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The quality of a digital image pipeline relies greatly on its color reproduction which 

should at a minimum handle the color constancy, and the final judgment of the excellence 

of the pipeline is made through subjective observations by humans. 

This dissertation addresses a few topics surrounding the color processing of digital 

image pipelines from a practical point of view. Color processing fundamentals will be 

discussed in the beginning to form a background understanding for the topics that follow. 

A memory color assisted illuminant estimation algorithm is then introduced after a 

review of memory colors and some modeling techniques. Spectral sensitivity of the 
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for color constancy parameter calibration is proposed. Hue control in color reproduction 

can be of great importance especially when memory colors are concerned. A hue 

constrained matrix optimization algorithm is introduced to address this issue, followed by 

a psychophysical study to systematically arrive at a recommendation for the optimized 

preferred color reproduction. At the end, a color constancy algorithm for high dynamic 

range scenes observing multiple illuminants is proposed.  
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APPLIED COLOR PROCESSING 

1 INTRODUCTION 

1.1 Color Processing Overview 

The Human Visual System (HVS) is probably the most important and sophisticated 

sensory system that human beings possess in order to understand the surrounding world 

and color presents a significant portion of information contributing to this understanding. 

The components necessary for a person to “see” an object consist of a sufficient 

illumination, a function visual system and the object. Light reflected off the object is 

received by the eye to project an image on the fovea located at the back of the eye, the 

image is then transferred by the optic nerve to the brain for further data processing before 

the perception of the object can be formed.  

The HVS is a complicated system including optics, physics and physiology 

developed through the long evolution human beings have gone through and is only 

partially understood. It has been attracting much attention from all related discipines and 

some research results have been applied in practice with an example being cameras that 

are widely available today. People can easily record memorable life moments with 

cameras ranging from the webcam on a laptop, the camera on a cell phone, a compact 

digital still camera, or a professional grade camera. Cameras have also been utilized for 

other purposes such as security surveillance, military, remote sensing, artwork archiving, 

and are rapidly gaining larger and larger ground in fields like robotic and automotive 

applications. It is expected that cameras will gain wider range of applications with more 

advanced processing techniques. 
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 The earliest man-made imaging system is the pinhole camera. As far back as the 5th 

century AD, the effect of pinhole imaging (an inverted image of an object forming 

through a pinhole) was recorded by the ancient Chinese Mohist philosopher Mozi in his 

book Mo Jing. The geometrical and quantitative description of the pinhole camera was 

first established by the Chinese scientist Shen Kuo in the 11th century AD during the 

Song Dynasty. Around 1600 AD, a lens was added to the pinhole camera by the Italian 

scholar Giambattista della Porta. Due to the lack of a proper media, images from the 

earlier pinhole cameras were manually traced on paper or glass before the discovery that 

a mixture of silver and chalk darkens when exposed to light, and the first permanent 

photograph was captured in 1826 with contributions from multiple inventors, indicating 

the start of film photography. In 1861, the first color photograph was made by James 

Clerk Maxwell and Thomas Sutton. The electronic version of cameras started in the 

1920s and has evolved to the current digital cameras superseding their film ancestors 

since the end of the 20th century [1,2]. 

A normal human eye has two types of photoreceptors: the rods and the cones, named 

after their shape. The rods are responsible for vision under low light conditions or in 

other words scotopic vision when the cones are inactive, and the cones are responsible for 

the photopic vision in normal light when the rods become insensitive, the region where 

both the rods and the cones take part is called the mesopic vision. The rod cells are of the 

same type therefore our night vision is colorless with intensity information only. The 

cone cells can be categorized as three types each having its peak sensitivity in the 

long(L), medium(M) and short(S) wavelength range corresponding to red, green, and 
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blue in the visible spectrum. For an object, three channels of information are formed 

resulting in the perceived colors. The normal human visual system is therefore called a 

trichomatic system and people with abnormal systems may be monochromatic (only one 

type of cones) or dichromatic (two types of cones).  

The trichromatic nature of the human visual system has in principle determined that 

most of the modern imaging systems are red-green-blue based or in short RGB based and 

its main goal is to record an image and reproduce it such that an observer with normal 

color vision deems it as satisfactory for the target application. The RGB based system is a 

highly simplified representation of the reality: for a set of illuminant and surface 

reflectance with continuous spectra, only three numbers are kept and most of the 

available information is discarded. The advantages of being simple and efficient of such a 

system come with limitations in the range of colors it can reproduce and other problems 

such as metamerism for which a typical example is that the same object may appear to 

have different colors under tungsten light and daylight. The disadvantages of the RGB 

based system can be compensated by multi-spectrum based system that captures more 

channels and record more information from the scene. Such spectrum-based systems have 

been used for applications that require the colors to be reproduced with high fidelity such 

as artwork archiving, telediagnosis or telesurgery and have been reported to be more 

preferred in such applications than the traditional RGB based system[3]. Spectrum-based 

imaging poses higher requirements in terms of hardware system integration and data 

processing. For consumer applications, the widely accepted RGB based system is 

expected to last and researchers will continue to improve this system to perfection. 
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Nonetheless, many of the RBG based research results can be applied to multi-spectrum 

based system with limited modifications. This dissertation focuses on the RGB based 

system. 

When we see an object through its reflectance of the incident illuminant, the data 

received by the visual system is a result of the integration of the spectral power 

distribution of the illuminant, the spectral reflectance of the object, and the spectral 

sensitivity of the photoreceptors. The spectral characteristics of the photoreceptors and 

the object remain unchanged while the spectrum of the illuminant can change 

dramatically, resulting in completely different signals received by the photoreceptors. 

The human visual system has a mechanism called color constancy to counter the 

illuminant change such that the same color remains relatively constant in our perception 

under varying illuminants. A yellow lemon will not look like a green lime given enough 

context even if it is put under a greenish light. Color constancy is taken for granted by 

human beings while presenting a challenge to digital image pipelines with uncertainties 

of both the scene reflectance and illuminant spectrum when only knowing the received 

data. To tackle this problem, certain assumptions about the world are made such as the 

grey-world algorithm which assumes that the world is averaged to be gray. Most of the 

color constancy algorithms take a two step approach by first estimating the incident 

illuminant and then apply some transformation (color correction) to the image so that it 

can be converted into a standard color space. 

Human skin, blue sky, and vegetation widely present in our surroundings and normal 

observers are able to recall these colors from their memory. Due to their general 
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existence and consistent nature, we call these colors memory colors and rely on them 

when judging the quality of the color reproduction of a scene when no knowledge is 

available about the original scene. 

Color constancy is the center piece of this dissertation where memory colors are both 

utilized based upon previous research and studied for others to refer to. 

1.2 Contributions 

This dissertation studies color processing of digital image pipelines from a practical 

point of view with the goal of reproducing pleasing color images. A few methods are 

proposed from the different aspects of color processing. The contributions are listed in 

the following text.  

First, a memory color assisted illuminant estimation algorithm through pixel 

clustering is proposed assuming that most of the natural images have gray color and three 

dominant memory colors: human skin, blue sky, and green vegetation. 

Second, to simplify the parameter calibration process and eliminate the necessity for 

camera spectral sensitivity characterization, an alternative method is proposed and tested 

with real images.  

Third, a hue constrained color correction matrix optimization algorithm is proposed 

to address the importance of hue in the subjective quality of color reproduction. 

Fourth, a psychophysical study is conducted through a systematic approach for the 

preferred reproduction of memory colors using the hue constrained matrix optimization 
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technique and concludes with a general recommendation for the optimized preferred 

color reproduction. 

Fifth, a color constancy algorithm for high dynamic range imaging through exposure 

segmentation is proposed considering that the scene observes multiple illuminants when a 

traditional color constancy algorithm may result in compromised results.  

1.3 Dissertation Outline 

In Chapter 2, a brief review of color processing fundamentals is provided in order to 

facilitate the understanding of the basic concepts that will be used throughout the 

dissertation. More detailed reviews can be found in the individual chapters when needed.   

Chapter 3 discusses memory colors by first giving a clear definition of the concept. 

Skin color is then analyzed using a publicly available skin spectral database. Some 

modeling techniques are then introduced.  

Chapter 4 discusses a memory color assisted illuminant estimation algorithm. An 

elliptical boundary model is employed as the classifier for color pixel detection under a 

discrete set of illuminants for illuminant estimation. Experimental results with more than 

300 real images are reported. 

Chapter 5 discusses an alternative method to the camera spectral characterization in 

light of reducing the time consumption and difficulties in apparatus setup for the 

parameter calibration process. 
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Chapter 6 discusses a hue constrained color correction matrix optimization method 

which addresses the importance of hue error in the subjective quality of color 

reproduction especially when memory colors are concerned. 

Chapter 7 reports a psychophysical study which systematically studies the prefered 

color reproduction through a rank order experiment and a paired comparison evaluation 

which arrived at a general recommendation for the optimized perferred color 

reproduction. 

Chapter 8 proposes a color constancy scheme for high dynamic range (HDR) scenes 

with multiple incident illuminants. 

Chapter 9 concludes this dissertation with a summary of the major contributions 

from this study.  
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2 COLOR PROCESSING FUNDAMENTALS 

2.1 Human Visual System (HVS) 

The human visual system is part of the central nervous system which interprets 

information from the visible light to form the perception of the sorrounding world. It 

consists of the eyes, part of the brain and the pathway connecting them. 

In an abstract view, the human eye can be thought of as an optical path, a film, and a 

central processing unit (the brain). The opticial path consists of the cornea, the iris and 

the lens, the film is a light-sensitive layer called the retina where the photoreceptors are 

located and the received signals are transmitted by the optic nerve to the brain for a 

perception to be formed, as shown in Figure 2.1(a) (copied from page 40 of [4]). The 

imaging geometry of the eye is also shown in Figure 2.1(b) where P is a point on the 

optical path through which the direction of light does not alter. 

A normal human eye has two types of photoreceptors: the rods and the cones, named 

after their shape. There are about 5 million cones and 100 million rods in each eye [5] 

and their distribution across the retina is shown in Figure 2.2 (copied from page 137 of 

[4]). Depending on the luminance level measured in the unit of 2/cd m (cd for candela, 

roughtly the luminous intensity of a common candle), vision can be divided into three 

regions: the scotopic vision where the rods are acitive, the photopic vision where the 

cones are active and the mesopic vision where both the rods and the cones take part, as 

dipicted in Figure 2.3 (taken from page 276 of [6]). 
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                                                                                      (a) 
 

 
                                                                                       (b) 

 

Figure 2.1: The optical path of the human eye. 

 
 
 
 

 
 

Figure 2.2: Photoreceptor distribution on the retina. 
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Figure 2.3 Scotopic, mesopic and photopic vision. 

 

The center of the retina is called the fovea where about 50,000 cones cluster in a 

small area and has the highest acuity of vision. There are no photorecptors where the 

optic nerve is located which explains why the human eye has a blind spot. There are only 

one type of rods therefore we can only receive one type of infomration which is intensity 

in the scotopic vision zone. There are three types of cones and their peak spectral 

sensitivities correspond to the short (S, blue), medium (M, green) and long (L, red) 

wavelength ranges, respectively. The spatial mosaic of the rods and the cones are shown 

in Figure 2.4. Figure 2.4(a)(from [7]) is the mosaic of cones in the fovea area where blue, 

green and red correspond to S, M and L cones, respectively. Figure 2.4(b) (from page 49 

of [5]) shows the cone masaic in the periphery. The different signals received by the three 

types of cones are perceived as color by the visual system. 
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                           (a )                                                       (b) 

Figure 2.4: The spatial mosaic of photoreceptors. 

 

2.2 Trichromacy and CIE Color Matching Function 

Trichromacy refers to the condition that a visual system requires three independent 

channels to convey information which is interpreted as color. Besides trichromacy,  there 

are also monochromacy (one channel), dichromacy(two channels), tetrachormacy(four 

channels), and pentachromacy (five channels) that exist among different species. In this 

dissertation, we only focus on the trichromacy of the human visual system and an 

observer with trichchromacy is deemed as having normal color vision. Unless specified, 

all observers refered to hereafter are limited to human observers with trichromacy.  

An event of color perception happens under certain conditions: enough luminance to 

activate the cone cells, an object to be perceived, and a function visual system. Light has 

a wave-particle duality: it is the result of photon emission when electrons shift from 

lower energy levels to higher energy levels which can be described as a Poisson process 

and the discrete distribution of photons contribute to noise in the received signals and 

therefore the later perceptions; it travels like electromagnetic wave and the theories for 
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waves can be applied. This dissertation only deals with the wave property of light 

described by spectral functions.  

As the receiver of the visual system, the cones not surprisingly attracted enough 

attention and the color matching experiment was conducted to study the spectral 

sensitivity of the three types of cones. The Commission internationale de l'éclairage 

(International Commission on Illumination, CIE) adopted the results from two color 

matching experiments independently conducted by Wright (1928, 1929, 10 observers) 

and Guild (1931, 7 observers) who employed the same viewing conditions (bipartite 

field, 02 visual angle with dark surroundings) as the 02  standard observer CIE1931 color 

matching function.  

The apparatus of the color matching experiment is shown in Figure 2.5 (copied from 

page 81 of [5]). In a dark environment, a white screen is divided into two fields: the test 

field and the reference field. Three lights with different primary wavelengths are placed 

in the test field. A light source that can provide equal energy monochromatic light 

covering the visible spectrum is placed in the reference field. During the experiment, for 

a given reference light, the observer is asked to adjust the three test lights until the two 

fields visually match. In the case when no match can be found, the same set of primaries 

can be used in the reference field and the observer can use them to find a match. With 

Grassman’s law of additive mixture, the reference light can be represented as the 

weighted summation of the three test primaries. In case that test primaries are applied in 

the reference field, negative coefficients of the primaries will arise. 
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Figure 2.5: Apparatus of the color matching experiment. 

 

The results from the color matching experiment are called the tristimulus values

, ,r g b with both positive and negative values. Since negative stimuli could not be 

physically implemented, as well as for the sake of calculation needs, a set of all-positive 

functions are obtained through a series of transformation called the CIE1931 color 

matching function , ,x y z. The CIE encouraged further research as technology outgrew 

some technical limitations the color matching experiment had in the early years and 

adopted another set of tristimulus 10 10 10, ,x y z  in 1964 for standard observers conducted 

with 010 viewing angel for larger field of view. With the transformation involved from the 

, ,r g b to the , ,x y z, it is difficult to find a good explanation that can physically link the 

spectral sensitivity of the cones to the tristimulus values. Nonetheless, it is sufficient to 

understand what the color matching experiment is for and how the tristimulus values 

were arrived. In Figure 2.6, both of the tristimulus , ,r g b and , ,x y zare plotted (copied 

from pages 50 and 54 of [8]). 
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Figure 2.6: The CIE 1931 color matching function. 

 

The CIE1931 color matching function established the groundwork for color science 

and has profoundly affected the development of modern imaging systems and 

applications.  

2.3 Digital Cameras 

The trichomacy theory has determined how the modern digital cameras are designed. 

To reproduce an object with color, three independent channels are produced which are 

red, green and blue, corresponding to the long, medium, and short wavelength range of 

the visible spectrum, analogous to the L, M, S cones. 

Figure 2.7 (copied from page 16 of [9]) shows a typical block diagram of a digital 

still camera which consists of a lens module (a combination of lenses, actuator, cutoff 

filters, etc.), an image sensor, a controller, a signal processor or in other words an image 

pipeine, and some peripherals. The lens module is essentially the optical path of the eye, 

the image sensor functions similarly to the photoreceptors, and the image pipeline 
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conducts some of the basic tasks similar to what the brain’s visual perception system 

handles. The image sensor is the device that absorbs photons and the signal is digitized to 

become raw image data before it goes into the pipeline. In a typical design, the image 

sensor is covered by an array with three types of filters each having different spectral 

transmittance so that three channels of information can be obtained. The array is called a 

color filter array (CFA) and is normally arranged in Bayer pattern as shown in Figure 2.8 

where within each 2 2× quadrant two pixels are green, one pixel is red, and one pixel is 

blue. More area is allocated for green since the visual system is more sensitive to the 

middle range of the visible spectrum and more information about the object scene is 

conveyed by the green channel in the HVS. 

 

Figure 2.7: A typical block diagram of a digital camera. 
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Figure 2.8: Color filter array (CFA) arranged in Bayer pattern. 

 

The data from a Bayer CFA only carries information of one channel for each pixel. 

To form a color image, interpolation techniques are utilized to obtain three channels for 

each pixel. 

There are also other designs for the CFA such as the CYYM(cyan, yellow, yellow, 

magenta) and CYGM(cyan, yellow, green, magenta) patterns. Bayer pattern has been the 

most widely adopted in the imaging industry and is expected to remain to be the 

mainstream . There are also cameras for scientific purposes which use optical systems to 

split the incoming light such that each pixel has all three of the colors but such systems 

are beyond the scope of this discussion. 

The optical path, the CFA, and the analog to digital (A/D) converter realize the 

conversion from photons to digital counts and the efficiency of this process can be 

characterized by the camera’s spectral sensitivity. Although strictly speaking, camera and 

image sensor or sensor are different terms, in practice, they are sometimes used 

interchangeably depending on the context. In the later text, “camera” and “sensor” will 

both be used and the former more for the whole system including the image pipeline and 
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the control system, and the latter mainly refers to the combination of the lens module and 

the image sensor. 

2.4 Color Image Formation 

In the imaging society, a widely adopted model for the formation process of a color 

image is through the integration of the spectra of the illuminant, the surface reflectance of 

the scene, and the sensitivity of the image acquisition system over the entire spectrum. 

Since the human visual system is mostly sensitive to the spectrum between around 

400nm (nanometer) to 700nm which is called the visible spectrum, additional filters are 

placed on the lens module of digital cameras to limit the sensitive range of the image 

sensors to about the same range. For any specific pixel location x of an m row by n  

column image, given an illuminant with a spectral power distribution ( )E λ , the 

corresponding surface reflectance ( )R λ , and the relative spectral sensitivity of the image 

sensor ( )S λ , the resulting value of the pixel xP can be formulated as: 

( ) ( ) ( )xP E R S d
λ

λ λ λ λ η= +∫                                      (2.1) 

In Equation (2.1) η represents a noise term which includes shot noise, thermal noise 

and temporal noise. Noise is an important factor when image quality is evaluated 

especially under low light conditions. In this dissertation, however, noise is not a concern 

and the η term will be ignored in the later discussions. Besides reflectance, light can also 

go into the lens of the imaging system through other types of media via transmittance. 
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Since it can be mathematically modeled in a similar manner, the term “reflectance” is 

used throughout this dissertation and should not cause any confusion. 

In practice, to take advantage of the convenience of linear algebra over integration, 

Equation (2.1) is more conveniently represented in matrix form. Let N be the number of 

points from sampling the effective wavelength range (for example, 31N = if we sample 

400nm to 700nm every 10 nanometers), and M  be the number of reflective surfaces of 

the scene, then: 

( )diag

   
   = ⋅ ⋅   
      

r

g

b

R S

G S E R

B S
   

                                     (2.2) 

or more densely: 

( )diag= ⋅ ⋅DRGB S E R

                                       

(2.3) 

where DRGB is the sensor’s original response (3 M× matrix), S is the sensor’s relative 

spectral sensitivity (3 N× matrix), ( )diag E is the spectral power distribution of the 

illuminant (N N× matrix), and R is the scene’s spectral reflectance (N M× matrix). 

2.5 Illuminant and Light Source 

The human eyes are sensitive to a small portion of the electromagnetic spectrum as 

shown in Figure 2.9 ([10]).  

Sources of light normally occupy the spectrum continuously and can be 

characterized by their spectral power distribution (SPD) functions. Since different 

sources of light can vary in their energy levels greatly and the more important property of 
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them is the relative distribution across the spectrum, it has been a standard to normalize 

their SPDs at 560nm. 

 

 

Figure 2.9: Visible light on the electromagnetic spectrum. 

 

The spectral distribution of a light source determines its color perceived by our 

visual system: when the energy from the longer wavelengths is higher, we see some 

reddish light such as a candle light; when the energy of the short wavelengths is higher, 

we see a bluish light such as the sun light. Color temperature is used to directly describe 

this property of the light source. Color temperature is defined as the temperature of an 

ideal black-body radiator that radiates light of comparable hue to that of the light source 

with a unit in absolute temperature of kelvin represented by a symbol K ([11]). 

The CIE defined a few series of standard illuminants: the A, B and C series for 

incadensent and daylight, the D series for different phases of daylight, the E series for 
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equal energy lights, and the F serires for fluorescent lights. The standard illuminants are 

theoretical definitions and only the A, C, and F series can be physically implemented. 

Only a physical source that can be controled on or off can be called a light source. The 

“color” of an illuminant can be mathematically calculated as the integration of the 

spectral power distribution of the illuminant, the spectral reflectance of the white object, 

and the CIE color matching function and is called the white point of the illuminant. 

Figure 2.10 demonstrates the spectral power distribution of a few standard CIE 

illuminants. 

 

Figure 2.10 The CIE standard illuminants. 

 

2.6 Metamerism 

The information from the illuminant and the reflectance or transmittance of the 

object that occupy a continuous range of the electromagnetic wave spectrum is presented 

to the human visual system in the format of tristimulus values and most of the spectral 
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information is discarded in this process. Given the discussions in the previous sections, 

we realize that the same object such as a fabric sample may appear in different colors to 

the visual system under different illuminants and two different samples may look the 

same under the same illuminant, a phenomenon called metamerism. 

From the metamerism point of view, the so-called “color-blindness” or “normal” 

color vision exist only in a relative sense. Strictly speaking, all human beings are very 

color-blinded. 

2.7 Chromaticity Diagram 

For a given reflective surface with spectral reflectance Rλ , an illuminant with 

spectral power distibution I λ , the CIE color matching function , ,x y zλ λ λ , the tristimulus 

values are calculated as:  

100

X k I R x d

Y k I R y d

Z k I R z d

k I y d

λ λ λ
λ

λ λ λ
λ

λ λ λ
λ

λ λ
λ

λ

λ

λ

λ

=

=

=

=

∫

∫

∫

∫

                                            (2. 4) 

The trichromaticity of the visual system determines that the color information needs 

to be represented in a 3D coordinates. With the following eq. The chromaticity for a 

given set of , ,X Y Z is defined as: 

( )

/ ( )

/ ( )

x X X Y Z

y Y X Y Z

z Z X Y Z

= + +
= + +
= + +

                                              (2.5) 
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In Figure 2.11 (copied from page 63 of [8]), the chromaticity diagram (also called 

the color gamut) is plotted using the CIE1931 color matching function where the 

horseshoe shaped contour is calculated from a series of monochromatic illuminant in the 

visible spectrum, and the smooth curve is known as the Planckian locus calculated from 

the white points of the ideal black-body radiator. The white points of the CIE standard 

illuminants are roughly along this line. 

 

 

Figure 2.11:  The CIE 1931 chromaticity diagram with the Planckian locus. 

 

2.8 CIE Color Space and Color Difference 

A color space is essentially any 3D space that conveys enough informatino for the 

perception of the human visual system such as the chromaticity diagram with its third 

dimension. An arbitrary color space such as the CIE chromaticity space may suffer the 
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perceptual non-uniformity problem: the same magnitude of chromaticity difference does 

not result in the same perceptual difference. Ommitting the introduction to the 

development history, the CIE recommended two color spaces in 1976: the CIE 1976 

*, *, *L a b (CIELAB) color space and the CIE 1976 *, *, *L u v color space. The CIELAB 

gradually took the mainstream in the color society and this dissertaion will only use 

CIELAB in the discussions. The equations for the CIELAB space are: 

*

*

*
)

116 ( / ) 16

500 [ ( / ) ( / )]

200 [ ( / ( / )]

ab n

ab n ab n

ab n ab n

L f Y Y

a f X X f Y Y

b f Y Y f Z Z

= −

= −

= −

i

i

i

                              (2.6)

 

where ,n nX Y and nZ are the tristimulus values of the reference white point, and 

1/3 3

2

,                       if  (6 / 29)
( )

1 / 3 (29 / 6) 16 /116,     otherwise
ab

t t
f t

t

 >
= 

+ i                     
 (2.7)

 

With this color space, a color is defined by its chroma( *
abC ) and hue(abh ): 

* *2 *2 1/2

*
1

*

( )

tan

ab

ab

C a b

a
h

b
−

= +

 
=  

 

                                               (2.8) 

Given a reference set of*refL , *
refa and *

refb and an actual sample set of *L , *a and *b  , the 

color difference can be defined by *
abE∆ as an Euclidean distance in the CIELAB space: 
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* * *

* * *

* * *

* *2 *2 *2

ref

ref

ref

ab

L L L

a a a

b b b

E L a b

∆ = −

∆ = −

∆ = −

∆ = ∆ + ∆ + ∆

                               (2.9) 

The CIELAB color space is only approximately perceptually uniform. To address the 

non-uniformity issue, the CIE introduced a new color difference defintion in 

1994(CIE94, *
94E∆ ): 

2 22 * **
*
94 *

1 2

* * *

* * *

* * *

* * *

* * 2 *2 * 2

* * *

* * *

1 1
ab ab

L ref ref
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ref ref ref

ab ref

ab ab ab

ref

ref

C HL
E

K K C K C

L L L

C a b

C a b

C C C

H E L C

a a a

b b b

     ∆ ∆∆∆ = + +        + +     

∆ = −

= +

= +

∆ = −

∆ = ∆ − ∆ − ∆

∆ = −

∆ = −

                (2.10) 

The *
94E∆ is still not perceptually uniform enough, and a new definition was 

recommended by the CIE in 2000 (CIEDE2000, *00E∆ ) adding five more corrections in 

the definition, which is not included in this text. 

2.9 Color Constancy 

From the color image formation process, we realize that different illuminants will 

result in different responses in either the photoreptors of the human eye or the image 
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sensor. Regardless of the spectral characteristics of the illuminant, however, given 

sufficient context, a green apple will not look like a red apple simply because a red light 

is turned on. The human visual system can perceive object colors in a relatively constant 

manner under varying illuminants to help identify objects and this perceptual constancy is 

called color constancy. Color constancy is developed through the long history of human 

evolution, although not fully understood, this perceptual constancy is a  desirable feature 

for digital color image pipelines. 

2.10 Memory Color 

Some colors widely exist in the nature and the human society such as skin tone, sky 

blue, and vegetation green and we refer to these colors as memory colors. Memory colors 

have two important attributes: 1) these colors exist in fairly consistent manners in nature; 

2) they appear often enough such that every observer has his or her own memory for 

these colors. Memory colors have been used to assist oject recognition such as face 

detection and the quality of their reproduction is of great importance for digital image 

pipelines. 

2.11 Color Reproduction 

The goal of color reproduction for a digital image pipeline is to render the original 

scene such that the reproduced color satisfies the requirements of a target application. 

Depending on the application, the reproduction process can have different requirements 

for hardware, environment, illuminant, processing speed, etc. Color reproduction is 

categorized as six different types in [12] summarized as follows: 
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• Spectral color reproduction: a reproduction that duplicates the spectral power 

distribution of the originals in an identical manner. The exact spectral color 

reproduction still can not be achieved in most of the color sytstems, instead, 

researchers have developed multi-spectrum system to reduce the limitations 

of the traditional RGB based color system. 

• Colorimetric color reproduction: a reproduction that ensures that under a 

certain illuminant, the reproduced color has identical relative luminances as 

the original. This is a conditional match and the match may disapper under a 

different illluminant. 

• Exact color reproduction: a reproduction whose reproduced color has the 

same chromaticity as well as the absolute luminance as the original scene. If 

viewd under the same condition of the original scene, the apperance of this 

reproduction will be the same as the original. 

• Equivalent color reproduction: under a given viewing condition which may 

be different from that of the original, the reproduced color and absolute 

luminance result in the same appearance to the visual system. 

• Corresponding color reproduction: the object is reproduced such that under a 

given viewning condition, the reproduced chromaticity and relative luinance 

result in the same appearance of the original scene if the scene were 

illuminated by the same absolute luminance level of the viewing illumiant. 
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• Preferred color reproduction: refers to the reproduction of a color which 

deviates from the appearance of the original in order to make the color more 

pleasing. 

2.12 Image Quality Assessment 

The quality of a reproduced image can be assessed either objectively or subjectively. 

In an objective evaluation, certain measurements are taken to qualitatively evaluate the 

performance of the reproductioin. Some examples of such measurements are: sigal-to-

noise ratio (SNR), color accuracy, uniformity, etc. In a subjective evaluation, human are 

asked to evalute a selection of images normally processed in different ways subjectively 

with a given set of criteria. 

2.13 Standard Test Target 

In color imaging, a test target is needed for purposes such as calibratin and 

measurement and the Macbeth ColorChecker is the most widely used standard in the 

imaging industry. The Macbeth ColorChecker is a color rendition chart with 24 patches 

scientifically designed to duplicate the spectral reflectance or radiance of natural objects 

such as human skin, blue sky, foliage, colors that may be difficult for imaging systems to 

reproduce or differentiate such as some blue flowers, etc. It aslo includes arbitrarily 

selected colors to fill out the color gamut that are of general interest, as well as a well-

spaced neutral series [13]. There are also other test targets such as the ColorChecker 

Digital SD designed to cover a larger color gamut, the Kodak gray scale card for tone 
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reproduction purposes. The standard Macbeth ColorChecker is used in this study and will 

be referred to as “standard test target” or “the ColorChecker” in the context. 

2.14 Psychophysical Methods 

Psychophysics is first introduced by the German psychologist Fechner (1801-1887) 

as a scientific method to study the relationship between physical stimuli and mental 

processes. Psychophysical methods can be used to measure threshold either as an 

absolute threshold that can be detected by the observer or a deviation threshold from a 

constant stimulus such that a difference can be detected (methods based on threshold 

measurements). Psychophysical methods are also used with stimulus that can be easily 

perceived for tasks such as performance comparison (suprathreshold methods). A brief 

introductino to the methods based on threshold measurements and suprathreshold 

methods is provided in the following text which is summarized from [14] by Ehrenstein 

(1950-2009). 

Methods based on threshold measurements are used to measure the observer’s ability 

to detect ambiguous signals. This category includes non-adaptive and adaptive methods. 

The non-adaptive methods include: 

• Method of asjustement: the observer controls the stimulus in ascending 

and/or descending order to measure his threshold. 

•  Method of limits: a series of stimuli is given to the observer in ascending or 

descending order, the average of the two intensities around the decision 

change point from multiple trials are averaged as the threshold. 
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• Method of constant stimuli: each of a set of constant stimuli are presented to 

the observer  multiple times, the threshold is through the statistics of the 

recorded response. 

To improve the efficiency of the threshold determination process, adaptive methods 

can be used. Such methods include: 

• Staircase method: which starts the stimulus with an intensity that is above the 

threshold, it is then decreased until not perceivable, then increased until it 

becomes perceivable again. The stimulus is adjusted back and forth and 

usually six to nine reverals are taken and the average of the stimuli around 

the changing points are averaged as the threshold. 

• Parameter estimation by sequential testing: a modified staircase method 

during which the amount of change to the stimulus is dynamically adjusted 

based on the previous trials. This method is more efficient and results in more 

precise result compared to the staircase method. 

• Adaptive variants of the method of constant stimuli: this methods selects a set 

of constant stimuli that are closely distributed around the critical area which 

is obtained from some pre-test so that the set of stimuli is tailored to the 

observer’s sensitivity. 

The above methods are subjective in the sense that there is no way to know whether 

the observer’s response is correct or not since the observer has his own criteria as what is 

perceivable or not. An objective alternative is the forced-choice methods. An example is 
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instead of letting the observer tell whether or not he sensed the stimulus, he is asked to 

identify the location of the stimulus. The forced-choice approach has proven to identify 

thresholds lower than what are given from the unforced, subjective approach. 

Suprathreshold methods are used to measure perceptions with easily perceivable 

signals. They are employed for comparing performance with above-threshold stimuli and 

can be further categorized as chronometric methods and scaling methods. 

When an observer is asked to decide whether or not there exists a difference between 

a pair of stimuli, his response time increases when the difference between the stimuli 

decreases. This effect is employed in chronometric methods when the observer is asked 

to respond as quickly as possible while keeping the error at the minimum level. The 

subjective difference can then be calculated from the measured response time results. 

 The scaling methods provide a different approach for assessing stimulus intensities. 

In an experiment using a scaling method, the observer is asked to give scores or rankings 

to a set of stimuli with certain criteria. The results can be used as indication of the relative 

performance of the stimuli. 

Many of the image quality evaluation tasks need to be ultimately accomplished with 

scaling methods. More detailed information about the related scaling methods will be 

provided later. 

2.15 Conclusions 

This chapter reviews some concepts in color processing including the human visual 

system, the color matching function, the CIELAB color space, as well as some topics that 
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are of special interest in this dissertaion such as memory color, color constancy and 

psychophysical methods. These concepts are fundamental to color processing and will be 

used throughout this dissertation.  
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3 MEMORY COLORS 

3.1 Definition 

Some natural objects universally exist in the nature or the human society such as 

human skin, blue sky, and vegetatoin. When the word “sky” or “grass” is mentioned to an 

observer, he can instantly relate the word to a blue color or a green color in his memory. 

When the word “Caucasian”, “Asian” is mentioned, he can immediately recall how the 

typical skin tone of the given race looks. Observers obtained distinct memory of these 

colors from their daily life experience because of the two important attributes these colors 

have:  

• These colors exist in fairly consistent manners in nature: the sky blue is 

determined by the radiation from the sun and the scattering of the 

atmosphere, the skin tone of an Asian should be around a certain yellowish 

color, and the grass should be green.  

• These colors are encountered in our life so constantly that every observer has 

formed his memory of these colors. 

Memory colors are therefore defined as the colors in an observer’s memory that are 

acquired through daily experience about natural objects that universally exist in the 

nature or the human society in consistent manners. 

Skin tone, sky blue and vegetation green are dominant memory colors. Water or in 

other words aqua is also considered as a memory color in some literature but is excluded 

from the consideration of this dissertation due to the large variation of colors observed in 

water bodies in the nature. People also have clear memory about certain artificial objects 
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such as a coke can, a banner that appears often enough, etc. These colors are not 

considered as memory colors however since the existence of these artificial objects may 

be limited geographically or chronologically. The appearance of a man-crafted object 

may be redesigned, the pigments may degrade over time, and the product may be 

discontinued. 

3.2 Skin Color Spectra 

Among the three dominant memory colors, skin color has been extensively studied 

during the past few decades. Skin is a robust cue for tasks such as face detection and 

video content filtering. The reproduction of skin tone is also an important factor in terms 

of the subjective quality of the reproduction. In his PhD dissertation [15], Sun (a former 

colleague of the author) conducted a study on the spectral imaging of human skin and 

established a spectral database for human skin tone. The beginning of the following 

review is based upon Sun’s study and the spectral database of skin established in his 

work is used for the cluster analysis. 

The color of normal human skin is preemptively determined by the absorption of a 

black pigment called melanin in the outer layer of the skin which is termed as the 

epidermis [16]. The different colors across races and individuals among the same racial 

group are the results of the variation in the distribution of melanin in the epidermis [17] 

[18]. Figure 3.1 shows the reflectance spectra of the human skin tone of five racial groups: 

Caucasian, Pacific Asian, Subcontinental Asian, Hispanic and Black [19]. Figure 3.2 

shows the average reflectance spectra of all of the above races in the same plot. 
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(a ) Caucasian 

 

(b ) Pacific Asian 
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(c ) Subcontinental Asian 

 

(d ) Hispanic 
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(e ) Black 

Figure 3.1: Reflectance spectra of human skin tone measured for different races. 

 

Figure 3.2: Average reflectance spectra of different races. 
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It can be observed that all races have higher reflectance toward the red spectrum and 

lower reflectance toward the blue spectrum with noticeable difference in the relative 

absorption in the green spectrum. It is a natural thought to plot all of the data on the 

chromaticity coordinates and examine their distribution, as shown in Figure 3.3 where 

Figure 3.3(b) shows the skin samples with the chromaticity diagram. This figure shows 

that the skin samples cluster in a small area and the samples overlap quite a bit across 

different races largely because the overall reflectance factor which is a main contributor 

to the appearance differences is removed in the plots. 

 

(a ) 
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(b ) 

Figure 3.3 Skin samples on the chromaticity diagram. 

 

Given the results in Figure 3.3, the researcher naturally asked herself “How are these 

samples going to look in the CIELAB space? Will the non-linear transformation alter the 

clustering characteristic of the samples?” In Figure 3.4, the same samples are converted 

to the CIELAB space under D65 and plotted in a 3D diagram in Figure 3.4(a) with 

lightness included. Figure 3.4(b) and Figure 3.4(c) show the 2D projections of the 

samples on the * *a b and * *a L coordinates. In this figure, the skin samples also cluster 

in a small area in the chromaticity space with good overlap among races, while having 

larger deviation along the lightness axis among different races. 
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(a ) 

 

(b ) 
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(c ) 

Figure 3.4:  Skin sample cluster under D65 in the CIELAB space. 

 

3.3 Skin Color Cluster Analysis 

We have seen that skin color samples cluster in a small area in both of the CIE 

chromaticity diagram and the CIELAB color space. Intuitively, to model the skin color 

cluster, the choice of color space and the exact mathematical representation are key 

considerations. A plethora of works on skin color modeling can be found in the literature. 

A comprehensive survey can be found in [20] and a more up to date survey is presented 

in [21] which also considers the illuminant adaptation in skin color detection.  In the 

following text, the most widely adopted models are introduced mainly based upon [20].  

3.3.1 Color Space Selection 

A variety of color spaces have been used in skin color modeling and the most 

popular ones include: 
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• RGB color space: a convenient format to use which suffers from cross talk, 

mixing of luminance and chromaticity information. It is not a favorable 

choice for color based applications. 

• Normalized RGB: which reduces the color information to a 2D space by 

defining:  

, ,
R G B

r g b
R G B R G B R G B

= = =
+ + + + + +

               (3.1) 

where , ,R G B are the values of the red, green, and blue channels, 

respectively. An important property of this space is that for matte surfaces, 

the normalized RGB is invariant. 

• HIS, HSV, HSL (Hue, saturation, lightness): a category of color spaces that 

decode the color information into hue, saturation and lightness information. 

The conversion from RGB to such a space normally involves trigonometric 

calculations. 

• TSL (tint, saturation, lightness): a transformation of the normalized RGB 

space into values that are intuitively closer to the hue, saturation and lightness 

space. 

• YCbCr: a simple linear transformation that separates luminance and 

chrominance information for non-linear RGB signals where: 

0.299 0.587 0.114

b

r

Y R G B

C B Y

C R Y

= + +
= −
= −

                         (3.2) 
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• Perceptually uniform color spaces: or more precisely, approximately 

perceptually uniform color spaces such as CIELAB and CIELUV color 

spaces. 

• RGB channel ratios: such as /R Gand /B G. 

3.3.2 Skin Color Modeling 

Skin color modeling techniques can be categorized as explicitly defined skin region, 

nonparametric models, parametric models and dynamic models. 

Explicitly defined skin region modeling defines skin color regions with explicitly 

defined boundaries in certain color space. For example  [22]: 

{ } { }

( , , ) is classified as skin if:

95 and 40 and 20 and

max , , min , , 15 and

15 and  and 

R G B

R G B

R G B R G B

R G R G R B

> > >
− >

− > > >

                           (3.3) 

The explicitly defined skin region methods have advantages in its simplicity and 

efficiency of operation if the color space is appropriately selected. 

The key to nonparametric skin modeling methods is to estimate skin color 

distribution from the training data without deriving an explicit model. The advantages are 

they are theoretically independent of the shape of the skin color distribution and that the 

training is fast. The disadvantages are the storage space requirement and the inability to 

generalize the training data. Some nonparametric methods are: 

• Normalized lookup table (LUT): a 2D or 3D histogram is constructed using a 

training image set with each bin corresponding to the number of occurrence 
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of certain color range and the probability of skin occurring in a certain bin 

can be calculated and normalized: 

s [ ]
( )skin

kin c
P c

Norm
=                                       (3.4) 

where [ ]skin c is the value of the histogram bin, and Normis a normalization 

coefficient. 

• Bayes classifier: ( )skinP c in Equation (3.4) is a conditional probability where 

( | )P c skin is a probability of observing color c knowing that we see a skin 

pixel. A more appropriate measure should be ( | )P skin c - a probability of 

observing skin given a color c . The Bayes rule is used to compute this 

probability: 

( | ) ( )
( | )

( | ) ( ) ( | ) ( )

P c skin P skin
P skin c

P c skin P skin P c skin P skin
=

+ − −
        (3.5) 

• Self Organizing Map(SOM): an unsupervised artificial neural network 

method whose training set is a large enough manually labeled image 

database. 

Compared to nonparametric modeling, parametric modeling provides a compact 

model that does not require much storage space and can be generalized. Some parametric 

skin modeling methods are: 

• Single Gaussian: skin color distribution can be modeled as an elliptical 

Gaussian joint probability density function (pdf): 
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where c is the pixel color vector, sµ and s∑ are the mean vector and 

covariance matrix of the distribution. The model parameters are estimated 

from the training data as: 
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where n is the total number of skin color samples and ( | )p c skin can be used 

as the measure of how likely the color c is a skin pixel. An alternative 

measure of the skin likelihood can be computed with the Mahalanobis 

distance from the color vector c to the mean vector sµ as: 

( ) ( )1
( )

T

s s ss
c c cλ µ µ−= − −∑                             (3.8) 

• Gaussian mixture model: skin color distribution can be modeled as an 

elliptical Gaussian joint probability density function (pdf): a generalization of 

the single Gaussian model whose pdf is: 

1

( | ) ( | )
k

i i
i

p c skin p c skinπ
=

= ⋅∑                               (3.9) 
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where k is the number of mixture components, iπ are the mixture parameters 

obeying 
1

1
k

ii
π

=
=∑ and ( | )ip c skin are Gaussian pdfs each having its own 

mean and covariance matrix.  

• Multiple Gaussian clusters: approximation of skin color cluster with three 3D 

Gaussian clusters in YCbCr space with k-means clustering algorithm. 

• Elliptic boundary model[23]: an ellipsoidal model based upon the Gaussian 

model to accommodate the asymmetric distribution of skin color samples. 

The elliptical boundary model is defined as: 
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                        (3.10) 

where n is the total number of distinctive training vectors, ic of the training 

skin pixel set (not the total sample number), if is the number of skin samples 

of color vector ic . Pixel with color c is classified as skin when ( )c θΦ <  

where θ is a threshold value.  
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Dynamic skin models are a family of modeling techniques specifically designed and 

tuned for skin detection during face tracking. Such modeling methods can serve their 

specialized needs and do not need to be generalized. 

3.4 Conclusions 

In this chapter, the concept of memory color is defined as colors of natural objects 

that universally exist in the nature or the human society in consistent manners and human 

observers have formed specific memory for those colors. The spectral database of skin 

color samples is analyzed. Skin color modeling techniques are reviewed. 
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4 MEMORY COLOR ASSISTED ILLUMINANT ESTIMATION 
THROUGH PIXEL CLUSTERING 

In this chapter, a memory color assisted illuminant estimation algorithm through 

color pixel clustering is proposed [24]. The nature of the color constancy problem is first 

explained, the proposed algorithm is then described, followed by experimental results. 

4.1 Color Constancy: Statement of the Problem 

The color information of an image is determined by three factors: the spectral 

sensitivity of the image acquisition system, the surface reflectance of the object scene, 

and the spectral power distribution of the incident illuminant under which the image was 

captured. For illustration purposes, let us rewrite Equation (2.1) here. For any specific 

pixel location x of an m row by n  column image, given an illuminant with a spectral 

power distribution ( )E λ , the corresponding surface reflectance ( )R λ , and the relative 

spectral sensitivity of the image sensor ( )S λ , the resulting value of the pixel xP can be 

formulated as: 

( ) ( ) ( )xP E R S d
λ

λ λ λ λ= ∫                                       (4.1) 

Compared to Equation (2.1), the noise term is dropped in Equation (4.1) since the 

later discussions will focus on the statistics sense and noise can be handled appropriately 

with pre-processing if needed and noise related tradeoffs are not considered. 

Out of the three factors, the spectral sensitivity of the imaging system can be thought 

of as constant, whereas the other two can vary dramatically. The color or the white point 

of the natural daylight changes with weather condition as well as time of the day. The 
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variety of natural and artificial objects gives the spectral characteristics of the scene 

infinite possibilities. Human beings developed the color perception system to keep the 

perceived color of an object relatively constant under varying illuminants to help the task 

of object recognition. This perceptual process of the human visual system is called color 

constancy and is a desirable feature for digital image pipelines. If the pipeline can 

correctly estimate the illuminant or the scene reflectance, some conversion can then be 

calculated in order to reproduce the image which approximately matches what the visual 

system perceives. Due to the relatively limited possibilities of illuminants, illuminant 

estimation has been the dominant choice in practice for the task of color constancy. The 

two unknowns make color constancy an under determined problem and researchers often 

tackle this difficulty with assumptions empirically made about the real world such as the 

grey-world method which assumes that the averaged world is gray or semi-theoretically 

such as the assumption that the white points of all illuminants are located near the 

Planckian locus on the chromaticity diagram. 

4.2 Previous Work 

A widely accepted approach for color constancy is to first estimate the prevailing 

incident illuminant, and then apply some form of transformation to convert image data 

from the device color space to a standard color space. The key to this process is 

illuminant estimation since the second step is relatively straightforward. Many 

contributions to the research of illuminant estimation have been made in the past few 

decades. An excellent review of the most important algorithms can be found in [25] and 
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most of the following literature review is based on this work. A more recent survey on 

computational color constancy and experiments can be found in [26]. 

In [25], Illuminant estimation algorithms are broadly classified as statistics-based or 

physics-based approaches. Statistics-based approaches refer to those that arrive at the 

estimated illuminant based on some sort of assumption about the distribution of colors in 

a scene. Physics-based approaches refer to those that find the illuminant estimation by 

exploiting some artifact of the underlying physics of image formation. 

4.2.1 Statistics-based Methods 

If we denote the white point of the incident illuminant as Wρ , and its estimation is 

Wρ⌢ , assuming an RGB-based system with N pixels, the following is the representation of 

the grey-wold method[27]: 

1 1 1

1 1 1
, ,

N N N

W i i i
i i i

R G B
N N N

ρ
= = =

 =  
 
∑ ∑ ∑

⌢
                                (4.2) 

The grey-world approach assumes that the average surface reflectance of the scene is 

gray. 

The Max RGB algorithm [28] assumes that a scene has a single or a number of 

surfaces that are maximally reflective throughout the range of each of the three channels 

individually: 

{ } { } { }
max( ), max( ), max( )W i i i

i i i
R G Bρ  =

  

⌢                                 (4.3) 
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The database grey-world method [47] is a variation of the grey-world method. This 

approach assumes that the average world has a color which can be determined with some 

prior knowledge: 

1 1 1

, ,
N N N

W i i i
i i i

R G B
N N N

α β γρ
= = =

 =  
 
∑ ∑ ∑

⌢
                                (4.4) 

The above are simple statistics approaches and one can easily find cases for them to 

fail. It is worth noting that the grey-world method, despite its simplicity, has proven to 

have reasonable overall performance in real world. Some more successful approaches 

with better founded assumptions can be broadly grouped as neural networks, gamut 

mapping, and Bayesian approaches. 

The neutral networks [29] solution uses a large training set of images with known 

illuminants to learn the relationship between observed image data and scene illuminant. 

The gamut mapping approach [30, 31] first solves for a set of transformations given a set 

of image data so that all observed sensor responses map within the canonical gamut, and 

then an estimate of the scene illuminant is selected according to some selection criterion. 

The gamut mapping approach [30, 31] first solves for a set of transformations given 

a set of image data so that all observed sensor responses map within the canonical gamut, 

and then an estimate of the scene illuminant is selected according to some selection 

criterion. 

The Bayesian algorithms, represented by color by correlation [32], first encodes a 

probability map from prior knowledge about possible surfaces as a distribution of image 

chromaticity for each of the discrete set of possible scene illuminants, then the likelihood 
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of a scene for each illuminant is computed, and the estimated illuminant is the one with 

the highest likelihood.  

Among the above algorithms [25] the first three simple statistical methods give 

reasonable performance in practice and are easy to implement. The other more 

complicated algorithms, each performs well under certain conditions, but all suffer some 

shortcomings. For example, it is difficult to get a large and general enough data set for 

the neural networks algorithm to accurately predict any unseen images, gamut mapping is 

lack of robustness and requires non-trivial implementation, and the success of the 

Bayesian approach is limited by how well the prior knowledge conforms to the real 

world. 

4.2.2 Physics-based Methods 

Physics-based approaches such as [33, 34] seek to estimate the scene illuminant by 

exploiting the interaction between light and surfaces and normally adopt a more general 

model than Equation (4.1). For example, it is known that for many surfaces, the reflection 

of light can be better described with a dichromatic model consisted of body reflection and 

specular reflection than the Lambertian model in Equation (4.1). This dichromatic model 

is: 

( ) ( ) ( ) ( ) ( )x b sP C E R S d C E S d
λ λ

λ λ λ λ λ λ λ= +∫ ∫                     (4.5) 

where bC and sC are independent scale factors assigned to model the relative weights of 

the body reflectance and the specular reflectance. 
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A simple approach to finding the illuminant estimation is to locate pixel values for 

0bC = which reduces the dimension of unknowns and make the estimation a constrained 

problem. However, a specular reflection often is companied with much higher values 

than that from a body reflection and the pixels are often saturated, conveying no useful 

information about the illuminant. There are other approaches that are better founded in 

theory [35, 36]. However, none of them has proven to work well in practice. 

4.3 The Proposed Method 

Although far from being exhaustive, the above brief review provides a good insight 

to the general methodology to finding solutions to the color constancy problem. It is 

probably fair to conclude that a better solution can be found using the statistics-based 

approach and the success of the approach largely depends on the validity of the 

assumption which is induced from the empirical knowledge about the real world. With an 

attempt to explore more useful information that can be used as prior knowledge or 

constraints for illuminant estimation, a memory color assisted heuristic method through 

color pixel clustering is proposed in this work. Memory colors have been considered as 

an important quality factor in color image reproduction [37], and have been used for 

preferred color reproduction or other image quality related studies [37, 38]. However, 

very limited work [39, 40] was found in the literature search during this study in which 

memory colors are used for illuminant estimation. In [39] skin, sky, vegetation are used to 

assist illuminant detection when near-neutral objects are absent in the scene, and water is 

included as an additional memory color in [40]. In the following text, these two 

contributions will be considered in combination as one “prior art”. In this prior art, 
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segmentation operation is first employed to find all of the large objects in the image, the 

found objects are then classified according to the general range of the considered memory 

colors to set the confidence levels according to the locations of the objects and their 

closeness to the center regions of the memory colors. If the objects found are consistent 

with the illuminant prediction, then the objects with the largest pixel count is selected to 

determine the scene illuminant. 

The method discussed hereafter is a heuristic approach for illuminant estimation 

through the clustering of pixels of neutral colors and three dominant memory colors: skin 

tone, vegetation green, and sky blue based on the observation that most personal 

photographs have at least one type of the following contents: human beings, landscape, 

and sky, on top of gray objects[41]. Compared to the prior art [39,40] in which the 

overhead for high level image segmentation operation of large objects can be a challenge 

for real-time applications, the proposed pixel based method poses a much lower 

complexity requirement for implementation. 

4.3.1 Memory Color Database 

This study employs the spectral database for skin, sky, green, and gray where the 

skin database is from [42, 43], the database for green and gray samples are measured 

from actual reflective surfaces, and the sky database samples are actual measurements of 

the spectral radiance of the sky. Figure 4.1 shows the database of the four colors. 
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                                               (a ) gray                                                              (b ) skin 

 

                                               (a ) green                                                              (b ) sky 

 

Figure 4.1 Spectral database of gray, skin, green and sky. 

 

4.3.2 Color Pixel Modeling and Classification 

It has been learned from Chapter 3 that skin color samples cluster in a small area in 

the chromaticity space with the lightness information removed and the modeling of the 

skin color cluster is a matter of choosing a color space and a mathematic description so 

between the two of them skin pixels can be detected to suit the specific need. The elliptic 
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boundary model [23] is adopted in this work. Assuming the color of a skin sample is 

represented by [ , ]TX x y=  and let 1 2, , ..., nX X X be all the distinctive vectors of the 

training data set and ( ) ( 1,2,..., )i if X f i n= = be the number of samples with color vector 

value of iX . An elliptic boundary model ( ); ,XΦ = Ψ Λ is then defined as: 

[ ] [ ]1( )
T

X X X−Φ = − Ψ Λ − Ψ                                   (4.6) 

where the two model parameters Ψ andΛ are given by: 
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                                (4.7) 

Given a threshold λ and the color vectorX , X is classified as skin color if 

( )X λΦ < or a non-skin color otherwise. 

The mathematic details of the computation of the principle axis can be described as 

follows [44, 45, 46], assuming the covariance matrix is represented as: 

00 011

10 11

λ λ
λ λ

−  
Λ =  

 
                                                  (4.8) 

( )XΦ can then be expanded to the following form: 

2 2
00 0 01 10 0 0 11 0

2 2
0 0 1 0 0 2 0

( ) ( ) ( )( )( ) ( )

( ) ( )( ) ( )

X x x x x y y y y

x x x x y y y y

λ λ λ λ
µ µ µ

Φ = − + + − − + −

= − + − − + −
        (4.9) 
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An angle θ to rotate the x y− coordinates to the principle axes is: 

01

00 11

2
0.5arctan

λθ
λ λ

 
=  − + 

                                    (4.10) 

The two parameters related to the principle axes are: 

2 2
00 01 11

2 2
00 01 11

cos ( ) sin(2 ) sin ( )
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The length of the two axes of the elliptic boundary are 1 / a and1/ b  and: 
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    (4.12) 

In Figure 4.1, the elliptic boundaries of the color samples of gray, green, skin, and 

sky under a selected set of CIE standard illuminants are plotted. The spectral sensitivity is 

measured from a Canon G9 which is used to capture all of the test images used for this 

study. 

Note that sky samples are plotted as one cluster without differentiating illuminants 

due to the different nature between sky and the other colors. Instead of being a reflective 

surface, sky is recorded by the image sensor through its radiance, without reflectance 

involved.  Its modeling should therefore be modified to: 

( ) ( )xP E S d
λ

λ λ λ= ∫                                        (4.13) 

which removes the reflectance spectra from Equation (4.1). 
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Figure 4.2  Chromaticity distributions of the color database under different CIE 
illuminants. 

 

In terms of color space selection, the channel ratio /R Gand /B Gis used. This color 

space directly uses sensor raw RGB data to avoid the difficulties in converting raw RGB 

data to other color spaces [40], and can take advantage of the immediate availability of 

camera RGB data at the very beginning of the color pipeline, where white balancing is 

applied in most commercial cameras’ pipelines. An additional advantage that needs to be 
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pointed out is that unprocessed sensor raw RGB data preserves all information available 

to the sensor  about the scene illuminant, because any form of transformation can result in 

information loss if clipping happens during the color space conversion process. 

4.3.3 Algorithm Example 

In this section, the proposed algorithm is demonstrated using the image shown in 

Figure 4.3 which has skin, sky, green and gray pixels all in the same image. 

The test images were taken with the calibrated Canon G9 using automatic exposure 

control that allows saturation. Pixels with at least one or more color planes saturated are 

discarded and are shown as black in Figure 4.4 where the detected color pixels are shown 

as white. The illuminants used throughout the study are D75, D65, D55, D50, F11, F6, 

CWF, A, and Horizon, and the selection can be flexibly adjusted. Intuitively, blue sky 

only appears on a sunny day corresponding to outdoor illuminant. For this reason, sky 

isonly used as an outdoor indicator in this algorithm. 

 

 

Figure 4.3: Example image with skin, green, sky and gray pixels. 
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Figure 4.4: Detected color pixels under D55. Top left: gray. Top right: skin. Bottom left: 
green. Bottom right: sky. 

  

Table 4.1 Color pixel classification of the example image. 

 D75 D65 D55 D50 F11 F6 CWF A Horizon 

Gray 25426 58295 134598 244011 148411 72848 97771 1935 16 

Skin 148112 141589 65504 57098 2305 5009 6334 10 0 

Green 114258 262118 556562 570697 467943 184644 57915 739 3 

Sky   129770 129770      

Total 287796 462002 886434 1001576 618659 262501 141286 2684 19 
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4.4 Experimental Results 

4.4.1 Performance Evaluation in Perspective 

There have been some important contributions dedicated to the comparison of color 

constancy and illuminant estimation algorithms [47, 48]. The evaluation of such 

algorithms usually requires the compilation of a test image and illuminant database, 

implementation of algorithms for comparison, collection of data for the parameter 

calibration of each algorithm, selection of quality measures, and parameter tuning for the 

optimized performance, etc. Due to the complexity of the illuminant estimation problem 

itself, each of the above aspects can be a non-trivial research topic. As probably the most 

comprehensive example, the comparisons in [47] used 1000 synthetic scenes randomly 

generated for each number of 4, 8, 16, 32, 65, 128, 256, 512, and 1024 surfaces and a 

randomly selected illuminant from the test illuminant database using six error measures 

including a vector distance error in ),( gr space, an angular error which is considered to be 

interchangeable with the vector distance error, a vector distance error in ),,( BGR space, 

the difference in BGR ++ between the illuminant and the estimate, and two error 

measures for corrected images and the exact target image taken under the canonical 

illuminant. Its counterpart with real images [48] used 321 images consisted of 30 scenes 

illuminated by 11 illuminants, and the evaluation was performed using the first four error 

measures mentioned above.  The color by correlation algorithm in [32] was experimented 

with a smaller set of synthesized images similarly generated with an added constraint that 

at least 40 percent of the image should be occupied by a single surface reflectance.  

Comparing to the real images that were exclusively captured with controlled laboratory 
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setups with no people or sky in the scenes, the examples in [32] showed that the real 

images were taken under both controlled laboratory setup and outdoors, with some 

dominant background color. 

Undoubtedly, these contributions laid important groundwork for the comparison of 

illuminant estimation and color constancy algorithms and set forth a benchmark for later 

researchers. However, the test set used in the algorithms [47, 48] contain relatively few 

unique scenes, all of which are indoor lacking people, plants or sky.  The proposed 

algorithm is intended for real life images that are formed by both reflectance and radiance 

models, and are therefore better tested with real life scenes.   

The purposes of the experiments in this study are bi-folded: to verify the assumption 

that memory color pixels can be classified through pixel clustering, and that they can be 

used for effective illuminant estimation. Two experiments were conducted for this study 

both using real images captured with the calibrated camera with automatic exposure 

control enabled which allows saturated pixels. Flash was disabled because no knowledge 

is available about the spectral power distribution of the flash. 

4.4.2 Proof of Concept Experiment 

The purpose of this experiment is to examine whether the assumption that color 

pixels can be classified using the characterized parameters through the cluster analysis 

holds, how effective the detection is, and how much it is affected by noise and other 

unpredictable factors. More than three hundred images were captured under a variety of 

conditions including outdoor scenes with people on sunny and overcast days, during 

different times from sunrise to sunset, and indoor scenes. The environments these images 
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were captured include parks, parking lot, shopping malls, grocery stores, specialty stores, 

beach, etc. The color pixel detection shown in the earlier example was performed for 

each individual image under each of the selected illuminants, and the results were 

visually inspected by the author and it was concluded that the proposed algorithm can 

effectively classify color pixels as desired. 

4.4.3 Performance Evaluation through Comparison 

A smaller set of images were captured with similar coverage of scenes as the first 

experiment, except that for each scene, an additional image was captured with a Macbeth 

ColorChecker included for the later quantitative analysis purpose, and these images were 

counted towards the total number of test images. The algorithm is compared with the 

grey-world method for this part of evaluation. 

The grey-world method was chosen in this performance evaluation for two important 

reasons. The first reason lies in the grey-world algorithm itself: it is the most fundamental 

method for illuminant estimation, it can be implemented with no parameters and is 

therefore tuning independent, and it offers reasonable performance in practice. The 

second reason is that the algorithm is based upon an assumption about the real world that 

we can see gray, skin, sky, and foliage in almost all real life images, which is analogous 

to the assumption that the world is gray. Max RGB, another algorithm that is based on 

some basic assumption about the world, was first included in the comparison as well but 

later excluded because it is sensitive to pixel saturation and vignetting. By comparison, 

the proposed algorithm and the grey-world method are both robust to noise and other 

artifacts that are common in sensor raw RGB images. 
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The vector distance error is adopted as the error measure for this evaluation. For each 

scene, its white point is measured using the non-saturated gray patches on the 

ColorChecker [49] as ],,[ realrealreal bgr  , the white point estimated by the algorithms is 

],,[ estiestiesti bgr ,  and the error term is computed as 

22 )()( estirealestireal ggrr −+−=ε
                               

(4.14) 

and the RMS error is calculated as 

∑
=

=
N

i
RMS N 1

21 εε
                                              

(4.15) 

 

Table 4.2 White point estimation error statistics. 

 
error max min RMS median mean 

Memory 
Color 

7.4239 0.2433 0.3967 2.0387 2.6908 

Grey-world 8.0401 0.6226 0.4656 2.9685 3.2805 

 

The results show that the proposed memory color based algorithm outperforms the 

grey-world algorithm.  

4.5 Conclusions 

Memory colors have been extensively studied in the past and have been used for 

purposed such as object recognition and preferred color reproduction. However, the use 

of memory colors in color constancy can only be found in very limited literature in the 

public domain.  

In this chapter, an illuminant estimation algorithm is proposed using an elliptic 

boundary model and color channel ratios for gray and three dominant memory colors: 
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skin tone, sky blue, and vegetation green, with additional heuristic analysis. By distilling 

pixels into different categories in terms of the distance to the calibrated cluster centers, 

multiple “scores” or “signatures” of skin, sky, vegetation, and gray for a number of 

illuminants are established and used for the selection of the estimated illuminant. The 

algorithm requires a spectral database that can be easily measured or collected through 

resources available in the literature and can be reused for other research purposes. Its 

baseline performance was compared against the grey-world method and has superior 

performance.  

The experiments conducted in this work use the simplest baseline implementation of 

the algorithm whose voting strategy is to select the classified color and illuminant 

category with the highest pixel count. There are many possibilities to improve the 

performance within the framework of the proposed algorithm. For example, a more 

carefully designed Bayesian voting algorithm can result in a higher accuracy of the 

estimated illuminant. 
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5 AN ALTERNATIVE METHOD TO SENSOR SPECTRAL 
CHARACTERIZATION 

This chapter reviews sensor spectral characterization process and spectral sensitivity 

estimation methods. An alternative method to sensor spectral characterization is proposed 

for the parameter calibration for the illuminant estimation algorithm discussed in Chapter 

4 and some experimental results are reported [50]. 

5.1 Sensor Spectral Characterization 

In Chapter 2, the color image formation process is reviewed and it was explained that 

the color information of an image is determined by the spectral power distribution of the 

incident illuminant, the surface reflectance of the object scene, and the spectral sensitivity 

of the image acquisition system. The spectral sensitivity of the camera is analogous to the 

color matching function and the precise knowledge of a sensor’s spectral sensitivity can 

help color scientists predict the behavior of the image sensor and use the knowledge for 

parameter characterization and pipeline design. 

The accurate measurement of a sensor’s spectral sensitivity at the minimum requires 

a monochromator, a spectroradiometer, and a dark room. A monochromator uses either a 

tungsten or xenon light source and let it pass through an optical path constisted of a set of 

mirrors so that the light of different wavelengths will exit the device at different angles. A 

narrow slit is then used to select which wavelength can go into a diffuser before it is let 

out of the monochromator. A spectroradiometer is a device designed to measure the 

spectral power distribution of illuminants. The relative spectral sensitivity of the sensor is 

calculated as the sensor response with proper pre-processing divided by the radiance 
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measured by the spectroradiometer across the visible wavelength range. Figure 5.1 shows 

a block diagram of the apparatus for the spectral characterization. 

 

Figure 5.1:  Block diagram for sensor spectral sensitivity characterization. 

 

In Figure 5.2, the relative spectral sensitivity of the Canon G9 used throughout this 

study is shown: 

 

Figure 5.2:  Relative spectral sensitivity of the sensor used for this study. 

 

5.2 Spectral Sensitivity Estimation 

Another approach to obtaining the sensor’s spectral characterization is through 

mathematical transformations using images captured with surfaces of known reflectance 

spectra and/or illuminants of known spectral power distributions. Many researchers have 



67 
 

contributed to the topic [51, 52, 53, 54, 55, 56, 57] and following is a short summary of a 

few of them. 

5.2.1 Formulation of the Problem 

In a slightly different format, let us rewrite the color image formation process 

described in Chapter 2 here [56]. Assuming all reflectance spectra are evenly sampled 

across the visible spectrum, r is the 1N × reflectance samples of the object, L is an 

N N×  diagonal matrix sampled from the spectral power distribution of the illuminant, 

im is an 1N × vector sampled from the spectral sensitivity of the sensor module and iη is 

the noise term, then the response of the thi channel ( 1,2,3i = for trichromatic sensors) 

will be: 

T
i i it η= +r Lm                                                 (5.1) 

Expanding the above representation to include K surfaces such that 

1 2[ , ,..., ]Ti i i Kit t t=t is an 1K × response vector, 1 2[ , , ..., ]K=R r r r is an N K× reflectance 

matrix, and 1 2[ , ,..., ]Kη η η=η  is a 1K × noise vector, then: 

T
i i i= +t R Lm η                                               (5.2) 

The problem of spectral sensitivity estimation is now finding im from it ,R andL . 

The reflectance spectra of the selected surfaces should be known for the estimation, 

depending on whether the knowledge about the illuminant spectra, Equation (5.2) can be 

rewritten as: 

T
i i i= +t W s η                                                 (5.3) 
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where ,i i= =s Lm W R  if the illuminant spectrum is unknown a priori and 

, T
i i= =s m W L R if the illuminant spectrum is known a priori. 

5.2.2 Pseudo-Inverse Estimation 

Without considering noise, the sensor spectral sensitivity could be solved as a least 

squares regressions problems: 

arg  min  T

y
= −s t W s
⌢                                            (5.4) 

where the minimization is for all possible  1N × vectors. 

The solution to the problem is readily obtained in terms of pseudo inverse as: 

1( )T
PI

−= =s RR Rt R t
⌢

                                             (5.5) 

where PIR is the pseudo inverse of R . In terms of the singular value 

decomposition(SVD), TU V= ΛR , the least-squares solution can be written as: 
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If white noise is considered, the mean squared estimation error is given by: 
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where S represents a good estimate of the spectral sensitivity. The pseudo inverse 

solution suffers from a serious practical problem in that the spectral R of natural objects 

is highly ill-conditioned and has only seven to eight significant singular values [58, 59] 

which are not sufficient for arriving at a good estimate. Even at low noise levels, the 

higher order singular values of W are small compared to 2ησ making the second term of 

the estimation error in Equation (5.7) large. The pseudo inverse approach is highly 

sensitive to noise and yields extremely poor spectral sensitivity estimation for normal 

cameras. 

5.2.3 Principle Eigenvector Estimation 

The sensitivity of the pseudo inverse approach to noise is greatly reduced if only the 

singular vectors corresponding to the significant singular values are used in the solution, 

i.e., singular vectors with small 2iσ are not included. The estimated sensitivity becomes: 

'

1

( )TP
i

i i

v

σ=
=∑

t
s
⌢

                                                       (5.8) 

This solution is referred to as the Principle Eigenvector (PE) solution and is far less 

sensitive to the pseudo inverse solution. 

5.2.4 Smoothing Estimation 

Smoothing estimation [60] is a constrained format of the pseudo inverse estimation. 

Knowing that S is normally smooth, some smoothing constraints are imposed on the 

solution given by: 

1 1 1( )T− − −=s M R R M R t
⌢                                      (5.9) 
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where M is a smoothing matrix of the typical form: 

1 2 1 0 . . . . . . . . . 0

2 5 4 1 0 . . . .

1 4 6 4 1 0 . . .

0 1 4 6 4 1 . . .

0 0 1 4 6 4 . . .

. . 0 1 4 6 . . .

. . . . . . . . . . . . . .

. . . 4 1 0 0 . .

. . . 6 4 1 0 0 0

. . . 4 6 4 1 0 0

. . . 1 4 6 4 1 0

. . . 0 1 4 6 4 1

. . . 0 0 1 4 5 2

0 . . . . . . . 0 0 0 1 2 1

− 
 − − 
 − −
 − − 
 − −
 

− 
 
 =

− 
 −

 − −
 − −
 − −


− −
 − 

M










       (5.10) 

Since M is singular, it must be slightly modified as: 

' ε= +M M I                                                      (5.11) 

where ε is a reasonably small constant such as 1010− [61]. 

5.3 Motivation in Context 

In Chapter 4, a memory color assisted illuminant estimation algorithm is discussed. 

The parameter calibration of this algorithm requires the spectral database of the color 

samples, the spectral power distribution of a set of standard illuminants, and the spectral 

sensitivity of the image sensor. Among these data sets, the spectral database of the color 

samples and illuminants can be easily measured or collected from the literature and can 

be safely reused later. The spectral sensitivity of the sensor, however, needs to be 
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measured for each sensor model which should also include the spectral transmittance of 

the IR cut filter. In practice, the spectral sensitivity of the sensors can vary from module 

to module due to variations in the fabrication process and sometimes this variation can be 

so significant that the measurement from one module could not be used to predict the 

behavior of another module. Some manufacturers therefore perform customized 

parameter calibration for each individual device for their high end product lines. 

The exact knowledge of the spectral sensitivity of the image sensor is required by 

many color processing algorithms, however, its accurate measurement is not readily 

available. The spectral measurement is time consuming and requires dedicated laboratory 

setup which may be a prohibiting factor for some researchers. It is desirable to find a 

“quick and dirty” trick that could satisfactorily substitute the need for the exact 

knowledge of the spectral sensitivity of the sensor, and the thought naturally came to the 

idea of using images captured from a standard test target. 

5.4 The Proposed Method 

Let us now resume the notations used in Chapter 2. Let N be the number of points 

from sampling the effective wavelength range (for example, 31N = if we sample 400nm 

to 700nm every 10 nanometers), and M  be the number of reflective surfaces of the 

scene, then: 

( )diag

   
   = ⋅ ⋅   
      

r

g

b

R S

G S E R

B S
   

                                    (5.12) 

or more densely: 
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( )diag= ⋅ ⋅RGB S E R                                            (5.13) 

where RGB is the sensor’s original response (3 M× matrix), S is the sensor’s relative 

spectral sensitivity (3 N× matrix), ( )diag E is the spectral power distribution of the 

illuminant ( N N× matrix), and R is the scene’s spectral reflectance (N M× matrix). 

Assuming a Macbeth Colorchecker is used in the estimation process, then 24M = . 

If another set of reflectance surfaces 1R ( 1N M× matrix) is captured under the same 

illuminant, then: 

1 1( )diag= ⋅ ⋅RGB S E R                                       (5.14) 

and an estimate using RGB  can be obtained as: 

1 1

1

( ) PI

PI

diag= ⋅ ⋅ ⋅ ⋅
= ⋅ ⋅
RGB S E R R R

RGB R R

⌢

                           (5.15) 

where 1( )T
PI

−=R RR R is the pseudo inverse of R . 

Equation (5.13) presents a “hybrid” model of the image formation process in which 

the spectral data that are relatively convenient to collect and safe to reuse are kept in their 

original spectral format, whereas the hard-to-acquire spectral sensitivity of the sensor is 

absorbed into the captured raw image data through some mathematical estimation, 

eliminating the needs for spectral characterization or estimation. With Equation (5.13), 

the response of the color samples used in Chapter 4 can be predicted for the same 

illuminant by using a real image captured with a standard test target. 

The image acquisition process is seldom an ideal case. A real system always has 

artifacts including DC and AC offsets, non-linearity, noise, vignetting, etc. In order for 

the captured raw data to match the mathematical model satisfactorily, proper offset 
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subtraction, data linearization, and compensation for vignetting and noise are needed for 

pre-processing.  

The images of the test target during this study were captured using a JudgeII 

lightbooth under D75, D65, CCW, TL84, illuminant A, with an additional image 

captured outdoors with a daylight color temperature of around 5500K. 

After the above described processing steps, we can now re-plot the gray samples on 

the r/g vs. b/g coordinates. For comparison purposes, the spectral power distribution of 

the above illuminants were recorded and used to generate the plots for the same samples 

using Equation (5.13), as shown in Figure 5.3, where each sample is plotted for all of the 

above listed illuminants using both Equation (5.13) (marked by a dot) and Equation 

(5.15) (marked by an asterisk).  For each illuminant, a unique color is selected. 

Figure 5.2 shows that the gray samples plotted using Equations (5.13) and (5.15) 

match closely. However, some samples calculated using Equation (5.13) have large 

deviations from the cluster centers. To minimize the cluster characterization error caused 

by these samples, for a sample with chrominance vector [ , ] [ / , / ]r b R G B G=

corresponding to a cluster with a mean chrominance of ],[ br and standard deviation of 

],[
br

σσ , it will be excluded from the cluster characterization if
r

Thrrabs σ⋅>− )(  or 

b
Thbbabs σ⋅>− )( where Th is a constant.  

With the calibrated cluster centers and axes after excluding the outliner samples, a 

pixel is classified as belonging to one of the clusters if it satisfies Equation (4.7). The 
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final determination of the detected white point is a weighted sum of all of the detected 

gray pixels for all of the illuminants being considered. 

 

Figure 5.3:  Gray samples calculated using measured sensor sensitivity and values 
measured from ColorChecker images. 

 

5.5 Experimental Results 

The parameters calibrated following the above procedure are applied to the same 

image database used in Chapter 4 which has more than one hundred images covering a 

variety of real-life scenes. For each scene, two identical shots were taken with a Macbeth 

ColorChecker in one of them, and the gray patches of the ColorChecker were used to 

compute the ground-truth white point of the scene. These images are processed using 
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grey-world method and the proposed pixel clustering method with parameters calibrated 

using Equations (5.13) and (5.15), respectively. 

For performance evaluation, the same error metrics are adopted here in which the 

white point of the illuminant is measured using the non-saturated gray patches on the 

ColorChecker as ],,[ realrealreal bgr  , and the white point estimated by the algorithm is 

],,[ estiestiesti bgr , then the vector distance error is computed as: 

22 )()( estirealestireal ggrr −+−=ε
                             

(5.16)
                                           

and the RMS error is defined by: 

∑
=

=
N

i
RMS N 1

21 εε
                                              

(5.17)
   

                                                                               
Table 3.1 summarizes the statistics of this performance comparison, where the 

second row holds results using parameters calibrated using the measured spectral 

sensitivity, the third row is for parameters calibrated with the alternative method 

proposed in this chapter, and the last row are results using the grey-world method.  

From this table, we can see that the proposed parameter calibration method has a 

slightly degraded performance compared to its counterpart using parameters calibrated 

with spectrally characterized sensor sensitivity, but it still offers reasonable performance, 

considering that it outperforms the grey-world method, which has been proven to have 

reasonable performance in the real world. 
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Table 5.1  Performance comparison (all numbers are multiplied by 100). 

error max min RMS median mean 

Curve 6.31 0.26 0.25 2.57 2.67 

ColorChecker 7.39 0.56 0.31 3.11 3.21 

Grey- world 8.04 0.62 0.42 2.97 3.28 

5.6 Conclusions 

In this chapter, a “hybrid” method is presented as an alternative to sensor spectral 

characterization or estimation. Experimental results have shown that this method can be 

used as a substitute when exact sensor spectral sensitivity is not available with acceptable 

performance. 

The proposed method does not require the exact spectral knowledge of the 

illuminants for parameter calibration. When the camera is expected to work under some 

non-standard illuminants, the calibration parameter can be conveniently adjusted using 

images of a standard test target taken under those actual illuminants. 
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6 COLOR CORRECTION MATRIX OPTIMIZATION WITH HUE 
REGULARIZATION 

In this chapter, a color correction matrix optimization algorithm with hue 

regularization is proposed [62]. On top of the CIELAB color difference, a rotational hue 

constraint is included in the matrix optimization process to address the importance of hue 

in the subjective quality of color reproduction. 

6.1 Introduction 

Among the many factors that can affect the subjective quality of an image, color 

reproduction is widely agreed to be a major one. Observers are able to judge the quality 

of the color reproduction of an image without knowledge of the actual scene with the 

help of a capability developed from everyday life experiences and some memory colors 

such as human skin, blue sky and green vegetation are often used as important references 

during this assessment. Memory colors refer to certain colors associated with our daily 

life in such a way that observers can easily connect an object with a certain color in their 

memory. Memory colors have two important attributes:  1) these colors exist in fairly 

consistent manners in nature; 2) they appear often enough such that every observer has 

his or her own memory for these colors. As just mentioned, skin tone, sky blue, and green 

are dominant memory colors and the quality of their reproduction can greatly affect the 

subjective quality of an image. 

As a common practice for digital image pipelines, color constancy is an essential and 

sometimes the only functional block in terms of color processing. Most of the color 

constancy algorithms consist of a two-stage process: during the first stage, the white point 
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of the scene is estimated, and a diagonal matrix is applied to white balance the image; 

during the second stage, which is the concern of this chapter, a color correction matrix is 

optimized for the specific image sensor, and the resulting matrix is applied to the white 

balanced image so that the data in the device color space can be transformed into a device 

independent standard color space. The optimization of this color correction matrix can be 

achieved by minimizing a cost function such as the color difference defined by CIE76, 

CIE94 or CIEDE2000 using the naïve least-squares regressions or with constraints such 

as the white point preserving least squares regressions method [63, 64]. We can realize 

from examining the above definitions that the mathematical representation for color 

difference has evolved from a simple equation to a quite sophisticated form with 

improved perceptual uniformity along the path yet leaving rotational hue error, or in other 

words the direction of the color error out of consideration, which can be of greater 

importance than the magnitude color difference.  

On the other hand, preferred color reproduction is widely known as an efficient 

approach to achieving improved subjective quality of digital color pipelines and has 

attracted much research interest in the public domain. Some recent publications include 

methods such as the image-wide histogram manipulation based on the detected skin 

pixels[65], modeling skin color using Guassian distributions in the ' 'Yu v space and 

transform those pixels into the preferred color zone[66], or finding memory color pixels 

in explicitly defined CbCr zones and apply some operator to these pixels to achieve 

preferred rendition[67]. 
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In this chapter, a color correction matrix optimization algorithm with hue 

regularization is proposed for preferred color reproduction. 

6.2 Statement of the Problem 

This section reviews the color image formation process and the essential color space 

transformations that convert image data from the device dependent RGB color space to 

the perceptually uniform CIELAB color space. Related reviews can be easily found in the 

public domain but it is necessary to include them in this text for completeness and 

reference purposes. A brief review of previous work in color correction matrix 

optimization is provided and the importance of the rotational hue error is demonstrated. 

6.2.1 Color Image Formation and Color Space Transformations 

Let us rewrite the color image formation process here: for any specific pixel location 

xof an mrow by n  column image, given an illuminant with a spectral power distribution 

( )E λ , the corresponding surface reflectance ( )R λ , and the relative spectral sensitivity of 

the image sensor ( )S λ , the resulting value of the pixel xP can be formulated as: 

( ) ( ) ( )xP E R S d
λ

λ λ λ λ= ∫                                         (6.1) 

We will now rewrite Equation (6.1) in matrix format for better mathematical 

manipulability. Let N be the number of points from sampling the effective wavelength 

range (for example, 31N = if we sample 400nm to 700nm every 10 nanometers), and M

be the number of reflective surfaces involved in the scene under consideration, then the 

following equation can be written: 
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( )diag

   
   =   
      

r

g

b

R S

G S E R

B S

i i                                           (6.2) 

or in a more condensed form: 

( )diag=DRGB S E Ri i                                               (6.3) 

where DRGB is the sensor’s original response (3 M× matrix), S is the sensor’s relative 

spectral sensitivity (3 N× matrix), ( )diag E is the spectral power distribution of the 

illuminant (N N× matrix), and R is the scene’s spectral reflectance (N M× matrix). 

Similarly, the tristimulus values for the same stimulus and reflectance surfaces can 

be written as: 

( )diag

   
   =   
      

X x

Y y E R

Z z

i i                                            (6.4) 

or: 

( )diag=XYZ xyz E Ri i                                            (6.5) 

where XYZ is the tristimulus values (3 M× matrix) andxyz is the CIE color-matching 

functions (3 N× matrix). 

Equation (6.5) provides us with a quantitative description of the device dependent 

image data DRGB which can be converted into the device independent tristimulus values 

XYZ through a 3 3× linear transformation. It is worth noting that this mapping can at 

most be optimized in the least-squared-errors sense [68] since a linear transformation 
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hardly exists between the sensor’s spectral sensitivity S and the CIE color-matching 

functions xyz.  

The conversion from the device data DRGB to the standard color space which is 

normally sRGBcan then be achieved with the white balance and color correction 

matrices. If we use RGB to denote a 3 M× matrix in the linear sRGBspace, ( )diag WBM

for a 3 3× diagonal white balancing matrix, and CCM for the 3 3× color correction matrix 

which is the focus of this study, then the following equation can be written: 

( )diag= WB CC DRGB M M RGBi i                                    (6.6) 

While the actual processing within the digital pipeline may stop here, for matrix 

optimization purposes, we need to continue with the transformation from RGB toXYZ

which is defined by: 

= 709XYZ M RGBi                                                 (6.7) 

and for D65:  

0.4124 0.3576 0.1805

0.2126 0.7151 0.0721

0.0193 0.1192 0.9505

 
 =  
  

709M                                    (6.8) 

The above XYZ values can now be transformed to the approximately perceptually 

uniform CIELAB space as: 

*

*

*
)

116 ( / ) 16

500 [ ( / ) ( / )]

200 [ ( / ( / )]

ab n

ab n ab n

ab n ab n

f Y

f X f Y

f Y f Z

= −

= −

= −

L Y

a X Y

b Y Z

i

i

i

                               (6.9) 
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where nX , nY and nZ are the tristimulus values of the reference white point, and 

1/3 3

2

,                       if  (6 / 29)
( )

1 / 3 (29 / 6) 16 /116,     otherwise
ab

t t
f t

t

 >
= 

+ i

                      (6.10) 

The aim of the color correction matrix optimization process is to solve for CCM  so 

that certain criteria can be satisfied. One example is to define a cost function which could 

be the average CIE76 *
abE∆ , CIE94 *

94E∆ and CIEDE2000 *
00E∆  [69] of the test target 

patches used for the optimization and the condition for the optimization is to minimize 

this cost function.  

In this work, the optimization process is constrained so that the hue of certain target 

colors can be precisely reproduced without overly worrying about the total magnitude 

error or perceptual uniformity of the modeling process. In order to improve the 

mathematical manipulability as well as for demonstration needs, color difference CIE76 

*
abE∆ is used in the study and the color difference referred to hereafter will be *

abE∆ . *
94E∆

was also tested during the preliminary experiment stage for comparison purposes and the 

results were very similar. Given a reference set of *
refL , *

refa and *
refb and the actual set of 

data *L , *a and *b  the color difference can be defined as: 

* * *

* * *

* * *

* *2 *2 *2

ref

ref

ref

ab

∆ = −

∆ = −

∆ = −

∆ = ∆ + ∆ + ∆

L L L

a a a

b b b

E L a b

                                          (6.11) 
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6.2.2 Previous Work 

Existing techniques for the optimization of color correction matrix include the naïve 

least-squares (LS) regressions which minimizes *abE∆ , white-point preserving least-

squares (WPPLS) regressions [62] which is a constrained form of LS with additional 

requirement that the sum of each row of the matrix to be 1, weighted white-point 

preserving least squares (WTWPPLS) regressions which increases the weight of certain 

patches of the test target in the process for more visually pleasing colors [64] 

Generally applicable to the above mentioned or other algorithms as well as the topic 

discussed in this work, the transformation between the device RGB and the tristimulus 

XYZ including linear constraints can be modeled linearly, and a solution can be 

analytically derived up to the point of XYZ . Taking the simplest naïve least-squares 

method as an example, given the reference tristimulus refXYZ , the problem can be 

described as finding a solution to minimize the following cost function: 

2

LSf = −refXYZ XYZ                                               (6.12) 

where i is the 2L norm of ( )i and 

= =709 WB CC D DXYZ M M M RGB M RGBi i i i                   (6.13) 

in which M is the product of the two known matrices 709M  and WBM (let us ignore 

chromatic adaptation in this discussion) and the target matrix CCM that we need to solve 

for. 

Taking the first derivative of Equation (6.13) and setting it to zero, we can arrive at 

the following equations: 
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( ) 0− =
=

=

T
ref

ref

T T
ref ref ref

M XYZ M RGB

XYZ M RGB

XYZ XYZ M RGB XYZ

i i

i

i i i

                         (6.14) 

where the superscript T denotes the transpose of a matrix, and the final solution is: 

1( ) ( )−= T T
ref ref refM XYZ XYZ RGB XYZi i i                          (6.15) 

The solution found by Equation (6.15) does not guarantee to minimize the color 

difference of any definition since it is at best optimized in a least-squares sense and the 

optimized solution will not remain optimal after non-linear transformations. Nonetheless, 

it is a good initial value for the numerical approach that follows in this optimization 

process. Readers interested in more advanced analysis in the linear domain can refer to 

[62] and [70]. 

6.2.3 Taking Directional Hue Error into Account 

The above discussed constrained or non-constrained methods utilize magnitude 

errors as their metrics while discarding any information about the directional hue error, 

which could be of much greater importance than the magnitude error especially when 

preferred color reproduction is concerned. In Figure 6.1, two color samples are plotted: 

skin and sky on the * *a b coordinates with * 65L = . The target *a  and *b values are 

calculated using the light skin and blue sky patches from the Macbeth ColorChecker 

under D65 and the circles have a radius of 8. The just noticeable difference in the 

CIELAB space is around 2.3[71], from the practical point of view as well as for them to 

be better distinguished, the radius was chosen to be 8 in the figure. 
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From this figure, it can be seen that depending on the directional hue error, with the 

same magnitude of color difference from the target, skin can vary from reddish to 

yellowish to greenish, and sky can vary from cyan to blue to purple. Given the range of 

possible variations, observers may have quite different opinions upon the quality of the 

color reproduction of the image. 

 

Figure 6.1: Target skin and sky colors on the * *a b  coordinates. 

 

6.3 The Proposed Method 

To address the above directional hue error and preferred color reproduction issue, a 

hue constrained method for the optimization of color correction matrix is proposed based 

upon the white-point preserving method which can be described by a constrained 

optimization problem as finding a set of parameters represented by vector xsuch that the 

cost function ( )HCf x is minimized where the subscript HC is the acronym for “Hue 

Constrained” : 
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* *2 *2 *2( )

( ) 0

( ) 0

HC abf E L a b

c

ceq

= ∆ = ∆ + ∆ + ∆
≤

=

x

x

x

                               (6.16) 

where 11 12 21 22 31 32[ , , , , , ]x x x x x x=x is a vector containing elements of the 3 3× matrix M

defined in Equation (6.17) : 

11 12 13

21 22 23

31 32 33

x x x

x x x

x x x

 
 =  
  

M                                                 (6.17) 

 

and M  is constrained by the white-point preserving condition: 

13 11 12

23 21 22

33 31 32

1

1

1

x x x

x x x

x x x

= − −
= − −
= − −

                                                   (6.18) 

In Equation (6.16), ( )c x defines a set of inequality conditions and ( )ceq x sets 

equality conditions. In its general form, these constraints can be of different formats, just 

to name a few: saturation, *
abE∆ , magnitude or directional hue error. For this research, 

however, only directional hue error is considered. Given a target color, its directional hue 

error h∆ is defined as the difference between the actual hue hand the target huerefh :  

refh h h∆ = −                                                       (6.19) 

in which hue angle is limited to be between 0 and 360 degrees. Let us denote 

1 * *
int tan ( )h b a−= , then: 

int int

int int

    180,                 if 0     

(2 ) 180,        if 0

h h
h

h hπ
≥

=  + <

i

i
                               (6.20) 
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We have reviewed how a matrix can be optimized for the transformation between the 

deviceRGB and the tristimulus XYZ . The rather complex definitions of color difference 

and the trigonometric nature of the just described rotational hue constraint prohibit us 

from arriving at an analytical solution to the above optimization problem and let us leave 

this task to the publicly available tools using well studied numerical methods.  

6.4 Experimental Results 

This section reports some experimental results of how the hue regularization 

constraints work through synthesized and real images. To isolate this study from artifacts 

that are intrinsic to the image acquisition system such as vignetting, non-linearity, noise, 

etc., images are spectrally calculated with the spectral sensitivity of the Canon G9 used 

throughout this study. 

In Figure 6.2, the Macbeth ColorChecker values on the a*b* coordinates under 

different illuminants are plotted. In the figure, the target coordinates of the 24 patches are 

marked with black dots, blue bars connect values corrected with matrix optimized using 

WPPLS with target values, and red bars connect results corrected with matrix optimized 

using WPPHR method with target values. For this demonstration, hue constraints were 

applied to patch 2 to limit its hue error to be smaller than 0 degrees. Additional 

constraints for abE∆  errors were applied to keep the magnitude of color errors of 

individual patches under control.  
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Figure 6.2: Target and corrected Macbeth ColorChecker values on the a*b* coordinates. 
From top left to top right to bottom: D65, A, CWF. 

 

Figure 6.3 shows the simulated Macbeth ColorChecker images corresponding to the 

values in Figure 6.2, and the color errors are summarized in Table 6.1. Since h∆ has to be 

associated with abE∆ to be meaningful, only abE∆ is listed in the table. In Figure 6.4, the 

original of a real life image is shown as an example. This image is manually white 

balanced and color corrected using matrices optimized with different constraints, as 

shown in Figure 6.5. In this example, constraints were applied to sky, skin, and grass one 

at a time, and all together for a comprehensive demonstration.  
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Figure 6.3: Simulated Macbeth Colorchecker images. Top to bottom row-wise: D65, A, 
CWF. Left to right column-wise: target, camera raw RGB corrected with matrix 
optimized using WPPLS, camera raw RGB corrected with matrix optimized using 
WPPHR. 

 

 

Figure 6.4: Image before white balancing and color correction. 
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Figure 6.5: Real image example for demonstration of the effect of different hue 
constraints. Top left 1): WPPLS; Top right 2): WPPHR with constraints to make sky 
more cyan.  Middle left 3): WPPHR with constraints to make skin more yellow. Middle 
right 4): constraints to increase the saturation of grass. Bottom left 5): WPPHR with all 
skin, sky, and grass constraints combined. Bottom right 6): WPPHR with all constraints 
but slightly different from 5). Comparing to 1), the sky in 2) is more cyan, the skin in 3) 
is more yellow, the grass in 4) has a slightly different hue (less blue in grass, the added 
constraint) and higher saturation comparing to 2) and 3). The final results in 5) and 6) 
show two different cases where we intended to correct all sky, skin, and grass colors with 
slightly different flavors.  
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Table 6.1  Comparison of color errors. 

  WPPLS WPPHR 

D65 

Mean 
abE∆   2.3391 3.2522 

Max 
abE∆  8.3406 7.4972 

Min 
abE∆  0.1313 0.1763 

A 

Mean 
abE∆   2.6028 3.8899 

Max 
abE∆  7.5754 12.4905 

Min 
abE∆  0.2085 0.2085 

CWF 

Mean 
abE∆   1.9277 7.1291 

Max 
abE∆  5.8964 15.6075 

Min 
abE∆  0.2110 0.2112 

 

6.5 Conclusions 

In this chapter, a color correction matrix optimization method with hue 

regularization is proposed to address the importance of hue error in color reproduction 

with application in preferred color reproduction. Examples of the proposed algorithm 

using both synthesized and real images were given to demonstrate the effectiveness of the 

proposed method. Experimental results have shown that a color correction matrix 

optimized with hue regularization constraints can change the visual appearance of the 

corrected image for preferred color reproduction if the constraints can be satisfied by the 

optimization process, at the cost of a higher total magnitude of color error.  
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7 PREFERRED REPRODUCTION OF MEMORY COLORS: A 
PSYCHOPHYSICAL STUDY 

In the previous chapter, a color correction matrix optimization algorithm with hue 

regularization is proposed. This chapter reports a psychophysical study which is 

conducted to systematically find out observer preference for the reproduction of memory 

colors[72] . The selection of test scenes will first be described, the detailed procedure of 

the experiment is then provided with data analysis. A general recommendation for the 

optimized preferred color reproduction is concluded at the end of the chapter. 

7.1 Test Scenes 

Hue constraints applied during the matrix optimization process will affect the overall 

color accuracy as reported in Chapter 6 and can also lead to some trade-offs between 

saturation and noise. Since noise can affect an observer’s color preference [73], to prevent 

noise from becoming a tradeoff during the subjective evaluation, only scenes with 

sufficient lighting were used for this study. To better isolate the different aspects of the 

problem and stay focused, the study was limited to the preference for memory colors and 

other aspects such as artifacts from chromatic aberration were made not visually 

detectable. It was also assumed that among the dominant memory colors, sky and 

vegetation can mostly be found outdoors, whereas skin can be seen both outdoors and 

indoors. 

Figure 7.1 depicts eight of the eleven carefully selected scenes used during the study. 

The images that are not listed are indoor images taken in an office with neutrally colored 

background, one with a male Caucasian as the main object and some colorful objects in 
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the background (let us call this scene “Caucasian”), one with the same background except 

with a male Asian as the main object (let us call this one “Asian”), and the last one has 

the colorful objects in the previous two except they are now the main objects of the scene 

(let us name this one “Toys”). 

In the above scenes, the “House” image has all three of skin, sky, and green colors as 

well as some skin-colored artificial object (the roof). The “OutdoorPortrait” image is a 

cropped version of the “House” image with an intention to increase the proportion of the 

skin and see how this change affects observers’ preferences. The “Creek” image has 

relatively rich textures and the only memory color in the scene is the different shades of 

green. The “Lake” image is mainly composed of sky and grass, with some skin-colored 

roof in the background. The “FlowerPots” scene is consisted of purely artificial objects in 

which some of the pots may fall into the category of skin color. The “GreenFlowers” 

scene has different shades of green and some colorful flowers with rich textures. The 

“MixedFlowers” scene is rich in texture and has bright-colored flowers. The 

“OrnamentalGrass” scene has shades of green in both of the foreground and the 

background and the color of the grass is not easy for observers to recall from their 

memory. 

All of the above scenes have a resolution of 1852 1324× except the “OutdoorPortrait” 

scene which is cropped to 1200 900× .  
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                                       (a ) House                               (b) OutdoorPortrait 

 

      
                                     (c )  creek                                          (d) Lake 

 

      
                                 (e ) FlowerPots                              (f ) GreenFlowers 

 

       
                              (g ) MixedFlowers                       (h) OrnamentalGrass 

Figure 7.1: Partial list of the test scenes. 
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7.2 Test Setup and Procedure 

All of the evaluations were performed in a dark room with an EIZO ColorEdge 

CG241W high-end monitor. All observers have normal color vision and they were asked 

to adjust the seating until their eyes are aligned with the center of the monitor before the 

evaluation starts. The viewing distance is about 85 centimeters.  

A pilot rank order study was first carried out to assist the selection of constraints. A 

full length evaluation starting with a rank order experiment followed by a paired 

comparison experiment was then conducted and their details will be reported in the later 

sections. 

7.3 A Rank Order Study 

The rank order study was carried out in a few steps. A pilot experiment was first 

conducted using the “House” image. With the Macbeth ColorChecker in the scene, the 

light skin patch (patch 2), the blue sky patch (patch 3) and the foliage patch (patch 4) 

were used as target colors for skin, sky, and green, respectively. Through varying the hue 

constraint for each patch from 012− to 012 with a 02  step, 13 matrices were calibrated for 

each color and they were then applied globally to the image creating 13 images numbered 

from 1 to 13 correspondingly. With these three sets of images, the skin varies from a 

“sun-burned” red to a very “sickly” yellow, the sky varies from a very greenish cyan to a 

purple, and the grass varies from a dry-looking yellow to a very plastic-like bluish green. 

After reviewing these images, the ones that are too visually objective were excluded and 

only a subset of these images were kept for the rank order study. For skin and grass, 

images 1 through 9 were used and 2 through 10 were used for sky.  
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In the pilot study, four subjects (two Chinese, one Korean, one US born Caucasian, 

three naïve observers and the main author) were asked to do a rank-order evaluation of 

the three sets of images. When a set of images are displayed, the display of the images 

was adjusted such that the interested area of all images can be displayed on the same 

screen. Figure 7.2 is a screen shot for the skin set and sky and green sets were similarly 

manipulated. The observers were given an instruction like this: 

“In this experiment, you need to evaluate the quality of the designated areas 

(skin/sky/green) in terms of the quality of their color reproduction. Based on your 

everyday experience, please give the order of the images from the one you PREFER the 

most to the least.”  

 

Figure 7.2:  Rank-order experiment screenshot. 
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Assume M observers participated in the experiment using N image samples then a 

M N× matrix r can be constructed to record the ranks of all stimuli given by the 

observers. The element located at the thi row and the thj column of rcorresponds to the 

rank given by the thi observer to the thj sample. For example, in a 4 9× matrix, a 5 at the 

2nd row and the 3rd column means that observer 2 ranked the 3rd sample the 5th place 

during the test. We can then compute a score matrix s like this: 

N= −s r                                                          (7.1) 
 

and the rank score of  stimulus j can be calculated as: 

1

( ( , ))

( 1)

M

i
j

N i j
s

M N
=

−
=

−

∑ r
                                                 (7.2) 

With Equation (7.2), the rank score of each sample is normalized to be between 0 

and 1 and a higher score indicates that the stimulus is ranked as having better quality for 

the given criteria. In the extreme cases, a score of 1 means that the stimulus was 

unanimously ranked as the best and 0 means that the stimulus was unanimously ranked as 

the worst by all observers. The rank scores from this pilot study were calculated and 

analyzed but the details are left out of this discussion since the size of the observer pool is 

too small for any conclusions. However, this pilot study clearly indicates that the 

observers can distinguish the differences among the stimuli and do have their own 

preferences. 

After the above pilot experiment, a full length evaluation was carried during which 

each observer was asked to do the rank order experiment first, followed by a forced 
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choice paired comparison experiment. The details of the paired comparison will be 

discussed later in the text and only the rank order experiment is covered at the moment. 

There were a total of 14 subjects (one expert who is the author and 13 naïve observers) 

who participated in this full test including the ones in the pilot study, among them ten are 

Chinese (4 females, 1 in her 30’s, 3 in their 40’s, 6 males, 4 in their 30’s and 2 in their 

40’s), one is Korean male in his 30’s and three are US born Caucasian males in their 

30’s. One of the Chinese male in his 40’s is too extreme in his evaluation and was 

noticeably inconsistent during the evaluation therefore his results are excluded from the 

data analysis. This study does not intend to investigate how age, gender or ethnic origin 

would affect the preference for memory color reproduction therefore all of the data will 

be analyzed without distinguishing each observer’s biological background. 

The rank scores of the “House” scene are plotted in Figure 7.3 below. As most of the 

observers described that they prefer the reproduction to be “natural”, “real”, from this 

figure, clear trends can be told about their preferences for different memory colors. For 

skin tone, negative rotational hue error means more red in the reproduced color where 

image 7 corresponds to 00 of hue error. It can be seen that more red in the skin is 

preferred as originally expected and too much yellow makes the skin tone visually 

objective. For blue sky, it is obvious that a mild positive hue error makes the most 

preferred reproduction and too much green in the sky makes the observers think that the 

color is fake or non-realistic. Observers are very sensitive to any purplish hint in the sky 

and it is not preferred. Grass color is more preferred to have some mild negative hue error 

which makes the grass look more vivid and “sufficiently watered” and too much blue 
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gives the grass a plastic look which is not appreciated by the observers. The scores were 

expected to be monotonically decreasing on both sides of the one with the best score 

which slightly differs from the actual results. Possible reasons may include how the 

images were arranged on the screen, the relatively small difference between consecutive 

variations and the relatively small size of the subject pool.   

For the full length experiment, two indoor images were used(“Caucasian” and 

“Asian”) for the skin tone preference evaluation and the rank results are shown in Figure 

7(e) in which the scores from the “House” scene are also plotted. This figure shows that 

observers have very similar preference for Caucasian and Asian skin tones. The curve for 

the Asian skin is smoother than that for the Caucasian skin probably because the Asian 

skin has a lower overall reflectance level and the difference caused by the same amount 

of rotational hue error is perceived in a lesser degree than that of the Caucasian skin. 

 

 
(a )     skin 
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(b )     sky 

 

 
(c )    green 

 

Figure 7.3:  Full rank-order test result of the “House” scene. 
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Figure 7.4: Rank scores of skin reproduction from multiple scenes. 

 

It would also be interesting to study whether the observers’ preference is affected by 

the image context. To do so, with similar set up described earlier for the “House” scene, a 

different resizing scale was used so that more contexts around the color of interest can be 

seen by the observers as shown in Figure 7.4.  This experiment was carried out by 10 

observers among them 9 data sets are valid. The results are plotted in Figure 7.5 which 

also shows the scores from the test using the same images but displayed with less context. 
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Figure 7.5: Screen shot of the rank-order test with more contexts. 

 

    
(a )     skin 
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      (b ) sky 

 
(c ) green 

 

Figure 7.6:  Comparison of rank scores with different contexts. 

 

Figure 7.6 indicates that the basic trends of observer preference do not vary with 

image context. The correlation coefficients between the scores from scenes with less and 

more context are 0.8791, 0.8997, and 0.8769 for skin, sky, and grass, respectively. With a 
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sufficiently large observer pool, less fluctuation in the scores and better correlated curves 

would be expected. In this experiment, it was found that although clearly instructed to 

focus on the color of interest, observers tend to use the surroundings and other factors 

such as contrast to assist their decision making process especially when subtle differences 

need to be distinguished which could also be a reason for the fluctuations. 

7.4 Applying Multiple Matrices to the Same Scene 

In the above rank order study, each image was color corrected globally with a matrix 

optimized with hue constraints set for only one memory color. A global color correction 

offers its advantage in the simplicity of operation while the overall chromatic accuracy is 

compromised. When multiple colors need to be manipulated within the same scene, we 

could certainly try to add more constraints during the optimization process and solve for a 

global matrix. However, this possibility did not prove itself to be the best option in this 

study since too many constraints could cause convergence problem or scarify the overall 

color accuracy to an unacceptable degree. 

A different approach was therefore taken when handling the needs for manipulation 

of multiple colors. In Chapter 4, an elliptic boundary model was discussed for color pixel 

detection using raw image data, which could be used for the detection of memory color 

pixels and further converted to be applicable for the sRGBspace. In this chapter, a simple 

yet effective approach is used by explicitly defining the memory color zones [38] which 

detects memory color pixels in the YCbCrspace that can be conveniently calculated from 

the sRGBdata. Assume a pixel [ ], ,
T

WB r g b=rgb is a 3 1× vector representing the three 
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color channels of the pixel after white balancing, min DEM , skinM , skyM  and greenM are 3 3×

matrices optimized for the best color accuracy, skin, sky and green, respectively. The 

pixel is then corrected with the following procedure: 

CC CC

b CC CC

Cr r g

C b g

= −
= −

                                                                (7.3) 

,       if <  & >10  

,   if < 0.4  & > 0.6
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,  otherwise

b r b r
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                                       (7.5) 

wherergb  is the final reproduction of the pixel. 

With the above procedure and a 5 5× Gaussian filter in order to reduce noise in the 

pixel detection process, masks showing detected memory color pixels of the “House” 

scene are depicted in Figure 7.7 in which detected pixels are shown as white. It can be 

seen from this figure that the above procedure offers a reasonably good detection rate 

with some artificial objects falling into the memory color categories such as the tiles on 

the roof which are detected as skin color. More advanced techniques can certainly be 

exercised to improve the accuracy of the pixel detection process but it is a topic that goes 

beyond the scope of this study. 

 



106 
 

 

 

Figure 7.7: Detected memory color pixels of skin (top left), sky(top right) and green 
(bottom). 
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7.5 A Paired Comparison Experiment 

A forced choice paired comparison experiment was performed to study how the 

observer preference is affected when multiple memory colors are present in the same 

image. Based on the pilot rank order study, two matrices were chosen for each type of 

memory color and a total of 8 combinations can be obtained for each scene using the 

procedure described in 7.3 with exception of the indoor scenes for which only skin color 

is taken into account and 4 combinations were created for each scene. For each of the 

scenes, an additional image corrected using the matrix without any hue constraint is also 

included. To study observers’ sensitivity to subtle differences when the considered 

memory color is put in context of the complete scene, the two indoor matrices were 

chosen to have closely spaced constraints. The constraints used for these matrices are 

summarized in Table 1.  

Table 7.1 Hue constraints used for the paired-comparison stimuli. 

Outdoor Better Worse 

Skin 00h∆ =  06h∆ = −  

Sky 04h∆ = −  02h∆ =  

Green 06h∆ = −  00h∆ =  

Indoor Better Worse 

Skin 04h∆ = −  08h∆ = −  
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In order to reduce the length and therefore observers’ stress level from the full 

evaluation which included the rank order experiment discussed earlier and the paired 

comparison experiment, the sky variation was dropped for all other outdoor scenes except 

the “House”, “OutdoorPortrait”, and the “Lake” scenes. The “Lake” scene only has some 

skin colored pixels on the roofs of the houses in the background which do not occupy a 

big enough portion in the scene to attract the observers’ attention in the evaluation, the 

skin variation could have been dropped for this scene but it was decided to be kept in 

order to check the observers’ consistency when those skin variations just serve as 

redundant stimuli. At the end, 3 scenes were processed with 9 different manipulations, 

and 8 scenes were processed with 5 different manipulations, resulting in a total of 188 

pairs of images for comparison.  

Including the previous rank order experiment, the average time for an observer to 

complete the test is about 60 minutes with the shortest being 40 minutes and the longest 

being 100 minutes. During the experiment, the observers were encouraged to describe 

what they pay attention to for each type of scene, and how their priorities were set when 

making a decision. They were also encouraged to describe freely about their feelings for 

the images. This evaluation puts the observers under a decent stress level but most of 

them managed to handle it and were able to reduce the stress and improve their focus by 

describing their decision-making process to the author who sat in the same room the full 

time during the evaluation. 
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A Graphical User Interface (GUI) was implemented to display the image pairs and 

record the observers’ preferences. At the beginning of the paired comparison experiment, 

the instruction is given as follows: 

“In this experiment, images will be presented to you in pairs.  

Based on your everyday experience, please select the one that you think has  

a better color reproduction quality. 

Please ignore any other aspects rather than color.  

If it’s difficult to make a decision, you are encouraged to select intuitively and  

you MUST make a choice.” 

The GUI then starts to display the images in pairs, and record the observer’s choices 

in the background. All pairs of a scene are displayed before the GUI starts on the next 

scene. Within each scene, the order of the pairs displayed and the locations of the images 

on the GUI (left or right) are randomized. Between consecutive pairs, images of white 

noise are displayed for 1.5 seconds to reduce the effect of iconic memory. The 

background of the GUI is 20% gray converted to sRGB and Figure 7.8 is a screenshot of 

the GUI: 
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Figure 7.8:  Screen shot of the paired comparison GUI. 

 

For each scene, a N N× matrix is constructed to record each observer’s preference 

where N is the number of different manipulations of the scene. If matrix kC is used to 

record the choices of observer k then a 1 at ( , )kC i j represents that the observer selected 

image j as his or her preferred reproduction for the comparison between stimuli i and j . 

A 0.5 is assigned along the diagonal of the matrix since an image is never compared to 

itself and if done so it is expected that the preference would be purely random given 

sufficient trials. For each scene, a probability matrix P  can be calculated by dividing the 

sum of the matrices from all observers by the number of observersK :  
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The quantified interval scales from this experiment can then be calculated using the 

inverse cumulative distribution function. To handle singular points caused by 

unanimously agreed selections the approach suggested in [74] was taken which breaks 

the whole matrix into overlapping matrices that do not contain singular points and align 

the overlapped data points to form the final scales. The 95% confidence error bar plots of 

the scales are shown in Figure 7.9: 

    

                   (a ) House                                             (b ) OutdoorPortrait 

 

     

                     (c )     Creek                                                  (d )  Lake 
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                   (e)  FlowerPots                                      (f ) GreenFlowers 

    
                     (g )   MixedFlowers                                       (h ) OrnamentalGrass 
 

     
                   (i )    Caucasian                                                   (j ) Asian 
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(k ) Toys 

 

Figure 7.9:  The calculated z-scores from the forced-choice paired comparison 
experiment. 

 

In Figure 7.9(a) which shows the result of the “House” image, the x axis represents 

the number of stimuli where stimulus 1 is corrected with the unconstrained matrix, 

stimuli 2 through 5 are processed with the more preferred skin matrix, stimuli 2, 3, 6 and 

7 are processed with the more preferred sky matrix, and stimuli 2, 4, 6 and 8 are 

processed with the more preferred green matrix. The same manipulations apply to the 

“OutdoorPortrait” and the “Lake” scenes. It can be seen from this plot that the group with 

more preferred skin matrix is more preferred compared to the group corrected with the 

less preferred skin matrix, indicating that observers give their highest priority to the 

reproduction of skin when it presents in the foreground while the color reproduction of 

the other parts is not unpleasant enough to overrule the observer’s opinion. It can also be 

told that sky was given higher priority compared to green since the grass is scattered in 

small pieces in the background while sky has a continuous area occupying a significant 

portion in the scene. There are also different shades and many details including shadows 
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in both of the grass and foliages, which make the green areas less important than the sky 

area. The un-constrained image happened to produce an image in which the skin tone has 

too much red in it, and it is not surprising for it to be rated as the least preferred 

reproduction. In Figure 7.9(b) for the “OutdoorPortrait” image, the same trends hold 

except that the effect of green variation is smaller since the area of grass is now even 

smaller, while some observers were still able to distinguish the subtle differences in the 

background, some of them just randomly made their selections for those comparison 

pairs. For the “Lake” scene, the un-constrained matrix happened to reproduce the sky and 

grass in a manner that is very similar to stimulus 1, as we can be seen in Figure 7.9(d) 

that it is rated as the most preferred reproduction. As mentioned earlier, stimuli 2 and 6, 3 

and 7, 4 and 8, and 5 and 9 are essentially redundant pairs and are used to check the 

observers’ consistency. If the observers are consistent with their selections then we 

should expect the pattern of stimuli 6 through 9 to resemble that of stimuli 2 through 5. 

However, the relative scales of stimuli 7 and 8 do not agree with the expectation and a 

possible explanation is that the subjects especially naïve observers start noticing more 

details and paying attention to other things such as contrast therefore shifting their 

priorities as the experiment went along (summarized from the observers’ descriptions). 

Regardless of this discrepancy, however, Figure 7.9(d) clearly indicates that stimuli 2 and 

6 are both in the most preferred tier which were corrected using the more preferred sky 

and green matrices. 

As mentioned earlier, the sky variation is dropped for the “Creek” scene and among 

the manipulated stimuli, 2 and 3 have the better sky matrix, and 2 and 4 have the better 
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green matrix. This scene has different shades of green and rich details, most of the 

observers described that they had trouble imagining how the actual scene looks, some 

spent time debating between the images and some just made their decisions intuitively or 

somewhat randomly. The skin matrices do not produce differences that are noticeable 

enough so the scales mainly depend on the green matrices showing that the reproduction 

with the more preferred green matrix is still rated higher than the reproductions with the 

less preferred green matrix (see Figure 7.9(c)). With the “FlowerPots” scene, some of the 

pots were detected to have skin colored pixels and the more preferred matrix made them 

more red whereas the less preferred matrix made them more yellow, most of the 

observers preferred the less red version of reproduction as we can see in Figure 7.9(e) 

where stimuli 4 and 5 have slightly better scores. For the comparison between 2 and 3, 

and 4 and 5, most of the decisions were made randomly and a small percentage of 

observers tried hard to distinguish the details in the background until they found some 

before their decisions were made. Given enough training and large enough observer pool, 

it is expected that stimuli 2 and 3 would have very similar scales and so would stimuli 4 

and 5. The un-constrained matrix made some of the pots overly red and it fell into the 

least preferred tier without surprise. The “GreenFlowers” scene (Figure 7.9(f)) has rich 

details in the foreground and some artificial objects in the background. While the stimuli 

processed using the unstrained matrix overall are more preferred, the scale differences 

among them are small, and the chromatic differences are covered by the rich details and 

contrast variations, which made it difficult for the observers to decide their preferences, 

most of the decisions were made in a random manner as originally expected. Similar 
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analysis can be made for Figure 7.9(g) and Figure 7.9 (h), for them the observers mostly 

selected their preference in a coin-toss fashion. Given large enough observer pool, the 

samples are expected to have close scales. 

For the “Caucasian” scene (Figure 7.9 (i)), stimulus 1 is reproduced using the un-

constrained matrix, which made the skin tone overly red, stimulus 2 is reproduced using 

the procedure described in 4.3 with the more preferred skin matrix and the same 

procedure is used for stimulus 3 with the less preferred skin matrix. Stimulus 4 is globally 

corrected using the more preferred skin matrix and stimulus 5 is globally corrected using 

the less preferred skin matrix. The same manipulations were followed for the “Asian” 

(Figure 7.9 (j)) and the “Toys” (Figure 7.9 (k)) scenes. It is clear from the “Caucasian” 

and the “Asian” plots that as long as a human face appears in the foreground of the scene 

and the proportion and details of the face are significant enough to catch the observer’s 

attention he or she would give the highest priority to the skin tone before seeking 

differences from other details. When evaluating the “Toys” scene, it is interesting to see 

how different sensitivities the observers have: some observers can notice the different 

color reproductions of the same object with a quick glance, and some were not even able 

to notice them until the end of the evaluation. Some of the observers tried hard to recall 

the colors of the soda cans in the scene and asked the author how the original objects in 

the scene look when debating about their choices. Although there is a good amount of 

randomness in the evaluation of this scene, its result shown in Figure 7.9(k) along with 

that for the “FlowerPots” scene shown in Figure 7.9(e) can help us conclude that it is 
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probably the best for us to use the matrix calibrated for the smallest overall color error for 

artificial objects. 

One note that needs to be made is that not every possible effort was made to perfect 

the matrix calibration process. When taking the test images and the calibration images, 

the geometries of the test target or the controls of the camera were not perfectly 

calibrated. If everything was done in a nearly perfect fashion, the absolute scale 

differences in Figure 7.9 may be different in some of the plots but the same trends are 

expected to be observed for the stimuli generated using constrained matrices. As part of 

the intention, the proposed method should not require perfect calibration conditions and 

should be generally applicable for preferred color reproduction. 

It was found that with the knowledge of a specific observer’s preferences from the 

rank order experiment his or her behavior during the paired comparison evaluation can be 

well predicted, indicating that the matrix combination for optimized reproduction can be 

revealed from the rank order evaluation alone. 

7.6 Conclusions  

In this study, a psychophysical study with carefully selected real life scenes was 

conducted in order to determine how an optimized color reproduction can be achieved 

with the hue constrained matrix optimization algorithm proposed in Chapter 6. 

For individual memory colors: 

• Skin is preferred to have some mild negative angular hue error which yields a 

healthy looking complexion. 
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• Sky is preferred to be a “pure” blue as described by the observers which 

corresponds to a mild positive hue error. Observers do not like too much 

green which makes a cyan sky or too much red which results in a purple sky 

but cyan is better tolerated than purple. 

• Large areas with uniform or nearly uniform colors are more important than 

areas that are variation and texture rich. 

• The nature of a memory color determines its position on the priority list when 

observers evaluate a reproduction with multiple memory colors. Skin is 

placed on top of the list when a human face is significant enough in the scene 

to attract the observer’s attention. Sky is normally distributed with only small 

amount of variation in hue or contrast and holds the second place on the list. 

Grass and vegetation can have many shades of green and can vary in their 

overall reflectance levels and is placed the 3rd place on the list. 

For the preferred reproduction of scenes: 

• The preferred reproduction of each individual memory color can be found 

through a rank order experiment with a sufficiently large observer pool and 

apply the corresponding matrices in a case or scene-type dependent manner. 

• For outdoor scenes, a procedure similar to what is described in 7.4can be 

used and more advanced techniques such as face recognition for memory 

color pixel detection can be considered to achieve the optimized preferred 

color reproduction of the scene. 
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• For indoor scenes, skin tone may be the only memory color to be concerned 

and similar approach can be taken as outdoor scenes. 

• For artificial objects, it may be the best to just use the matrix calibrated for 

the smallest overall color error. 
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8 MULTI-ILLUMINANT COLOR CONSTANCY FOR HDR 
IMAGES THROUGH EXPOSURE SEGMENTATION 

This chapter discusses a color constancy algorithm for high dynamic range (HDR) 

images with multiple illuminants or in other words simultaneous color constancy. 

Different illuminants not only differ in their spectral characteristics, but also in their 

luminance levels. This observation is employed to segment HDR images into areas lit by 

different illuminants and corresponding color constancy parameters will be applied [75]. 

8.1 Introduction 

A desirable property for digital imaging systems is to render real world scenes on 

some display media as close as possible to what the human visual system can perceive. 

Dynamic range, by its definition, is the maximum signal level capability of a system or 

component to its noise level [76]. The real world, the image acquisition systems or 

cameras, the display devices and the human visual system are capable of presenting, 

recording or perceiving with different dynamic range spans, and the dynamic range of 

real world scenes simultaneously presented goes beyond that of the perception capability 

of the human visual system which goes beyond that of digital cameras or electronic 

display devices and the comparison between digital cameras and displays is device 

dependent. High dynamic range imaging normally is consisted of the composition of the 

HDR image followed by some tone mapping algorithm for the image to be properly 

rendered on a display media. Tone mapping is a key to HDR imaging and has attracted 

much research interest in the imaging community, some good references can be found in 

[77, 78, 79, 80, 81] and the details are not listed in this dissertation. 
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A solution to overcome the dynamic range limitation on image capturing devices is a 

technique called exposure bracketing which uses multiple exposures such that each 

exposure captures a different dynamic range of the same scene, the final combined image 

of these exposures can then have an extend dynamic range. Under real life scenario, we 

often observe HDR scenes with multiple illuminants such as a room partially lit by an 

indoor light source and partially lit by the sun coming in through a window. The different 

illuminants result in a division of the scene into two parts with distinguishable 

illuminating color temperatures as well as luminance levels where the latter directly 

affects the dynamic range of the scene. This mixed lighting condition is not as much of a 

concern in terms of color constancy for conventional digital image pipelines since a 

single exposure may not be able to capture all of the information within the scene: the sun 

lit portion may be saturated if the user wants to capture the details of the portion lit by the 

indoor light source or vice versa when the indoor portion is too dark for any details to be 

perceived. Similar scenarios for HDR images, however, can become a challenge for the 

color constancy of the digital image pipeline. 

Most of the color constancy algorithms perform a global illuminant estimation and 

then color correct the whole image based upon this estimated illuminant. The global 

based correction could exaggerate the difference between the different illuminants and 

result in a final image with bluish sun lit portion or reddish indoor portion or 

compromised color of the overall scene given the above described scenario. 

Illuminants of different color temperatures are not only distinguished by their 

chromatic attributes characterized by their spectral power distribution functions and white 
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points, but also by the luminance levels especially when natural light sources are 

considered. The luminance of typical natural daylight can be a couple of magnitudes 

higher than that of the home or office lighting [83]. It is intuitive to realize that if they 

were to be included in the same HDR image then the parts illuminated by different 

illuminants would occupy the different dynamic range spans of the scene, which can be 

further interpreted as different exposures if exposure bracketing is used. For the above 

described scene, the useful information for the sun lit objects will be mostly captured 

with a shorter exposure, and the information for the indoor light illuminated objects will 

be mostly captured by a longer exposure. A heuristic approach is therefore proposed to 

address the mixed lighting issue for HDR imaging which uses the above observation as 

assistance so that the scene can be segmented into portions lit by different illuminants. 

HDR imaging has been drawing attention from photographers and researchers for a 

long time but it was not presented to the public until a couple decades ago [84] and its 

application has just been made available in consumer grade products not long ago [85].  

In the public domain, color related research for HDR imaging and color constancy under 

multiple illuminants or in other words simultaneous color constancy can mainly be found 

in the psychophysical field [86, 87] or computer graphics related applications [88] and 

there is a general lack of interest in the color imaging society and only limited work [89] 

can be found contributing to the literature which aims to resolve the mixed lighting color 

constancy challenge just described. This work is proposed to fill some gap in the research 

for color constancy under multiple illuminants or simultaneous color constancy. 
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The method proposed here addresses the color constancy of HDR scenes under 

mixed lighting condition with specific focus on cases when two exposures are used to 

compose the HDR image. It is assumed that the image pipeline already has a functioning 

illuminant estimation algorithm that can be employed to estimate the illuminant for each 

segmented portion of the scene 

8.2 Illuminant Segmentation by Exposure 

Different illuminants not only differ in their spectral characteristics, but also in their 

luminance levels especially when natural daylight is compared against artificial light 

sources where the former can easily be a couple of magnitudes higher. For the fixed 

dynamic range of an image sensor, the exposure needed to capture a scene lit by natural 

daylight is normally a few stops smaller than that needed by a scene lit by an artificial 

light source. Figure 1 shows two exposures that are used to compose an HDR scene. The 

image on the left mainly shows the outdoor objects lit by natural sunlight in which the 

indoor portion is too dark to be distinguishable, and the image on the right shows mostly 

the indoor objects lit by some fluorescent lamps where the outdoor portion is mostly 

saturated. 
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Figure 8.1: Two exposures of the same HDR scene (raw image after desmosaick and 
gamma correction).  Left: visible information is mostly outdoors lit by natural daylight. 
Exposure time: 0.01 seconds. Right: visible information mostly indoors lit by fluorescent 
light. Exposure time: 0.25 seconds. 

 

Assume that when taking the two exposures, the only setting difference of the image 

sensor exists in their integration times and let us denote the shorter exposure as 
1T and the 

longer exposure as 
2T . Let us further assume that the image sensor’s response in terms of 

digital number is proportional to the integration time, then for a give pixel locationP at 

location x , its responses in the two exposures denoted as 
1 1 1 1( , , )RGB R G B= and 

2 2 2 2( , , )RGB R G B= should satisfy the following equation: 

1 1 1 1

2 2 2 2

R G B T

R G B T
= = =                                               (8.1) 

Note that the assumption about the linearity of digital cameras is generally true for 

CCD or CMOS sensors. To segment the scene into portions lit by the two different 

illuminants, an illumination mask can be first constructed with the shorter exposure 



125 
 

assuming that the values of the two raw images have been normalized to be within 0 and 

1: 

1 1 1 1 2
0

0,       if max( , , )
( )

1,                                  otherwise

R G B T T
x

<=
= 


m                              (8.2) 

where 0m  is a 2D binary mask which has the same dimension as the input images. 

In Equation (8.2), the exposure ratio is used as the threshold since any saturated 

pixels with exposure 
2T will have a value of 

1 2T T  and by using this threshold value, the 

useful information that can be perceived from the longer exposure will be masked by 0. 

The mask created with equation (8.2) can then be further processed with some 

morphological processing steps: 

1 0= ⊕m m B                                                      (8.3) 

2 1( )f=m m                                                        (8.4) 

2=m m B⊙                                                       (8.5) 

In Equation (8.3), 1m is the result of the erosion of  0m by a kernel B which is 

empirically selected. In Equation (8.4), 1m is further converted to 2m through a flood-fill 

operation defined by ( )f ⋅ and the final segmentation mask m is obtained through a 

dilation of 2m by B as shown in Equation (8.5). Morphological processing has been a 

quite standard image processing technique, the detailed descriptions can be found in 

many textbooks and are not included in this dissertation. 
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With the above operations, the 1’s in m correspond to areas illuminated by the 

dominating illuminant of the short exposure, and the 0’s correspond to the area lit by the 

other illuminant and the illuminant segmentation process has by now been completed. 

8.3 Composition of Multiple Exposures 

The composition of multiple exposures is essentially equivalent to increasing the bit 

depth of the image sensor. For this step, a dissolving equation from the author’s earlier 

work is employed [90]. For pixel location x, its value ( , , )RGB R G B= in the composed 

image is: 

1
1 2 1 2

2

(1 )
T

RGB RGB RGB RGB RGB
T

= ⋅ ⋅ + − ⋅                                    (8.6) 

With Equation (8.6), the composed image will have useful information from the 

short exposure for the highlight part as well as information for the dark details from the 

longer exposure. If we have two color correction matrices 1M and 2M calibrated for the 

dominant illuminants of the short and long exposures, correspondingly, then for pixelx, 

the matrix M to be applied will be: 

1

2

,     if     ( ) 1
( )

,    if     ( ) 0

m x
x

m x

=
=  =

M
M

M
                                           (8.7) 

8.4 Experimental Results 

This section reports some experimental results using the proposed algorithm with 

real life scenes. Since the focus of this work is the combination of multiple differently 

illuminated exposures, it is assumed that the pipeline’s illuminant estimation algorithm 

can appropriately determine the illuminant for each exposure. For experimental purposes, 
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the white point of each exposure is manually measure and equal energy white point is 

assumed such that a neutral object has equal R, G, and B values. Chromatic adaptation 

and color appearance model are not considered. In the experiments, two exposures are 

used for demonstration purposes. However, the algorithm can be extended to include 

more exposures. 

 

 

Figure 8.2: Outdoor HDR scene processed with different parameters. Top left: outdoor 
parameters applied to the whole scene. Top right: indoor parameters applied to the whole 
scene. Bottom left: average indoor and outdoor parameters applied to the whole scene. 
Bottom right: processed with the proposed method. 

 

Figure 8.2 shows the processed composition images of the scene shown in Figure 8.1 

with different color constancy parameters. It can be seen that a global correction using 

the parameters calibrated for the outdoor illuminant makes the indoor portion reddish and 
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the global correction using the indoor parameters makes the outdoor portion bluish. 

While the averaged parameters offers advantages over using the indoor or outdoor 

parameters only, the color of the whole image is compromised compared to the results 

using the proposed algorithm. 

Tone mapping is a critical process in HDR image processing for dynamic range 

compression. In this work, a simple tone mapping operator [91] is applied. For a pixel 

that has been color corrected with the method described earlier whose values can be 

denoted as  ( , , )RGB R G B= , its tone mapping is done as follows: 

0.299 0.587 0.114Y R G B= ⋅ + ⋅ + ⋅                               (8.8) 

'
1

Y
Y

Y
=

+
                                                    (8.9) 

'
' ( ', ', ') ( , , )

Y
RGB R G B R G B

Y
= = ⋅                               (8.10) 

With another example where a scene is set up under controlled lighting in a lab with 

two lightbooths set side by side when the one on the left is set to D65 and the other one is 

set to illuminant A. The exposure times used in order to capture details of the two sides 

are 1 60seconds and 1 4seconds, respectively. The results of this scene are shown in 

Figure 8.4 where the image processed with the proposed algorithms clearly shows that 

the two portions of the image lit by different illuminants are corrected to have very 

similar appearance. It is worth noting that the image corrected with the daylight 

parameters is probably closer to the result when chromatic adaptation is considered in the 

parameter calibration process, however, the purpose is to demonstrate that the proposed 

algorithm can effectively distinguish the areas illuminated by different illuminants and 
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correct them to the desired appearance and chromatic adaptation is not the concern in this 

work.  

 

 

Figure 8.3: Laboratory HDR scene processed with different parameters. Top left: outdoor 
parameters applied to the whole scene. Top right: indoor parameters applied to the whole 
scene. Bottom left: average indoor and outdoor parameters applied to the whole scene. 
Bottom right: processed with the proposed method. 

 

8.5 Conclusions 

This chapter has presented a method for the color constancy of HDR images under 

multiple illuminants. Different illuminants not only differ in their spectral characteristics, 

but also in their luminance levels especially when natural daylight is taken into 

consideration. Based upon this observation, the proposed approach segments the scene 
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into areas lit by different illuminants and color corrects the pixels with the corresponding 

parameters calibrated for the detected dominant illuminant of the area. Experimental 

results have shown that the method can effectively segment the different areas and 

correct them to the desired results. 
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9 CONCLUSIONS 

This dissertation focuses on the color reproduction of digital image pipelines 

covering illuminant estimation and color correction matrix optimization with extended 

applications in parameter calibration, preferred color reproduction and color constancy 

for multi-illuminant lit HDR images. The contributions can be summarized as follows: 

• The concept of memory colors is explicitly defined with their important 

attributes clearly pointed out. 

• A memory color assisted illuminant estimation algorithm through color pixel 

clustering is proposed with experiments performed with a few hundred real life 

images. This study shows that memory colors not only can be used as an 

important cue for object detection, but can also be effectively utilized in 

applications such as illuminant estimation. 

• An alternative method to sensor spectral characterization is proposed. With a 

“hybrid” model which uses both of the spectral databases that can be relatively 

easily collected and safely reused and real images of standard test target 

captured with the camera whose parameters are to be calibrated, the need for 

exact spectral characterization can be eliminated at a cost of slightly degraded 

performance. 

• A color correction matrix optimization method with hue regularization is 

proposed in order to address the importance of the rotational hue error in the 

subjective quality of color reproduction. Experiments show that through setting 
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constraints for certain patches on the standard test target, the produced colors 

of certain objects can be exactly controlled with bigger overall color error. 

• A psychophysical experiment is conducted to systematically study observer 

preference for the reproduction of memory colors including skin, sky and 

green. It was found that human skin tone is assigned the highest priority in the 

subjective quality of color reproduction, followed by sky blue for its uniform 

nature, and green is assigned the lowest priority among the three due to the 

larger variation in its natural existence. The rank order study result for 

individual memory colors can be applied for scenes with multiple memory 

colors for the optimized preferred color reproduction. 

• A color constancy algorithm for high dynamic range scenes with multiple 

illuminants is proposed based on the observation that different illuminants not 

only differ in their spectral characteristics, but also in their luminance levels. 

When exposure bracketing is used to compose the HDR image, this luminance 

difference can be exploited to segment areas lit by different illuminants and 

therefore determine the corresponding color constancy parameters of the 

differently lit areas. 
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