saturation). 

Sharpness enhancement should emphasize the high 

spatial frequency components, but the emphasis of high 

spatial frequency chromatic components (hue and saturation) 
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is only faintly perceivable because the response of the 

human vision system is a low pass filter. Hence, 

'saturation only processing' is not a good choice for 

sharpness enhancement of color images. 
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Figure 7.4 : Step wedge of the saturation component 
(a) Original saturation 
(b) Sharpness enhanced saturation 
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Figure 7.S Comparison of the image "HOUSE" between 
the original image and the processed one 
by the 'saturation only processing' 
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Response of the human vision system for 
chromatic components (hue and saturation) 
and achromatic component (lumina.!1..(~e) 
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Figure 7.7 Image IIStep Wedge" 
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7.3 Hue only Processing 

The term 'Hue only processing' means to change the hue 

o£ color images in some way. As shown in Fig. 7.8, the 

point in the color triangle moves to another position by 

changing its angle e. Again, the sharpness enhancement o£ 

the hue component can be expressed as : 

H'(x,y) = H(x,y) + k O1(x,y) - H(x,y)] -------- (7.7) 

L'(x,y)·= L(x,y) ----------------------------- (7.8) 

S'(x,y) = S(x,y) ----------------------------- (7.9) 

However, this method has no physical basis. Although 

it can change the hue of a color image at the edges, this 

processing does not guarantee visual sharpness enhancement 

of color images, just as the 'saturation only processing' 

did not result in sharpness enhancement. Again the reason 

is found in the low pass frequency response of the human 

vision system to the chromatic components (hue and 

saturation), compared to tha~ of the luminance component. 



153 

g 

Figure 7.8 Hue only processing 
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7.4 Luminance with saturation processing 

This section describes only one type of combinational 

processing so-called , luminance with saturation 

processing' whereas the previous sections (7.1, 7.2, and 

7.3) explained one component processing. 'Luminance with 

saturation processing' modifies the luminance component 

according to the variations of the inverse saturation 

component. The reason is that the inverse saturation 

component correlates with the luminance component, moreover 

has more high frequency contrast than the luminance 

component. Thus 'luminance with saturation processing' 

might be useful in sharpness enhancement which basically 

emphasizes the high frequency content of the image [39]. 

We have seen in section 5.1 that the saturation image 

usually contains the significant high frequency details of 

color images. Also we have learned in section 3.3 that 

the sharpness of an image is closely related to the high 

frequency contrast of an image. From these two facts, 

it can be concluded that the saturation image can play an 

important role in sharpness enhancement. The processing 

algorithm is given next 

L'(x,y) = L(x,y) + k [S'(x,y) - S'(x,y)] (7.10) 

L' (x,y) GL of a pixel of the processed luminance 
image at (x,y) 



L (x,y) 

S'(x,y) 

S'(x,y) 

K 

GL oi a pixel oi the original luminance 
image at (x,y) 

GL oi a pixel oi the inverse saturation 
image at (x,y) 

average GL oi surrounding pixels oi the 
inverse saturation image at (x,y) 

constant or variable 
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H'(x,y) H(x,y) ---------------------------- (7.11) 

S'(x,y) = S(x,y) ---------------------------- (7.12) 

Let us call this 'luminance with saturation 

processing' 'algorithm 2' in contrast to the 'luminance 

only processing' which is called 'algorithm 1'. 

By exploiting more detailed spatial irequencies irom 

saturation data, we can enhance the sharpness, or even 

create, detailed edges in the luminance image. This 

processing does not change the chromatic components (hue 

and saturation), so the color properties are unchanged. 

The computer processed results are shown in Fig. 7.9 

Fig. 7.11. In Fig. 7.10 and Fig. 7.11, the comparison 

b~tween algorithm 1 and algorithm 2 shows that algorithm 2 

(luminance with saturation processing) seems to work better 

than algorithm 1 (luminance only processing) concerning the 

sharpness. But in Fig. 7.9 (b), noticeable color 

artiiacts appear above the roof oi the house. The reason 

ior this is that the 'ialse color' comes out when the low 

luminance is boosted around low luminance areas, which is 

-----------------------------------------~~-----------------------------------~ { 
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usually highly saturated caused by quantization errors. 

This phenomenon can be reduced by setting an emphasis 

constant k smaller than normal (k = 2.0). Empirically, 

the numerical value of k is set as 0.8 to avoid color 

artifacts. The processed result is shown in Fig. 7.9 Cd) 

and the comparison between 'algorithm l' (k = 2.0) and 

'algorithm 2' (k = 0.8) is shown in Fig. 7.9 (e). 

Generally speaking, the 'algorithm 2' makes the image 

look sharper than the 'algorithm l' with respect to 

sharpness. But objectionable color artifacts can appear 

sometimes even though these phenomena rarely happen. 
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(a.) 

(b) 

. ---------------------------------
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(e) 

Figure 7.9 : Image "PARK" processed by 'luminance 
with saturation processing' 

(a) Original image 
(b) Processed image (algorithm 2, k = 2.0) 
(c) Comparison of (a) and (b) 
(d) Processed image (algorithm 2, k = 0.8) 
(e) Comparison of 'algorithm l' and 'algorithm 2' 

(algorithm 1 : k = 2.0, and 
algorithm 2 : k = 0.8) 
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(a) 

(b) 
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(c) 

(d) 

Figure 7.10 : Image "HOUSE" processed by 'luminance 
with saturation processing' 

(a) Original image 
Cb) Processed image (algorithm 2, k = 2.0) 
(c) Comparison of (a) and (b) 
Cd) Comparison of 'algorithm l' and 'algorithm 2' 
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(a.) 

(b) 
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(c) 

(d) 

.... 

...... ./ . 
. . :.~; ~ .. ~ .. ~ 

l!f{:~~:~ 
Figure 7.11 : Image "ROAD" processed by 'luminance 

with saturation processing' 
(a) Original image 
(b) Processed image (algorithm 2, k = 2.0) 
(c) Comparison of (a) and (b) 
(d) Comparison of 'algorithm l' and 'algorithm 2' 
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7.5 Concluding Remarks 

This chapter described sharpness enhancement of color 

images. One component processing and combinational 

processing were introduced. The luminance component of 

color images plays an important role in achieving good 

sharpness enhancement of color images. This fact is clear 

from the different frequency response of the human vision 

system to the achromatic component (luminance) compared to 

that of the chromatic components (hue and saturation). 

The simple, but effective 'luminance only processing' 

was introduced, and computer processed results show its 

effectiveness. Comparing these results with those of 

monochromatic image enhancement (chapter 4), we reach the 

interesting conclusion that enhancing the monochromatic 

component of a color image while keeping color properties 

(hue and saturation) unchanged produces a enhanced color 

image. 

On the other hand, processing the luminance component 

according to a change of the saturation component leads to 

interesting results, even though the 'saturation only 

processing' did not produce a satisfactory result. This 

processing can give interesting results because the 

saturation component· exhibits an unique feature to show 

fine details of a color image, which is not present in 

the luminance component. 
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CHAPTER 8 

NOISE SMOOTHING OF COLOR IMAGES 

Noise in color images can be classified into two 

types. One is band-to-band uncorrelated random noise 

such as electronic noise, which appears random in each R, 

G, and B electronic sensor. The other is band-to-band 

correlated random noise or band-to-band correlated periodic 

noise such as film grain noise, which appears random or 

periodic in each R, G, and B image, but highly correlated 

at the same pixel position in each R, G, and B image. 

These two different types of noise can give rise to 

different effects on the visual appearance of color images. 

We have seen two color image enhancement areas 

contrast enhancement and sharpness enhancement. In these 

two application areas, a given color image usually keep its 

original color properties, especially the hue component. 

Even the 'ambiguous color' effect can be considered a 

correct color phenomenon. Hence most ~~lc~ image 

enhancement algorithms which have been applied in these two 

application areas do not change the hue component during 

processing, and they are easily implemented in L-H-S color 

space. Processing the hue component in L-H-S color space 

should be avoided because it requires complicated 
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computations as indicated in chapter 5. 

In contrast to these two application areas, color 

images degraded by noise sometimes exhibit incorrect hues. 

Thus the processing of color images degraded by noise is 

potentially more difficult compared to other cases in L-H-S 

color space. 

This chapter categorizes the effects of noise into 

three cases; band-to-band uncorrelated random noise, band-

to-band highly correlated random noise, and band-to-band 

highly correlated 'salt-and-pepper noise'. In each case, 

this chapter describes the effects of noise on the visual 

appearance of color images, and proposes an appropriate 

noise smoothing strategy. Computer processed results are 

shown for comparison between original color images and 

processed ones. 

8.1 Band-to-Band Uncorrelated 
Random Noise Smoothing 

Color images degraded by band-to-band uncorrelated 

random noise exhibit randomly distributed incorrect hue 

components on a pixel by pixel basis. This phenomenon is 

shown in Fig. 8.1. Note, for example, the yellow and 

blue pixels on the face of the girl, and red pixels in the 

hair, etc. These undesirable effects happen because band-

to-band uncorrelated random noise disturbs the original 

color balance; the ratios of R, G, and B components, in 



Figure 8.1 Image "GIRL" degraded by band-to-band 
uncorrelated random noise 
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a random fashion. The degree of these effects is 

unpredictable from pixel to pixel as exemplified in Fig. 

8.1. Now we are confronted with the difficulty of 

applying a noise smoothing algorithm in L-H-S color space, 

such as smoothing the hue component by a neighborhood 

averaging wi~dow. 

So far in this dissertation we have carried out all of 

the processing in L-H-S color space. Furthermore, hue 

processing has not been necessary until now. However, 

the present case is an exception. One way to proceed is 

to apply noise smoothing algorithms to each R, G, and B 

image independently, which results in all three Gmoothed 

component including the hue component in L-H-S color space. 

The proof of this fact is shown in Appendix B. Then, we 

can apply the color image enhancement algorithms to this 

ima~e in L-H-S color space because the hue component 

been already smoothed, so no more processing of the 

component is needed in L-H-S color space. Figure 

shows the comparison between the degraded original 

has 

hue 

8.2 

color 

image and processed one by the independent noise smoothing 

of R, G, and B components. Figure 8.2 shows effective 

independent noise smoothing. Further processing of this 

image may be carried out in L-H-S color space not to 

disturb color balance. 



Figure 8.2 Split image of original image and 
processed one by independent noise 
smoothing in R-G-B color space 
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8.2 Band-to-Band Correlated 
Random Noise Smoothing 

As shown in the previous section, 
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color images 

degraded by band-to-band uncorrelated random noise exhibit 

hue artifacts. On the other hand, color images degraded 

by band-to-band highly correlated random noise display 

'luminance noise' rather than 'color noise'. Figure 8.3 

shows the image "GIRLII degraded by band-to-band highly 

correlated random noise. 

Examining this image (Fig. 8.3) carefully, we see that 

the color shift of each pixel is not as noticeable as the 

luminance shift. Noise could change the color balance ; 

the relative ratios of each R, G~ and B component, but its 

deviation of shift in color properties (hue and saturation) 

is relatively small compared to that of the band-to-band 

uncorrelated random noise case. A band-to-band highly 

correlated noise changes the absolute value of each R, G, 

and B component by the same sign (positive or negative), 

and same amount whether it is additive or subtractive, but 

the relative ratios between three components do not change 

a lot because the varying value of each component is 

usually small compared to the original value. Furthermore 

the ratios of each component is much smaller. The small 

change in the color properties (hue and saturation) by 

noise is caused by this fact. This phenomenon leads to 



Figure 8.3 Image "GIRL" degraded by band-to-band 
correlated random noise 
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the processing of color images in L-H-S color space because 

no processing of the hue component is necessary. 

In L-H-S color space, the local averaging window 

algorithm can be applied to the luminance image of a given 

color image. A 3x3 local window is still useful, and this 

processing is called 'luminance only processing'. The 

comparison between a given color image and a processed one 

by 3x3 averaging local window is shown in Fig. 8.4. 

Although the processed image is much less noisy than 

the original image, there are still some pixels which are 

'highly saturated'. This effect can be removed or 

smoothed by applying the local averaging window to the 

saturation component of the already processed image. Again 

the local averaging window is applied to the saturation 

component of the already processed image, and this 

processing is called 'luminance and saturation processing'. 

A comparison between the original image and the processed 

one by 'Juminance and saturation processing' is shown in 

Fig. 8.5. We can see further enhancement of the processed 

image by the 'luminance and saturation processing' compared 

to the processed one by 'luminance only processing'. 



Figure 8.4 

Figure 8.5 
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Split image of the original image and 
processed one by averaging local window 
of the luminance component 

Split image of the original image 
and processed one by 'luminance and 
saturation processing' 



8.3 Band-to-Band Uncorrelated 
'Salt-and-Pepper Noise' Smoothing 
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'Salt-and-pepper noise' refers to one type of noise 

whose scattered points are markedly darker or lighter than 

their immediate surroundings [40J. This type of noise 

phenomena could happen ~n the case where a recording 

material has some defects randomly distributed throughout 

the whole recording plane. In color images, these defects 

would be sensed by almost the same amount in each R, G, and 

B sensor. In other words, this type of noise is highly 

correlated band-to-band. Hence the shifts of color 

properties (hue and saturation) are not so noticeable, as 

explained in the previous section (section 8.2). This 

situation is shown in Fig. 8.6. 

In monochromatic images, 'salt-and-pepper noise' could 

be removed or smoothed by the following strategy if the 

pixel looks signal-like, then assign the same GL value to 

this pixel, or if the pixel looks noise-like, then assign 

the average GL value of neighboring pixels to this pixel. 

We can apply this monochromatic image processing algorithm 

to color images in L-H-S color space because the shifts of 

color properties degraded by highly correlated 'salt-and-

pepper noise' in L-H-S color space are not so noticeable. 

Hue component processing is not needed in this case. 

Again the processing strategy becomes an application 



Figure 8.6 Image "GIRL" degraded by 
'salt-and-pepper noise' 
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of the local window to the luminance component of 

a given color image. A comparison between the original 

image degraded by highly correlated 'salt-and-pepper noise' 

and the result of applying a 3x3 local averaging window is 

shown in Fig. 8.7. In Fig. 8.7, we can see some 'highly 

saturated' pixels. These undesirable effects can be 

reduced by an applying a local averaging window to the 

saturation component (see Fig. 8.8). 



Figure 8.7 

Figure 8.8 

Split image of original image and 
processed image by 'luminance only 
processing' 

Split image of original image and 
processed image by 'luminance and 
saturation processing' 
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8.4 Concluding Remarks 

We have considered the application of noise smoothing 

techniques to color images in this chapter. Noise in 

color images is classified into two types; band-to-band 

uncorrelated random noise, and hand-to-band correlated 

random noise. 

The former causes objectionable color artifacts. 

this case, independent noise smoothing of each R, G, and B 

image is recommended instead of L-H-S processing. In 

contrast to that, the latter does not create appreciable 

color artifacts. In this case, processing in L-H-S color 

space is recommended, and 'luminance and saturation 

processing' always gives better results compared to 

'luminance only processing'. 

All of the processing discussed in this chapter took 

the form of a local averaging window. It should be pointed 

out that sophisticated monochromatic edge-preserving noise 

smoothing algorithms [29] [30J [31J should give better 

results than this simple approach. 
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CHAPTER 9 

SUMMARY AND CONCLUSIONS 

This dissertation discusses techniques to enhance 

color images. Two main problems are identified and 

addressed the choice of a suitable color space, and a 

suitable methodology for enhancement. 

Luminance, hue, and saturation (L-H-S) color space is 

selected for color image enhancement because image 

enhancement is a subjective process, and L-H-S color space 

matches psychological human color perception. Processing 

the hue component requires very complicated computations in 

inverse transformation, so any precessing on the hue 

component should be avoided in L-H-S color space. 

Fortunately, most enhancement algorithms in L-H-S color 

space do not need to change the hue component. One 

exception is band-to-band uncorrelated noise smoothing, 

where an objectionable shift of color properties (incorrect 

hue) appears. However, an L-H-S color space seems to be 

a good choice for color image enhancement in most cases. 

Having chosen L-H-S color space, the methodology of 

how to process these components eL, H, and S) becomes the 

final issue. Several monochromatic image enhancement 

algorithms are explained such as the PLT method for 



180 

contrast enhancement, and the local windowing method for 

sharpness enhancement or noise smoothing. 

the local windowing method is explained 

In particular, 

in detail in 

relation to the response of the human vision system, such 

as the effect of window size on visual appearance. 

The close relationship between monochromatic images 

and color images provides a clue on how to enhance color 

images, namely, the important fact that good monochromatic 

images originate from good color images, and, vice versa, 

good monochromatic images produce good color images. 

This fact generally becomes a bridge between monochromatic 

image enhancement algorithms and eoloT image enhancement 

algorithms. Luminance, hue, and saturation components in 

L-H-S color space and several monochromatic image 

enhancement algorithms are combined to enhance color images. 

Consequently, color image enhancement is realized by the 

application of appropriate monochromatic image enhancement 

algorithms to the chosen components of color images. An 

example is the application of the PLT algorithm to the 

luminance component of a low-contrast color image. 

Potential classes of color image enhancement in the TV and 

photographic fields are contrast enhancement, sharpness 

enhancement, and noise smoothing. These three application 

areas are described and explained in detail separately. 

For the enhancement of luminance contrast, a PLT is 
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applied to the luminance component while keeping the other 

two components unchanged. For the enhancement of color 

contrast, a PLT is applied to the saturation component of a 

given color image while keeping the other two components 

unchanged. The processed results are satisfactory, but a 

noticeable color artifact phenomenon, the 'false color' 

effect, is seen sometimes particularly around low-contrast 

areas. This difficulty might be overcome by giving some 

kind of intelligence to the processing machine. 

For the enhancement of sharpness, a high frequency 

emphasis filter is applied to the luminance component 

because the sharpness of an image is closely related to the 

high frequency contrast of an image, and the human vision 

system is more sensitive to the luminance component than 

the other two components (hue and saturation). Another 

method is exploitation of unique features of the saturation 

component, which exhibits fine details of a given color 

image. Changing the luminance component according to the 

variations of the inverse saturation component produces 

very sharp images whereas processing only the saturation 

component does not produce satisfactory results. These 

results are again based on the fact that the human vision 

system is more sensitive to the variations of the luminance 

component compared to the other two components. Both 

processing approaches are based on same physical principles, 
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and they produce good results judged by our subjective 

opinions. Besides that, Eq. (4.12) is a useful guide to 

determine the emphasis constant. Further study might be 

a combination of contrast enhancement and sharpness 

enhancement, which is a cascade of two adaptive processing 

algorithms. An example is the application of the high 

frequency emphasis filter to the output image obtained by 

the enhancement of saturation contrast. 

For smoothing band-to-band uncorrelated noise, we 

can not apply monochromatic noise smoothing algorithms to 

any component in L-H-S color space because of the need to 

process the hue component. Instead, independent smoothing 

of each R, G, and B component gives satisfactory results as 

a first processing step. After smoo·ching the hue 

component caused by independent smoothing o~ each R, G, and 

B component, the processing in L-H-S color space is 

preferable because of no need for processing the hue 

component and the need for keeping the original color 

balance. For smoothing band-to-band correlated noise, 

monochromatic noise smoothing algorithms are applied in L

H-S color space. Computer processed results obtained by 

applying a simple local averaging window are acceptable. 

Furthermore, more esoteric monochromatic edge-preserving 

noise smoothing algorithms should give better results in 

smoothing the noise while preserving sharp edges. 
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We have shown that color image enhancement is fairly 

simple to implement. As expected, it is closely related 

to monochromatic image enhancement, being founded on the 

application of popular monochromatic image enhancement 

algorithms to luminance, hue, and saturation single band 

images. The L-H-S color space seems to be a good choice 

for color image enhancement. Luminance and saturation 

components are shown to play important roles in color image 

enhancement, whereas processing the hue component is 

avoided because of complicated computations in the inverse 

transformation from L, H, and S to R, G, and B for display. 

Most computer processed results support the choice of L-H-S 

color space and the application of monochromatic image 

enhancement algorithms to color images in this color space. 

If there existed an objective performance measure for 

image enhancement, an optimum solution might exist. 

However, most processed results are satisfactory by our 

subjective judgement, which implies one aspect of the 

difficulty of inventing the objective performance measure. 
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APPENDIX A 

PROOF OF EQ. (2.7) AND EQ. (2.8) 

A.I Eq. (2.8) 

Figure A.I (a), (b) show the chromaticity diagram and 

its simplified linear equations in 2-D space, respectively. 

In Fig. A.1 (b), 

y1 = -x + 1 

y2 = ax + b 

--------------------------------- (A.I) 

--------------------------------- (A.2) 

Substituting two points on the line y2 : (1/3, 1/3), and 

(rn, gn), the constants a and b are obtained as: 

1/3 - gn ( gn - rn) 
a = b = (A.3) 

1/3 - rn 3 (1/3 - rn) 

Hence, 
1/3 - gn ( gn - rn) 

y2 = ---------- x + -------------- (A.4) 
1/3 - rn 3 (1/3 - rn) 

To find out the crossing point; (xc, yc), let yl be y2. 

1 - 2rn - gn 
xc = ---------------- = rc ------------------ (A.5) 

2 - 3(rn + gn) 

1 - rn - 2gn 
yc = = gc (A.6) 

2 - 3(rn + gn) 
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Figure A.l Chromaticity diagram and its simplified 
linear equations 
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Then, the saturation is given by : 

S = (A.7) 

= 3 (1/3 - bn) 

= 1 - 3 bn ------------------------------ (A.8) 

Eq. (A.8) is obtained by substituting Eq. (A.5) and Eq. 

(A.6) for rc and gc in Eq. (A.7). In Eq. (A.8), bn is 

the minimum value in region I. Similarly, in region II, 

S is given as 1 - 3 rn, where rn is the minimum value. 

In region III, S is given as 1 - 3 gn, where gn is the 

minimum value. 

Consequently, the saturation is represented as : 

S = 1 - 3 min (rn, gn, bn) ------------------- (A.9) 

Eq. (A.9) represent the saturation (the same as Eq. (2.8)). 

A.2 Eq. (2.7) 

Figure A.2 shows the chromaticity diagram, where the 

hue is represented as angle e. 
From Eq. (A.5) and Eq. (A.6) , rc and gc are obtained. By 

the cosine theorem [41J, the hue angle e is represented as: 
2 _2. 2. a. +b -c 

e = cos-1 (A.10) 
2 a b 
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1/ 
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Figure A.2 The hue angle in a chromaticity diagram 
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Each a, b, and c is represented as following 

a = /(1/3)2 + (1 - 1/3)2 = /5/3 ---------- (A. 11) 

b = j(rc - 1/3)2 + (gc - 1/3)2 ------------ (A.12) 

---------------------- (A.13) 

By substituting Eq. (A.ll), Eq. (A.12), and Eq. (A.13) into 

Eq. (A.I0), we finally get the hue angle e in region I. 

2(rn - 1/3) - (gn - 1/3) 
e cos-1 -------------------------------

j 5{ (rn - 1/3)2 + (gn - 1/3)2} 
--- (A.14) 

Similarly, in region II, the hue angle is given by 

e = 143
0 

+ 
, 

cos-·------------------------------
j 5{ (rn - 1/3)2 + (gn - 1/3)':} 

2(gn - 1/3) - (rn - 1/3) 
(A.I5) 

Also, in. Z"SgJ..OIl angle is given by ; 

2(rn - 1/3) - (gn - 1/3) 
e = 360

0 

- cos-1------------------------------ (A. 16) 
j 5{ (rn - 1/3y~ + (gn - 1/3) 2. } 

Eq. (A. 14) , Eq. (A.15), and Eq. (A.16) represent the hue 

angle (the same as Eq. (2.7)). 
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PROBABILITY DENSITY OF THE HUE COMPONENT IN 
THE COLOR IMAGE DEGRADED BY BAND-TO-BAND 
UNCORRELATED ADDITIVE GAUSSIAN RANDOM NOISE 
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The hue component is defined as Eq. (2.7). The 

hue componenet of a color image degraded by band-to-band 

uncorrelated gaussian random noise becomes a random 

variable, which is an arccos of 'normal random variable' 

divided by ~Rician random variable'. 

Let us substitute h for the hue component. Then, 

2Rn - Gn 
h = cos- l 

Is (Rn;;: + Gn;;: ) 
------------- (B.1) 

, where Rn : N(m1,6~ ) and Gn : N(~2,62 ). 
2Rn - Gn 

For convenience, let us substitute y, z for -------------I (Rn 2 +Gn 2 ) , 

R respectively. Then, h is represented as cos -ley /[5) , 
and what is needed is PH(h) for varying a. The 

mathematical steps to obtain PH (h) is shown as following. 

p yz(y, z) 

(B.2) 

(B.3) 

Pyz (y,z) could be obtained by a transformation of two 

random variables (R and G) into other two random variables 

(y and z). 

p y (y) = S (X) p yz (y, z) dz 
-llO 

(B.4) 
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PH(h) -------------------------------------- (B.5) 

PH (h) could be obtained by a transformation of a random 

variable (y) into another random variable (h). 

Eq. (B.2) is as following 

P RG (R,G) = PR (R) PG(G) 

1 1 
= ------ exp [- {(R-ml)% + (G-m2Y~ } ] (B. 6) 

27toz 20 2 

Eq. (B.B) becomes as following by use of Jacobian [27]. 

1 
PyZ (y,z) =.fr -Trl- P RG (R,G) 

{1+pl Z (y) }~/2 (mI2+m2:2) 
= ---------------- exp {- ---------} 

20 2 

l+pI2(y) ml+m2 pl(y) 
x z exp {- -------- ZZ + ----------- z} 

20 2 
0

2 

(ml2.+m22) 
+ ---------------- exp {- ---------} 

2<52. 

x z exp {-
1+p22(y) ________ z:Z + 

20 2 

ml+m2 p2(y) 
----------- z} 

0% 

, where pl(y) = 
-2 + y J 5-yl 

, p2(y) = 
-2 - y J 5-y2 

Eq. (B.4) becomes as following by use of mathematical table 

for integration [42J. 

Py(y) = 5~ Pyz (y,z)dz 
-"0 
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= KIS:z 
l+p12. (y) 

ZZ 
ml+m2 pI (y) 

exp {- -------- + ----------- z} dz 
20- 2 0- 2 

+ K2 5<» z 
l+p22(y) 

Z2 + 
ml+m2 p2(y) 

exp {- -------- ----------- z} dz 
-61) 20 2 0 2 

From Ref. [42] , 

Hence Py(y) is given as following: 

1 
= -72;'-~- exp {-

(m12. +m22 ) 
----------- } 

20 2 

sl(y) s2(y) 
x [r1(y) exp {-------} + r2(y) exp {-------}] 

20 2 20 2 

, where r1(y) = -~~~~~=~~-~-~~~:~~:j-~::~-~-
yZ_5 + 2y J 5-y 2 

ml (y2_1) + m2 (-2-y j 5-y 2 ) 
r2(y) = 

y2_5 - 2y j S-y2 

s1 (y) 

s2(y) 

= -~~:~:~:~~-~-~~~=:~~j-~=:~-~~~ 
(y2_1)2 + (-2+y j 5-y 2 )2 

{ml(y2-1) + m2(-2-y jS-y2 )}z 
= ------------------------------

Finally, PH(h) is obtained by a transformation of a random 

variable. 

1 
PH(h) = ----- P (y) IJI y 

-- ~- --- ---_._-- -------------------------
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= J5 sin h x Py(y) 

= j5 sin h 

~ 2 Z 
exp{ - (m1 - + m2 ) /20 } 

J27C. 0 

vI (h) v2(h) 
x [u1(h) exp {-------} + u2(h) exp {-------}] 

26 2 20 2 

(B.7) 

, where u1(h) = 
ml (5cosZh-l) + m2 (5sinh cosh-2) 

ml (5cos 2 h-l) + m2 (-5sinh cosh-2) 
u2(h) = 

-5sinz h - lOcos h sinh 

{ml (5cos 4 h-l) + m2 (5sinh cosh-2)}2 
vl(h) = 

(5cos2h-l)~ + (5sinh cosh-2)Z 
> 0 

v2(h) = 
{ml (5cos2 h-l) + m2 (-5sinh cosh-2)}2 

> 0 

Eq. (B.7) represents the probability density of the hue 

component in the color image degraded by band-to-band 

uncorrelated additive gaussian random noise. Eq. (B.7) 

is too complicated to analyze easily, so numerical method 

is recommended for the analysis of Eq. (B.7). However, 

experimental results show that independent smoothing of R, 

G, and B components also smoothes the hue component in L-H-

S color space, which implies the fact that small 6 in Eq. 

(B.7) also makes the variance of a random variable h small. 
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