ABSTRACT

LUO, ZHENHUA. The Effects of Texture on Visual and Instrumental Color Difference
AssessmentgUnder the directionf Dr. Renzo Shamgy

Surface texturstands as aessentiafactorinfluendng both perceptual and instrumental
color assessments of stimuli. Its impact on color difference evaluation is of continual concern in
the field of color science and holds significant industrial relevance. Typically, the effects of
surface texture are accorodated by adjustable weights in coettifference formulas. These
weights are commonly set@at21:1 ratio for calculating color differences in textile samples,
despite the appropriateness of this ratid beingwell undersbod andvalidated Furthermore
prior quantitative analysemddressinghis influence have primarily focused on simple simulated
textures, such as random dotsaanding thread. These limited scenarios are insufficient for
encompassing the wide range of textures encountered in industrial settings.

To deeperour understanding of texture effedise presenstudyaimedto examine how
knitting textures affect color difference assessmdrdsachieve this goag workflow was
establishedor captuing imagesof knittedsamples and accurately reproohgethemonanLCD
monitor.In addition,both statistical and psychophysiesaluatiors wereconducted o range
of color-to-texture fusion methodso determnethe onethatoffers optimal color fidelity The
selected rendering algorithemabledhe faithful simulation of textured stimuli with useéefined
target colorsthusfacilitating the developmenbf an extensivevisualtolerance datasethe
dataset involved theolor-difference tolerances of 26 observers foruh&orm stimuli andthose
with 10 distincttextures, samplinground 11 color centers across the color gaihit dataset
wassubsequentlgmployedo explore thempactof various knitting textures on visual
tolerances and to assdwsn the color-difference formulagperformin predictingthe perceived
color differencesn the textured stimuli.

The findingsof this studyvalidate thesignificantimpact of texture on lightness, chroma,
and hue tolerances, with lightness toleraredsbitingmorepronounced effects. Specific
textures significantly enhance lightness tolerances when compared to uniform Stivsuliend
is alsoobservable in chroma and hue tolerances for stimuli with specific color centers and
texture patternsddditionally, the research optimizdatie parametric factors for colatifference
formulas (specifically, CIE94, CMC, andEDE2000) based otie tolerance datasethe



optimized factors ranged from 0.80 to 1.8Mich castdoubtsonthewidely used?:1:1 ratio.
The analysis suggeshatCAM16-UCSis the top performdor calculating color differences in
stimuli featuringthe examinedknitting textures.

In a secondary investigatipthe studyalsosoughtto assess the influence thfe
dimension and shap# polymericpelletsontheir instrumental colorimetric and spectral
measurementsyith a particular emphasis aneasurement repeatability. the experimentga
range of colorless and translucent granules underwent measurementbeising
spectrophotometefwo measurement protocols wexeplied: bulk measurements, involving
filling granules within a 5dnm pathlength glass cuvette, and singddlet measwements, which
measured individual granules against an achromatic badkimghoth measuremeapproaches
the results indicated minimal or inconsisteffectsof sample geometries on measurement
repeatability However thegranule varieties with distinct geometric paramegetsibitedunique
reflectance profiles and significantly variedlorimetric valuessuggesting the influential role of

granulegeometriccharacteristicen color measurements.
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CHAPTER 1 INTRODUCTION

The latest color differend®ermula proposed as a standard by the International
Commission on lllumination (CIE) is CIEDE2000, which is given as:

0 w0 w0 v @ w0
nY'?‘Q -‘Y?‘Q nY ’?‘Q nY’?‘Q nY ?’Q

wO (1.2)
In the equationyY, Y, and’Y are the weighting functions used to correct the-moifiormity of
CIELAB, and’Y is the rotation term improving the fitting for the blue region. In additig,
wd , andwO are lightness, chroma, and hue differences calculated from CIELAB a5, and
hab. The formula also contaif®, 'Q, and'Q, called parametric factors, to account for the
influence of experimental viewing conditioft§. They areset toQ="Q ="Q = 1 under
reference conditions, which includes homogeneous samples, D65 illuminant, etc. Byp@djust
parametric factors, it is possiltie account for deviations from the reference conditions. For
example, a reduction in lightness sensitivity (or, equivalently, an increase in lightness tolerance)
is well established wheacceptability judgmentsf textile pairs are made, and it is reasonable to
expect a better correlation of CIEDE2000 results with those from visual assessments of textile
specimens wheiR=¢ AT B ="Q =1)[2]. Theset ofvalues Q= chand™Q ="Q =1, have
been recommended by the CIE and accepted by the textile industry for determining the color
differences of textile sampldésr use with theCIEDE2000model Nevertheless, the values are
based on an implicit assumption that texture in textiles affects only lightness tolerances but not
chroma or hue tolerances.

To test the accuracy of this assumption, Huertas ft]adtudiedthe influence of the
simulated textures made of random dots on the visual suprathreshold color tolerances. A panel of
five experienced observers determined the experimental tolerances by progressivehgadjust
one CIELAB coordinatel(, Cap, orhayy of t he ébackground sampl ebd.
the simulated textures also increased the chroma and hue tolerancest #meirihfluence was
not negligible in general. While the research confirmed the impacts of simulateextate on
the visual tolerances, it is currently unknown whether similar results could be expected for the
real textures, such as textureghad knittedfabrics. Additional research that quantitatively

analyzeghe relationship between the texture anbbr tolerancess thus needed



This dissertation is intended to investigtdte impacts oknittedtexture upon visual
color tolerances (perceptual response to color differengadjculaty on lightness, chroma, and
hue tolerances corresponding@® Q, and’Q . Moreover,it seeks to enhance the understanding
of texture effects through the optimization of parametric factors based on an experimental
tolerance datasefEurthermore, iaims toconduct a thorough assessment of cdiffierence
formulas intheir ability topredict the perceived color differendaghe textured stimuli. To
achievetheseresearch objectives, the following questiorese examined
1 How can a color texture stimulus be synthesizeddeely matchthe color appearance of
a physical target samge
1 How to develop a higprecision experimental tolerance database that represents the
perception of small color differences of textured stimuli under conditions consistent with
textile industrial practice?
1 How can atolerance databasecbastructedwith an extensive sampling of the color space
and a broadovering of the knitting texture patterns?
1 Are the colordifference tolerances, particularly thaséated tdightness, chroma, and hue
componentssignificantly influenced by the examined knitting textures?
1 Is it possible to significantly improve the performance of cdifference metrics through

the optimization of parametric factors?



CHAPTER 2 LITERATURE REVIEW

2.1The interactions of light with matter

In the manufacturing of an object, color is mainly obtained by applying a colorant (dye or
pigment) to a polymeric substrate, such as textile, paper, plastic, eigefteglly accepted that
the sensation of such surface colors is dependent upon three faftors
1 Light source: the nature of the illumination under which the colored surface is viewed.
1 Object: the interaction of thiluminating radiation with the colored species in the
surface layers, especially within the visible spectrum of the electromagnetic radiation.
1 Observer: the sensation of color in the human visual system that is induced by the

radiation transmitted, reflected, and scattered from the colored surface.

For better understanding color as a perceptual phenomenon, we need to have an
appreciation of the nature of light itself, along with some understanding ldth@ropagation
through different media and its interactions with the colored mefilinim physical optics, light
is modeled as an electromagnetic transverse wave, in which the coupled electric and magnetic
fields oscillate perpendicularly to the direction of its propagdbpnNine optical phenomena
are important for all forms of radiation waves, which include polarization, superposition,
reflection, refraction, diffraction, interference, transmission, absorption, and scaf&risgch
optical phenomena often take place concomitantly in mundane but ubiquitous examples of light
matter interactions and give the surface its overall appearance including color, gloss, and texture.
Consider a beam of light incident on the surface of a colmestium, which is depicted in
Figure2.1. As soon as the light meets the surface the beam undergoes refraction, and some of the
light is partially reflected at the aio-medium interface. The refracted beam propagated through
the substance then undergoes selective absorption twilerabsorbed radiatiois
transmitted according to the laws of geometrical optics, i.e., the beam is deflected from the
rectilinear pattexpected in vacuum by reflection, refraction, diffraction, and diffusion inside the
medium[7]. It is thecombination of these processes that induces the underlying color of the
diffusing medium. Besides, color can also be produced by other types of light interaction, such as
by interference, whichr oduces the iridescent colcasesof of pe
beetleq3].



Normal

_ | Specular
Incident reflection
beam |

Transmission

Figure2.1. Schematic propagation of an incident light beamnoropaque, diffusing
colored mediunj7].

Given that our primary interests are the perceived colors of opaque textile fabrics as well
as translucent plastics, much more attention is paid tphyscs of the light refraction and

reflection and transmission processes, whose basic theories are reviewed in this chapter.

2.1.10ptical phenomena

Electromagnetic radiation refers tay@e of energytransmitted through free space or a
material medium in the form of electric and magnetic figliisIt consists of mutually
perpendicular electric and magnetic field components that also oscillate at 90%o the direction of
propagation. When traveling through a vacuumel@ttromagnetic radiation propagates with the
same velocity o€®o w X w ¢purtm/s (approximately 186000 miles per second), which is
constant regardless of the radiation intendty

The electromagnetic spectrum ($8gure2.2) covers a tremendously wide range, from
radio waves with wavelengths afmeter or more, down to gamma rays with the wavelengths
less than the size of an at¢@). Theoptical radiation lying between radio waves angys on
the spectrum only makes up a very small part of the total spectrum (from approximately 400nm
to 700nm), while it exhibits a unique mix of ray, wave, and quantum properties and distinguishes

itself from other forms by itability to be detected by human ey8k
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Figure2.2. The electromagnetic spectrum with an expanded vipitigon[3].

2.1.1.1Refraction of light

When light is traveling through an isotropic dielectric medium that is assumed to have no
charge density nor current density, the speed of light in the madaan be derived from

Maxwel | 6s equation, which is given by:
w
— (2.2)

where- i' s t he medi umds r ‘e lsdstralative pepneabilitiflOf. nav i t y, an

0

vacuum,- and‘ are unity, therefore the velocityequals the speed of light in free spabdn
most materials, can usually be taken as unjfyl], so that the refractive index, defined as the

phase velocity in free space compared to that in a given medi{t®]:is
W
I A 7 (2.2)
Since the quantities and’ vary with frequency, the refractive index of a specific
medium is also dependent on the frequency and wavelength of the electromagnetic radiation.
Figure2.3 shows the refractive index as a function of wavelength for several materials
commonly used for lenses and prisms. The variation along with the wavelength explains the

phenomena in which prisms divide white light into its constituent spectral colorsciRefra



indices are therefore commonly measured using radiation of a standard waveldmng/thin
practice is the sodium D line radiation (light of wavelength 589.3[8n)
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Figure2.3. The variation of refractive index versus wavelerfgtiseveral materials

commonly used for refracting optical componda.

Changes in refractive index are often directly associated with how light interacts with the
matter, thus in turn affecting the appearance of the object. When an electromagnetic wave is
incident on the boundary separating two media that have differeneésaigefraction, a part of
the beam will be reflected back into medium 1, while the rest will continue on entering medium
2, but with an altered direction of propagation. The latter phenomenon is termed reftjtion
Figure2.4 depicts this situation where the subscriffs andi refer to the incident, refracted,

and reflected beam, respectively.
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Figure2.4. Refraction of light at @ainted surfacg3].

Refraction of light akes pl ace according to Snell 0s
sines of the incidence and refraction angles is equivalent to the reciprocal of the refractive index
ratio:

OB+

where¢ ande¢ are the refractive indices of medium 1 and 2, respectively asdhe ratio of

£ (2.3
— € .
£

refractive indiceg 7t .

2.1.1.2Specular reflection

Besides refraction, an abrupt change in the index of refraction gives rise to another
surface optical phenomeinaeflection. In most casebght reflection from a material surface
arises from the following four phenomeji]:
a) Light waves that specularly reflect a single time, occurring at the planar interface
significantly larger than the wavelength.
b) Light waves that undergo at least two multiple specular reflections amongst
multiple microsurfaces.
C) Light waves penetrate through the top layer of the material surface, where they go
through multiple scatterings, and then are reflected out.
d) Light waves that diffract from interfaces with nanometer irregularities about the

same or smaller size than the wavelength of the incident light.



Figure2.5illustrates the first three phenomenai &).
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Figure2.5. Light reflection from a materiaurface[14].

The reflection which arises from phenomenon a) is termesipideular or mirror
reflection[14], whichtakes place to a certain extent at all surfacescthadtitute the interfaces
of solids or liquid412]. According to the reflection law, the angle of the reflected lglgquals
to the angle of the incident org measured with respect to the normal ofréféecting surface
[15]. n addition, the nature of the specular com
laws, which associate the specular reflection to the nature of the incident beam, as well as the
refractive index of the medium undewnsideratiorj16].
Foragivensubstance Fr esnel 6s equations can be inter
function'Y _h— , whose value equals to the ratio of the specular reflected light to the
unpolarized incident light. The value ¥f_h— varies continuously over the visible spectrum.
The magnitude of this variation, however, is typically very small, which is usually within a few
percent across the visible spectrum. Hence, the specular reflection is often assumed to be
constant concernintpe wavelength and has the same relative SPD akutinénant [16].
The functionY _h— implies several important conclusions. Firstly, when 1€ with
the light perpendicular to the surfa®é,_h— has a value possessing the property of the
substance. Therefore, it can be thought of as a value characterizing the specular color of the
substance. Secondly, asincreases, the value &f _h— will tend to increase, until it reaches a
value of 1 for all frequencies at the w ftwhich explains why a surface always looks glossy

and mirrorlike at high or grazing angl¢s].



2.1.1.3Diffuse reflection

The reflection component which is resulted from phenomeiiadp)mentioned in
Section2.1.1.2 is called the diffuse component of reflection. For material surfaces that are not
perfectly smooth, they are assumed to have a microscopic level of detail which consists of many
microsurfaces that bounce the reflected light in different directions. gietherefore may
undergo multiple bounces by microscale surfaces before it is detected. Such a-molirae
reflection is the major source of visible diffuse reflection for metals, while it tends to be subtle in
the textile materials of interest, indimg polyester and cotton. For opaque white and colored
fabrics made from cotton or polyester, the diffuse component of reflection mainly results from
phenomenon c), where the light goes through subsurface scattering and is everéumaitiece
throughthe surfacg14]. In rendering, it is typical to use the geometrical optics, which ignores
wave effects such as interference, diffraction and polarizggipmence the diffuse component
arising from the phenomenon d) is not considered in the study.

If a surface reflects an equal intensity of light in each direction, no matter what the angle
from which it is irradiated, then the surface is ideally diffusing, and it is called the Lambertian
reflector. For most natural surfaces, however, they exhibiixture of specular and diffuse
reflection that can be described by the polar reflection curve, as shduguie2.6. As can be
seen from the figure, if the reflecting surface is smooth and mikerthe surface will have a
high specular reflection with the reflected light concentrated within a narrow region at an angle
eqgual to the angle of incidence. On the comtréithe surface is a Lambertian reflector, it will
have a high diffuse reflection and reflect light indiscriminately at all angles. For the natural
surfaces falling between the two extremes, they have both the diffuse reflection and the specular
reflection around the angle of reflection. The polar distribution of reflected light indicates that
the sample should be viewed at an angle equal to the incident, to assess the gloss that is
determined by the proportion of the specular component. In contrasiktér of the diffuse

component should be evaluated by viewing at right angles wutfece3].
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Figure2.6. Polar distribution ofeflected ligh{3].

2.1.1.4Absorption of light

For a beam of light traveling through an optical layer over agpditie amount of
incident light that is attenuated by the ligiiisorbing entities in the path is governed by the
BeerLambert 6s | aw:

© 0 pm (2.4)
Where'Qepresents the intensity of the emergent beam after passage through thamdithis
the incident intensity @ 11, @is the concentration of the species in the medamd,- is the
wavelengthdependent constant known as the absorptivity. The-Bambert law states that the
light intensity decreases exponentially with the path leagtid the light absorption is
proportional to the number of absorbing species inp#tR[3]. It should be noted that the law is
only valid for a weak absorption, such as solutions with low dye concentrations, while the

deviations arising from higher concentrations are out oftlee of the current studiy/7].

2.1.1.5Transmission

The degree of optical transparency of a polymeric material is partially determined by its
luminous transmittance, which is defined as the ratio of the luminous flux transmitted by a body
to the incidenflux [18]. Total luminous transmittance_ is the ratio of the total transmitted

luminous flux%. _ to incident flux%o _

%0

T _ % : (2.5)
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Depending on whether the transmitted radiation is diffused (scattered) or not, the total

transmittance of a medium can be further separated into two parts: regular transrhittance

and diffuse transmittance _ wheret - _ f _ [19]. Regular
transmittance is defined as the ratio of undiffused transmitted flux to the incident flux. It

typically encompasses the flux that deviates from the incident beam not exceetli2®R.5

When the incident flux is scattered as a result of its travel through the sample, such as in
translucent material, the transmittance is referred to as diffuse transmittance, defined as the ratio

of diffused transmitted flux to thieacident flux[19].

2.1.2KubelkaMunk theory

When a beam of light travels through a diffusing medium, the incident light suffers
absorption while part of is reemitted from the incident surface. The ratio of reflected to
incident radiation flux is defined as reflectance, which provides information about the color of
the medium. Many investigators have endeavored to derive reflectance values by various means,
among which the theory of Kubelkdunk (K-M) has enjoyed great success in both scientific
and industriabpplicationd21]. Neverthelesshis theory has, at the same time, exhibited many
inadequacies mainly due to its underlying assumptions, and thus often giving unsatisfactory
results in practicahpplicationd7]. The subjecof the following review is to provide an

introduction of the KM theory along with its assumptions, limits, and applications.

2.1.2.1Fundamentals

The KubelkaMunk theory is a twdlux model based on light absorption and partial
scattering22]. KubelkaandMunk [23] formulatedthis theory to model the reflected light
emerging from a dull painted layer, assuming that there are only two diffuse fluxes traveling in
opposite directions: (a) th@lux includes all light directions that have a component traveling
downwards; (b) th&ilux includes all light directions that have a component traveling upwards
[24]. Theinteraction of the light within the layer is characterized by an absorption coefficient
and a scattering coefficiet which represent portions of light absorbed and scattered,
respectively, per unit thickness of tlager[21]. To derive the model, Kubelka and Munk

considered an infinitesimal lay€rcat a distancesfrom the illuminated surface, as shown in
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Figure2.7. The intensities of the two fluxes at this plane are denot&laasi’Q The product of
the absorption coefficient and the thicknas£X then represents the fractional amount of light
weakened due to absorption as it passes through the thicnreSsnilarly, "YXQ s the

fractional amount lost by scattering via the passage through

Figure2.7. Fluxes at a thin sectidf d¢inside a layer on top of an opaque background with

reflectance ofY [24].

Given that the amount of flux lost by scattering strengths the flux in the opposite

direction, a pair of differential equations, one for each direction, can be derived:
[910)]

0 " g, w3 2.6
o 0 YQ "W (2.6)
(010) _
— 0 Yo YW (2.7)
Qw

The solution to the differential equations relates measurable terms, including reflectance of the
layer andbackground, to the film thickne§ the absorption coefficient, and the scattering

coefficient™Y[24]:
p Y ® WAl GEYO

Y B Y GAT GEYO (2:8)
Where & 3Y 0 2.9)
6 B 7 (210
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. . Q Q
Al @QE a9 o (2.11)
Where'Yand'Y represent the internal reflectance of the layer and background reflectance,
respectively, and T @efers to the hyperbolic cotangent. The expression serves as the general
form of the kKM theory and is suitable for modeling translucent matejzik
Apart from the translucent layer, theNKtheory is used to develop mixing laws for the
other two types of samples. One is a transparent colorant layer that is in optical contact with an
opaque, diffusely scattering background. As scattering of the tramépayer approaches zero,
the general equatiaeduces t¢25]:
Y o'YQ (2.12)
The other type of sample is opagque materials such as textiles, dyed paper, opaque paints, and
plastics. As the reflectance&’ () of the opaque layer does not change with any additional

thickness, the general form reduces to:

0 0 0
. el — —_ 2.13
Y p ~ ~ S (2.13
} Y
or v oP Y (2.14)
Y c¢Y

The equation indicates that the reflectance of an opaque layer is only dependent on the ratio of
to "Y not on their absolutealues[24].

2.1.2.2Assumptions and limitations

The K-M theory was proposed based on a simplified model of light propagation in a dull
painted layer. The key assumption in applying the theory is that only two diffuse fluxes are
considered, and the scattering phenomenon is approximated to a revensaitioidon a
fraction of energy flux. The coexistence of only two opposite fluxes, however, does not represent
reality, thus becoming the major drawback of this theory. Furthermore, the light within the
colorant layer is assumed to be completely diffuse,the medium is isotropic and
homogeneouf’]. Thus most gonieapparent pigments and colorant layers, which change the
degree of polarization of the incident light significantly, cannot be described with-the K
model[25]. Kubelkaand Munk also assumed that the layer is a diffuse reflector, whose surfaces

bounding the colored layer are plane, parallel, and have a large, illuminated area compared to the
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thickness. Therefore, it is ensured that no specular reflection occurs and only a negligible
fraction of light is lost from the edges of the colorant layer. Moreover, the absorption and
scattering coefficients are assumed to be constant, no matter hkwh#layer is[7]. In

addition, the theory does not consider polarization, interference effects, spontaneous emission
(fluorescence, phosphorescence), and partial reflection at the surface bdayeid24].

Finally, applying the KM model requires the use of a spectrophotometer. Theoretically, the
measurement geometry should be diffuse illumination and diffuse collection, while this does not
occur in anyspectrophotometg®5]. Dueto the strict assumptions, theM theory shows many
inadequacies and results in limited applicability.

2.1.2.3Boundary layer correction

As mentioned previously, the-K theory only considers diffuse reflection, while the
partial reflection at the ato-coating interface is ignored. Partial reflection is a phenomenon that
arises from the variation in the refractive index at the interfab&d®en air and the coating
material. Consequently, the calculated reflection and transmission based eMthw#el may
not agree with the quantities measured by a spectrophotometer.

A correction equation can be derived by considering the case of two diffuse internal and
external fluxes, under the assumption that a layer with the isotropic refractiveindex
surrounded by media with isotropic refractive indieeande on each side, as shownhkigure
2.8. These refractive indices relate with the corresponding Fresnel coefficients for diffuse light

i ,i°, and¢ :

(2.15)

Wherei andé represent the reflection coefficients for diffuse light at the inner boundaries of
the layer] * is the reflection coefficient for diffuse light at the illuminated surface of the layer.
Given that the typical binders and high polymers have refractive indices of about 1.50, the
coefficients for diffuse lightare ™ we andi® 18t w p ywhen the incident light travels

towards the boundary from norrmat with & p[17].
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Figure2.8. Reflection coefficients of diffuse radiation at bounding surfacelayer[17].

The general formulas that provide the relation between the measured external reflection
and transmission and the internal quantities are given as follows:
p €YY £€7Y
p €Y p 1Y £€17Y
p 1" p &Y
p €Y p 1Y £€17Y

WhereY and”Y are, respectively, the measured external reflection and transmissiovi aaad

Y i p i p 1 O (2.16)

(2.17)

“Yare, respectively, the internal reflection and transmission predicted byNhen&del. This
general form of equations can be reduced for two special optical cases: an opaque layer and a
transparent layer. For the opaque material, the equations desthibirelations between the

external and internal reflections are given as:

Yo — (2.18)

o T p 1 1Y 1 (219
As the material is completely opaque, both its external and internal transmission values equal
zero.

For the transparent layer, whichcisaracterized by zero internal reflection, its external

reflection and transmission are given as:

‘1 Loy
v o P E‘ (2.20)
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. p i° p €Y
Y SETY (2.21)

It is the internal reflectande that is used in all calculations involving the KubeMank theory
[24]. Thus, itis required to calculate the body or internal reflectance from the measured values

before applying the ¥M model.

2.1.2.4Semitransparent layers

The light reflected from a semitransparent layer often includes light directly scattered
from the particles in the layer as well as the light that has been transmitted through the layer,
reflected by the background, and remitted from the systent(gaee2.9). This is a more
complex situation where the-M theory does not provide a direct solution. By considering the
optical properties of the layer in isolation, an equation relatiageflectance and transmittance
of the isolated layer to the reflectance of the whole system can be dedyed

Y OY L (2.22)
p Y'Y
WhereY and”Yare, respectively, the internal reflectance and transmittance of the isolated layer,
'Y is the reflectance of the substrate anid the internal reflectance of the system consisting of

the layer and the substrate. Providing the reflectance values of the layer over two different

backgrounds, the function representing the internal reflectance of the Yayean be derived:

Y |y
Yi Yi
Y h _*h (2.23)
A2 2 R
Yi Yi

Where'Y is the internal reflectance of the layer over a substrate with reflec¥apcand’y is
the internal reflectance of the layer over a substrate with reflectagcesiven the quantity of

'Y , the internal transmittance of the layef,can thus be easily calculated.
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Figure2.9. Light reflection at a semitransparent laj2f].

2.1.3llluminants and light sources

As mentioned in SectioBHAPTER 2 the light source plays an important role in the
visual color impression of reflective colors. In color science, the nature of light sources is often
characterized by the spectral power distribution (SPD), which shows the variation of the
radiative poweemitted by a light source across the electromagnetic spectrum per unit
wavelength3].

Another aspect of the light source that can be characterized is its color temperature,
which is a term associating the color appearance of the light source to the temperature of a
Planckian radiator. The Planckian or bldady radiator is an idealized sog of radiation,
whose total emitted radiation is solely dependent on its temperature rather than the nature of its
constituent materigB]. The radiatiorpower of a Planckian radiator per wavelength interval,

is given by the Planck law of radiati¢bb]:

0

W
- Tio E)_"Y . (2.24)

where"Yis the absolute temperature of the source in units of Kelvin,_aepresents the
wavelength of the radiation band in units of metérand® are the radiation constants that
have valuesofg T p yp m WmPandpgd o Y p 1 m K, respectively.

The Planckian radiator behaves in such a manner that, as its temperature increases, the
appearance of the glow changes from dark red to yellow, and eventually to bluish white, along
with an increase in both the radiation energy and the brightness of ithtedenadiation.

Therefore, the concept of correlated color temperature (CCT) is introduced to characterize the
illuminant. The CCT refers to the temperature of the Planckian radiator whose perceived color

most strongly resembles thaftthe given sourcet@he same brightness and under specified
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viewing conditiong26]. One @n evaluate the CCT for a radiator by determining the temperature
of the Planckian radiator whose chromaticity is the neareabataf the illuminant in the CIE
1960 uniformchromaticityscale (UCS) diagraij27].

2.1.3.1CIE standard illuminants

The Commi ssion Internationale de | 6£cl aira
sources that are specified in terms of their SPDs. Those theoretical light sources are known as the
CIE standard il l uminants. It iinationment dmtomt @ s
sourceso, which respond to technically realiz
approximating to those of the corresponding illumin§Bjfs

CIE Standard illuminant A was designed in 1931 to represent the domestic, tungsten
lighting and it has the same relative SPD as the Planckian radiator at abo#t [B356s shown
in Figure2.10, such illumination exhibits strong radiation energy from yellow to red
wavelengths with a deficiency in power at short wavelengths; its color, therefore, is relatively
yellowish compared to that of the D65 illuminant.

Standard illuminant B, with a CCT of 4874 K, was designed to simulate daylight plus
sunlight,and standard illuminant C was intended to simulate average daylight with a CCT of
6774 K[28]. Dueto the fact that the illuminants B and C have insufficient energy in the UV
region and their SPDs deviate from those of the desired daylight conditions, both are largely
obsolete in favor of the illuminant D series introdusatisequentl{3].

In 1963, the CIE recommended the D illuminants by defining SPDs covering the UV,
visible and neafR regions to represent various phases of daylight. Among the D series, the CIE
illuminant D65 simulates the average daylight at an approximate CCT of 6%0@IK,is now
accepted by the CIE as a standidtominant [3]. Besideghe illuminant D65, the illuminants
D50 and D55, with CCTs of about 5000 K and 5500 K, representmarding and mie
afternoon daylight, respectively. Tileiminant D75, with an approximate CCT of 7500 K,
represents north sky dayligl29].

18



300 -
—— llluminant A ----- llluminant D65

100 ~

Relative spectral power distribution
o a
o o]
| 1

0+ T T T T T T T T T T

300 350 400 450 500 550 600 650 700 750 800
Wavelength (nm)

Figure2.10. SPDs of the CIE illuminants And D6529].

The CIE also recommended twelve F illuminants to represent various types of fluorescent
lighting. Based on the character of their SPDs, the F series of illuminants were divided by the
CIE into three groupsncluding standard group (F1 to F6), brdzahd group (F7 to F9), and
triband group (F10 to F1230]. Amongthe F illuminants, F2, F7, and F11 are the most used
illuminants in colorimetry. The SPD curves of these illuminants are shotigume2.11. F2
represents a cool white fluorescent (CWF) lamp with a CCT of 4230 K. F7 represents broadband
fluorescent as an approximatiohD65 at 6500 K and F11 stands for a triband fluorescent lamp
with a CCT of 4000 KH15].
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Figure2.11. SPDs of the CIE illuminants F2, F7 aRtl1[31].
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Besides the foregoing illuminants, the CIE defined an illuminant E and illuminant series

LED to satisfy the different needs of color users. The illuminant E is a theoreticalesgugy

radiator that has a constant SPD throughout the visible spectruniluffiaants series LED

consist of nine LED illuminants that were recommended by the CIE in 2018 to represent typical

white LED lamps. The CIE illuminants B1 to B5 are representatives for typical phesphor
converted blue LEDs with CCTs ranging from approaiety 2770 K to 6600 K. The CIE
illuminants BH1 and RGB1 with CCTs of 2851 K and 2840 K, respectively, are designed to
represent typical spectral shapes for abyierid LED and mixing of red, green, and blue LEDs.
And the CIE illuminants V1 and V2 repess the phosphezonverted violet LEDs at 2724 K

and 4070 K, respective[82].

2.1.3.2Light sources

Light can be produced by various mechanisms, which include:

T

Incandescence: a phenomenon where electromagnetic radiation (including the
visible light) isemitted by heating or burning matter. The common incandescent
sources include tungsten and tungdtalogen sources, etc.

Gas discharge: the emission of light caused by the ionization of the gaseous medium
when an electric current passes through a gas. Among the technical gas discharge
lamps, the filtered xendamps and the mercury vapor lamps are of importance in
the color industry3].

Electroluminescence: an optical and electrical phenomenon driwetectricity,

which is the underlying mechanism of how light is produced in LIBBk
Cathodoluminescence: the emissioright by the electroremitting material that

is bombarded by the electron beam produced by a cathode, which was commonly
used in television and VDU scre€3$.

Chemiluminescence: the emission of ligkith a limited production of heat, as a
result of some chemical reactid2®].

Photoluminescence: an optical phenomenon where the sources give light emissions

by absorbing external photons. Among various photoluminescent sources, the
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fluorescent lampgCWF and triband lamp TL 84 are used for color assessment of

special importancfl5].

Amongthe vast number of artificial light sources, our major interests lie in the LEDs and
the D65 simulators, which include the filtered higiiessure xenon arcs, the filtered tungsten
lamps, and the wide band fluorescent lamps. These light sources are illsadrtate physical
samples during visual assessments or image capture processes.

Semiconductor materials are employed to manufacture the LEDs, whose SPDs are mainly
dependent on the chemical composition and the ratios of the semiconductor materials. The
production of light in the LEDs arises from the electroluminescence and prin@pallys
across a {m semiconductor junction, where the electrical excitation between the conduction band
and the valence band results in an energy gap and hence generating photons by an energy surplus
from electron holeecombinatior{3]. Whendoped with suitable chemical compounds, the LEDs
can emit light with quite narrow spectral halidths of 625 nm, for example, at wavelengths of
400 nm (galliumnitride diode), 600m (galliumarsenienitride diode), and 660 nm (gallium
phosphidezinc-oxide diode)15]. Thespectrum of LEDs, on the other hand, can be relatively
broad when the diodes incorporate one or several phosphors that are stimulated by a violet or
ultraviolet LED. In addition, the LED has numerous advantages in comparison to traditional
lights, such aa shorter switching time of about 5 ns, lower power consumption, higher energetic
efficiency, longer lifetime and thus less maintenance, and higher flexibility and control of the
light level and color variation. Nevertheless, the illumination intgrdi LEDs isrelatively low
compared to the traditional light sources, which seems to be one of their major dra@8acks

The tungstefiilament lamp is an artificial light source whose behavior closely
approximates that of the Planckian radiator. Its emitted radiation arises from the incandescence,
therefore exhibiting a continuous spectrum over quite a broad range of wgtisleFhe
character of its emission and the color temperature is mainly controlled by the filament thickness
as well as the appliegbltage[3]. By introducing some bromine or iodine vapor into the light
bulb, the light source becomes thecatled tungsteirhalogen bulb, which has a higher light
efficacy, longer working life, and its color temperature is increased from about 2,800 to 3,000 K

[15]. Besidesthe tungsteffilament lamp can serve as a D65 simulator if they are combined with

21



suitable filters or working with other light sources that supplement the radiation in the UV region
[35].

The fluorescent lamps emit light by photoluminescence, whose produced spectrum is
dependent on the chemical structure, and the mixing ratio of the phosphalved[15]. Due
to the mechanism of its light production, the fluorescent lamp often has strong emission lines in
the violet regions, while showing weak emission in the red region of the spd88unio
enhance the spectral distribution in the red region, the Hraad type is manufactured by
incorporating the longvavelength phosphors. Nevertheless, the spectrum produced by the broad
band type without a filter still shows prominent emission lineseatthrcury wavelengths (404,

436, 546, an®77 nm)[3]. Thus the fluorescent lamps often show relatively large discrepancies
in the SPD in comparison with the CIE standard illuminant D65. Apart from that, fluorescent
lamps have the advantages of high eneffjgiency and low manufacturing cost, so they are
widely used as the D65 simulators in indust{&4.

Among the available D65 simulators, the higlessure xenon arc tends to be the most
suitable candidate due to its spectral distribution, which when properly filtered resembles that of
the averagelaylight[3]. Theemission of light in the xenon lamp arises from the gas charge. In a
high-pressure xenon lamp, the pulsed or constant voltage causes xenon gas to ionize and emit
electromagnetic radiation, producing a nearly continuous spectrum in the visible region
acconpanied by a small emission in the UV range. The resulted SPD displays a flat peak at a
wavelength of around 450 nm, with a slight decrease in magnitude at longer wavelengths. Its
color is therefore slightly but insignificantly bluish. Mainly becaukisospectral distribution,
the UV-filtered xenon lamp with a color temperature 6,500 K is now of great imporfance

applications in color technology and is increasingly being employed as a daylight sirfilBator

2.2 CIE colorimetry

Color is ubiquitous and tremendously important in the modern world. In manufacturing
and material production, color is usually a powerful indicator of product quality and is often
considered a critical factor in the commercial success of a product. Whitas often
mistakenly regarded as an attribute belonging to an object itself, the color of an object essentially
arises from the neurahduced perception that is stimulated by the ligiected, transmitted, or

scattered from the objedbiven the shjective nature of color perception, measurement of color
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is not as trivial as that of objective phenomena, such as weight or length. The difficulty of
guantifying color partially arises from the fact that color is affected by many factors, including
illuminances, the physical size of the sample, backgrounds;@ta. More importantly, it
depends on the observer. Therefore, there is ageedtfor methods of quantifying and
specifying color with sufficient accura¢$7].

The question of color specification can be largely simplified by reducing it to color
matching. While it would be difficult to design a system of color specification that attempts to
describe the colors that we see, a system can be established to desgribeeproduce a color
that matches the color of a sample viewed and illuminated under a set of specified conditions
[38]. Tocontrol the illuminating and viewing geometries, the CIE has standardized various
illuminants to meet different practical needs and has recommended four illuminating/viewing
geometries for reflectance measurements. Also, considering the observer tsagabili
metamerism, two observers were standardized by the CIE with tabulated data provided. The
described improvements constitute the CIE system of colorimetry that can accurately predict
color matches for an average observer when the two stimulilarenated and viewed under

controlled conditions.

2.2.1CIE standard colorimetric observers

The standard observers were derived based
empirical results about how the perception of mixtures of colored primary lights can be
algebraically related to one another in a color matching context. The basic tewsated by
H.G. Grassmann are listed below:

1. Three independent variables are necessary and adequate to specify a color match.

2. In additive mixtures of two stimuli, if one stimulus is steadily altered (while the other

remains constant), the color of the mixture also continuously changes.

3. Lights of the same color produce identical effects in additive mixtures irrespective of

their spectratompositiong39].

According to the trichromatic principle, the visual color system is based on three kinds of
cone cells with linear response, and Grassmann laws translate the linearity of trichromatic color

mixture associated with metameric color matches into linear egsatn a threglimensional
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linear vector space, we can represent any color stimuluvégtar[40]. A vector notion of the
Grassmannodos | aws is given as foll ows:
Given four color stimuli=, ||, f and;

a. Symmetry law: i=k |, then|| k =

b. Transitivity law: if=k | and| k f then=k F

c. Proportionality law: it=k ||, thence=k ¢ for any reakd Tt

d. Additivity law: if =k || and gk , then= g k | . Similarly, if=k ||

and= F k |  thenpk pI[40]

Providing the foregoing algebraic relationships, a color stimulus, represented as a spectral
power distribution with continuous power over the entire wavelength range, can be regarded as a
combination of monochromatic lights, each suitably weighted. Iftbeochromatic sources
were simultaneously projected into a fixed field, they would produce a color that matches the
stimulus with the continuous spectrum. Using this reasoning, it is sufficient to perform-a color
matching experiment (séagure2.12), in which an observer matches the two fields at each
wavelength using three properly selegbetinaries[38]. Theamounts of three matching stimuli
needed to achieve a match can be determined for every monochromatic constituent of the equi
energy spectrum. The wavelengtBpendenamounts required for the above color match are

called the color matching functions (CMHSP].
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Figure2.12. Basic experiment of visual colaratching[39].

The above colematching experiment is built on the principle of metamerism. Therefore,
a match for one observer will probably not remain a match when viewed by another subject,
especially when there is a great difference in the spectral properties béteeest stimulus and
the matching stimuli. To reduce this limitation, the standardized CMFs have been determined by
averaging the results from a number of calormal observers. Thus, the derived standard
observers can be assumed to represent the-w@ltmhing results of the average human

population and would not be dependent on any particular \psopértied38].

2.2.1.1The 1931 CIE standard colorimetric observer

Two experimental investigations, carried out by W.D. Wright and J. Guild, were
performed during the 1920s that measured the CMFs of a small number afaoial
observerg38]. Guild measuredeven observers using filter primaries and Wright measured 10
observers using spectral primaries. Both experiments were conducted under the same observation
conditions of a 2°foveal field and dark surround. Despite different primaries being employed, a
satisfactory agreement was obtained when the results from the experiments were converted to a
common set of primarig89]. In 1931 the CIE concluded that the agreement was close enough

to provide both independent validation and a reasonable estimation of the population. Thus, the
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committee agreed to adoptacetnaet chi ng system based on both
experiment resut[38]. To calculate the average results, the spectral compositions and the
luminances of the primaries were specified. Single wavelengths, 700 nm for the red, 546.1 nm
for the green, and 435.8 nm for the blue primary, were selected as they are unambiguous and
phystally realizable when building laboratory colorimeters. 700 nm is a wavelength at the red
end of the spectrum where only the lemgvelength receptor would be stimulated, while the

latter two wavelengths correspond to the prominent lines in the mespecyrun{41]. Theunit
intensity of the primaries was defined by their luminances. The requirement was that the additive
mixture of the three primaries, each set to a unit amount, should match the white given by an
equalenergy spectrum. The derived CMFs, depicteBigure2.13, are known as the CIE RGB
color-matching functions and are writtenidS@ & The negative lobes in the figure refer to the

fact that one of the primaries needs to be mixed with the test stimulus such that a match can be

achieved in some regions of theectrun{39].
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Figure2.13. The RGB colommatching functions for the CIE 1931 standalerve[38].
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It was recognized both industrially and academically that having the CMFs with negative
lobes would result in considerable inconvenience. Therefore, in 1931 the CIE decided to
transform the real primaries [R], [G], [B] to a set of imaginary primaries[}¥],[Z], which
could result in alpositive CMFs[39]. It wasalso decided that one of the celoatching
functions should correspond to the 1924 CIE standard photometric obserwenjch describes
the relative sensitivity of the eye to various wavelengthgbt [37]. Therefore, the tristimulus
values also provide the photometric quantities of the stimuli. The new set of CMFs were
calculated from tha ["@CMFs through a linear transformation. The resultant CMFs (see
Figure2.14), denoted asf, w, andal, are known as the CIE 1931 standard colorimetric
observer or the 2°standard colorimetric observer. This observer is recommended to be used if
the fields to be matched subtend between 1°and 4°at the eye ajliberve(39].
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Figure2.14. The CIE 1931 standard colorimetdbserve[38].

2.2.1.2The 1964 CIE standard colorimetric observer

The original 1931 CIE standard observer was based onmatohing experiments using

a 2°field of view. This size of the field lies almost entirely within the region of the fovea in
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which no rods are contained. However, there is a large number of applications in which the
stimulus subtends a larger area of the retina than the one covereddyet89]. Newcolor-
matching experiments were therefore performed by Stiles and Burch and Speranskaya by
measuring the CMFs with a 10%ield of view. In these investigations, Stiles and Burch measured
the CMFs of 49 observers at very high levels of illumination, wBleranskaya determined the
CMFs of 27 observers at considerably lower levels of illumination. Thus, different levels of rod
intrusion were involved in the two experiments and required appropriate correction to remove
the effects of rodiision. The CIEremoved the effect of rod intrusion and weight averaged the
two datasets, resulting in the 1964 CIE standard colorimetric observer or the 10°bserver. Its
CMFs are notated ady; , wn , anddf; , with a 10 in the subscript to be distinguished from the
2°-system. One caveat that should be borne in mind when using the 10°bserverig that

not identical to eitheth or w, and the corresponding tristimulus value does not directly reflect
the luminance of atimulus[38]. A comparisorbetween the CMFs of the 1931 CIE standard
observer and those of the 1964 CIE standard observer is shéiguie2.15. Besides, the CIE

1964 standardbserver is designed to apply to matches where both the luminance and the
relative spectral power distributions of the matched stimuli are such that no involvement of the
rod receptors is to be expected. Thus, the luminance levels must be sufficienthhkiglising

the 10°0bserver without any redorrection[39]. Neverthelesshe precision of the 10°system is
higher than that of the CIE 1931 system, as it has a firmer statistical foundation based on many
more observers. The CIE 1964 standard observer is recommended wheneverabching

conditions exceeds a 4°field ofiew [38].
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Figure2.15. The comparison between the CMFs of the 1931 CIE standard colorimetric
observer (solid lines) and those of the 1964 CIE standard colorimetric observer (dashed
lines)[38].

2.2.1.3Conefundamentabased colorimetric observers

Given that two stimuli match in color when they stimulate equal cone responses, it seems
that color specification would be more straightforward if the colorimetry is based on the
physiological response of the cones rather than the psychophysical meassiram2006, the
CIE published a model (described hereafter as CIEPO06, an abbreviation of CIE 2006
physiological observer) which provides estimates of the cone fundamentals for average observers
for any field size between 1°and 10°and ranging in agenfr@1 to 80years old38]. Thecone
fundamentals refer to the relative spectral sensitivity of-lwagelength sensitive ¢), medium
wavelength sensitive (N and shorivavelength sensitive (bcones. As the light entering our
eyes is modified by the absorption and scattering obtlwar media (i.e., cornea, aqueous
humor, lens, vitreous humor) and macular pigment, the cone fundamentals can be calculated by
multiplying the spectral absorptances of the retinal photopigments by the spectral transmittances

of the ocular media tbugh which light passes to reach tb&na[42].
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The CIEPO06 model is mainly based on the Stiles and Burch 10°color matching data
and the work of Stockman and Shaf$8]. It involves two parameters, namely the field size and
the observer age, and incorporates three physiological factors in the form of spectral optical
density functions for: (a) lens and other ocular media absorption, (b) macular pigment
absorption, and jghotopigments in the outer segments of photoreceptors. The CIEPO06 cone

fundamentals written in a simplified form is shown in Equati@85) [44]:

d_ p pm R pm D

a_ p pm A2 P P (2.25)
i p pm P pm P

WhereO represents the optical density, which is thaddgnction of the reciprocal of the

medi ads t ODahs @Qry.Heredn_. ,06 _,andd _ stand for the lowopticak

density spectral absorbance fof M-, and Scones, respectivelf0 7,0  ,andO

represent the peak optical densities of the visual pigments for the three photore€eptors.

andO  _ are the optical densities of the macular pigment and the ocular media including the

lens,respectivelyf44]. If the CIEPO06 model is enumerated for changes in filed size from 1°

through 10°and in age from 21 through 80, the enumeration process will produce 600 cone

fundamentals, which are plottedkigure2.16[45]. Throughlinear transformations each set of

CIEPOO06 cone fundamentals can be converted t@thesystem, thus enabling the practical use

of themodel[38].

30



0.75 F

0.5

Relative sensitivity

0.25 F

5 — . AN
380 430 480 530 580 630 680 730
Wavelength (nm)
Figure2.16. L, M, and S cone fundamentals normalized to equal area based on enumerating

the CIE 2006 model for changesfield size 1210°nd in age 2180 (color coding is
arbitrary) [45].

2.2.2CIE standard illuminating and viewing geometry

To obtain the colorimetric characteristics of a material, one also needs to define the
measuring geometry as the angles by which a sample is illuminated and viewed can affect the
measured color dramatically. The CIE has recommended four geometriesdotarefe
measurements, which areudst Jrt gr v, @gyt Jandm dQ The simplified diagrams of the four
CIE recommended geometries are showhigure2.17. The designation corresponds to
Qa a6 & 'Gp QR Wanglee
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Figure2.17. CIE-recommended illuminating and viewiggometrie$46].

The former two geometries, 45%0°and 02457 are known as the bidirectional geometries
[46]. Thespecimen is either illuminated or viewed at an angle of24om the normal of the
sample, and the corresponding viewing or illumination is at an angle not exceeding 10°rom the
normal to the samplsurface[47]. The specimen can be either irradiated at a single azimuthal
angle or at all azimuthal angles annularly, thus forming two measuring geometries notated as
45%:0°and 45a:05 respectively. Similarly, with the light path reversed, the reflected radiation
can be collected at one azimuth angle or within an annulus, resulting in the geometries notated as
0°45% and 0945° a[39].

The second pair of geometri&xjit Jandrt dQ refer to the use of an integrating sphere.
The integrating sphere is a hollow metal sphere with a powdery inner surface coated with the
highly reflecting diffuse material, such as barium sulphate or powdRFE&[46]. For the
geometry of Qt Jthe specimen is illuminated diffusely by means of an integrating sphere, and
the angle between the axis of the viewing beam and the normal to the specimen should not
exceed 10¢ Similarly, for the geometry of dQQ the specimen is irradiated by a beam whose axis
is at an angle not exceeding 10°from the normal, and the reflected flux is collected by the

integratingspherg47]. Insteadof adopting the normal angle, the integrating spheres designed
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for color measurement generally offset the normal angle about 8° This arrangement makes the
measuring aperture at 8°from the normal to the sample (for d:8°geometry) but yields a result
that will remain nearly the same as the zéegree geometry. One joaadvantage provided of

such arrangement is that it allows the differentiation between specular component included and
excluded measurements, thus increasing the measuréexdutity [39].

2.2.3CIE XYZ tristimulus values

In colorimetry, one has to distinguish between two classes of color stimuli: one includes
those reaching us from a reflecting or transmitting material; the other comprises those reaching
us directly from a light source, such as lights digghlays[39]. The tristimulussalues for the

light sources are calculated as follows:
W U B _dd_Q_

(2.26)

Wherelz _ is either spectral irradiance or spectral radiance pandcknown as the maximum
luminous efficacy, equals 683 IW/[38].

Tristimulus values for nonluminous materials are calculated as the product of the spectral
properties of the light source, the object, and the aolatiching functions, followed by
integration over wavelength. In the CGEYZ trichromatic system, the tristiulus values for a

reflecting material are defined as:

O QY_Y_d_Q_
O Q Y_Y_o_Q_ (2.27)

O Q Y_'y_d_Q_

With

Q p it Y_G_Q_ (2.29)
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Where"Y is a CIE standard illuminatiof¥, is the spectral reflectance factor of a stimulus, ®nd

is a normalizing factor such that resultérfor the perfect reflecting diffuser is 104, &, and

al are the ClEcolor-matching functions of one of the CIE standard observers, which are defined
from 360 to 830 nm with a 1 nm interval by the IE3].

The CIE has determined that in all practical calculations of tristimulus values the
integration can be carried out by a summation at the wavelength interyakt to 1nm. The
color-matching functions are provided in tabular form @ intervals over the range from 360
to 830 nm in CIE Publication numb8e[48]. Moreover a wavelength sampling of 360 to 780
nm with a 5 nm increment can also provide sufficient accuracy when approximating integration

with summation38], givingthe equations as follows:

AREO) Y_'Y _af_ 3
O Q Y_'Y_O_ 3 (2.29)

O Q Y_Y_ Al 3
with

Q p it Y_0_ 3_ (2.30)

The CIE Publication number 15[49] providesan abridged set of colanatching functions
tabulated at % 1m intervals in the region between 380 and 780 nm. It should be noted that while
the standard practice recommends 360 nm as the starting wavelength for the summation, values
of color matching funions are fairly small in the region between 360 and 379 nm. Therefore,
inclusion or omission in the calculation of tristimulus values would not generate significant
differences in theesults[50].

For the data obtained at-bdn measurement intervals, the ASTM has published the
tristimulus weighting factors by which the corresponding tristimulus values can be calculated
through the numerical process of multiplication followed by summation. Thenuists values

®, ®, Gare calculated using a set of normalized tristimulus weighting funation® , w and

the spectral reflectance of the stimulis, in the following equationfs0]:

& O _'Y (2.31)
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) w _Y_

When the reflectance data is measured at 20 nm intervals, ASTM recommends that the values
should be interpolated using the thortler Lagrange formulae to derive-tuh reflectance data.
The corresponding 10m weighting table is then used to computettistimulus value$50].

The use of the-Bm colormatching functions and #@m weighting functions (available
only for 9 illuminants) necessitate that the spectral reflectance factors are measured at the
corresponding intervals. For practical applications, however, the reqait@diet often
unavailable in an appropriate format due to truncation (measurement range less than the practical
range of summation, 360 to 780 nm) or disparity of waveleimiginvals[51]. Forthe data that
are measured at intervals wider than that recommended by the CIE, CIE Publication 15:2004
[28] recommendso use one of the four following interpolation methods: (1) a tbrcker
polynomial (Lagrange) interpolation from the four neighboring data points around the point to be
interpolated; (2) a cubic spline interpolation formula; (3) a-tftder polynomialnterpolation
formula from the six neighboring data points around the point to be interpolated; or (4) a Sprague
interpolation. The tristimulus values can then be calculated using the interpetated 1
reflectance data and thenin weighting thles. For the data that are available only in truncated
wavelength ranges, CIE Publication 2804[28] recommendshat the missing values can be set
eqgual to the nearest available values of reflectance as a rough approximation. Besides, CIE
Publication 1672005[52] indicatesthat the unmeasured values can be obtained by linear
extrapolation. To compare the accuracy of different interpolation and extrapolation methods,
Wang et al. performed a comparative study with the tristimulus values computed usifgihe 1
weighting table and inm reflectance functions as the reference. The results indicate that the
(cubic) spline method is the best @&commended interpolation method when the spectral
reflectance factors are uniformly sampled in the visible range. For extapnlit is found that
the seconabrder extrapolation method provides better performance than using the nearest

measured data points or linear extrapolati@thodd53].
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2.2.4CIE e « ohromaticity coordinates and chromaticity diagram

While the tristimulus values can completely describe a color stimulus, it is difficult to
relate them to the color appearance of a specimen in any simple way. Given thiatsti@ulus
value roughly represents the lightness of a sample, the other two dimensions describing the
chromaticity are usually represented as chromaticity coordinates §ndd) and are defined as
[37]:

W
W W W

P (2.32)
W W W
W W W

Sincew w & p for any color, it is sufficient to describe the chromaticity with only two of

the three coordinates provided, usuallgndw And a plot ofwagainstwin a rectangular

coordinate system is called a chromaticity diagram. One should note, however, it is necessary to
describe a color stimulus with three characteristic quantities, thus one has t@dubndw

areused[39].

2.2.5Approximately uniformly spaced systems

While the CIE tristimulus or chromaticity system is quite well suited to specify a color
stimulus, the system has many limitations that motivate the color scientists and engineers to
continue to develop new color spaces. One of the greatest limitatitms ©fstem is that it is far
from being equally visuallgpaced38]. In otherwords, equal changes g wor do not
correspond to perceived color differences of the same magnitudes. Thus, many attempts have
been made to improve the perceptual uniformity of the color spaces, leading to the establishment
of many approximately uniformly spaced systems. In 1976CtBRerecommended two color
spaces as the representatives of f#fAuniform col
designed for comparisons of differences between colors of objects with identical ssteapad
viewed in the same white to mgtay surroundings, and observed by a subject photopically

adapted to a field with the chromaticity not too different from that of avetageght[39].
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2.2.5.1CIE 1976 LUV color space

Early effort concentrated on linear transformation of CIE chromaticity coordinates so as
to maintain the beneficial properties of thasgliagram, such as the additivity which is important
for the TV industry. The linear transformation results in chromaticity diagrams with improved
visual spacing, known as uniform chromaticity scale (Udi&yramd2]. Thepresent CIE
recommended UCS diagram is defined as follows:

0 T p O oW (2.33)

Lee WF O p B oW (2.34)
Where®, &, and® are the tristimulus values. If the pairs of stimuli subtend between 1°and 4°at
the eye of the observer the CIE 1931 standard observer should be used to calculate the
tristimulus values, otherwise the CIE 1964 standard observer should be applied. Such UC
diagram is based on the MacAdam UCS diagram proposed in 1937 and became a direct
precursor of the CIE LU\olor spacg39].

The CIELUV is formed by combining thiew6UCS and the CIE* formulated based on
the work of Glasser et al. The system has three rectangular coordihabésandu”, which are

defined by the following equations:

0 pp@WId po (2.35)
o° pd& o6 o (2.36)
O pd U U (2.37)

®'h & c@po
Ytip g pFophp w CWppo
Where6 and0 are the CIE UCS coordinates of the test stimuluséarehd0 are those of the

Qe (2.39)

reference white identically illuminated and vieweait is the luminance factor defined as the
ratio between the tristimulus valdgor the test stimulus and the tristimulus vadoefor the

perfect reflectingliffuser[38].

2.2.5.2CIE 1976 LAB color space

The CIELAB color space is generated by combining the Addiolserson (ANLAB)

color space with the Glasser et al. cubet psychometric function, resulting in an opponent
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color space with improved perceptual uniformity. The color space has three rectangular

coordinatesly’, ¢5, andds, which are formulated as follows:

0 pp@IId po (2.39)
W L TIROIR "QOTD (2.40)
&S ¢ MWD QWG (2.41)

w'h ® cppo
Ytip g pFophp w CAppo
Whered®, @, andw are the tristimulus values of the test color stimulus,andd , and® are

Q6 (2.42)

those of the specified white color stimulus illuminated and viewed identicallff. 8sa crude
estimate of lightness, one can construct approximate correlates of the perceived attributes hue
and chroma represented as the poldindrical coordinates of the system:

OAT &Tes (2.43)

i (2.44)

0’ o o (2.45)
Where'Q andd”® represents the CIELAB hue angle (in degrees) and chmaszectively[38].

2.3 Color difference metrics

The determination of the color difference between two specimens plays a vital role in
many applications, and especially so in the textile industry. As the human visual system is
excellent at determining whether two stimuli match, it will be unacceptabsofoe consumers
if the color of the batch substantially deviates from that of the standard. On the contrary,
however, the consumers may be prepared to tolerate a moderate color difference since an exact
match normally comes at a higher price. Therefa®ldishing metrics that quantify the
magnitude of mismatch has become very importa
expectations and saving costs for s@plierg2].

While visual assessment of color difference has a long history, the human visual system
is nowhere near as good at quantifying the magnitude of a color difference and at appraising
whether the color of the batch is within a gitelerancg2]. Thecolor difference tolerance
stands for the magnitude of color difference corresponding to the transition between two

categories of jJjudgments. For example, the tol
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matcho or finot a matchodo or between fAacceptabl
which correspond to the visual data determined in the perceptibility judgments and the
acceptability judgmentsespectivel\{54]. The perceptibilityand acceptability judgments are

identical when the color differences are slightly above the threshold of discriminability, known

as the suprathreshold. The acceptability judgments, however, are often different from the
corresponding perceptibility judgemis scaled by a factor, as the size of the color difference
increases. Besides the types of visual assessments, the color difference evaluations are subjected
to the effects of various parameters, such as the magnitude of total fel@ndie, sample size,

sample edge and separation, lightness of the background, sample texture, duration of
observation, psychophysical technique employed, etc. The influence of these parameters on color
differences is termed as the paramegffect[55]. Dueto the parametric effects as well as the
observer variability, visual colatifference assessment results often exhibit significant

variability. Also, there are inconsistencies between the results of individual experimental studies.
Thus, it is importanto measure the reliability of visudifference assessments to improve

confidence in reported outcomes. For the replicate assessmentamtriaterobserver

variabilities are often reported, which correspond to the variability between indepessdent t

results reported by a single assessor, and the corresponding variability between the results given
by different obserers[56].

With the development of optical measurement techniques and the standardization of
colorimetric observers, visual coldifference judgments were expected to be replaced with
colorimetry[57]. Oneof the major problems in the instrumental cetdiifference evaluation has
been the difficulty in devising a metric transforming the measured color coordinates into
computed color differences that adequately predict the responses obtained from visual color
difference judgements. Experimental results indicate that the batches that are visually assessed as
having equal total color differences from a given standard always fall on an ellipsoid centered
about the standard in thew space. Moreover, thalipsoids that correspond to visually equal
color differences exhibit great variations in size, eccentricity, and orientation at different color
centers. Thellipsoids and their variations indicate the aonformity of the CIE tristimulus
color space, which causes problems in determining the colorimetric pass/fail limits for color
matching. Thus, many efforts have been devoted to the development of ensimifler shade

passing (SNSP) equation for evaluating color differences. Such an equation corresponds to the
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color-difference formula in which all tolerances are numerically equal, irrespective of the color
center and the direction of the color difference. Thus, it is theoretically possible for the color
measurement of just one batch, visually assessed as faipass/indary at any color center, to

establish the colorimetric tolerance in every direction for all ccdoterq?2].

2.3.1CIELAB and CIELUV color-difference formulae

As described in sectiah 2.5, the CIELAB and CIELUV color spaces were
recommended by the CIE as approximately uniform color spaces. Thus, the Euclidean distance
in the color spaces can be used to represent approximately the perceived color difference
between a batch and its standardhef identical size and shape, viewed in the same white to
mid-gray surroundings, and assessed by an observer photopically adapted to a field of
chromaticity not too different from that of the averaigglight[39]. Let(’ , ¢5 , andd3
represent the CIELAB coordinates of the batch, #nd3, anddS stand for those of the
standard. Then, the CIELAB color difference between the batch and its sta¥i@ards

defined as follows:

yo Y Y5 Yas (2.46)
where
Yo v 0 (2.47)
y&i§ S (2.48)
Y5 & &S (2.49)

One can also construct a CIELAB cofdifference formula using the corresponding
cylindrical component differences with a newly defined variaBlg, , representing the hue
difference in units commensurate with other variables of CIELAB color difference.Yi®eris

the Pythagorean sum of the three component differences:

YO N yo* ya (2.50)

where
yo* 6" 5 67 (2.51)
Yo YO N yo* (2.52)
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Similarly, the CIELUV color differencé/O , can be calculated as the Euclidean
distance between the poimtpresenting the batch and its standard in the CIELUV color space.
The CIELUV colordifference formula is given as follows:

YO Y Yo* Y (2.53)

where
yor 6" o (2.54)
N VS (2.55)

The function used to calculate the lightness differe¥de,is common in equations
(2.46), (2.50), and(2.53). And the subscripts B and S represent the batch and its standard,
respectivelyf2]. It wassoon discovered that the contours of equal tolerance limit were still
represented by ellipsoids of varying sizes in the CIELAB color space, revealing relatively poor
prediction accuracy of the CIELAB color difference formula. Thus, many further efforés ha
been devoted to establishing cetbiference metrics with a better agreement between the visual

and colorimetric description of color differences.

2.3.2CMC(mf) color-difference formula

In the 1970s, McDonald accumulated two sets of pass/fail color matching data based
upon textile threadampleg58], whosemagnitude of color differences was similar to those
normally encountered in typical dyehouse production. One of the datasets includes 25590
pass/fail decisions made by a panel of 8 experienced observers with normal color vision. Each
observer assessed 6déirs of samples grouped around 55 color standards and repeated the
assessment of all the samples five times. The task of the observers was to compare each sample
in turn with its standard and state whether each pair constituted an acceptable matébr or not
sewing threagbroduction[59]. Theother dataset included 8454 standard/sample pairs and 599
different color standards assessed by a dyehouse manager. The two sets of visual color
assessments were conducted under sirndaditions[60] andthe results were used to derive the
J & P Coats JPC color difference formula, JPC79. This formula demonstrated an impressive
performance that it even made slightly fewer wrong decisions than the most reliable of the J & P

Coatsassessorg].
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The JPC79 formula was later modified by the Color Measurement Committee (CMC) of
the Society of Dyers and Colorists (SDC) so as to overcome several of its problern§il
problems was the anomaly in the evaluation of lightness differences for very dark colors. The
other anomalies arose with pairs of neautral samples. The modification also overcame the
anomalous hue angles for samples with low tristimulus valndsallowed the relative tolerances
to lightness, chroma, and hue differences to beestandependently. The possibility of having
different relative tolerances permitted the application of the model for both perceptibility and
acceptability judgments as well as the acceptability decisions of diffaubstrate§61]. The
revised formula was published in 1984, and is known as the CMGdaifflerence formula, as

shown in the following equations:

. YU Yo* YO
v { 256
YO ay @Y Y (2:56)
T8 T 1T WY H
where Y p m8ipx@®U v pPe (2.57)
™ pp O po
. T8t @ @Yy,
Y o 258
p  TBIP ®Py oy (259
YO OYYQ p Q (2.59)
q 2 (2.60)
0 P WTTT
™ AT Q . JQ - N
- ¢ 9§ F o poUudl port F OTU (2.61)

™o g@ATQ; ocuvdh £ 0Q Q
whereY’, ¥8° , andY'G are the CIELAB lightness, chroma and hue differences between
batch and standard, respectively, 6° ;, andQ j stand for the CIELAB lightness, chroma,
and hue angle of the standard, respectiviyddare the relative tolerances to lightness and
chroma differences respectively. The CMC found that the ratio betarattocorrelated with

the acceptability decisions for textile samples better when it was set to 2:1 and a ratio of 1:1

better fitted with the perceptibility decisis[61].
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2.3.3BFD color-difference formula

Luo and Rigg accumulated experimental data from 13 different studies on color
discrimination pertaining to small to medium color differences of surface colors. The data
accumulated included various substrates: glossy and matte paint, ink, textilesdatesudts
from several psychophysical methods: gaimparison experiment, category experiment,
acceptability experiment, etc. A total of 164 color discrimination ellipses were fitted from these
datasets and their reliability was tested by applying si@dlexperimental errors. Among 164
tested ellipses, 132 of them were examined to be reliable and were further investigated in the
CIE 1964 wchromaticity diagram. It was found that both the orientation and shape of the
ellipses formed a consistent pattern, while the main discrepancies lie in the relative sizes of the
ellipseg[62]. This was mainly due to different psychophysical methods and various anchoring
pairs being used in the perceptibility experiments, and different tolerance limits used in the
acceptabilityexperimentg$58]. To bring the data from different sources onto a common scale,
more than 400 pairs of samples corresponding to 70 of the color centers were prepared by Luo
and Rigg and were assessed by a panel of 20 observers against a gray scale. Using the new
experimentatata to adjust the sizes of the individual ellipses from any one dataset generated a
more consistent pattern of ellipses, in which there was little difference among the ellipses based
on different substrates and the same conclusions applied to the aititepiiadh perceptibility
ellipseg[62], except for a need for different lightness weightings. The adjusted data were
combined into a set of perceptibility data (CP) and a set of acceptability data (CA), which were

used to derive the BFB) color-difference formula shown in the followireguationg63]:

()

. Y0 5 46 y6* YO
v - 7 2.62
YO a o0 (@) Y (6] (6] ( )

T8t o6f
where (@) _ ™ 2.63
p T oGV “P (263
O O OY p O (2.64)
13

"0 (2.65)

6f  prtnmm
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Where the terndf and"Qrefer to the mean of th&” and Qualues for the standard and the
sample. These values a¥d*, andY'G are calculated from the CIE&b" formula.
One of the major improvements of the BE§ color difference formula over the
CMC(cdgy formula is that the BFD formula incorporate¥'&f Y8* component to control the
rotation of the ellipses. It was found that the cons¥&ellipses based on the CMC formula all
point towards the neutral points when they are plotted in‘thepkot, while the experimental
ellipses do not, especially for saturated blue centers. With the new term added, the ellipses based
on theBFD(cdgy formula were proved to provide better agreement with the experimental ellipses
in the saturated blue and rexjions[64].

2.3.4CIE94 color-difference formula

Berns et al. in collaboration with DuPont company conducted a series of visual
assessments based upon glossy acrylic lacquer paints. In the experiment, a method of constant
stimuli was used where 50 colnormal observers judged 875 colifference pairsn
comparison to a neareutral anchor pair with ¥O p. The color pairs were grouped around
19 color centers in CIELAB, with five to seven comparison pairs produced in each direction per
center{65]. Nine vector directions were selected for each center to determine the size and
orientation of the fitteellipses[55]. Usinga technique named probit analysie wisual

tolerances corresponding to the color difference perceptually equivalebQo Linit was
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estimated, and the results formedataset referred to RIDuPont, which was used to derive the

CIE94 colordifference equation:

o Yi* yo* YO
yo oY v oy (2.71)
Where Y p (2.72
Yop Tl (2.73)
Yoop @ pdS (2.74)
0" {
6’ m (2.79)

WhereY’, ¥6” , andY'G are, respectively, the CIELAB lightness, chroma, and hue
differences between the batch and the standérds equal ta@d“ j, the CIELAB chroma value

of the standard, when the standard of a pair of samples can be clearly distinguished from the
batch, whiled” is defined as the geometric mean of the CIELAB chromas of the pair, when
neither sample can logically be designated astidwedard2]. Similarto the CMC and BFD
equations, CIE94 have parameté®s,’Q, andQ, to adjust the relative importance of lightness,
chroma, and hue in the total color difference. In particular, the three coefficients of the CIE94
eguation account for deviations of sample and viewing conditions from a set of reference

conditions. Underaference conditions they are seldlo Q@ Q  p [66].

2.3.5CIEDE2000 colordifference formula

In need of a single reliable coldifference formula that is suitable for a wide range of
industries, an advanced metric named CIEDE2000 -@hfterence equation was developed
based on CIELAB and has been demonstrated to predict better than BFD anfbont@d1C
and CIE94 by a considerable margin. The new formula corrects several shortcomings and
discrepancies among the other advanced metrics. First, the availabldiffelence formulae
have different methods for predicting lightness and hue diffesefithe CIEDE2000 metric
addressed those discrepancies by introducin éumnction proposed by Nobbs and a five
function developed by Berns. The lightness difference formula based upon thé fumetion

gave much better predictions to the visual results than those from the CMC and BFD metrics.
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The new'Y function was derived to fit five datasets exhibiting mainly hue differences and the
results showed that th¥ function gave quite a good fit to most of the data points. Second, all
the chromatic ellipses in blue region point toward$ coordinates based on the experimental
data, not the origin as implied by the CMC and CIE94 equations. Thus, those metrics result in
large errors in predicting chromatic differences for saturateddoliees[58]. The CIEDE2000
equation modeled the rotation of ellipses by introducing a covariance term b&tVeend

YO , as well as a huangle dependent function that adds covariance for bluessir The
performance of the rotation function was tested to be reasonably good based on a combined
dataset and an ext’f abetiveerd23MB2A0IFinaly, theaIE®DE206000 wi t h
formula addressed nemeutral tolerances that projected ontodh& diagram as ellipses

orienting towards about 90°ather than circles wrongly predicted by the other formulae. A
sigmoidal function;Q was derived to stretch tli& scale to make the ellipses become circles
[58]. Thefull formulae to calculate the CIEDE2000 are shown in the following equations:

Yo Yiae Yoee Y'Cee v Yée Y (2.76)
':'Q nY ’?‘Q nY 'rQ “Y 'rQ “Y 'rQ “Y -
. of
where O M p —_— (2.77)
of  cu
0 O (2.78)
® p O (2.79)
o o (2.80)
6 N (2.81)
, AOAGAD R o6 m
Q H 5 (2.82)
. Mip0Od LT
Y p = (2.83)
CTT U LT
Y p mdrtdal (2.84)
Y p ™MYATTQ ond g AT €Q
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Y O Eqy—'Y (2.87)
Y— ocAGD Q ¢xuldu (2.89)

v oo % (2.89)
of cu

Whered", 6F , andQare the arithmetic means @f, 6° , and'Q(in degrees), respectively, for the
standard and sample of the pair considered. Similarlgl, and'Q are the arithmetic means of
the0, 6 , and'Q values between the standard and the sample, respecliuedydgeandy Ge
represent the differences betweenlih® , and’Q values for the standard and the sample.

The CIEDE2000 metric provides a measure of ediference magnitude but not
direction. To deal with cases where evaluating the direction of color change is important, Nobbs
[67] derivedformulae to calculate the identical metrics for CIEDE2000. The proposed method
determines CIEDE2000 values from three components, a lightness difféfenca chroma
differenceYd , and a hue differend80 . The derived directional terms and the total color

difference formulae are shown as follows:

YO Y0 N YO (2.90)
where YO YD (2.91)
Y6 Y6 Al % YOOE% (2.92)
YO YOAi % Y5 OE%. (2.93)
OAd% 'Y Qv v (2.94)
Q 00 'rQ nY 'rQnY .
Y QY (2.95)
. ¢ QY
" Q" . . — 2.96
Yooy ¢QY 'Y QY O0A% (2.99)
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YO (2.100)
The terms involved in the formulae are identical as those defined in Equ&titB)s(2.89).
With the derived metric, one can not only determine the magnitude of color difference, but also

obtain an indication of its nature by evaluatifig , Y6 , andY'O .

2.3.6Advanced coloifference formulae with associated color space

While the foregoing optimized formulae generate color differences correlating much
better with the visual results than the CIELAB and CIELUV metrics, they are the formulae for
color-difference evaluation only and do not include an associated color spawewlof the
need for a uniform chromaticity scale (UCS) diagram in several applications, many attempts
have been made to develop a caldference metric with an associated color space that is much
more uniform than the CIELAB space. In alternative csjoaces to CIELAB, the total color

difference can be calculated as the simple Euclidean distance between two data points.

2.3.6.1DIN99, DIN99d, and DIN990

One potential UCS candidate is the DIN99 color space, which was originated from the
DCI-95 formula derived by Rohner aRich [68]. Theformula applies logarithmic
transformations to the CIELAB variablésandd® , which are then rescaled and employed to
calculate the new basic coordinates using CIELAB hue dagleln the DIN99 formula, the
basic structure of DE®5 is kept intact, while modifications are made based in part on the CIE94
chroma weighting functioriY. Moreover, the ratios of the red/green and yellow/blue
coordinates are revised to provide a better fit of the experimental results for neutral colors. These
modifications result in a uniform coldalifference space, named DIN99, with the Euclidean
distancecorrelating much better with the visual results than that in the CIESpe8€69]. In
2001, Cui et al. proposed three refined formulae based on DIN99, the DIN99d being the one with
the best performance, especially in the blue region.

The DIN99d coloddifference formula is given as follows:

YO % Y0 Y& Yo (2.102)
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where

Wher e

O PP ™ Q (2102
0 ocdd ip mMrnde (2.103
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t h ¥ siymbiodatiies di ffer encles,db eandwe en

stand for the lightness, rednaggenness, and yellowndslsieness scales, respectively; and

0 andQ

refer to chroma and hue angle, respectively. Plotfing againsto  gives a

uniform chromaticity diagram resembling to that formedbgpndds [69].

batct

The latest modification of DIN99 color space, named DIN990, has a similar structure to

DIN99b, but with correction factor® and’Q added to account for different observation

conditions of the color patterns. Their values are set to 1.0 if the CIE reference conditions are

fulfilled [70]. Equationsiefining the DIN990 coledifference formula, denoted ¥O , are as

follows:

where

YO Y0 Y& Yo (2.111)
0 pFQ o n@)d Ip ™ dw (2.112
Q SAT O SOEJeJ (2.113
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2.3.6.2CAMO02LCD, CAM02SCD, CAMO2UCS, and CAM1&JCS

In 2006, three color spaces, namely CAMA2D, CAM02-SCD, and CAMO2JCS,
based on CIECAMO2 color appearance model were derived by fitting three types of data sets: the
large color difference data (LCD), small color difference data (SCD), and combinedridCD a
SCD data sets, respectively. With a logarithmic compression on the CIECAMO2 colorfulness
and a nodinear transformation on CIECAMO2 lightnesapplied, the performances achieved
by these CAMO2 extensions are very encouraging: CAMOP and CAM02SCD
outperformed most of the best available caldference formulae or uniform color spaces at
predicting the LCD and SCD data, respectively; CAMO2S also provided excellent
performance in predicting both datets[71]. Thecorresponding equations for these models are
given as follows:

o

YO YOO Y& Y& (2.121)

where 0 m (2.122
p WU

0 pfd 1 Tp @O (2.123

® 0 AT (2.129

o 0 OED (2.125

Wherey, U , andQrepresent the CIECAMO2 lightness, colorfulness, and hue angle values,
respectively. Th&0, Y&, andY® are the differences df, ¢, andc between batch and
standard in a color pair. The optimized coefficignts®, & for each colodifference formula

are listed in Table 2.1.

Table2.1. Thecoefficients for CAM02LCD, CAM02-SCD, and CAMO2UCS.

Versions CAMO02-LCD CAMO02-SCD CAMO02-UCS
0 0.77 1.24 1.00
&) 0.007 0.007 0.007
& 0.0053 0.0363 0.0228
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Despite the CIE recommendation of CIECAMO02 in 2002, it has been found that
computational failure can occur with applications in cioeslia color image reproduction. In
2017, Li etal. [72] proposeda new colorappearance model, CAM16, with a different structure
of CIECAMO02 and combined color and luminance adaptations to the illuminant. The CAM16
model has been found to overcome the previous problems without the expense of losing accuracy
in predictng visual data. The performance of CAM16 was tested to be equivalent to if not better
than that of the original CIECAMO02. Based on CAM16, the CANUKBS uniform color space
with the corresponding Euclidean ccldifference formula was proposed to superdbde
CAMO02-UCS space. The equations used in CAMB2S space (Equatiorf2.121)-(2.125 with
parameter® , @, @ equal to 1.00, 0.007, and 0.0228, respectively) are employed for calculating
the color difference associated with the CAM16S space. It should be noted thatihe , and
"Ostand for lightness, colorfulness, and hue angle, respectively, which are computed using the
CAM16 model. The performance of the coltifference metric can be further improved by
applying the power correction function proposed by Huetray.[73]:

YO pg pYO 8 (2.126)

HereYO is the color difference in CAM18/CS space, andOrepresents the result after a

power correction.

2.3.6.30SAUCSDbased color difference formula

I n 1974, the Optical Society of Americads
an empirical color system, named O8IES, for large colodifferenceq74]. Eventhough this
space is nonuniform, the BFD (Bradford University) chromatidiscrimination ellipses,
defined at a constant luminance factor, appear highly regular inlSAspace. Such
observation induced the development of a CH@%® colordifferenceformula based on the
OSA-UCSspacq75]. Theequations were later refined by a logarithmic compression on chroma
and lightness, producing a new space with a Euclidean-difference formul&/O for smalt
medium color differences. THE0 formula was statistically verified to be equivalent to
CIEDE2000 in predicting many available empiridataset$76]. TheYO color-difference

formula is given as follows:

YO Y0 YO Y0 (2.127)
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(2.128)

(2.129

(2.130)

(2.131)
(2.132)

(2.133

(2.134)

(2.135

(2.136)

(2.137)

batch

0,70, and0 correspond td, "Q and’®f the OSAUCS system, respectively. The formula is

valid under D65 illuminant and CIE 1964 standard observer.

2.3.6.4IPT-EUC

Shen andBern[77] developedh Euclidean color space IFHUC, which is based on an

optimized small coloedifference formula using the IPT space. IPT is a uniform color space with

easy implementation and a theoretical basis of mtdtje color vision. Thus, it was adopted to

developthe colordifference formula, which has similar chromatic modeling as the CIE94 metric

and

and a transformation function for the lightness channel. The formula was later used to derive the

IPT-EUC space, defined by the following equations:
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where'Q0, and"Yare the coordinates representing the lightnessymeeh, and yellovblue
dimensionsrespectively{78]. Q is theparametric factor that is applied on the lightness channel

to compensate for the differences of color materials. The values of the optimized coefficients are
listed in Table 2.2. In the equations, the IPT colorimetric attributes firstly need to be edreert

the interim spac& Y by applyingd . One of the purposes of the matbix is to rotate

the color space so that th® axis defines the unique red, corresponding to the Munsell Color

5R 14/4 Thus, the IPFEUC is considered as a potential candidate for the unique color model for

both describing color and measuring caldferenceq77].

Table2.2. Optimized coefficients for the IREUC color space.

'~ 3 ~
0 g

Q f @ W W
1.6 (painting) or 2.5 (textile) 0.071 4 3 3

2.3.7Performance evaluation of coledifference formula

With respect to color differences, one needs to differentiate the visual color difference

(Yo) and the computed color differendéd): Yo is the color difference perceived by the human
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observers, whered®is the result calculated based on the color coordinates of the two
specimens using a coldifference formula. ldeally, th¥cw would be accurately predicted from
YOfor any color pair viewed under any experimental conditions, while, in most cases, the plots
of YO againstYo (where’Q ph8 R, wherel is the number of color pairs) show considerable
scatter partially due to the subjective nature of human senbsgrvation$79]. Thus a

quantitative measure of the relationship strength betWéeandYO can be an important tool in
testing the performance of a coldifference formula. Hence, several mathematical indices,
including PF/3 and STRESS, have been employed to both develop and evaluadifeotrce

metrics.

2.3.7.1PF/3

0 Wois a combined index that was proposed by GuarLand79] basedn the
previous metric® aand’ proposed by Aldeet al.[80] andw derived by Schult§81]. The

corresponding equations defining®o are given as follows:

" pTITE P W 2w 214
5 "To DT (2.146)
o
. p .. Yo .. Yo
where — — i 2.14
e - 1T Gy 11 Gz (2.147)
o P YO 'O
0 YOOy
v @ (2.148)
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with "O Ty
5 o YO 'O
YO (2.149
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WhereYO andY® ('Q pf8 h)) are the computed and visual color differences for each @ the

color pairs, respectivelyQand Qare the factors adjusting the value®/af andYw to the same
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scale, and the upper bar indicates the arithmetical mean. The valuBméquals zero for
perfect agreement betwe¥® andYw, and a higheb "o indicates worse agreement. While
the metricd "Wo has been widely employed in coldifference literature, it cannot be used to
examine the significance of the difference between two abfterence formulae, thus
becoming obsolete in favor of the STRESS index, which is capable of statistical sigeifican
tests.

2.3.7.2Standardized residual sum of squares metric (STRESS)

The STRES{STandardized REsidual Sum of Squares) index, propos&duskal[82],
has been suggested as a good alternatie® for evaluating thgerformance of coler

difference formulae. The definition of STRESS is as follows:

o e B YO TOY0
YYY OBV
oYe (2.150)
S BY
with'o 57

whereYO andY® are the computed and visual color differences fof®udor pair { pairs in
total), respectivelyO is the scaling factor that minimizes the value of STRESS SIIHRRESS
index is confined to the range ofl00 where a lower value indicates stronger agreement
betweenYc andYO and thus represents better performance ofditeula[79].

STRESS was recommended to serve as an evaluation metric for its outperformance over
many other conventional measures, especially in its ability to indicate the statistical significance
of the differences between two formulae by performing-aest. ThéOvalue is calculated as:

YYYOTYY

YYYOTYY
Where Y'YY O afitf"Y Y'Y O "afeYthe STRESS values for the cetiifiference equations A and
B, respectively. The resultii@value should be compared with andpf'O, where’O
"OTORTQNI®o X s the lower critical value of a twiailed "Odistribution with 95% confidence

(2.151)

level,and0Q 0 pandQQ O prepresent the degrees of freedom. The results can be
divided into the following three categes[83]:
1 The colordifference equations A and B are not significantly different wien "O p,
p O pIOorO p.
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1 Formula A is significantly better than B whé& "O.
1 Formula A is significantly poorer than B whé& pAO.

Benefiting from its symmetry property, the usage of the STRESS index can be extended
to determining the goodnes$-fit between any two sets dbata[79]. Morerecently STRESS has
been an important tool in measuring intaad interobserver variability in the color science
domain [84].

While the STRESS measure has attracted a great number of followers since it was
introduced in 2007, several caveats should be noted when using it in colorimetric research.
Firstly, it implies an underlying linear mod¥D  c¥Y® passing through the origin, which is
referred to as fArestricted regression. o Howeyv
relationship betweeMO andYw. Thus, using the STRESS implies a poor starting model and
occasionally results in counterintuitive values. Besides, the value of the STRESS is sensitive to
the average color difference in a dataset. It is meaningful only if the comparisons of the STRESS
values are among the datasets with similar averages and distributions afiftetenceq85].

2373Pea sonbds correlation coefficient

Pearsonbds correl ati,sawettknevh dtatistidcaleneasuyre thiite no t e d
has been widely used to quantify the goodness of fit. Given its mathematical expression, the
squared value shows the percentage of varianc& that is explained by a linear regression
model. Unlike the STRESS index, the correlation coefficient does not restrict the regression line
to pass through the origin, thus providing a better representation of thedde#{85]. The
correlation coefficient is obtained using the following equation:

B Yo Yo YO YO

- . <. = = (2.152
B Yo Yo B YO YO

WhereYO andYw are the computed and visual color differences for each sampl€ffeair

pFB IE), respectively. The upper bar indicates the arithmetical nfesalue of 1 corresponds to

a perfect agreement between the visual and computed data. The following descriptive scale can

be used as a rule of thumb for interpreting a correlation coefficient.
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Table2.3. Rule of thumb for interpreting the size of a correlatiorfficient[86].

Size of correlation Interpretation
0.90 to 1.00 Very strongcorrelation
0.70 t0 0.90 Strong correlation
0.50t0 0.70 Moderate correlation
0.30 to 0.50 Weak correlation
0.00 to 0.30 Very weak correlation
Besidesthe abowme nt i oned merits, the Pearsonds cor

advantage of the STRES®Ilex[85]. Itis also capable of statistically testing the performance
differences betweencolati f f er ence equat i on & tranffdrmeation.dipep | y i n g

F i s hgetrarésferm is defined as:
G ™l Tg—; (2.153

Wherei is the correlation coefficient ad is the natural logarithniThe distribution of the
resultingd is approximately normal with a variancegX ¢ o (€ is the number of data
points). Thus, one can calculate a test of whether formula A (Withas a superior correlation
with the visualcolor differences than formula B (with). The formula for testing the hypothesis
thati 1 is as followq87]:

d a7T6AO 6AO c#l O (2154

Whereda and@ are the values transformed fromandi , respectively6 Ar@presents the

variance and | $bandards for the covariance.

As indicated by Kirchner anb e k k [85], éhecorrelation coefficient should also be
used with caution. Firstly, the measure is only suitable for a case when the visusitsisale
linear with respect t¥’O. To transform the visual results to linear data, the gray scale ratings
should be converted to continuous visual differentsising a polynomial fitting. Secondly,
the correlation coefficient is also sensitive to the distribution of data points, especially the width
of the distribution. Thus, one can compare the correlation coefficremtsdifferent datasets
only if the range and distribution of data are very similar. Moreover, the presence of spurious
data can greatly influence the correlation coefficient. Kirchner and Dekker hence recommended

that determining a goodness of fit shoutd rely solely on a numerical measure, but also a
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detail ed diagnostics and gr apefficieati@3]. Lastouanoty s i s,
least, this measure is appropriate when both studied variable¥Q.andYw) are normally

distributed. The coefficient may indicate an exaggerated or dampened strength of relationship if
either or both variables do not follow normal distributions. To deal with thenoomality, one

common way is to apply the log transformatiortisat the data would conform more closely to

the normal distribution on tHeg scal€g86].

2.3.7.4Performance evaluation incorporating visual uncertainty

In 2008, Shen and Berii83] developedhree methods that incorporate visual uncertainty
into the performance testing of the coetbiference equation. The methods were developed to
deal with different types of uncertainty information and colorimetric sampling. The first method
is suitable forlte case where the uncertainty information is known for each color pair and the
sampling enables fitting of randomizellipsoids[89]. Thefollowing gives the implementation
of the first method to the RFDuPont dataset, in which median toleraifi¢edefines the visual
distance equivalent to that of the anchor pair, and lower (LFL) and upper fiducial limits (UFL)
describe the visual uncertainty.

For each directiof{'Q pf8 hy ) per color center, a significant number of vector

samplef2, 8,(¢ represents the sample size) is randomly drawn from a bipartite normal
distribution that models the intrinsic uncertainty of the visualdata. Shen and Ber nso
they generateel p 11 T samples per direction. The vector samples are along the direction of

the original vector. Their length follows the rule that the probability of the vector length longer
than”Y has a normal distribution with a mean Y and a standard deviatign Y00

“Y 7¢. The vectors with lengths shorter thiah are normally distributed with the same mean

"Y but a different standard deviatipn  “Y 0 "O0X¢ [90]. Giventhe generated
samples, one can randomly choose the edifference vectors from the obtained distribution
and fit a large number of new ellipsoids, thus forming an ellipsoid cloud at each color center.
Shen and Berns computed 5000 ellipsoids per coltteceThese ellipsoids, each serving as a
local colordifference equation, are compared with the numerical @bfterence formula using
the STRESS index. For each color center, a STRESS val@ ph8 hi(arepresents the

number of the ellipsoid) is calculated that measures the deviation between tbefRmt visual
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data and each of the randomized ellipsoids. Those STRESS values are then individually
compared with the STRESS valuebetween the visual and numerical color differences
calculated by a coledifference formula.

The percentage of significantly different STRESS values, examined byt#se, F
describes how well the metric fits the visual color differences. If the predictions of the formula
are found to be significantly worse than the intrinsic uncertainty by rhare39.5% of all F
tests, then the equation underfits the visual data. According to Shen and Berns, if the prediction
accuracy of the formula is significantly better than the visual uncertainty by more than 5%, the
equation is then assumed to overfit tieual data. Otherwise, the coldifference formula well
fits the data with the intrinsic uncertainty taken iatwoun{88].

The second met hod ,elrleifpesraiedd meot haosd & ,h ew aisn ode
datasets with uncertainty information for each pair, but where the sampling did not enable an
ellipsoid to be welfitted [88]. Urbanet al. described the nallipsoid method for estimating the
performance of coledifference formiae[90]. In that method, the process of generating the
random samples from the bipartite normal distribution is the same as mentioned in the first
method. Instead of being used for fitting the ellipsoids, the samples are employed to calculate a

STRESS valué ,"Q ph8 FE (¢ is the sample size) for each set of distance pairsQ) , é,
(Y,Q) , "¥,Q )X"Y denotes the median tolerance for direcfigi? pF8 h ) of a color
center. The STRESS values'Q pf8 g are then individually compared with using the F

test[90]. Theresulting percentage of significantly different STRESS values can serve as a
goodnesf-fit measure that tells whether the formula welinder, or overfits the visual data.

The third method deals with the datasets only with the average standard error for all color
pairs rather than the detailed uncertainty information for pagtj88]. Thus the method is
referred ted |l a9pstohal farvem age standard error met
uncertainty information hinders the third method from determining thefidtiag, it is still
equivalent to the other techniques for the deteation of well and undefitting. Shen and
Berns[89] appliedthe technique to evaluate three small califference datasets: BFP[62],
Leeds[91], andWitt [92]. In thestudy, 5000 randomized visual color differences were generated
for each pair, assuming a normal distribution with a meanYw and a standard deviatign
"Y'V, whereYom represents the visual color difference for each pair and SE stands for the

average standard error of each examined dataset. One visual color difference was then randomly
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selected from the 5000 color differences for each pair per color center. Such random selection
was repeated 5000 times generating 5000 sets of visual differences for eacle@@p89].
The Ftests were performed, and the percentage data were analyzed using the same method as the

Aned |l i psoid method. 0

2.3.8Color differences in complex images

The abovementioned colodifference formulae are mainly developed to predict color
differences between large size homogeneous color patches under uniform gray backgrounds. For
complex images, however, a direct application of those formulae does notepsatigfactory
results. To deal with this probleseeral methods and algorithms were proposed for predicting

the perceived color difference of images.

2.3.8.1Color difference formulae with an optimized lightnpasameterQ

One conventional way is using a cottifference formula on a pixddy-pixel basis, and

then examining statistics (arithmetic mean in most cases) of thewasescolordifferenceq93].

In the technical report prepared by the CIE Technical Committ &lor difference

evaluation foimageq94], recommendationare made to use either CIEDE2000 or CIELAB
with a lightness parameter € ¢ for color-difference evaluation of complex images. The
committee compiled a number of research works in this field and summarized those in the
technical reporf94]. Thefollowing briefly describes several highlights from the works included
in this study.

In 1991, StokefO5] carriedout research activities to establish the perceptibility and
acceptability colorimetric tolerances for images displayed on a cathode ray tube (CRT) monitor.
Using paired comparison techniques, the tolerances of six digital images were measured based
on thejudgments made by thirwo observers. Stokes subsequently derived color difference
thresholds for formulae CIELAB, CMC, and CIE94 from the average color difference of all
pixels between two correspondimgjageq96]. The resultsevealed a threshold of
approximately 2’0 for a color difference in images being detected. In a similar experiment
using printed imagegJroz et al[97] foundthat the perceptibility thresholds ranged between 1.9
and 4.4YJ depending on the experimental method applied. The authors first extracted 128
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most prominent colors from each image, forming an image palette, by Adobe Photoshop. The
thresholds were then derived in terms of th& @ércentile color difference between image
pal ettes, rather than the ar i tsthdy{@8i thezesuitse an of
showed that the perceptibility and acceptability thresholds were about 2.2 af@ 4 (Bnean of
pixel-wise color differences), respectively, for complex images on a CRT display.

Apart from the works mentioned in the technical reports, a research study conducted by
Liu et al.[96] is also noteworthy in this regard. In the study, Liu et al. conducted experiments to
assess the color differences in five images presented on a liquid crystal display (LCD). Unlike all
the foregoing studies that used the threshold method (e.g., obsigerls whether they can
perceive (or accept) the difference between a pair of images or not), the observers were
instructed to assess the color differences according to a psychophysical scale consisting of five
categories. Based on the experimental dataatithors optimized the parametric factorén the
selected coledifference formulae and proposed four optimized equations CIELAB(1.5:1),
CIEDE2000 (2.3:1), CIE94(3.0:1), and CMC(3.4:1). Except for CIELAB(1.5:1), all the
optimized formulae were found to perform significantly better than theimati¢prms with
Q  p[9s6].

2.3.8.2SCIELAB

Computing color differences on a pixgy-pixel basis tends to ignore the spatial
relationships between pixels in an image. In fact, color discrimination is not only a function of
chromatic information but also a function of spatial pattern. To take ttermaof the image
into account, several spatial coltifference metrics have been suggested, the moskwai/n
one being SCIELAB proposed by Zhang antfandell[99] in 1997 S CIELAB is an extension
of the CIELAB colordifference formula with a spatiltering preprocessing step that simulates
the spatial blurring by the human visual system. The following describes the steps in-using S
CIELAB: (1) transforming each pixeQJE XYZ tristimulus values or LMS cone responsivities)
in the input images into an opponent color spaceAConsisting of a luminance and two
chrominance channels; (2) spatially filtering each channel using filters that approximate the
contrastsensitivity functions (CSF) of the human visual system; (3) transforming the filtered
opponent channels back into CIE XYZ space; (4) computing the color differences onlaypixel

pixel basis using the CIELAB coldtifference formula. The color differenbetween two
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complex images can then be calculated as the arithmetic mean of thevipexelifferences

[100]. Theadvantage of £IELAB over CIELAB, however, is still under debate. While some
results suggested an explicit advantage-GfiSLAB for analyzing color differences in complex
imagegq101], noclear improvements using@GELAB were found by otheresearchergl02].
Theoretically, the idea of spatial filtering can be combined with any-difi@rence formula.
Johnson anéairchild[103] describedhe implementation of the-SIELAB spatial filtering
combined with CIEDE2000 for image difference calculations.

2.3.8.3Mahalanobis distance

Another candidate color difference metric for complex images was proposed by Imai et
al.[104]in 2001 They defined the color difference as the Mahalanobis distance by using
covariance matrices for differences in lightness, chroma, and hue angle between two images. The
covariance matrix can be derived by psychophysical experiments of paired compangguosisi

noticeable differences. The color difference based on the Mahalanobis distance is calculated as

follows:
yQ YO Yo YQ » " " Y6 (2.155
" " ” YQ
W W W YO
Yo Y ¥ Yoo o w ¥ (2.156)
® ®w w YO
Where, ,, ,and, are the variance of lightness, chroma, and hue angle, respectively.
G )» G ),and, (, ) arethe covariance between lightness and chroma, lightness and

hue angle, and chroma and hue angle, respectX@)y6, andY Qare, respectively, the
di fferences in the |ightness, chroma;ldéand hue
indicates the inverse of the matrix.

Considering thato W ,W ® , andw ® , the equatiorf2.156) can be
rewritten as:

YO o YO ® Y6 o YQ co YOO co YOYQ
Y (2.157)
co YoyaQ“7
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From the equation, it is clear to see that the terms of the inversed matrix affect the perceptual
sensitivity of the corresponding color attribute(s). Thus, one can see the characteristics of the
examined image from the resultant matrix. For example, é&tnal. derived the covariance

matrices for four electronic endoscope images. The results showed a larger elemtiain the

other elements in all the matrices, indicating that we are more sensitive to changes in hue angle

rather than those in chroma or lightness ofiniegeg104].

2.3.8.4Histogram intersection

In 2005, Lee eal. [105] suggestedhe usage of histogram intersection to predict human
judgment of image similarity. This histogramased technique is selected for its consideration of
both spatial and color attributes of the images and its robustness to geometric change of the
object inthe image. Given an imad@one can obtain a color histogrdh “O with € -bins by
discretizing the image colors and counting the frequency of pixels that bel@hpitoof the
histogram. For a pair of imag&jtarget) ando(reproduction), the histogram intersection is then

defined as follows:
00, 00 i ETO "OHO '@ (2.158

where thax "Qtunction returns the minimum value of the two given arguments. The resulting
intersection is the number of pixels in the reproduced image that have corresponding pixels of
the same colors in the target image. To normalize the result between 0 anahtergeetion is
generally divided by the number of pixels in the histogram, thus defining an image similarity
ratioi "@@e

g B | ETO OO '@

(0] 500 (2.159

The more similar the reproduced image is to the target, the closer the image similarity
ratioi “®O isto 1[106]. InLee et al . 6s study, they also exar
guantization degree on the performance of this technique in predicting human similarity
judgments. The results indicated that the CIELAB color space performed comparably well if not
beter than the other tested spaces (XYZ, RGB, an opponent space, HSV, CIELCh). Besides, the

63



performance generally improved with the number of bins used in the histogram, while it reached
a plateau when the bin number was 512 (8cpannel)105].

2.3.8.5Just noticeable color difference measure

Chou andLiu [107] in 2007proposed a fidelity metric for predicting the visible color
differences between two complex images. Different from the above formulae, the proposed
metric only considers the perceptible distortion that exceeds the estimated threshold of just
noticeable clor difference (JNCD). To assess the perceptibility of distortion, a model is
devel oped in the CIELAB color space to esti ma
as the size of the sphere of jmsiticeable color difference. The threkhof each color is
modeled as a function of chroma, background uniformity, and local luminance gradient. The

variable JNCD, denoted &JNCD, for each pixel within a complex image is defined as:

QLOE®GBE0D £ I OO I dd (2.160)

where i o p MWrTIDdO w 7 (2.167)
t N (3 (2.162)

I OO " 00 YO p8 (2.163)
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WhereU 0 0 Ois the threshold of just noticeable color difference, which has been found to be
around 2.3108]. Thei ¢ is the chroma weighting function used by the CIE94 and
CIEDEZ2000 for considering the variation in the ellipsoid dimension along the chroma axis.
| ¥ is a scale function that models the increased tolerance of distortion due tothe non
uniformity of the background. Around each target color pixel, the uniformity of the background
region,t , is defined as the average of variances of three channels over the square area of
¢O p ¢O p ,whereOis a parameter determining the size of the background area of the
pixel.i 'O & WY® is a function that models the texture masking effect resulting from the local
changes in luminance. The relationship betweéd & Y& and the luminance gradie, is
empirically found to be approximately linear, at different average background lumii@adce,
[107].
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Given the visual model estimating the threshold tolerance, the fidelity metric, referred to
as perceptual CIELAB (IELAB), is then defined as:

B rp Q M v O dER I AQ

il 2.16
Y0 O 30 (2.169
where 0 A0 w W o W (2.166)
. Th Q0 GQ wuL L UM (2.167)

ph Q0O GO wuL § 6N
Form Q w,m1 Q 0&® O

(0 80 o 0 o T and © "AQ & €O ¢ 'O are the original and distorted
color pixels at position@Q, respectively® andOare the image width and height, respectively
and "@Qis an indicator function, which considers only the part of distortion exceeding the

associated VVIND, for the color pixel at positidfiQ of color componentd (¢d  Ohif) [107].

2.3.8.6Circular processing color difference

In 2014, Lee anélatanioti109] developed color difference metric based on circular
hue. The proposed metric independently analyzes the achromatic and chromatic components of
input images, with the chromatic information further being characterized by perceptual attributes
hue and chroma. By ugj benchmark image quality assessment databases, the metric is
validated that it is effective against a broad range of distortions, especially chromatic distortions.
The proposed algorithm is as follows:

For two properly aligned color images,and-L, with consistent spatial resolution and bit
depth, the perceived difference is initially measured within two corresponding local patches,
ande«, to consider distortions in hue, chroma, and achromatic component. It is assumed that each
local patch containg pixels,e  ©SQ pMB ) ,« ©$Q pMB A . To quantify the hue
difference betweem and«, a hue direction comparison tef@ehe is defined as:

O ofx Q_Ehgn D_J;;: 3

Where—L; and—l; are the circular means of hue values for the central pixels of image patches

(2.169)

e and«. U is a small positive constant which is aimed to prevent the denominator from being

zero.Lee and Plataniotigd 09] setv o ¢ I@t p for hue represented in degrees. The value
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of 'O elx  ranges between [0, 1] where 1 indicates equivalence in local hue direction. Similarly,
the chroma comparison terinefhw is defined as:
. GCwOw U

8 o - ‘ : (2.169)
oh «h v

Where' 5 and’ ., are, respectively, the arithmetic means of chroma values for the central
pixels of the corresponding patches ands a positive constant for numericshbility [109].
For comparison of achromatic component, the S8Iddric[110] is adoptedn lightness

channels to quantify mean luminance distortion, contrast distortion, and loss of linear correlation:

W on Ceiter U
0 Ueln Y . 0 (2.170
~ n.vnlv 0
b Gofw  —wofnen O (2.172)
» oh »«h v
0o L n."v] 0

Where, or, » i » @and, , ¢ are the local standard deviations and causselation between
lightness channels of patchesinde; 0 ,0 ,andv are small constantkee and Plataniotis
[109] usedthe values ob pMIABIP ,UL p T3\t ¢ , andv VI (e

Afterward, the obtained maps describing the local differences are transformed into a
single score by performing spatial pooling to each comparison map, followed by component
pooling. For hue direction map, it is converted into a hue direction similadte 80 ZhL |
defined as:

o~ L p , -
O LRl 56 Oeihnj (2.173

Wheree ;, and« , are the local patches of two imagesnd-, centered at the pixel location
"@1Q Scores for other comparison maps can be computed in a similar manner. From the
componenspecific scores, one can derive two scores representing the degree of similarity in
chromatic and achromatic componefits Zhl and"Y LAl :
"y LRl OLhl 3 LAl (2.174)
"y LRl 5 OLhl 3 6Lhl B "Rl (2.175
The final color difference index based on circular u® "Q is obtained by

incorporating the chromatic and achromatic similarity scores:
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6 00Lhl o vy LRl Oty LAl (2.176)
wheregl and are nonnegative parameters adjusting the significance of achromatic and
chromatic components in overall color differenceLle e a n d Pdtudyfl@htheot i s 0 s

values of andl weresettol

2.4 Texture

Similar to color, the texture is a concept that is ubiquitous and plays an important role in
human production and living: for example, the spatial arrangement of colors and shades in nature
gives us an appealing aesthetic impression. The human visuahsyste texture to identify the
surface properties, surface orientation, and scenic depth. Medical evaluations routinely rely on
texture within a medical image to detect and diaguiisease$l11]. Despiteits importance and
wide application, the definition of texture is still nebulous, which is mainly due to the different
yet contradicting properties displayed by textures, such as uniformity vs. variation, and regularity
vs. randomness. Texture, thus, aainme easily defined in a unifiedannel{112]. Researchers
from multiple fields have been seeking to define texture from a specific perspective of its nature.
For textile fabrics, ASTM (The American Society for Testing Materials)[113] defines
texture as the surface appearance and hand of a textile. In mechanical science, texture refers to
the repetitive or random deviation from the nominal surface that forms a 3D topography of the
surfaceg[114]. Texturein image processing is defined as a function of spatial variation of the
brightness intensity of pixe[215]. In theautomotive coating industry, Kirchner et dl16]
consider texture as the nonuniformity of color in terms of variations in the three dimensions of
color or in color intensity over the surface of an object. Such nonuniformity depends on both the
size and organization of small constituent parts of thesenmnaterials and may be presented as
an irregular pattern or as isolated spots.

From a sensory perspective, textures might be classified into two categories: tactile and
visual textures. Tactile texture applies to the immediate tangible feel of a surface perceived by
the sense of touch. Visual texture refers to the visual impressbtektures create to a human
observel112]. It shouldbe noted that this thesis only deals with visual texture, and the tactile
texture is out of the scope of the current study. Har@litk] thinks of visual texture as an
organized area phenomenon that can be decomposed into primitives with specific spatial

organizations. This definition describes a texture by the number and types of its primitives and
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their spatial layout. The definition is thus known as a structural appfpa2h Meanwhile

Crossand Jair{118] considertexture as a twaimensional image field that is stochastic and
possibly periodic. This definition, also known as the stochastic approach, assumes that texture is
generated by a stochastic process. These different definitions characterize textureffaréne d
underlying assumptions about its formation process and usually lead to varying computational
approaches to textusmalysig112].

Considering the degree of spatial homogeneity of a texture image, texture can be divided
into homogeneous, weakhomogeneous, and inhomogeneous patterns. Specifically,
homogeneity here represents statistical stationarity, that is, the values of spgwilictistics
of each texture region remain identical. The homogeneous texture thus involves ideal repetitive
structures. Unlike the homogeneous pattern, the wdaklyogeneous and inhomogeneous
textures display local nehomogeneity to some extent. Vkgghomogeneous patterns contain
local spatial variation in texture primitive or their spatial layout, resulting in departures from
precise repetitiveness. Inhomogeneity mostly suggests an absence of repetition and statistical
stationarity in anmage[112]. Thisthesis mainly focuses on the study of knitted fabric textures,
while also briefly examining the surface features of several polymeric pellets. The knitted
textures mostly belong to the homogeneous pattern, while the polymeric pellets are considered

weaklyhomogeneous (séagure2.18).

IEPRFY

(a) (b)
Figure2.18. (a) A scanned image of a knitted fabric; (b) a magnified imageuttfple pellets

captured by a Datacolor SpectraVision spectrophotometer.
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2.4.1Texture perception

Many of the early efforts on texture perception concern the ability of observers to
discriminate texture pairs without scrutiny. Such a spontaneous and effortless process that deals
with perceiving texture differences without focused attention is termprkatientive texture
discrimination[119]. ForinstanceFigure2.19 shows a synthetic image composed of three
texture regions, in which the left region ofskaped elements and the right region shéped
elements are on a background formed bshaped figures. Observers can easily detect the left
region of X from the bekground while the detection of the right region often requires effortful

scrutiny of each individuadlemen{120].
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Figure2.19. A synthetic image used in preattentive texture discriminaiperiment$120].

Such observations have intrigued many researchers to investigate explanations for the
preattentive texture segregation. A preliminary analysis on the subject was conducted by Julesz
et al[120]i [122]. Theyempirically examined the perceptual significance of multiple image
statistics of texture patterns, which were composed of either repetitive or randomly placed micro
patterns. Their studies resulted in two major contributions, i.e., Julesz conjectuestand t

theory[112]. Julesz conjecturstates that textures with identical secamder statistics are not
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preattentively distinguishab[@23]. This conjecturavas based on Jul eszds
on image statistics. They suggested that differenceggion statistic o th order joint

probability distribution might be important for texture pairs to segregates fuam statistic of

an image can be determined by randomly throwiggns with all possible shapes on the image
and is calculated as the probability that tigewrertices fall on certain color combinations. In

1978, however, several isecondorder texture classes were falithat yield strong
discrimination[121], thus provinghe conjecture to be false. While those counterexamples were
discovered122], the conjectursuggested an important idea that texture might be characterized
with a set of loworderstatistic§112]. Havingobserved that the occurrence of certain local
features also leads to texture discrimination, Julesz proposed an alternative explanation for
texture segregation, that is, the texton theory. Textons refer to fundamentabimictares that

are considereds the atoms of preattentive human visual perception. The textons include
elongated blobs, bars, crosses, @rchinators, etd121].

Apart from the studies concentrated on texture discrimination, various research was

e a

concerned with the appearance of textures and approaches to measuring the texture appearance.

The appearance of texture depends on the viewpoint, illumination, and thatsedlich the

texture isobserved124]. For instancgFigure2.20 shows images of the same textured surface
with dramatically different appearances when it is lit from different illumination directions.
When a surface is viewed and illuminated at fixed angles, surface appearance can be
characterized by reflectance amdture. When the viewing and illumination directions vary, the
appearance is described by either the directional reflectance distribution function (BRDF) at
coarse scale observation, or bidirectional texture function (BTF) asdimeobservatiorj124].

The BRDF was defined lyicodemug125]in 1970as the ratio of the scattered surface radiance
to the incident surface irradiance. The BTF, which was proposed by Danfle#églis a more
general representation of sample structure geometry depending on planar material position, as

well as on illumination and viewing angles.
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Figure2.20. Surface texture illuminated under different lightaigections[126].

As mentioned previously, texture appearance is also scale dependent. At close distances,
a texture might be noticeably visible, yet it can gradually disappear as the viewing distance
increases. Such a phenomenon can be modeled by the contrast sensiwtionf(CSF), which
expresses the visibility thresholds as a function of spatial frequency. The CSF is measured by
presenting the observer with a target of a sinusoidal grating of a given spatial frequency, which is
in the unit of cycles per degree of wad angle. The contrast of the target grating is then varied
until the visibility threshold of the observer is reached. The determined thresholds are converted
to the contrast sensitivity score calculated as 1/contrast. The resultant contrast senetteity p
as a function of the target spatial frequency yields the CSH{gese2.21) [127]. TheCSF
implies that the visibility of a fixed size feature is a function of the viewing distance. As an
observer moves away from an image, a detail with a fixed size takes up fewer degrees of visual
angle, thus moving it to the right on the CSF curve. Theegthe image might require greater
contrast to retain the same visibility to that at a closer dis{fd283. Thedifficulty in detecting a
highf requency pattern is possibly due to the ey

mosaic ofeye receptorfl29].
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Figure2.21 The dotted line represents a typical contrast sensitivity fungtej.

The CSF is typically measured for the psychophysically defined cardinal directions:
luminance, redyreen, and blugellow channelg131]. Figure2.22 shows a schematic diagram
of the luminance and chromatic CSFs for the human visual system. As indicated by the figure,
the luminance CSF demonstrates a bpask nature with a peak sensitivity at around 6
cycles/degree and falling off at lower and higheatial frequencield31]. Meanwhile both red
green and blugellow CSFs show similar loypass characteristics with little attenuation of
sensitivity at low spatial frequencifgs32]. Moreover the CSF for the blugellow channel
declines at muclower spatial frequencies compared to that of thegreén direction. This

could be due to the sparser retinal distribution-cbB8eg133].
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Figure2.22. Schematic diagram of luminance and chromatic contrast sensitivity functions
for the human visuaystem[131].

The luminance CSF depends on several conditions, among which the luminance and the

viewing angle of the object are the most important yet surround illumination and orientation

angle can also playrale [134]. Totake the dependence into account, Baji®d] proposech

practical formula of CSF for a standard observer under usual viewing conditions. The formula

models the trend that as the luminance decreases, the sensitivity decreases, and the peak spatial

frequency moves towards lower values. It also describes tRed§%ndence on viewing angle

that the sensitivity decreases with the viewing angle of the object, and it is accompanied by a

shift in peak sensitivity to higher spatial frequen¢ie®t]. Apartfrom the abovenentioned

factors, measurements of luminance CSF revealed a reduction in sensitivity when the achromatic

luminancemodulated grating was presented on a chronhatokground131]. In 2006,

Westland et al[129] proposedan empirical formula of luminance CSF that took the chromatic

effect
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O THTOT (2.180)

Nn T™MotTpw p W p ¢ (2.18))
Where Qs the spatial frequency of the stimuli in cycles/degies,the mean luminance of the
stimulus in cd/m U is the stimulus size in degrees of visual angle,@Qisthe Euclidean
distance between the white point and the chromatic backgroundaeiagram[129].

Due to the imperfections in the optical components and diffraction effects, the human eye

is not perfect, resulting in limited fidelity of the retinal image for an extevbgct[135]. To
guantify the resolution characteristic of the human eye, one can determine the modulation
transfer function (MTIby calculating the ratio of the contrast of an image to that of the actual
target. The resultant values plotted as a function of the target spatial frequency give the MTF.

Figure2.23 shows the typical MTF of the human eye and it can be modeled using the following

equation:

. . ] T
07 ol = Aob — (2.182

Wherg is the frequency in cycles/degree. The constants in the equation are found to be:
Cd,| ™ip ¢ U x,and p® [136]. A value of 1 indicates an ideal case where the

retinal image has the identical contrast as the actual target at a particular spatial frequency.

Model of MTF of eye

Sensitivity

0 10 20 30 40 50 60
Cycles per degree

Figure2.23. Modulation transfer function afye[136].

74



2.4.2Texture descriptors

A huge variety of texture descriptors have been proposed in the field of image processing
for texture classification, segmentation, and synthesis. Those texture descriptors can
guantitatively characterize the texture content and provide measures ofndiffiergerties such
as smoothness, coarseness, graininess, and regularity. Texture descriptors are traditionally
classified into three categories: statistical, structural, and spappedachegl37].

Statistical methods are used to process texture in images by deriving feature vectors from
statistical computations on the lightness intensity distribution functions of pixgdenDing on
whether the spatial relationship is considered or not, the statistical indicators can be divided into
the first, second and higheitlevel features. The firdevel statistical indicators are directly
computed from the gray levels of the pixefishout considering the interaction between pixels.
Typically, the firstlevel indexes are derived based on the statistical moments of the image
intensity histogram. On the other hand, the second and Hepedrcharacteristics are calculated
considering the dependence of two or more pixels of the image. T¢ecuaence matriis
known as a secorével feature[138], meanwhilethe local binary pattern is considered as a
higherorder statistical method.

Considering that a complex pattern can be formed by simple units following specific
rules, a notion of primitive was proposed that refers to an initial unit, which can be simply a
pixel, a regionpr a linelike shape. Structural approaches deal with the arrangement of the image
primitives. Their spatial layout rules can then be identified by calculating the geometric
relationships or assessing their statistical properties. While the methods are $oitahages
with regular textures, they are not optirfa textures with irregulastructureg§138].

Spectral techniques are based on properties of the image transformed into another space,
where the texture is more readily distinguishable. For an image with (nearly) alternate patterns, it
is suitable to be described by the Fourier spectrum, in whichigheenergy, narrow peaks
identify the global texture patterns. Gabor filtering is another spdudssd method that operates
in both spatial and frequency domains and shows outstanding performance in distinguishing the

textures with certain orientatioasd frequencies.
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2.4.2.1Intensity stogrambased approaches

One of the simplest statistical indicators for describing texture is the statistical moments
of the intensity histogram of an imageregion[137]. Theimage histogram is a two
dimensional representation of the amount of lightness and darknessnagej138]. Theshape
of the histogram can be quantitively measured by its moments, which yield the information
related to the textur eo6&hnmomentp toh areusdsthe meaniar s ene

calculated as follows:

Coa a a na (2.183

a ana (2.184)

Whered is the random variable denoting the intensity lefjefy HQ tiphcredd  phis the
corresponding histogram, andepresents the number of distinct intensity level in the image.

The second moment, namely the variance (* &), is an important measure of
intensity contrast, which can be incorporated into the descriptors that characterize the relative
smoothness of image texture. Beside the second moment, the third) @nd the fourth
moments‘( & ), respectively, measure the skewness and the relative flatness of the histogram.
Some additional histogratmased measures can provide further information about the texture

content, includi ng ™d)wkichsgiveebyof Auni formityo

Y § oo (2.189

The other one is a measure of average entf@qy X that describes variability. The entropy

measure is defined as:

Qa na 11 ga (2.186)
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2.4.2.2Gray levelco-occurrence matrix

Gray level ceoccurrence matrix (GLCM) is a secclavel statistical operator that was
introduced by HaralickL39] in the seventiedt is a measure that not only considers the
distribution of intensities but also the spatial relationships between the pixels in an image.

For an imagé&with O possible intensity levels, an 0 matrix denoted ag can be
created whose elemeifl is the number of occurrences that pixel pairs with intensitiaadd
(p "QQ 0)appear inQin a position specified by. 0 is an operator that defines the position
of two pixels relative to each othgi37]. Fori nst anc e, it can be defined
pi xel in the direction of O0OAo. Typically, it
907 and 135°[138]. Thematrix formed in this manner is referred to as a genel co
occurrence matrix. After the formation of the@ccurrence matrix, one can estimate the
probability that a pair of pixels with the intensitiés, () will satisfy 0. The probability] is
calculated as follows:

n  Qr (2.187)

Wheret is the total number of pixel pairs that satigfiand is equal to the sum of elements; of

Based on the probability values, a set of statistical properties can be deduced from the co
occurrence matrix, including contrast, correlation, energy, homogeneity, entropy, and maximum

probability with their formulae listed below:

- AgEIBAIIT AAAEQ&@OU (2.189
e A A@ Qa N
#1 OOAI AOE L4 (2.189
#1 1T O0OAO0OQ (2.190
51 EAI iAW CU N (2.197)
. . N
I 11T CAT AEOYU—+« 2.19
( C 5 <0 @ (2.192

77



%l OOT PU nilg (2.193

Where0 is the row or column dimension of a square magrié andd are in the form of
means computed along rows and columns of the normajizesspectivelySimilarly,, and,

are in the form of standard deviations calculated along rows and columns, respectively.

2.4.2.3Local binary patterns

Local binary pattern (LBP) is a texture descriptor that can define the local spatial
structure and the local contrast of an image. It has been widely used due to its simple
implementationcomputational efficiency, and ability to extract proper features with high
classification accuracj 38]. Ojala et al[140] first introduced the LBP operator for rotation
invariant texture classification. It has also been adapted for many other applications, including
facerecognition[141], dynamictexture recognitiofl42], etc.

Given a pixel in the image, an LBP code is computed by comparing its intensity with

those of its neighboring pixels:

06§ [0 Q¢ (2.194)
(o PhoOom (2.195
T o T '

Where"Q represents the gray value of the central pik&lkepresents the value of isth

neighbor D is the total number of the involved neighboring pixels, ¥isl the radius of the
neighborhood, which is considered as a circle to prevent the operator from being sensitive to
rotation. For example, suppose that the coordinal@ &f it , then the coordinates & are

YAT © 0 AYOEQ* if0 . The gray values of neighbors whose coordinates are not in the
image grids can be estimated through intkrpan [143].

After the LBP code of each pixel is identified, the uniformity denotét ean be
determined, which represents the number of spatial transitions occurring between 0 and 1 in that

pattern:
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(2.196)

The uniform LBP patterns refer to those with limited transitidh  "Y in the circular binary
presentation, while the patterns with the number of mutations greatélvttaar defined as
heterogeneous patterii¥. is generally considered to B&c [138].

A local rotationinvariant pattern can then be defined as:

560 i Q Qh QUWO6H Y (2.197)
0 ph €& VQI Q

The above equation assigns the labelstd homogeneous neighbors, while the label p is
assigned to the heterogeneous neighbor. This operator is applied to textural images and
eventually the histogram of the operator outputs (i.e., pattern labels) is constructed that can be
used to extract featurgs44].

2.4.2.4Gabor filter

Gabor filtering is a widely adopted technique in texture discrimination. Using Gabor

filters to extract features is motivated by the fact that these filters can act as orientation and scale
tunable detectors. They can be considered as a group of wawdietsach wavelet capturing
energy at a specific orientation and at a specific frequgs]. Moreover they have been
found to be good models for receptive fields of simple cells that are devoted to processing visual
signals[119]. A two-dimensional Gabor filter can be realized as a sinusoidal wave modulated by
a Gaussian envelope. A basic esgmmetric Gabor filter is given as follows:

i AgpP 2 2 Al ©6 ® %o (2.199

Where, and, , respectively, define the Gaussian envelop atoagdwdirections,6 denotes
the radial frequency, anféhis the phase of the filter.

Given the image convolved with a band of Gabor filter, the texture features defined as the

energy of the filtered image can be determined:
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Q ui s@G'Qs (2.199
Whered represents the pixel size of the ima@denotes the image pixel valuég, is a Gabor

filter, andz represents the convolution opergtb45].

2.4.3Texture effects on perceived and measured colors

One of the important factors which influence the color of an object is its surface texture.
In recent years, a number of studies have been conducted to study the texture effects on color,
mainly concentrating on four directions: the influence of textureabor difference assessments,
the effects of texture on color attributes, the relationship between texture descriptors and colors,
and the influence of texture on color measuremidais].

2.4.3.1Influence of texture on color difference assessments

Kuehni andMarcus[147] werethe pioneers in exploring the texture effects on their
perceived color difference. They found that one CIELAB unit was the minimum value to
perceive a color difference between fabrics with varied texture structures.

In 2000, Montag and Bern$48] conducteda psychophysical experiment on a CRT
monitor to study the texture effects on suprathreshold lightness tolerances. Adopting a pass/falil
method of constant stimuli, the lightness tolerance thresholds were determined for three types of
achromatic stimuli: ta uniform, halftexture, and fultexture samples. It was found that the
lightness tolerances increased with the lightness of the test stimuli. This trend was especially
evident for the textured stimuli throughout the whole lightness range @amd00°. More
importantly, the tolerance for the textured stimuli was increased by approximately twice as
compared to the uniform sample. These results suggested the usage of a lightness parametric
factor of 2 that reflects the reduction in lightness sensitivitgn viewing the textured samples.

Huertas etl.[1] in 2005ran an experiment in which they analyzed the influences of the
simulated randordot textures on the suprathreshold color tolerances. They considered 32
textures that varied systematically in size, number, and dot color. Each texture was then mapped
on thefive CIE recommended color centers, generating the stimuli to be displayed on a CRT

monitor. The experimental tolerances were determined from a panel of five observers, who
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adjusted one of the stimuli of the comparison pair until its visual difference was equal to or just
higher than that of the anchor pair. The randiwhtextures were found to increase the

tolerances on lightness, chroma, and hue. Although the simulataceterainly increased the
lightness tolerance, the increments in chroma and hue tolerances cannot be ignored. For those
textured samples that showed significant differences compared to the homogeneous ones, the
authors fitted the parametric factors of G200 and CIE94 color difference formula. The

results confirmed the significant effects of texture on the visual color difference evaluation, and
this influence differed for each texture. Thus, a simple set of parametric factors, such as the CIE
recommende values Q= ch'Q ="Q = 1), may not be sufficient for all the textures available in
industrial applications.

Hanet al.[149] used fineand coarse simulated textures to evaluate color differences for
automobile coatings. Contrary to Montag and
effects are insignificant for the samples having the same degree of coarseness, whilerthe text
indeed increases the visual difference by 200% when there is a coarseness difference in the
sample pairs.

Kandi et al [145] investigatedhe effects of texture on color using 63 knitted fabric
samples with seven different textures in nine color centers. The color difference was assessed
both perceptually and instrumentally between a standard sample and the other six textures in
each cologroup. The results indicated a statistically significant effect of surface texture on the
measured and perceived color differences. In particular, the texture type exerted a more
prominent effect rather than the texture coarseness. Addifiotiadl statistical tests suggested a
dependence of texture effect on the color center of the samples.

In 2010, Kandi and Tehrda50] usedthe knitted polyester fabrics with eight different
textures to assess the influence of texture on the performance otlftdoence formulae. In the
experiment, a set of sample pairs with different texture structures was visually assessed by the
observes. The results showed that CIEDE2000 (2:1:1) provided a better, yet not significant,
prediction of visual results than the other tested formulae. Moreover, the texture structures of the
comparison pairs were found to significantly influence the perdmce of the color difference
formulae.

More recently, Chae arfdwang[151] studied thalifferences between perceived and

instrumentally measured colors using the woven fabrics that were produced by mixing yarns in
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three different colors. A mean perceived color difference was found to b¥@.68 between

the scanned image of the textured fabric and the solid color image generated based on the
measured color. The results showed a significant effect of texture on the visual color difference.

2.4.3.2Texture effects on color attributes

Some researchers focused on investigating the contribution of surface texture to color
attributes. An early effort was conducted by Oulton etl&2] who soughto model the texture
effect on color appearance. The research found that the knit textures were perceived as darker
than the windings, meanwhile, the tufts were viewed as darker than knits in most of the cases.
Additionally, the knitted textures showedfdrent characteristics from tufts, as its chroma was
always lower than that of the winding. Another study explored the relationship between the color
appearance of squaveave bars and their spatjgttern[153]. The resultsevealed the
dependence of color appearance on spatial patterns.

In 2003, Simonot and Elid&54] investigatedhe relationship between the color and the
topography characteristic of an object. In the research, the surface topography was characterized
by the ratio between the roughness and the surface correlation length. The authors discovered
that the modificatia of surface roughness caused a vertical shift of its reflectance spectrum, thus
leading to the color changes related to the surface state modification. In particular, the color
becomes lighter and less saturated as the surface becomes rougher. At tihegsaenef
roughness, the color change is more important for dark objects. In addition, a hue dependent
effect was discovered that a yellower surface is more sensitive to roughness than a blue one.

Arino et al [155] studiedthe effect of texture on the pass/fail color tolerance for the
colored injectioAmolded plaques. The results demonstrated that the presence of texture could
alter the instrumental and visual perceptual attributes. In general, the presence of texture could
reduce the saturation, alter the hue of the color, and increase the lightness. It was also reported
that the tolerances of color differences varied substantially with the surface texture.

Luo et al.[156] in 2013 studiedhow the texture pattern of fabric affects its luminance
and chromaticity values. It was concluded that the color difference between fabrics with different

textures mainly derives from their luminance difference rather than the chromaticity one.
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2.4.3.3Relationship between texture descriptors and colors

Xin et al [157] studiedthe influence of texture levels on the perceived color difference
by using fifteen samples that simulated different woven patterns. Considering that the texture
information is mainly contained in the luminance channel, the authors proposed a measure of
text ure coarseness, referred to as -widthefxt ure st
histogram in the luminance scale. The results revealed a high correlation between the texture
strength and the perceived color difference for the texttwka pairs. Moreover, the visual
color difference was found to decrease 0.25 CIELAB units by increasing every ten units of
texture strength. Given the results, the authors suggested introducing a scale factor related to
texture level into a coledifference equation to model the parametric effect of texture. Contrary
to Xin et al.o6s findings, an inconsistent cor
color differences was r e[p5d]rThedr cesultsmdicaied thatthea nd Hw
texture strength may not be the only texture feature that influences the human color perception.

I n Kandi §145], thdauthors deineduadeym based on the Gabor filter, which
was denoted as fiGabor texture differenceo (GT
perceived color differences and GTD, although the correlation also depended on the color
coordinates of theasnples. Moreover, Kitaguchi et §1.58] founda good correlation between
visual results and features extracted from theamrrence and gray level difference at
particular distance values. Gebejealdl59] examined22 different features computed from the
gray level ceoccurrence matrix, among which five features were considered the most
perceptually important for describing and characterizing the examined textures.

In a recent study, Ghodrati et HI60] comparedhe performances of four texture
characterization methods, including gray levebcaurrence matrix (GLCM), distance
dependent edge frequency (DDEF), fractal dimension (FD), and histogram skewness (SK), on
predicting the coarseness of polishing sandmajgach descriptor was found to exhibit varied
performance in predicting visual texture coarseness and actual surface coarseness. For the high
coarseness level sandpapers, GLCM and SK were found to yield the most precise prediction of
the actual grface coarseness, while all the methods worked similarly well in predicting the
Vi sual coarseness. At medium coarseness | evel
GLCM, FD, and SK at both visual and actual coarseness, while only SK and DDEF provided

Aacceptableo prediction in the visual and act
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Apart from the foregoing imaginigased texture descriptoBae et al[161]
characterized the fabric texture using the Kawabata Evaluation System for Fabri€)ldB&S
calculated various fabric texture features from the measurements. The results showed that the
instrumentally measured texture characteristics were highly cadelath visual texture

estimation of the woven fabrics.

2.4.3.4Influence of texture on color measurements

Shao and Xij162] exploredthe influence of surface texture on both instrumental and
visual color difference assessments, using fabric samples in six color centers with seven knitted
textures. The results demonstrated poor performance of the CIEDE2000 formula in predicting
the cola difference of the textured samples measured by a spectrophotometer performed under
de:8°geometry. In another study, Arino ak [155] examinedhe effect of texture on the
pass/fail color tolerance. They found that the presence of texture might affect the color
coordinates of the sample measured under the specular component excluded mode.

In 2011, Kand{163] investigatedhe influence of spectrophotometer geometry (di:8°
and 45°07 on the color measurement of textile samples with different surface textures. The
results revealed a mean color difference of 1 CIEDE2000 (1:1:1) unit between di:8°and 45°0°
geometry, with anaximum value of up to 3 units. The most differences between the measured
values were in lightness values, as the di:8°geometry generally yielded highaiues.

Another study was conducted by Luo efafl6] who theoretically and empirically
studied the influence of surface texture on their reflectance and tristimulus values. For the fabrics
with different textures, the results revealed that their normalized reflectance curves are identical,

and their chromatigjt coordinates are also constant in the CIEXYZ space.

2.4.4Synthesis of knitted textured images

2.4.4.1Algorithm of color rendering of texture images based on dichromatic reflection model

Shen and Xin developed an algorithm for the rendering of texture images based on the
dichromatic reflection model, which recovers the geometrical information of the texture surface

based on the fundamental interactions between light and matter. Witlcolened geometrical
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information, a new texture image with relatively high color fidelity can be synthesized if a target

solid color isgiven[164].

Different from the statisticabased models, the dichromatic reflection model is a physical

model ofreflection, which states that two distinct types of reflection occur when light interacts
One
refractive index. The other type is named body (bulk) reflection,imisiproduced by the light

with an

object.

i s

t he

specul ar

refl

ecti

that penetrates through the interface, passes through the material where it undergoes selective

absorption and scattering by the colorants, and is eventuaiyiteed through the entered

interface. Additionally, the model statéhat each type of reflection can be decomposed into two

independent parts: onevwsavelength composition, denotedésor Y , which is a relative

spectral power distribution that depends solely on wavelength but is independent of geometry.

The other isnagnitude, referred to & ora . The magnitude is a geometric scale factor

which depends only on geometry but is independent of wavelftgjthr hesubscriptsoandi

indicate the body and specular reflections, respectively. Based on this model, a dichromatic

based rendering algorithm (DICH) was established:
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= isthe 3 1 color vector of source image at pixg and=- are the 3 1 vectors of surface

reflection color and mean color of the image, respectivelyandd are, respectively, the

geometric factors of the body and the surface reflection atipixel anda are, respectively,

the mean geometrical terms of the body and surface reflection; anthe total number of

pixels of the texture image.
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Since the above equation is ovEtermined, the geometrical coefficient pair f ) for
each pixel can be solved using the least squares method. As the coefficient pai) @efines
the geometrical property of the pixglthe color of the corresponding pixgfor a synthesized
image can be determined from a target solid cglas:

T " (2.205
Where h and+r are the 3 1 color vectors of pixel and mean color of the rendered image,

respectively.

2.4.4.2Color-to-color mapping

Another computational model developed by Xin and Shen was based on the channel
proportionality found in the relationships among different channels of tertageg165]. The
model deals with the mapping of solid target colors to colored texture patterns, thus it was named
color-to-color mapping (CCM).

Supposing that the image capturing system is linear, its resportdechannek at pixel
N is given as follows:

6 _a_i_mi _Q_ ¢ phkho (2.206)
Where_ represents wavelength, denotes the spectral power distribution of the illumination,
i _ isthe spectral sensitivity of chanidelandi _f is the spectral reflectance of object at
positionr). Let6 be defined as the mean value of chagnehe pixel deviation 6 is then
calculated as the following:
16 0 0O (2.207)

The equation can also beitten in the vector form as:

' F TF (2.208
wheres isaoc p vector representing the channel responses of the source image gt pixel
and=- denotes the mean values of three charfoelthe source image.

In the RGB color space, the new color at pixé defined as follows:

T O (2.209
where h refersto @ p color vector representing the RGB signals of the reproduced
image at pixef|, andyrrepresents @ p vector of the desired target cald@hefunction QO is

defined on each pixel position and performs linear interpolation betwe#h v and
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1 6h 6h 6 . The functioiQis given in Equatiori2.210), in whichdo 6 ¢ is
assumed and plotted gure2.24 for better visualization.

o 7 60h M ® 6

o6 10 e o
Uﬁ w O 7 0Oh o] w O
"Qw , , 2.21
(¥ 6 7 O . . . o ( 0
— 0 1 oh o w 0
y O 0
i 1 6h 6 ® cuuv
4

o

Pixel deviation of RGB channels

P Iy £ 255

0 wt m
Pixel response of RGB channels

Figure2.24. Function'QD for the CCM model based on RGB cokpaceg106].

Except for the RGB color space, the CCM model can also be applied in other color
spaces. For the LCH color space as an example, the RGB space is first transformed to LCH
space, the new colgf h of pixeln in LCH space is then calculated as follows:

T h o iAo 0 B AQ O RQ (2.211)
where 0 BIAQ is the desired target color in the CIELCH spadef® FQ is the color of
pixel fj in the source image, andHQ is the mean color of the source image, with superscript
“Yrepresenting the vector transpose. After the foregoing calculations, the last step is to transform
the new LCH color back to the RGB color space. The color mappings applied in other color

spaces can also be performed in a similar fashion.
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2.4.4.3Adjustment of texture strength

Shen and Xin investigated the effect of texture strength adjustment on the color fidelity of
the computational models. The resutidicated that the performances of the tested algorithms,
including CCMRGB, CCMLCH, CCM-t | ,fand DICH, were greatly improved when the
adjustment of texture strength was app[E@6]. To betterunderstand the effect of texture
strength modification, the color fidelity of each examined model was tested with and without an
adjustment of texture strength. According to
defined as the standard dation of the texture image, is related to the mean colors of the texture
imageg164]. Assumingthat the standard deviations of the target image is known, the texture

strength of the reproduced image can then be adjusted as follows:

o" of —o o ¢ RG,B (2.212)
Where, and, denote the standard deviations oféllet h channel of the sim
images, respectively[ isreferredtoastedt h channel response of the

o " represents the final new color after adjustment of texture strength. The calculations are
performed in the RGB color space.

If the target images in desired colors are unavailable, the vajueisfusually unknown.
Thus, a polynomial curve fitting technique is used to approximately deriviem the target
color, ul. For singlecolored images with a similar texture pattern, the relationship between
standard deviation and the mean color can be fitted B:@@er polynomial equatiofi64].
Figure2.25shows a typical relationship between the standard deviation and mean color of G
channel derived by Shen and Xin. With the polynomial functions, the texture strength for a target

color between the data points can be estimated.
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Figure2.25. Typical relationship between standard deviation and mean color of green channel
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CHAPTER 3 ASSESSMENTS OF INSTRUMENTAL PERFORMANCE

3.1Introduction

Liquid crystal displays (LCDs) and cathode ray tube displays (CRTs) have been widely
utilized in visual research for decades, in part due to tleibility and ease of creating the
required visual stimuli. However, the precision and accuracy requirements of visual
psychophysial studiesecessitate stringent prerequisites for accurate colorimetric reproduction
of stimuli on displays. Therefore, a proper digital workflow is required to ensure that the images
are captured under controlled conditions arspldiyed on the monitors as accurately as possible.
To achieve thtgoal, the processxamined in this study wagparated into three parts: a
performance evaluation afDatacolor Spectravision (DCSV) spectrophotometer, an
examination oB GTI Graphiclite viewing station, and an assessment of the LCD monitor
employed for testingThe DCSV, GTI light booth, and LCD monitor, respectivelynstitutethe
key roles of image acquisition and color measurement, the light source illuminating the physical
samples, ad the output device for viewing the reproduced imaggzeliminary evaluation was

thus conducted to ensuaeeasonably gootkvel of performance of the devicasvolved

3.2Performance evaluation of the Datacolor Spectravision

The first part of the experiment involves the usamimagingbased spectrophotometer
DCSV, which is equipped with a hyperspectral imaging assembly comprised of 31 narrow bands
covering the range of 400 to 700 nm. The device consists of a scientific 90 db camera with an
sCMOS sensor and a pulsed xenon source that is filtered to providéud@bation. The
camera is capable of producing an image size of 821 x821 pixels with a resolution of roughly
918.65 pixels per inch. In addition, the sample isnilated diffusely by an integrating sphere,
and the surface of the sample is viewed from an 8°angle, thus forming a d:8¢illumination and
viewing geometry166]. For each sample, the DCSV requires approximately 35 seconds to
obtain the image of the measured ardrecord spectral reflectance and colorimetric data for
each pixel of the image. Using the Datacolor Tools SV 2.5 software, the user can perform image
segmentation interactively by specifying an image region with the mouse; the output data is then
calculatel by considering only the pixelselongingto the selected regioifhe DCSV was used

to capture the images and measure the colorimetric values sdrties of interest.
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The purpose of the study is to assess the repeatability andnotier agreement of the
DCSV spectrophotometer by following the guidelines specified in the ASTM E2214
Standard Practice for Specifying and Verifying the Performance of G&éasuring
Instrumentg167]. The studyaims tospecify and validate the performance of the instrument, as
well as examine the agreement between the hyperspectral and conventional spectrophotometers,
so as to augment the confidence in the provid

3.2.1Experimental

3.2.1.1Analysis of repeatability

Repeatability, as described in the ASTM E22D4167], is typically the most essential
characteristic of a colameasuring device. It assesses how well the instrument repeats its
measurements of the same or nearly identical specimen by a single operator over a specified
period. Depending on the length of tiested period, the time during which the readings are
taken is qualitatively categorized as fishorto
milestones in the temporal stability of the readings. The standard practice specifies a number of
univariate ad multivariate approaches for analyzing repeatability. Multivariate metrics used in
the study includ®Y, (at 440, 560, and 650 nm¥d , Yo , Yo , YO , Y& , andYas .

They indicate twice the standard deviations with regard to the spectral reflectance at specific
wavelengths, the difference in the tristimulus values, or the CIELAB color difference
componentsBesides twice the standard deviations, computed as the sum of the variances
of tristimulus valuesvasemployed, as well @ andw calculated as the volume of an
ellipsoid quantifying the distribution of the color difference data in a specific color &}

For the univariate methodbe applied metrics includddean Color Difference from the Mean
(MCDM) based on several coldifference equationJ , YO , andYO ), the average root
mean square error of reflectance from the mean value Y, and weighted¥ 0 "Y(0 'Y 0 "X In
particular, the spectral reflectance was weighted on a wavelbggtiavelength basis by
multiplying 0 , calculated as the sum of standard observer functions,af « [

Following the standard practiciae repeatability of DCSWasassessed by measuriag
white glossy BCRA ceramic tile (Datacolor, Serial No. 983) and the white diffuse Spectralon®

plaque (se€&igure3.1). For shortterm repeatability, 30 readings per sample were taken
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consecutively without moving or replacing the sample between measurements. Memgium
measurements were conducted by obtaining 30 readings of each sample per day for three
consecutive days. The lottgrm repeatability that necessitates measurements ggeairieast
four weeks is beyond the scopetlois research. All the measurements were conducted
immediately after the DCSV was calibrated. The instrumentse&aspin the specular
component included (SCI) and UV excludéd/E) mode.

)

Figure3.1. The white BCRA ceramic tile (left) and the white Spectralon® pldrgbt).

3.2.1.2Analysis of inteimodel agreement

The intermodel agreement describes how close the measurement results from two or
more instruments with different designs are to each other. In the current study, theoitédr
reproducibilitywasevaluated by comparing the readings obtaiinech the hyperspectral DCSV
systemagainsthose measured using a conventional Datacolor 850 (DC850) spectrophotometer
Two sets of samples were quantified, including 12 glossy BCRA ceramic tiles (Datacolor, Serial
No. 983, seéigure3.2), and color patches from antKe Digital ColorChecker® SG (CCSG).

The CCSG, as shown Figure3.3, consists of 148pecimens with nglossy patches. For each
BCRA and CCSG sampl#&jespectral and colorimetric data were determined within a
rectangular region covering roughly 325325 pixe$ usingthe Datacolor Tools SV 2.5

software The area of the considered region approaches the measured area corresponding to a
small area view (SAV, thm sample area illuminated, 5mm sample area measured). As a
comparison, each sample was measured by the DC850 under the settings of SAV and UV

component excluded (UVE). Both specular component included (SCI) and excluded (SCE)
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modes were examined in thaalysis of reproducibilityThe average of three measurements with
sample replacememtasused to compare against the values measured by the DCSV. The
instrumental settings for both spectrophotometric measurements are listgules. 1.

Figure3.2. 12 glossy BCRA ceramic tiles

Digital ColorChecker® SG

HB
11
H

o
S - . ]
-
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‘0.
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nexrite

Figure3.3. X-rite Digital ColorChecker® SG (CCSG).
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Table3.1. Instrumental settings for the spectrophotometric measurements.

Instrument  Specular setting Area view uv Reading per
component sample
Specular included Square
DCSV & excluded 25 mm illuminated/ 22.7 0% UV 3
(SCI & SCE) mm measured
Specular included SAV
DC850 & excluded 9 mm illuminated/ 5mm 0% UV 3
(SCI & SCE) measured

The ASTM E221420 specifies a variety of multivariate methods for assessing inter
mo d el reproduci bility. AYnuetrigistedoranserdediicet h od s, H
describing the acceptance volume of an instrument in terms of colorimetric differ¥tices (
Y3, Ya3). The calculatedY value can be tested for significance with a given significance level
| . In the study, the comparison of instrumengs consideredignificant at the 5% level. The
E2214 standard also includes the irtemparison test, which is developed from error
propagation and the Gkguared distribution. The inteomparison test allosinterval estimates
of the component difference¥({, ¥¢3, Yds, ¥6°, Y'O), as well as those of the total color
differenceYO . If YO exceeds the critical valu® , the difference between instruments is
considered significanfl69]. Besides the multivariate methods, some univariate metrics such as
total color difference‘O and root mean square error (RMSE) were also used to examine the
reproducibility from the colorimetric and spectral aspects. All the subsequent results were
derived from the spectral reflectance from 400 nm to 700 nm, recorded every $@andard

illumination D65 and 1931 standard obsenwere appliedo compute the colorimetric data.

3.2.2Results

3.2.2.1Analysis of repeatability

The statistics describing the repeatabilitylad testedCSV are shown iffable3.2. The
results demonstrate that the DCSV has high levels of repeatability for both theaglort
mediumterm measurements. To test if any drift had occurred, the component color differences

were calculated by comparing the first reading and each successageirementigure3.4.
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shows the color differences in terms\if, Y65, andYa$ based on 30 readings collected during

the shortterm experiment, which reveal no obvious drift in the results.

Table3.2. Results of multivariate and univariate metrics describing the-shmitmediurrterm
repeatability of DCSV.

Repeatability Shortterm Mediumterm
Sample BCRA tile Spectralon® plague BCRAtile  Spectralon® plaque
Multivariate

YY x 0.078 0.032 0.076 0.051
ARG 0.034 0.034 0.078 0.036
YY i 0.069 0.041 0.070 0.063
Y&y 0.032 0.021 0.051 0.023
Y&y 0.052 0.044 0.095 0.055
() 0.085 0.028 0.078 0.057
i 0.022 0.020 0.040 0.023
yes 0.045 0.053 0.081 0.070
ves 0.045 0.042 0.053 0.066
x, 0.003 0.001 0.004 0.002
&) p Tl 2.208 0.518 2.953 1.185
&) p T 0.887 0.379 1.492 0.622
Univariate

YO 0.028 0.030 0.048 0.044
YO 0.026 0.030 0.045 0.044
YO 0.031 0.038 0.057 0.055
YO Y 0.044 0.051 0.058 0.060
0'YD"Y 0.124 0.124 0.186 0.174

Note: the differences itristimulus values and the component color differences represent the
differences from the mean measurement results.
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Figure3.4. Colorimetric coordinate¥d’, ¥¢5, andYd$ vs. readings number for the DCSV. The

30 consecutive sheterm measurements are considered.

3.2.2.2Analysis of inteimodel agreement

The intermodel reproducibility was evaluated statistically as well as graphidallyle
3.3 andTable3.4 list color differences, absolute values of the component color difference, and
RMSE values for each sample set measured in the SCI and SCE modes, respectively. The
differences were calculated based on the mean CIELAB or reflectance values averagesl over th
three measurements per sample per instrument. The direction and magnitude of error between the
measurements taken by the two devices are shown in terms of the vector pleigu(se25
andFigure3.6). In the figures, the colored dot indicates the coordinates of the sample measured
by DC850, while the arrowhead points toward the coordinates of the corresponding sample
measured by DCSV. The length of the arrow defines the magnitude of error scalspenyfia
factor. The results revealed that the measurement mode, surface finish of the sample, and sample
color can all have an impact on the instrumental agreement. In general, the instruments showed
better agreement when measuring the glossy BCRAthilesthe CCSG patches; meanwhile, the
measurements conducted in the SCI mode exhibited better agreement than those taken in the
SCE mode. The CCSG samples reported acceptable color differences@av@.252;range:
[0.042, 0.592]and RMSE values (meaf:288%; range: [0.037%, 0.894%4yhen measured in
the SCI mode, whereas their mean color difference and RMSE value r@ashadnd 0.471%,

respectively, when measured in the SCE mddeindicated by the mean component differences,
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these discrepancies for the CCSG patches tend to be mainly due to the variatiofsom the

figures, it can be inferred that thevalues acquired by the DCSV are typically higher than those
measured by the DC850 for the glossy BCRA tiles, whereas the opposite trend was observed for
the CCSG patches, particularly the dark patches measured in the SCE mode. Additionally, the
DCSV geneally yielded highecs for the CCSG samples than the DC850 when operating in the
SCI mode. For the results obtained in the SCE mode, howevef, amelcs values measured by

the DCSV differed from those recorded by the DC850 in the radial direcéisultingin larger

0° values for most of the patches measured by the DCSV. These discrepancies may be
attributed to the different design of the hyperspectral instrument and its associated imaging

algorithm in comparison to the conventional machine.

Table3.3. Color differences and RMSE values obtained between the imbgsegl unit DCSV
and the DC850 spectrophotometer operatedeisCl mode.

Samples 3’0 YO's V33 | V63 | RMSE (%)
12 glossy BCRA tiles
Mean 0.132 0.090 0.086 0.083 0.151
Standard deviation 0.048 0.051 0.070 0.055 0.050
Range (0.038, (0, (O, (0.020, (0.068,
0.201) 0.180) 0.220) 0.180) 0.226)
90" percentile 0.180 0.156 0.199 0.175 0.201
140 CCSG patches
Mean 0.252 0.081 0.149 0.267 0.288
Standard deviation 0.131 0.060 0.107 0.142 0.210
(0.042, (0, (0.003, (0.037,
Range 0592)  0323) 0.637) (00587 0.894)
90" percentile 0.480 0.157 0.278 0.477 0.655
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Table3.4. Color differences and RMSE values obtained between the imbgsegl unit DCSV
and the DC850 spectrophotometer operateie SCE mode.

Samples 30 Yi's VG5 | V63 | RMSE (%)
12 glossy BCRA tiles
Mean 0.323 0.211 0.164 0.303 0.246
Standard deviation  0.174 0.085 0.100 0.224 0.103
Range (0.121, (0.090, (0.010, (0.030, (0.076,
0.724) 0.340) 0.300) 0.760) 0.429)
90" percentile 0.556 0.326 0.279 0.567 0.339
140 CCSG patches
Mean 0.573 0.420 0.268 0.534 0.471
Standard deviation  0.219 0.409 0.280 0.312 0.176
(0.147, (0.003, (0.017, (0.199,
Range 1.463)  (01940) 593 1.697) 0.929)
90" percentile 0.910 1.161 0.723 0.964 0.727
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Figure3.5. Vector plots for the 12 glossy ceramic BCRA tiles measuréaeiBCI (a and b) and
SCE modes (c and d).
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Following the E2214 standar@iable3.5 provides a summary of the results of the

mul tivar.
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3.6 lists the results of the int@omparison test. The results of MANOVA indicate that there are

statistically significant differences between the readings of the two instruments at a 95%

confidence levelr{

.001). The same conclusion is drawn from the wotanparison test, as the

average color differenc80  exceeds the critical valu® . Nevertheless, it is noteworthy that
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the methodology specified in the E2214 generally yields stringent statistical tolerance, as
previously reported in various studies. Wyble and RI€9] detected significant differences
among 10 commercial spectrophotometers at the 5% significance level. Similar results were
found among 4 multiangle spectrophotometers in the study conducted by Peralgs6i.al.
Overall, it is reasonable to conclude that the hyperspectral DCSV system and the DC850
spectrophotometer demonstrate a high level ofintrument agreement, especially when they
operate in the SCI mode.

Table3.5. Multivariate analysis of variance (MANOVA) between the imagiaged unit DCSV
and the DC850 spectrophotometer.

Hotel |l it . .
Effect multivariate tests of Slgmaregtrlc_teg Degreeg Of 0-value
significance, Value parameterizationO freedom,Q"C
12 glossy BCRA tilegmeasured in SCI mode)
Instrument 0.81 13 1 .001
Sample 3.00 181541 11 <.001
140 CCSG patches (measured in SCI mode)
Instrument 0.77 151 1 <.001
Sample 3.00 93990 139 <.001
12 glossy BCRA tiles (measured in SCE mode)
Instrument 0.88 21 1 <.001
Sample 3.00 49588 11 <.001
140 CCSG patches (measured in SCE mode)
Instrument 0.87 302.5 1 <.001
Sample 3.00 12950.6 139 <.001

Table3.6. Multivariate intercomparison test between the imaglmsed unit DCSV and the

DC850 spectrophotometer.

Measurement mode SCI SCE
12 glossy BCRA tiles
(o7 0.035 0.069
30 0.170 0.433
140 CCSG patches
(o7 0.036 0.051
30 0.339 0.863
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3.3Examination of the GTI light booth

One of the objectives of the current study is to assess the reproduction accuracy of the
physical samples on the characterized monitor. Therefore, it is required to select a light booth
that provides similar illumination conditions and viewing geometrhasof an LCD monitor.

The light source thavasused to illuminate the physical samples Wwessed im GTI

graphiclite (modePDV-3eD/x/65) professional desktop viewer, which allows-pofiofing
applications and product inspection in a controlled ilghenvironment. The viewing station is
equipped with a fluorescent light source simulating the CIE D65, and its luminance can be
adjusted using a dimmer control. Additionally, the light booth has dual luminaires on both the
top and bottom to improve thaiformity of illumination across the viewing area and the
specimens. Diffusers are placed beneath the light sources, thereby the samples mounted on the
rear wall can be illuminated diffusely. Thelor of theinterior surfaces of the viewing station
wasa Munsell neutral gray N7 as specified in the ASTM D1-22%tandard171]. Given its
compliance with the ASTM D172&andard (ASTM International, 2022he light booth is used

in the textile industry to evaluate textiles and apparel according to AATCERPas well as

other AATCC test methods, such as those for soil release, wrinkle retention, etc.

3.3.1Experimental

Before ugng the GTI light booth to illuminate the physical samples, several preliminary
tests were conducted to determine its spectral power distribution),(&telated color
temperature (CCT), warup time, and spatial uniformity. The measurements of the light source
were performed with a Photo Research SpectrascaiyBRpectroradiometer in a completely
dark room. The P70 was installed on a tripod andhintained at a horizontal distance of 70
cm from the center of the viewing station. Each speatliometric reading was an average of
three consecutive measurements taken with a 1°aperture and a fixed exposure time of 600 msec.
The SPD of the light souraeas determinetdy measuring a PTFE diffuse reflectance standard
(Gooch and Housego OL 55Rflaced at the center of the illuminated area. The measurement
setup is shown ifigure3.7. Before the experiment, the luminance level at the center was
adjusted to 250 cd/fto be consistent with the viewing condition for the moriiased visual

assessment.
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Figure3.7. Experimental setup for the spectroradiometric measurements of the GTI viewing
booth.

The required warrup time of the GTI light booth was determined by repeatedly
measuring its luminance level for 6 hours and recording the results every 5 min. The procedure
was started immediately after the luminaatéhecentr was set to approximateB60 cd/m,
and theexperiment was repeat#ittee times on separate days. Thef0gap between the PR
670 and the center of the viewing station was maintained throughout the test period.

The spatial uniformity ofllumination supplied byhe GTI graphiclite was assessed by
dividing its illuminated area into 3 4 blocksof equalsizeand measuring the luminance level of
each block. In the experiment, the 21.38 ci82.15 cm central region of the illuminated area
was consideredvith each block covering 7.13 cm8.04 cm. Before evaluating the spatial
uniformity, the viewing station was warmed up and its luminadbecener was adjusted to
250 cd/m. The luminance level of each block was then determined by measuring the standard

white diffuser plate placed in the corresponding location.
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3.3.2Results

The PR670 measured the spectral radiance from 380 nm to 780 nm with a spectral
resolution of 2 nm and recorded the CCT definedHeR°standard observer. The
measurements showed that the CCT of the GTI graphiclite was 6858 K at the luminance level of
250cd/n?. The relative spectral power distributions of the GTI light source and CIE illuminant
D65 are plotted ifrigure3.8.
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Figure3.8. Relative spectral power distributionstbé CIE D65illuminant versughe

fluorescent light source of the GTI graphiclite light booth.

The drift in the luminance level of the GTI light sourseshown inFigure3.9. The
results indicated that a warap time of at least 1.5 hours is required to achieve a substantially
stable luminance. Although the luminance level initially reached a plateau within a few minutes
after an increase, the stable statsfollowed by a sudden drop in the luminance, as observed
after 1.42 hours (85 min) in trial 1 and 0.33 hours (20 min) in trial 3. The standard deviation of
the luminance was less than 0.75 cdé#fter 1.5 hours. Therefore, this waup time was always

considered in the subsequent experiments using the GTI light booth.
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Figure3.9. Luminance level measured over 6 hours in three trials.

Regardinghe spatial uniformity of the GTI graphiclit€able3.7 lists the luminance
level measured for each grid of the illuminated area. Even though the light booth has two
luminaires with diffusers installed to improve spatial uniformity, the results still indicated that
the luminance profile corresponding to the measuegtn was not completely uniform. The
two central grids (shaded in green) had acceptable luminance of approximately 2%5@utilén
the peripheral blocks showed a variance of around +79 Tdbonsequently, all the further
measurements were taken with the samples placed at the central 7.1B5¢d8 cm region

corresponding to the two selected blocks.

Table3.7. Spatial luminance uniformity of the GTI light booth.

Grid of illuminated area 1 2 3 4

1 287.0 320.7 317.4 287.6
2 227.7 253.8 256.1 226.2
3 176.5 197.0 197.3 176.3
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3.4 Assessments of the LCD monitor

The third objective of the current studias to assess the performancer&LCD
monitorused in psychophysicaltesting | n t he experi ment, a 270
monitor was employed, which is anphane switching (IPS) type LCD with a 2560 x 14di@el
resolution and a pixel density of 109 PPI. With the proper graphics board and software, the
monitor supports a 1Bit simultaneous color display, which delivers 64 times more colors and
smoother color gradations than abiBdisplay. Hardware calibtion permits exact adjustment
of luminance and gamma on this panel, making it ideal for @vlbcal applications in the
graphic arts industry. The correlated color temperature (CCT) of the display white point is
adjustable between 4000 K and 10000 Kr&twer, widegamut LED provides the backlight of
the monitor, and its brightness can be varied from 50@/i800 cd/m. Notable is that the
luminance level of the color assessment cabinet is often in the range-893@a/n3, while the
luminance levebf an LCD is typically between 16800 cd/m. The lower luminance levels of
the LCD may directly affect the perception of color differences, as chromatic and lightness
contrast are correlated with luminarjé&3], [174] Before ugg the monitor in the
psychophysical experiments, a set of preliminary assessments was performed to evaluate its
spatialindependencef signals colorimetric stability, and performance in displayingkdi
images. To ensure accurate color reproduction on the display, the calibration perfonasnce
testedand colorimetric characterization of the monias conductedetailed explanations of

each assessmearteprovided in the subsequent relevant subsections.

3.4.1Experimental

Prior to the experiment, the monitor was warmed up for at least 30 minutes to ensure a

stable display. Additionally, its white point (digital couii2zs="Q ='Q = 1023, then normalized
to 1) was set to 6500 &t 250 cd/n? to imitate the lighting conditions in the GTI viewing station.

The gamma was adjusted to 2.2 and the color mode was set to Adobe® RGB, which provides a

wider color gamut than the sSRGB mode. The monitor calibration was carried out usiagtan X

i1 Pro kt and the color management software ColorNavigator 7. The white point and luminance

of the display were further confirmed using the-®R spectroradiometer. The R0 was used

for all the measurements, except for the monitor calibration. If not stdtedwide, each
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spectroradiometric measurement was an average of three consecutive readings obtained under a
1°aperture and adaptive exposure tinfde adaptive exposure timeasemployed as it allows

the builtin algorithm to automatically select the appropriate exposure duration for the available
signal, resulting in the most accurate measurement for the availablg i§htExcept for

exami ni ng signalspatia imdependenges tR&R-670 was positioned 60 cm away

from the monitor, the same distance as the observers in the visual assessguet3.10

shows the experimental setup for measuring the test color on the monitor.

Figure3.10. Spectroradiometrimeasurements of the test colors on the LCD monitor.

The measurements taken by the®R were performed through the PsychoR$®6]
software environment, which managed the display of test coloralsmititeracted with the
spectroradiometer. In the subsequent visual assessment, the PsyelsaPp used for
psychophysics and colorimetiimage presentation to maintain the same software environment
for both colorimetric characterization and stimulus displad7]. The color depth of the
environment was set to 46t per channel unless otherwise specified. The PsychoPy generated
eachtest color as a 400 x40@0ixel square stimulus in the center of the monitor. The remainder

of the display was set to black (digital coufs='Q ='Q = 0) during the experiments, except

for thesignalspatial independence teghere the background was set to the specified colors.
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To eliminate the effect of ambient light, all the measurements were conducted in a fully
darkened room. The P& 0 measured the spectral radiance of the testsfoton 380 nm to
780 nm, sampledt an interval o2 nm. The spectral datthus obtainedyere interpolated to
yield 1 nm intervals using the spline method #rehused in the subsequent colorimetric
calculations. Colorimetry was calculated using the 1931 standard observer, along with the
spectral power distribution of the white point of thepthy.

3.4.1.1Spatial independence of signals

On a monitor with acceptable performanttes expectation ithat the background color
would not impact thealisplayed color of théoregroundstimulus The spatial independence of
signalswas thus examined by measuring nine cadosquaresn nine backgrounds, mimicking
the experiment conducted by Day et[al7]. A total of 81 measurementgasconducted to
examineall possiblecolor combinatios During the measurements, a minimum distance
between the spectroradiometer and the display was maintained at roughlyTlidbtaB.8 lists

the 10bit digital counts used to generate the foreground and backgcolorg.

Table3.8. The digital counts used to generate the foreground and background colors.

Digital counts for the red, green, and blue channels

Color Q Q Q
Black 0 0 0
Gray 514 514 514
White 1023 1023 1023
Dark red 514 0 0
Red 1023 0 0
Dark green 0 514 0
Green 0 1023 0
Dark blue 0 0 514
Blue 0 0 1023

3.4.1.2Colorimetric stability

It was anticipated that the duration of the visual assessments would be several months,
necessitating sufficient colorimetric stability of the dispbangr the testing periodh e moni t or 0
shortterm colorimetric stabilityvasevaluaté byrepeatedly displagg and measting a

sequence of 209 colors around 11 color centers over 16 hours. The colorimetric coordinates of
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the color centers were determined from the textile samyplgish are the samples of interest in
the following study and are introduced in detail in Chaptéradle 3.9 presentshe 10bit digital
countsconverted from the colorimetric values of these color centérs test colors sampled 18
vector directions surrounding each catenter, resulting in a total of 19 colors being measured
per center. The monitor was warmedtagstabilize the systelmefore the measurements stayted

according to the prior findings in this study

Table39. The digital counts of the color center
stability.
Digital counts for the red, green, and blue channels

Color Q Q Q

Beige 614 526 418
Black 185 177 176
Blue 282 280 466
Cyan 386 568 520
Dark blue 328 379 423
Gray 540 530 537
Purple 468 376 489
Red 605 368 353
White 953 948 918
Yellow 844 847 431
Yellow green 588 665 450

3.4.1.3Performance in displaying 1bit images

The PsychoPy environment with the bit depth of color channels set to 10 enables
displaying 16bit colors on the EIZO ColorEdge CG277 monitor, connected té\dDIA
Quadro P220@raphicscardTh e moni t or 6 s abitimhgedvas assessdtl i s pl ay 1
measuring the spectral radiance of grayscale stimuli over three lumsettings Before the
experiment, three sets of stimuli were generatéolw, medium, and high luminance levels.
Their 12bit digital counts were equally distributed betweet?d (low), 19842111 (medium),
and 39684095 (high), and then normalized td Qyielding 128 stimuli peset and 384 stimuli in
total. To compare the-Bit and 16bit displaysthe same stimuli were displayed twice via
PsychoPy with &ébpcd (bit per channel ) par amet
that the 16bit color depth would produce a significantly smoother gradient in the colorimetric

values than the-Bit display.
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3.4.1.4Calibration

The monitor was calibrated on three consecutive days to evaluate the performance of
calibration. Following each calibration, the same set of 209 colors tested in the study of
colorimetric stability was displayed through the PsychoPy environment and ntebguhe PR

670 spectroradiometer.

3.4.1.5Characterization

The display was characterized using an approach similar to that of Dajl&7&to
acquire precise digital counts corresponding to the given tristimulus values. Below is a brief
description of the characterization method developed by Day et al.

The colorimetry of computerontrolled LCD is modeled by three edenensional look
up tables (LUTs) defining each channel 6s opto
transformation matrix that accounts for bldekel flare. To estimatethegid ay 6 s opt oel ec
properties and the matrix coefficients, the characterization was performed by measuring three
sets of colors that sampled the displayds col
step ramps that were equally spaced intdigiounts from 0 to 255 for each color channel and in
combination to create neutral colors. The second set was made up of a 5 x5 x5 grid (125 colors)
regularly sampling the RGB color gamut. The final set was also a regular 5 x5 x5 grid of digital
courts from 0 to 25 for a more thorough evaluation of the model performance for the dark colors.
Using piecewise cubispline interpolation, three ortimensional LUTs of radiometric scalars
corresponding to 256 digital counts were established based on theratetristimulus values of
each primary ramp. The 3 x4 transformation matrix was initially constructed using direct
tristimulus measurements of the black level and each channel's maximum radiant output. The
matrix coefficients were estimated statistigaling nonlinear optimization by minimizing the
average CIEDE2000 color difference between measured and estimated tristimulus values for all
three datasets. The LUTs were recalculated dynamically each time the 3 x4 matrix coefficients

were optimized. Th8owchart of the characterization process is showRigure3.11[177].
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Figure3.11 Process flowchart for measurement, calculation, and optimization pfté&$s

As the monitor supports Uit color depth, four 4ktep primary rampsere adopted,
where the digital counts were equally spaced between 0 and 102B&erf8ls for the red,
green, and blue channels individually, and in combination (neutrals). The second and third sets
were the same as those of Day et al., but the digital counts were converted to-tieir 10
equivalents. Besides the three sets of telstrs, an additional set that regularly sampled a 3 x3
x3 grid (5 digital counts) around each color center was measured by #6&®Ro examine
the model performance more closely for the target colors of research interest.

The forward model, which consisted of specifying digital counts and then estimating their
corresponding tristimulus values, was employed to characterize the display, while the inverse
model was mostly used to reproduce stimuli on the monitor with speoificimetric
coordinates. Thus, the analysiasperformed to validate the quality of the inverse model,
essentially by specifying tristimulus values, estimating their digital counts, displaying and
measuring these colors, and comparing the measured eciflexbcolorimetric coordinates
[177]. The Xrite Digital ColorChecker® SG (CCSG) (segyure3.3) was used as an
independent verification target, whose tristimulus values (defined for D65, 2J were measured by
the DCSV as described in subsect®B.1.2. Using the inverse model, the measured tristimulus
values of each patch were transformed into digital counts and shown on the monitor as a 400 x

400-pixel square stimulus. The colorimetric coordinates of the reproduced stimuli were measured
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by the PR670 spectroradiometer and compared with the specified values determined by the
DCSV.

3.4.2Results

3.4.2.1Spatial independence

To examine the spatial independence of the monitor, the average CIELAB values for
each foreground color were calculated over all the backgrounds, and CIEDE2000 color
differences were computed between the CIELAB coordinates of each measurement and the
averge color value. The mean color difference from the mean (MCDM) across backgrounds is
the average of the CIEDE2000 values for the given color over all nine backgrounds. Similarly,
the mean CIEDE2000 value for the nine color stimuli on a given backgrouoatied the
MCDM across stimuli. The MCDM values are showmable3.10. As evidenced by the
relatively low MCDM values, the monitor demonstrated excellent spatial independence.

Table3.10. CIEDE2000 mean color difference from the mean (MCDM) across background and

stimuli.
CIEDE2000 MCDM
Color Across backgrounds Across stimuli
Black 0.40 0.08
Gray 0.04 0.07
White 0.02 0.08
Dark red 0.06 0.04
Red 0.03 0.08
Dark green 0.03 0.04
Green 0.01 0.13
Dark blue 0.05 0.05
Blue 0.03 0.10

3.4.2.2Colorimetric stability

Table3.11 provides the mean, standard deviation, range, afigp@@entile of the
CIEDEZ2000 values for each color center measured over 16 hours. The repeated measurements
yielded 6 readings for each color resulting from the same control values. The mean CIELAB

values were calculated for each color, and the CIEDE20@0 differences were then calculated
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between each measurement and the mean CIELAB coordinates for the color with the identical
control values. The overall MCDM results indicated thatithk AT 18t gthe standard

deviation was8 $ 18t gand the 99 percentile was 0.07Theseindicate that the LCD used

in the study was fairly stable over a-fi6ur period. The highest color difference was observed in
the case of black stimuli, with theA@ 1@ p

Table3.11 CIEDE2000 values describing the colorimetric stability of the monitor.

CIEDE2000
Color center Mean Standardieviation Range 90" percentile
Beige 0.03 0.03 [0,0.16] 0.07
Black 0.09 0.06 [0.01,0.31] 0.19
Blue 0.03 0.02 [0.01,0.13] 0.05
Cyan 0.02 0.01 [0,0.06] 0.04
Dark blue 0.03 0.02 [0.01,0.11] 0.07
Gray 0.03 0.03 [0,0.13] 0.07
Purple 0.03 0.01 [0,0.08] 0.05
Red 0.02 0.01 [0,0.06] 0.04
White 0.04 0.03 [0,0.13] 0.09
Yellow 0.02 0.02 [0,0.08] 0.05
Yellow green 0.02 0.01 [0.01,0.07] 0.04
Across stimuli 0.03 0.03 [0,0.31] 0.07

3.4.2.3Performance in displaying 1bit images

The spectroradiometric measurements provided the tristimulus values for each grayscale
stimulus over the three luminansettings The measured tristimulus values were normalized
such that thedvalue of the white point (20it digital countsQ ='Q ='Q = 1023) was equal to
unity (luminance factor)-igure3.12 shows the relationship between the normalized digital
counts and thevalues of the stimuli displayeat 10-bit and 8bit color depths. For the stimuli
with medium and high luminance levels, theldcolor depth produced a substantially
smoother gradient icbvalues compared with thel8t display. The step for-Bit is
approximately four times the width of that of-td. However, the difference between theliD
and 8bit color depths was not readily apparent for the stimuli with a low luminance level,
possbly due to a high noisto-signal ratio when the availablight was limited. Overall, the
display used in the current study showed a reasonable performance for displayindithe 10

images.

113



%107

0.23 Medium 1 099t High

0| A
lo21st

0.21}

J0.205 § . . . . .
.03 0.49 0.5 0.51 0.97 0.98 0.99 1

® 10-bit
® 38-bit
| L ! \ I \ J

0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized digital counts

Figure3.12 Relationship between the normalized digital counts andtreues of the stimuli.

3.4.2.4Calibration

Three days of daily calibration of the display resulted in three readings per color and 627
measurements in totdlhe mean CIELABralueswerecalculated by averagintyree readings
for each colorin addition,the CIEDE2000 color differencgascomputed between each
individual reading and the associated mean CIELAB values. The color differences indicating the
calibration performance are showriTiable3.12. The overall MCDMhad al A AT 18ty

the standard deviation was$ 181 gand the 90 percentile was 0.09. The results indicate

satisfactory colorimetric stability of the display. Nevertheless, it is noteworthy that the neutral
test colors (i.e., black, gray, and white) often exhibited greater color differences. This
colorimetric instabiliy was likely caused by the fluctuating white point of the monitor over the

testing period.
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Table3.12. CIEDE2000 values describing the calibration performance.

CIEDE2000
Color center Mean Standard deviation Range 90" percentile
Beige 0.03 0.01 [0.01,0.06] 0.05
Black 0.08 0.06 [0.02,0.31] 0.13
Blue 0.03 0.01 [0,0.08] 0.05
Cyan 0.03 0.01 [0.01,0.06] 0.05
Dark blue 0.05 0.02 [0.01,0.11] 0.08
Gray 0.07 0.02 [0.02,0.13] 0.10
Purple 0.05 0.02 [0.01,0.1] 0.08
Red 0.05 0.02 [0.02,0.09] 0.08
White 0.09 0.03 [0.03,0.18] 0.13
Yellow 0.05 0.02 [0.02,0.09] 0.08
Yellow green 0.06 0.02 [0.03,0.09] 0.08
Across stimuli 0.05 0.03 [0,0.31] 0.09

3.4.2.5Characterization

The estimation of three primaramp LUTs and the 3 x4 transformation matrix were

implemented using MATLAB. The final primamamp LUTs are shown iRigure3.13, which

describes the optoelectronic properties of the display. Specifically, the figure presents the

monitor 6s

optoel ectronic

transfer

functi on

input signal used to drive the display and the correspondutignt output produced by the

channe[177]. The OEFT of the three channels were nearly identical, thus almost overlapping in

the figure.
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Figure3.13. Relationships between radiometric scalars anaidnmalized digital counts for R,

G, and B channels.

The 3 4 transformation matrices based on direct measurements and optimization are
shownin Equationq3.1) and(3.2) below, respectively. The matrix coefficients were optimized

by minimizing the average CIEDE2000 values for the four data sets.
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Using the optimized matrix and updated LUTSs, the tristimulus values for the test stimuli
were estimated and the CIEDE2000 color differences were computed between the measured and
forwardmodel estimated data for the four sets of stimiidble3.13 shows the mean, standard
deviation, range, and 9@ercentile of the color differences. The results indicate that the EIZO

ColorEdge CG277 monitor is well suited for psychophslsiess and colorimetrigmage
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display, with a low mean color difference of 0¥3 and the 9% percentile of 0.3¥0 for

all four data sets.

Table3.13 CIEDE2000 color differences between the measured and estimated values using the

characterization technique.

CIEDE2000
Mean Standard deviation Range 90" percentile
RGB ramp and gragcale data  0.23 0.21 [0.01,1.39] 0.40
Full color-gamut data 0.20 0.12 [0.02,1.00] 0.30
Dark colorgamut data 0.25 0.14 [0.03,0.81] 0.43
Target color data 0.22 0.16 [0.05,0.82] 0.33
All four data sets 0.23 0.17 [0.01,1.39] 0.39

To assess the performance of the inverse model, three data sets were considered: the
tristimulus values measured by the-BRO for the reproduced patstdisplayed on the monitor,
the specified data determined by the DCSV for the physical CCSG, and the values predicted
from the digital counts using the forward model. The results in ter¥®ofbetween any two
sets of data are summarizedliable3.14. The comparison between the reproduced and specified
data indicates an acceptable performance of the inverse model with a mean color difference of
0.41Y0 and the 9% percentile of 0.780 . The color differences between the reproduced
and estimated data represent the performance of the forward model for the CCSG. The results

fall within the range of those for the four sets of test colors.

Table3.14. CIEDE2000 color differences among reproduced, specified, and estimated

tristimulus values.

CIEDE2000
Comparison Average Standard Range 90"
deviation percentile
Reproduced vs. specified 0.41 0.24 [0.04,1.02] 0.78
Reproduced vs. estimated 0.57 0.28 [0.18,1.18] 1.10
Estimated vs. specified 0.20 0.12 [0.04,0.52] 0.36

Figure3.14 shows the vector plots comparing the CCSG color chart and its reproduction
on the monitor. The colored dots denote the colorimetric coordinates of the patch measured by

the DCSV. These values were transformed into the digital signals required to gdresrate
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stimuli. The arrowhead points in the direction of the coordinates of the reproduced stimulus
measured by the R&70. The length of the arrow represents the color difference multiplied by a
factor of 20. According to the figure, the reproductions are titpitighter and have lower'a
values. Reddish and purplish stimuli normally have loweratues, whereas the opposite trends
were observed for the other colors. Overall, the results demonstrated that the inverse model
provided acceptable accuracy for gextimg stimuli with the desired colorimetric valu@he

color differences between the reproduced and specified colors fall at the lower extreme of the
0.55 CIEDE2000 range typically expected in the gwfiofing proces§l78]. Hence, the same
model determined from the characterization proeessusedo produce both the solid and
textured stimuli in the subsequent studies.
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Figure3.14. Vector plots comparing thedlorimetric attributes of th€ECSGpatchesandtheir

reproduction on the monitor.

3.5Conclusion

The current study examined three major devices, a DCSV hyperspectral
spectrophotometer, a GTI Graphiclite viewing station, and an EIZO ColorEdge CG277 monitor,
to provide operational guidelines for future experiments and to establish the baseline
performare of the instruments. The DCSV, which performs image acquisition and color

measurements, was assessed in terms of its repeatability antactel reproducibility. Both
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the shotand mediunt er m exami nati ons validated the DCSV
DCSV also exhibited acceptable intendel agreement with the conventional DC850

spectrophotometer working in the SCI mode, withith® AT @& v and the range between

0.042 and 0.5920 .

For the GTI light booth, the experiments determined its spectral power distribution
correlated color temperature, required warmqmtime, and spatial uniformity. A Bourwarm-
up period wagound to benecessary to achieve a stable luminance level in the light booth. The
central 7.13 cm 16.08 cm region of the illuminated area provided rather uniform luminance.
Therefore, it is suggested that the samples be placed in the designated area and measured after
the GTI light booth has been completely warmedor 1.5 hours.

A series of tests were performed to assess
colorimetric stability, and capacity to display-tid images. Additionally, the calibration
performancavasevaluatedand colorimetric characterizatiovasconducted to ensure accurate
color reproduction on the display. The results confirmed reasonable spatial independence,
excellent temporal stability for at least 16 howrs{ AT 18t ¢g90"D A OA AT O Edt
and the capability to display the-blt images. Moreover, a satisfactory calibration performance
(i AAT miyot"DAOAAT O Ed dwas achieved on the display, while slightly
larger color differences were found for the neutral test colors. To obtain precise digital counts for
displaying stimuli with specified tristimulus valuése monitor characterizatiomasperformed,
and the performance of the inverse matdastested using the CCSG color chart as an
independent test target. The CIEDE2000 color differences between the CCSG and its
reproductionil AAT 8 p90"PAOAAT O Eg Hindicated acceptable accuracy for

colorimetric reproduction.
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CHAPTER 4 COLOR REPRODUCTION OF TEXTURED SAMPLES

4.1 Introduction

This study is part of an ongoing series of experiments aiming to establish the visual
tolerances for the complecolored patterns on the display. Specificalhe goal igo determine
the suprathreshold tolerances for knitted textile samples with varied texture patterns and colors.
Consequently, it is crucial to explore the process of digitally archiving and dispkyehg
samples. Digital archiving aids in preserving physical samples and preventing their deterioration
and aging during research. More imamtly, it makes the samples accessible for further image
processing, such as coltw-texture fusion. Thus, the current study was divided into three
sections to examine the process of image acquisition, the reproduction accuracy of textured
samples, anthe image postprocessing to accommodate the design of mbaged

assessments.

4.2Image acquisition of textured samples
4.2.1Textile samples

Textile samples were selected in a systematic manner to achieve adequate sampling of
texturecolor combinations. The texture structures used in the study were chosen based on the
perceptual distinctiveness determined prior work [178], resulting in each texture providing a
distinct visual perception from the others. A total of ten texture patterns were selected as shown
in Figure4.1. In addition, nine CIEecommended color centers, together with black and white,
were selected to provide sufficient variance regarding the color parankeger®4.2 shows the
samples of single jersey plain knitted fabric in eleven colors. The final selection consisted of 110
cotton knitted fabric samples with ten varied textures and eleven distinct colors. All samples
wereproducedusing a Shima Seiki MACH 2X 123 whole garment knitting macpimeiously
[178]. Before the dyeing process, the yarns were scoured and bleached, ahgthesth
reactive dyes in eleven colors. To control the effect of confounding variables, the specimens
were knit from yarns produced from the same batch of cotton fibers. The machine and process
parameters, including yarn tension, stitch length, etc., kepethe same for all the samples.

After being appropriately stresslaxed, laundered, and dried, the knitted fabrics were cut into

pieces and folded twice before attaching thiera neutral gray PVC shedf78]. The samples
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wer e i2n0 adi2nbe n s i oFiguredd ansHigared?. Sinage allsamplesad been
preserved for more than three years, they were gently dabbed to remove dirt. The visible

impurities were removed with a tweezer while maintaining the original texture structures.

Figure4.2. Knitted textile samples in black, white, and nine CIE recommended color centers.

4.2.2lmaging system

Each knitted sample was measured and photographed using the DCSV spectrophotometer
operating in the specular included (SCI) mode. As the aperture of the measurement port only
allows the measurement of a 252dmm 90.28% mm Ir exC

mm) sample was measured nine times over different regions to capture the photos of the entire
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sample. A measurement yielded the colorimetric and spectral data for each pixel of an 821 x
821-pixel square. The image of each sample region was then generated by converting the
measured tristimulus values, which were defined for the 2°standard obserddd65

illuminant, to the 1ébit encoded Adobe RGB values. Encoding the RGB color valueshd 16
enables sufficient color depth to be maintained for display 4bitl@ithout loss of color

accuracy. Thus, nine separate imagese collectedor each fabic sample, resulting in a total of
990 images for the sample set.

4.2.3Image processing

Photoshop was mainly used for further processing the images, as it offers convenient
tools for photo stitching and dowsampling and supports working with-b& Adobe RGB
images. Firstly, Photoshapas utilizedto combine the corresponding images of the nine regions
into one continuous image. The sufficient overlap between the images allowed the
Photomerg& command to be used to stitch the images together. As the orientation of the
texture pattern on certain physical samples was tilted, the Straightgmdweined by Photoshop
was usd to adjust the texture orientation of the stitched photos. Due to the typical irregular edge
generatedfter stitching, the next step was to sqe@@p the resulting panorama while
maintaining the maximum available dimension.
The DCSV produced an image with 821 x821 pixels from the measurement of a 22.7
mm x22.7 mm square area. To display the stimulus at a similar size as the physical sample, the
resolution of the captured image should be roughly 918.65 pixels per inchwiR)the
resolution of the EIZO monitor is around 109 PPI. The relatively large size of the images makes
future rendering more timeonsuming, yet a vast amount of color information cannot be
observed from a proper viewing distance due to the lowerutesolof the display. Therefore,
the stitchedmagesvered o wnsampl ed using the ABicubic Shar
the image size with enhanced sharpening. The resolution of the resultant image was set to 109
PPI so that the dimension of the image displayed would be comparable to that of the real sample.
As a reference group, another method of resizing isyage examinedT he method
involved firstconverting the RGB values of the stitched image to the tristimulus values and then
averaging the XYZ values of each distinct block of 8 x8 pixels using MATLAB. With the mean

XYZ as the new values for each pixel, the resultant imademasolution of roughly 115 PPI.

122



In the following subsection, the produced images were compared with those downsampled by
Photoshop in terms of reproduction accuracy so as to validate the process using Photoshop.

Figure4.3 depicts the entire procedure of image processing.

Image down-sampled
¢y  to109 PPlusing

g Photoshop

Original images for 9 Image stitched and Square-cropped
regions per sample straightened using image
captured by DCSV Photoshop

Image down-sampled
by averaging XYZ of
each distinct 8x8 blocks

Figure4.3. Flow chart of stitching and down sampling the textured images.

4.3Reproduction accuracy of textile sample images

In Chapter 3, the colorimetric accuracy of reproducing the CCSG patch as a solid color
on the displayvas examinedThe regenerated homogeneous stimuli showed satisfactory
reproduction accuracy, while the performance of the entire pipeline for the textured images
remains unknown. Therefore, it is essential to ensure sufficient accuracy for the textured samples
in orde to boost confidence in the ensuing study outcomes. The sample set to be evaluated
consists of 220 images (2 methods x10 textures x11 colors) that were stitched and then
downsampled as described in the preceding section. For each image, its XYZ ealpieslp
were initially transformed to digital counts using the lagktables and the transformation
matrix derived from the characterization process. Those images were subsequently displayed on
the calibrated EIZO monitor and measured by the6P&® speabradiometer. To evaluate the
reproduction accuracy, colorimetric comparisons were made between the textured stimuli

reproduced on the monitor and the physical textile samples measured by both the DCSV
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spectrophotometer and the 8RO spectroradiometer. The experimental conditianes

summarized imable4.1.

Table4.1. Conditions for determining the colorimetric values of textured stimuli and textile

samples.
Target Measured area Instrument Reference white Standard
observer
Central region : .
Textured subtending 1° PR670 White point of e 4939
. . monitor (normalized .
image (Around 86 mmat  spectroradiometer .~ _ .~ _ .~ _ 2
: Q=0 =Q =1)
60 cm distance)
Central region
subtending 1° PR670 luminant D65 CIE 1931
Textile (Around 86 mmat  spectroradiometel 2°
sample 60 cm distance)
Central
22.7mm 22.7mm DCSV [lluminant D65 CIE }931
spectrophotomete 2

(515 mnf) area

4.3.1Experimental

4.3.1.1Spectroradiometric measurements of reproduced image

The measurements were carried out in a completely darkened room after warming up the

monitorfor3 0 mi

nutes.

Prior to the

countsQ ='Q ='Q =1) was set to 6500 K with a luminance level of 250 édithe gamma

measur ement s, t

was adjusted to 2.2 and Adobe® RGB was selected as the color gamut. In addition, the monitor

was calibrated using the-Me i1 Pro kit and the color management software ColorNavigator 7

after the 3émin warmup. The radiance spectrum of eaekttimage was measured using the PR

670 spectroradiometer, which was positioned 60 cm away from the monitor. Each measurement

represented the mean of three consecutive readings taken with aneapiettiand adaptive

exposure time. Same to the characterization process, the measurements were performed through

the PsychoPy environment, which controlled the display of textured images and interacted with

the PR670. The color depth of the environmeras set to 10 bits per channel. The displayed

imagehdappr oxi matel y 1. 8 avasklightly séhaller thantne phgsicad n s

t hat

sample, as the edges of the original image were cropped. The remainder of the screen was set to
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black (normalized digital counf@ ='Q ='Q = 0) throughout the experiment. The measurement
arrangement is shown Kigure4.4.

The PR670 captured the spectral radiance of the central image at 2 nm intervals, ranging
from 380 nm to 780 nm. The 2 nm spectral data was further interpolated using the spline method
to yield 1 nminterval data, which was used in the subsequent colaigresticulations.

Colorimetiic attributes werealculated using the 1931 standard observer with the white point of
the display as the reference.

Figure4.4. Spectroradiometric measurements of the reproduced images on the monitor.

4.3.1.2Spectroradiometric measurements of physical sample

The GTI Graphiclite viewing station served as the light source for the physical sample
measurements. Prior to the experiment, the light booth was warmed up for at least 1.5 hours and
its central luminance level was adjusted to around 250°c@ime spectral radianaeluesof the
textile samples and the PTFE diffuse reflectance standareimeasured at a distance of 60 cm
using the PR670 spectroradiometer. Each spectroradiometric measurement was obtained by
averaging three consecutive readings taken avithperture of 1°and adaptive exposure time.
Measuring the diffuse reflectance standard determined the spectral power distribution of the light
source. The reflectance of the physical sampl
spectral radiare by that of the diffuse standard. During the measurements, the sample was

positioned in the predefined region with relatively uniform luminance. Additionally, a Benjamin
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Moore® black (black 21320) sample as the background was placed beneath the sample to
simulate the environment of the monHmased measurements. Before starting to measure textile
samples in a different color, the diffuse reflectasteandardvasmeasured again to account for

the effects of any luminance fluctuations that may have occurred during the measurement period.
Figure4.5 shows the experimental setup for the spectroradiometric measurements of the textile

samples.

Figure4.5. Experimental setup for measuring the spectral radiance of the textile samples using
PR-670.

A total of 110 knitted textile samples were measured in the experiment. The
measurements resulted in the samplebds spectra
of 2 nm. The reflectance was initially spline interpolated to 1 nm interval datdhen
multiplied with the SPD of the illuminant D65 and CIE 1931 color matching functions on a
wavelengthby-wavelength basis. The calculated colorimetric values of the physical sample were

compared with those for the reproduced image to evaluate tloeluggion accuracy.
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4.3.1.3Spectrophotometric measurements of physical sample

The central 22.7 x22.7 mfregion of the textile sample was measured using the DCSV
in the specular included (SCI) and UV included modes. For each textile sample, the Datacolor
TOOLS SV software calculatete colorimetric values by considering all pixels within the
measured region without image segmentation. Notable is the fact that along with each
colorimetric measurement, the software also generated an image of the central region, which was

then used to créa a stitched panorama of the entire sample.

4.3.2Results

In the experiment, the colorimetric accuracy of textured images displayed on the LCD
monitor with LEDbacklightwas investigated~or this purpose, the reproduced imagese
measured using the P6BY0 spectroradiometesindthe measuredalueswerecompared with
those of the physical textile samples measured with th@/Rspectroradiometer as well as the
DCSV spectrophotometer. The CIELAB values of the physical samples were calculated by
measuring the spectral reflectance and then computing theneetic values defined for D65
and 2°standard observeFigure4.6 compares the relative spectral power distribution of the
white point of the EIZO CG277 LCD monitor to that of the Illuminant 65.
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Figure4.6. Relative spectral power distributiontbe white point of the monitor anithe CIE

D65 illuminant.

Overall, six sets of comparison®re conductedvhereby the difference between the two
downsampling methods was evaluated by comparing the imagesstowpled using the
bicubic shaper approach (BS image (F8¥0)) and by averaging the tristimulus values (Avg
image (PR670)), both of whose colorimetric results were determined bg R Additionally,
the intermodel agreement between DCSV and@® was assessed by comparing the
measuements of the physical sample obtained byd?R (sample (P#670)) and TSV (sample
(DCSV)). More importantly, the reproduction accuracy of the tegtiplesvas examinedy
comparing the colorimetric values of the reproduced images to those of the textile samples
measured by both instruments. The total CIEDE2000(2chilby differences were computed for
each comparison, with the results summarizethinle4.2. The results demonstrated a
negligible difference between the dowampling methods withia A AT of 0.11, whereas the
sample measurements acquired by the two devices showed a much greater disagiéement
i AAT of 0.85. Thalifferencemay be partially attributable to the dissimilar designs of the

two instruments. The comparisons between the image and the associated sample reveal how

accurately the color of the physical sample was rendered on the monitor. Relative to the samples
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measured by PR70, the reproduced images showed a better agreement with the samples
measured by DCSV, where theA A1 was around 0.4 (0.5 if the parametric factors 1:1:1
were applied) and the A@ was roughly 1.4. As the images were produced based on the
pixelwi se col or data measured by the DCSV, a
measurementsas anticipated. It is also noteworthy that the comparisons between the
reproduced solid color and the CCSG patch measured by DCSV showed a comparable

I AAT 44 of0.41, as described in Secti®rt.2. It proved that the current pipeline for
reproducing textile samples on the display had acceptable colorimetric precision, which was
comparable to that of the solid colors. In addition, when comparing the image to the sample
measured by the P&70, the sidy foundd A AT of approximately 0.7 andiaA@  of
roughly 1.7. These variations may be partly due to the disagreement between DCSV&tid PR

instruments

Table4.2. Statistics of CIEDE2000(2:1:1) total color difference for colorimetric comparisons.

. Down-sampling Standard 9gh

Comparison Mean - Range :
method deviation percentile

BS image (PR670) vs.
Avg image (PR670) Both methods 0.11 0.08 [0.01,0.52] 0.19
Sample (PR670) vs.
Sample (DCSV) None 0.85 0.31 [0.25,1.87] 1.26
Image (PR670) vs. Bicubic Sharper  0.40 0.22 [0.09,1.42] 0.69
Sample (DCSV) Avg. XYZ 0.39 0.20 [0.08,1.36] 0.61
Image (PR670) vs. Bicubic Sharper  0.71 0.30 [0.04,1.64] 1.19
Sample (PR670) Avg. XYZ 0.72 0.28 [0.10,1.69] 1.12

For a better understanding of the reproduction accuracy, the absolute value of the
component color differences between the reproduced image and thesaxtikwas

calculated, with the results summarized able4.3. Analysis revealed that the inconsistencies

bet

with the DCSVO0s readings wédr, fellowed bydhavhilethey due t

differences irt§ were the smallest among the components. Comparisgaissthe
measurements by P&70 indicated substantially greatérandd$ variations, which may reflect
how the measurements of the two instruments disagrabd GIELAB color space. Again, the

0" differences played a major role in reducing the accuaacythesevere followed by thes
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variations. Nonetheless, the variationslinvere comparable to those between the image and

sample measured by DCSV.

Table4.3. Statistics of thabsolute values of the component color differsietween

reproduced imageand textile sampke

Comparison sgr%WIriPn Color Mean Standard Range 90"
b metpho dg difference deviation 9 percentile

Bicubic Yi's 0.48 0.41 [0,2.49] 0.97

STAR 0.34 0.21 [0,0.95] 0.60

Image (PRG70)  Sharper g o 0.16 0.13  [0.01,0.65] 0.31

' YU's 0.45 0.37 [0,2.31] 0.93

sample (DCSV) OV 7 0.35 022  [01.01] 061

¥iSs 0.18 0.14 [0,0.73] 0.31

Bicubic YU's 1.25 0.56  [0.07,3.23] 1.92

STARS 0.34 0.30 [0,1.36] 0.65

Image (PR670)  Sharper oo 0.41 033  [0.1.63  0.96

' IU's 1.30 0.58 [0.17,3.31] 1.98

sample (PR670) >A<¥gz' s's 0.33 0.31 [0,1.39]  0.68

¥iSs 0.38 0.29 [0,1.62] 0.79

Moreover, the total color difference between the textile sample and the reproduced image
was representegs boxplots (seBigure4.7), with the mean indicated as a red asterisk. In
addition, paired samples Wilcoxon tests were conducted to examine whether the difference
between the two dowsampling methods reaches statistical significance. Yj¢italues of .41
and .10, respectively, for comparisons vs. sample (DCSV) and vs. sam@@&QpRhe results
failed to reveal any significant differences between the methods at the 95% confidence level. The
results further validated the use of theubic Sharpempproach for dowssampling the images
since it maintained sufficient colorimetric accuracy equivalent to the method of averaging the
XYZ values, but no blurring effect was observed as that for the averaged images. Therefore, the
subsequent coleto-texture fusion was performed on the stitched textured images with a

resolution of 109 PPI that were downsampled usindtbebic Sharpemethod
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Color difference between the textile sample and the reproduced image

Image (PR-670) vs. Sample (DCSV) Image (PR-670) vs. Sample (PR-670)
20- Wilcoxon, p = 0.41 Wilcoxon, p = 0.1
s
~1.51 . °
z !
& . .
3
2 1.0 .
L
0 ’ : *
© 0.5
* *
0.0
Bicubic ISharper Avg.'XYZ Bicubic ISharper Avg.IXYZ

Method of down-sampling

Figure4.7. Boxplots of the total color difference CIEDE2000(2:1:1) between the textile sample

and the reproduced image.

Figure4.8 andFigure4.9 exhibit the vector plots comparing the textile samples to the
stimuli displayed on the monitor, allowing a clearer visualization of the reproduction accuracy
for each sample color. The colored dots represent the colorimetric coordinates of the textile
sanples, while the arrow points in the direction of the coordinates of the textured images
measured by the RP&0. All the images were downsampled usingBleibic Sharperpproach
The length of the arrow represents af@ld color difference. Following the reported component
color differences (se€able4.3), the figures showed substantially greater differencés than
¢35 andd3. The reproduced images typically have a slightly higher lightiésthan the samples
measured by the DCSV, but a loviérthan the samples measured by the@7B. Moreover,
most images tend to have slightly loviérvalues than the textile samples measured by both
devices. The bulk of images also showed slightly lag§jerlues than the samples measured by
the PR670. Overall, when the samples were assessed using the DCSV, the comparisons with the
white and pale gray samples tended to reveal the greatest variations. Also, purple and blue
samples measured by the-BRO shaved a slightly greater degree of discrepancy than the other

colored samples.
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Figure4.8. Vector plots comparing Bicubic Sharper imagad samplemeasured by DCSV.
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Figure4.9. Vector plots comparing Bicubic Sharper imagad samplemeasured by PR70.

4.4 Conclusion

A set of 110 textile samples with 10 texture patterns and 11 color certeiraaged
using the DCSV spectrophotometer and displayed on the monitor following the outlined
procedure. The study confirmed the validity of the entire process, starting with image acquisition

with the DCSV, continuing with Photoshop processing, and comguaith image display on
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the calibrated monitoStatistical analysisvasconducted to examine if the difference between

the downsampling methods was statistically significant. The results failed to reveal any
significant differences, validating the usagedBafubic Sharperfor downsampling the stitched

image. In addition, the reproduction accuracy of the textile samples was assessed by comparing
the colorimetric measurements of the insigethose of tle physical sampge The results
demonstrated a satisfactory level of coloringeaccuracy, particularly when compared to the
samples measured by the DCSV. The mean CIEDE2000(2:1:1) color difference for the bicubic
sharper image was 0.40 and th& @@rcentile was 0.69. Variationsihwere primarily

responsible for these color differences, whacemanifesedin comparisons to white and pale

gray samples. The research gives a solid understanding of how accurately the monitor reproduces
textured samples by following the established workflow. Moreover, the acquired images would
serve as the building blocks farrther simulating the textured images with varying target colors.

133



CHAPTER 5 SYNTHESIS OF TEXTURED IMAGE

5.1Introduction

In the traditional fabric design process, the appearance of designs in different colors can
only be visualized by coloring the yarns, followed by weaving, or knitting them into physical
fabrics. However, such processes can be costly anecomsuming165]. To overcome this
limitation, several algorithms of coldo-texture fusion have been developed to simulate the final
fabric design before production. Fusion of color and texture is a process that transforms the color
of a source texture image into anatterget color, with the intention to perceptually match the
target imagd179]. This chapter investigates and evaluates several algorithms otctéoture
fusion for simulating the appearanuitextile fabrics The methods were specifically intended
for exploring the relationship between texture patterns and the tolerance threshold of color
difference. Therefore, special consideration was given to the degree of color fidelity provided by
the rendering models.édfle, color fidelity refers to how accurately colors in a reproduced image
match those in the intended image.

Figure5.1 depicts the procedures of color and texture fusion employed in this study. The
original image that serves as the processing basis is denoted as the source image, while the image
that represents the desired outcome of the fusion process is referrededeaiget image.
Specifically, the target image in this research is a digitized physical fabric that has been dyed
into the desired target color. Accordingly, the target color is the color value used to modify the
source imaggl79]. The fusion models process the colorimetric coordinates of the source image,
which contains the texture feature, and computes-piisd by considering the target color. The
result is a reproduced image that integrates both the texture information &swuttte and the
desired target color. To improve color fidelity, it is considered to adjust the texture strength of
the reproduced image, and the extent of the improvement is determined by comparing the
original reproduced images to those that have udergdditional adjustments. The
performances of the models have been evaluated both numerically and psychophysically by
comparing the reproduced image to the target image. This chapter focuses on the numerical
evaluation of the computational models by exang various metrics, including the pixefse

color difference and similarity ratjd65].
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Figure5.1. Schematic of the color to texture fusion process.

5.2Method

5.2.1Source image

To perform colotto-texture fusion models and further evaluate their performances, the
first step was to define the source images, which should ideally provide an adequate sampling of
color and texture combinations. The selected source images are thioséextile fabrics that
were initially acquired by the DCSV and stitched and downsampled by Photoshop as described
in CHAPTER 4 The squaré@nages had a resolution of 109 PPl and dimensions of 165x165
pixels. As the physical samples, particularly the white ones, became stained at the edges during
storage, the stained area was cropped out before subsequent renderings, resulting in source
imageswith smaller dimensions displayed on the screen than the physical samples.

The source images consisted of ten distinct texture patterns. Each texture pattern is
available in eleven colors, corresponding to AHE recommended color centers and two
achromatic colors (i.e., black and whitE)gure5.2 depicts the distribution of the 110 (10

texture pattern®11 color centers) dyed knitted samples in the CIELAB color space. For each

knitted fabric, the colorimetric values defined for llluminart Bnd 1931 standard observer
were measured by DCSV, as described in Sedtidri.3. It is important to note that although
the corresponding samples were knitted using the-saoeed yarns, their instrumental colors

exhibit slight variations due to the influence of their varied surface teXtl46§ Table5.1
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provides the average colorimetric coordinates for each color across ten different textures. The

results demonstrate that the seleceldr centers account for a reasonable portion of the color

gamut, thereby serving as a satisfactory starting point for further evaluations.
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Figure5.2. Distribution of the dyed knitted samples in the CIELAB color space.
Table5.1. Mean CIE colorimetric coordinates of the selected source images.
Color L a’ b* Cab hab ()
Beige 58.08 7.40 19.67 21.02 69.38
Black 18.05 1.50 0.01 1.50 216.35
Blue 32.14 13.24 -28.25 31.19 295.11
Cyan 55.11 -26.32 -0.76 26.33 181.67
Dark blue 39.91 -4.51 -9.12 10.18 243.68
Gray 56.44 1.94 -0.42 1.99 347.97
Purple 45.62 18.58 -11.44 21.82 328.37
Red 49.30 30.95 16.58 35.12 28.19
White 93.05 -0.81 3.92 4.00 101.73
Yellow 83.43 -14.83 52.53 54.59 105.77
Yellow green 66.18 -19.26 25.94 32.30 126.59

The examined texture patterns were selected systematically from a set of 47 knitted

textures in an effort to identify those that produced distinct texture coarseness. The selection

procedure was performed in the study conducted by Kulappli@®h who detailed the two
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step pilot experiment for texture selection in his thesis. In general, a pool of 47 knitted textures
was initially reduced to 17 designs in the first stage, and to 10 final patterns in the second, based
on both psychophysical assessments and irhaged teture descriptors. During the

psychophysical experiment, the observers were instructed to rank the knitted patterns from least
coarse to most coarse texture according to their perceptiate5.2 illustrates the ten selected
textures with the coarseness ranks based on the perception of 10 color normal observers.
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Table5.2. Texture patterrtsised for the coleto-texture fusion.

Texture no. 1 2 3 4 5
Coarseness 1 5 3 5 4
ranié

Texture
appearance

Texture no.

Coarseness
rank

Texture
appearance

Notes:

1. The selected textures are represented by images of gray textile samples with the corresponding knitted textures.

2. Coarseness ranks range from 1 to 10, wittdicating the least coarse texture and 10 indicating the coarsest texture.
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5.2.2Models for fusion of texture and color

This study seeks to evaluate several computational models fortoddture fusion,
which are based on the two types of models developed by Shen and Xin but extended to a
broader spectrum of color spaces. In their work, Shen and Xin proposed twongmdedels
for colored source images: the dichromdtased (DICH) model and the colm-color mapping
(CCM). DICH is a physical model that was derived based on the fundamental interaction
between light and object surfaces. The dichromatic reflection madeobriginally developed by
Shafer{16] and served as the basis for the color rendering algorithm proposed by Shen and Xin
[164], as it effectively describes a wide variety of materials. In addition to the pigses
model, algorithms were developed based on the statistical analysis of texture and color
distribution in texture images. Xin and Shen examined the-aht@nnel carlations of RGB
channels in texture images and proposed a color mapping alggt®Bin This model was then
applied to three different color spaces (RGB, LCH, @andf The performances of the three
mapping approaches and the DICH models were assessed by a comparatijddsjudihich
demonstrated that the mapping performed in the LCH color space generated the results that most
closely resembled the target images. Since the color mapping model can be applied in various
color spaces, this study evaluates the performance of Di@ethter with CCM applied in seven
different color spaces with the intention to select an approach that provides the best color

fidelity. Table5.3 lists the color rendering algorithms that are investigated in this research.
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Table5.3. The color rendering algorithms examined in the study.

Type Algorithm Associated color  color vector
space
model
RGB Y00
LCH 06" Q
al T a T
Statistical Color-to-color mapping (CCM) HSI "0"YO
model s
DIN990 0 O
CAMO02-UCS RARA)
CAM16-UCS RARA)

Note: "Ystandards for vector transpose.

5.2.2.1Dichromatic based (DICH) model

The DICH algorithm was implemented using MATLAB81] in the RGB space. The
color rendering algorithm of DICH is reviewed in detail in SecBigh4.1. According to the
dichromatic reflection model, light reflected from a surface consists of two reflection
components: a body reflection and a surface reflection. In addition, the model assumes that each
component is decomposable into two independent,garesof which is wavelength composition
(denoted a% or'Y) being spectratlependent only and the other of whiclaigeometric factor
(denoted a&t  orda ) being dependent only on the geometrical structure of tektG6teThe
subscriptgoandi , respectively, represent the body and surface reflections. Based on this model,

the DICH rendering algorithm was established as follows:

= | F 1 F (5.1
where
a
— 5.2
Iz (52)
a a a a
f - (5.3)

a (5.4)
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a UE a (5.5
= is a3 1 RGB color vector of the source image at pixet and= are, respectively, the
vectors of surface reflection color and mean color of the intagggndd denote the geometric
factors of the body and the surface reflection at pixeéspectivelyft anda represent the
mean geometrical terms of the body and surface reflection, respectively;iarie total
number of pixels in the texture image.

Since the surface reflection coker describes the specularly reflected light, whose
spectral composition is comparable to that of the illuminant, it can be inferreg tisat
approximatelyp pp , where"Yrepresents vector transpose. Given the valugs df is
straightforward to solve the geometrical coefficient pair,{ ) that defines the geometrical
property of pixeRy. The color of the corresponding pixgin a synthesized image can then be
determined from a target solid colgrusing the following formula:

T o T I 7 (5.6)
Whereqr h andr are, respectively, the 3 color vectors of pixel and the target color of

the rendered image.

5.2.2.2Color-to-color mapping (CCM) models

Having analyzed 80 texture images of the textile fabrics, Xin and Shen discovered high
channel correlations and linear proportionality between pixel deviations of any two channels in
color texture imagefl65]. These findings led to the development of the CCM model, which was
initially performed in the RGB color space. The CCM model was then evaluated and determined
to provide acceptable performance when applied in the CIELCHi anfL06], as well as HSI
[179] color spaces. In this study, the performance of the CCM model was evaluated by extending
it to several more advanced color spaces, namely DIN990, CAMI®, and CAM168JCS,
which are approximately uniform color spaces, with the Euclidean distance cogelati
substantially better with the visual results than the CIELAB space. The advanced color spaces
and the CCM model were discussed in depth in Se@tid® and2.4.4.2, respectively.

In the RGB color space, the colgr h of the reproduced image at pixetan be

derived using the CCM model as follows:
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T T Or 17 (5.7)

where ' F TF (5.8)
All vectors involved ar@  p color vectors representing RGB signals normalized between 0 and
1o h refers to the RGB values of the reproduced image at pixgtrepresents the

desired target colog is the RGB signals of the source image at pixethereas: denotes the
mean values of three channels in the source image. Subtrgdiiog 5 yields the pixel

deviatiori = . On each pixel position, the proportionality functi@® is defined and linear
interpolation is performed betwegn and = . The functiorQO is given as follows:

1T 0h m w 6

g

o0 106 ., & , .

[/ w O 7 oh o] w O

"G 0 0 (5.9
w . , .

(Fh 0 7 0 , , - , .

—— o] 1 oh o w O

y O 0

Vg 1 oh o} W p

Where 6 o o and1 oh Oh 6 , respectively, represent the entries of vestomand
1 5 , with the subscripd phcho indicating the color channel. For improved visualization, the

function"Q is plotted inFigure5.3, in whicho 0 0 is assumed.

suf

P
&u;

P
Su;

Pixel deviation of RGB channels

v
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Pixel response of RGB channels

Figure5.3. Function'QO for the CCM model based on the RGB color saéé].
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According t o SHl®6] tha®@M mrdelrcan alsode innmleynented in
other color spaces. The following is the general formula for calculating the nevchoId'T of
pixel ) in the specified color space:

T T T T (510

wheret, = , ands=arec  p color vectors that represent the intended target color, the color of
pixel ) in the source image, and the mean color of the source image, respectively. Instead of
RGB signals, the color vectors are composed of the colorimetric coordinates associated with the
color space, as listed Fable5.3. Noteworthy is thaivhencalculating the), ¢, and®
coordinates for the CAMGRICS and CAM16UCS spaces, the viewing conditions of the
psychophysical experiments were considered. In the experiment, stimuli were evaluated against a
neutral gray{ = 50,63 & ) backgrouncbn a monitor, whose luminance of reference
white was set to 250 cdfiiThe experiment was conducted in a completely dark room,
indicating that the surround parameters for t

MATLAB was used to implement all CCM models based on the XYZ values of the
source images. The tristimulus values of each pixel were first converted to the coordinates in the
specified color space, followed by the execution of the algorithm for mappinartet color to
the texture pattern. After the calculations, the new pixel color was transformed back to the XYZ

color space, making it available for further image processing.

5.2.3Adjustment of texture strength

5.2.3.1Background

Shen and Xin also highlighted the significance of adjusting the texture strength, which
refers to the standard deviations of RGB channels in the texture image. Their study demonstrated
that adjusting the texture strength substantially enhanced the dalityfof the tested
algorithms, including CCMRGB, CCMLCH, CCM-a | ({the suffix indicating the associated
color spaces), and DICHO06]. Assuming that the standard deviations of the target image are

known, the texture strength of the reproduced image can be adjusted as follows:

0" of — 0 U ¢ R,G,B (5.11)
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Where, and, representthe standard deviationsoféthet h channel of t he

target images, respectivelyy andv arethedt h channel responses of

reproduced color at pix@|, respectivelyD n

represents the final new color after the adjustment
at pixelr). The calculations are carried out within the RGB color space.

Since texture strength is related to the mean color of the texture jhtea
polynomial curve fitting technique can be used to approximately deriyeom the target color,
O[, when the texture strength of the target image is unknown. For-soigleed images with
similar texture patterns, Shen and Xin used®o®der polynomial equation to fit the relationship
between standard deviation and mean ddl64]. Figure5.4 illustrates the derived relationship

between the standard deviation and the mean color of the G channel.
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Figure5.4. Typical relationship between standard deviation and mean color of green channel
[164].

5.2.3.2Fitting relationships between texture strength and mean color

To establish the relationships between texture strength and mean color, separate
calculations of standard deviation and mean color were undertaken for each channel in each
texture image. To avoid the effects of staining or aging at the edges of theftdoxtids, only the
central 145x145pixel region of each image was considered. This dimension was chosen to
preserve a reasonable amount of texture information while ensuring satisfactory color

uniformity. In addition, analysis was performed in both the BR@Gd Adobe RGB color spaces,
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resulting in a total of 660 (110 imag@g space®3 channels) data points with mean color and
standard deviation as coordinates. The source images were first converted to the color spaces
before calculating the mean and standard deviation of each channel. The results were then used
to fit the polynomiaregression model between the standard deviation and the mean color.

The polynomial models were fitted separately for each RGB channel of each set of 11
images with the same texture pattern but varying colors. In the analysis, the mean color of the
individual channel is regarded as the independent variable, while the tharme st andar d
deviation is the dependent variable. To perform a polynomial regression, it is required to
determine the degree of the polynomial to use. Using hypothesis tests is one method for
accomplishing this. Models ranging from linear to a fdiggreepolynomial were initially fitted.

The analysis of variance (ANOVA) was then employed to sequentially compare the simpler
model with lower degrees to a more complex one with an additional polynomial term. The null
hypothesis assumed that the simpler moded adequate, whereas the alternative hypothesis
presumed that the more complex model fits the data better. Rejecting the null hypothesis and
accepting the alternative one occurred when thialpe associated with thetest was less than

the significancdevel of 0.05, suggesting that the more complex model fits the data better.
Conversely, the null hypothesis was retained, and it was concluded that the simpler model was
sufficient when the ywalue exceeded the significance level. The hypothesis testd toame

identify the simplest model which adequately explains the relationship between mean color and
texture strength. The entire data analysis was carried oufli8ZR and the ANOVA results are
documented iTableA.1 andTableA.2 in Appendix A The degree of the polynomial models in
TableA.1andTableA.2 indicates the degraeof the more complex model, and the

corresponding results compare the model with ®order to the simpler one withagr  p

order.

Figure5.5 displays the frequency of the bdistpolynomial models for each channel of
the sSRGB and Adobe RGB color spaces. Our findings indicate that fogiesrpolynomial
equations may provide a statistically better fit for the relationship thari%eedzr model
applied in the previous stud¥64]. Moreover, the optimal models tend to depend on the color
space from which the mean and standard deviation of the channel were calculated. Overall, the
analysis suggests that usint§-@rder polynomials to fit the R and B channels antf-aler one

for the G channel in the sSRGB color space best describes the relationships of interest. In the
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Adobe RGB space, fitting®order polynomials for R and G channels and‘co#der for the B

channel appears to provide the best results.

m 2-nd order 3-rd order 4th-order m 2-nd order 3-rd order 4th-order
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Figure5.5. Frequency of bedit polynomial models for (a) SRGB and (b) Adobe RGB color

spaces.

To comprehensively evaluate the efficacy of texture strength adjustment, an analysis of
the mean coloetexture strength relationships was conducted using a broader range of models, as
shown inTable5.4. The 2ndorder polynomial was always included as the comparison group for
each color space. Accordingly, a set of polynomial equations was fitted for each texture pattern
and color space, as documented ableA.3 andTableA.4 in Appendix A TableA.3 andTable
A 4 lists the coefficients of the polynomial regression model that describes the relationship
between the standard deviati@and the mean colab as follows:

O F 1O T E o f (5.12)
Wheret is the degree of the polynomial.,] , ®,are the coefficients 1,
polynomial terms, arid is the intercepf. represents the unobserved random error. The table
also provides the adjustéd, which is a measure of the goodness of fit of the regression model.
The resulting relationships were then used to modify the texture strength using E¢uafipn
The objective was to identify the model set that produced thedm@siduction of the target
images.
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Table5.4. Sets of polynomial regression models to fit the relationship between mean and
standard deviation of the RGB channels.

No. of model set Degree of polynomial model
R G B
sRGB
1 (reference) 2 2 2
2 2 3 2
3 2 4 2
Adobe RGB

1 (reference)

abhwdN

WWwwN
ArDhWWN
WNWNDN

5.2.4Numerical evaluation

The assessment of the fusion models was conducted by comparing the reproduced images
with their respective target images. When pixel correspondence existed between the simulated
and target texture images, total CIEDE2000(1:1:1) color differences (dersdt€l awere
calculated on a pixekise basis and summarized as a m#an value for each image. For this
study, pixel correspondence occurred when the same image was used as both the source and
target image.

In the majority of cases, however, pixel correspondence was absent due to inherent
variations among fabric samples and the manual capture of texture images. Consequently, a pixel
in one texture image did not correspond to the same pixel coordinateothéh@nage, even
when depicting the same texture pattern. Therefore, the evaluation was carried out using the
similarity ratio, which is a statistical approach that describes the degrees of similarity between
images. To ensure consistency with previoudiss and facilitate comparisons, the method
described by Shen and Xin in their styd9§6] was used. The similarity ratio was computed in
the CIELAB space by transforming the texture images into corresponding CIELAB values. The
calculation involved computing the color differe’é@ of each pixel to the mean color of the

image. A histogram of the color difference was then constructed, with each bin representing an

147



interval of 0.5 units o¥J . Finally, the image similarity ratio & f5 between the target
texture imag® and the reproduced image was calculated as follows:
B I ETO6 HOOG

i & B 05 (5.13

Here,”O O denotes the pixel countoft@t h bi n of tlhrepresants theotgal a m, an
number of histogram bins. The 6min()6é functio
arguments. When the texture distributions of the two imageandd are quite similar, the

value ofi 6 M is an appropriate metric for assessing the image similarity in terms of color

fidelity. A higher value of 6 % indicates the greater similarity between the target and

simulated images, with a value of 1 indicating perfect similtidg].

The calculation based & evaluates the similarity between images in their color
difference distributions relative to the mean CIELAB color. However, the joint function of the
color-to-texture fusion and texture strength adjustment may not result in the same mean CIELAB
values forthe reproduced and target images, leading to systematic errors using the method. To
circumvent this limitation, the similarity ratio based on the intersection of-thineensional
histograms was also computed following the same Equéit8). Instead of constructing a
histogram of onalimensional color difference, the 3D color space was discretized into bins, and
the occurrences of each discrete color in the examined image were enumerated, resulting in a 3D
histogram for each image. In thisidy, the histogram in the CIELAB color space was
considered, with each channel quantized into eight bins. Lee[£08]).assessed the
performance of the histogram intersection in six color spaces and twelve quantization levels to
predict human judgment in measuring image similarity. The CIELAB color space performed at
least as well as or better than the other evaluated spémwes. Furthermore, the ability to predict
image similarity increased as the number of histogram bins increased, up to a maximum of 512
bins (8 per channel). When the number of bins reached 512, the performance of the similarity

measurement was deterrathto be optimally saturated.

5.2.5Target color and target image

In colorto-texture fusion, uncertainty remains surrounding the determination of the target

color. Ideally, the target color should correspond to the measured color of dyed yarns when
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wound onto a skein or card. This measured color serves as the foundation for synthesizing a
reproduced image that closely matches the digitized fabric knitted from theagsead yarns.
Moreover, the same target color should produce satisfactory rigudisfabric samples knitted

with the specified yarns, irrespective of their texture patterns. Nonetheless, obtaining precise
color measurements of yarns before image synthesis is often impractical. In this study, exclusive
focus is placed on the sitimt where the target images are available, and the target color is
directly calculated from the target image. The analysis involved three separate experiments, each
designated to explore various conditions and objectives.

Experiment 1: Shen and Xin stated that the mean color of the target image should serve
as the target color, without specifying the corresponding color space for calculating the mean.
Thus, the approach to determining the target color from target images was inittdigiruino
address this, the target colors were considered based on four color spaces: XYZ, CIELAB,
sRGB, and Adobe RGB. Specifically, each pixel of the target images was transformed to the
colorimetric values corresponding to the specifiedicepaces, and the arithmetic mean for each
component was determined to obtain the target color.

Experiment 1 aimed to investigate the i mpa
fidelity of the selected algorithms. In particular, the performance of these models was evaluated
in terms of their ability to reproduce fabrics with identical texturtgepa but different color than
that of the source image. In the experiment, each of the 110 acquired images of textile fabrics
served as the source image, while all 11 images with the same texture as the source image were
used as target images. Among thget images, ten had different colors, whereas one image was
identical to the source image, functioning as a reference group. The target color was determined
as the arithmetic mean from the target image and further used with each algorithm to synthesize
the reproduced images. The texture strength of the reproduced images was modified using the
polynomial models listed ifable5.4. In total, Experiment 1 resulted in 348,480 reproduced

images [4 methods of calculating target c@diOtexture pattern§11 colors of source image3
11 colors of target images8 fusion algorithmsQ9 adjustments of texture strength (1 without

adjustment and 8 with polynomial mod®sed adjustments)]. The similarity ratio was used to
compare the reproduced images with the respective target images from which the target colors

were calculated.
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Experiment 2: The objective of the study was to identify a target color that would
produce satisfactory results for all fabric samples with distinct textures but made from yarns of
the same color. To accomplish this objective, the images were categorized into Hualdivi
groups by their color, and a universal target color was sought for each group that minimized the
color differences between the target and reproduced images. Eackcsioglgroup consisted
of 10 images that were utilized as both sounce target. Specifically, the source image was
combined with the target color to generate a reproduced image using a mapping model. Notable
is that all reproduced images for a group were synthesized using the same target color. Each
reproduced image wasdh compared to the original to determine a mean {pvis# color
difference, expressed ¥ . The sum of the meafO values for 10 comparisons per group
was regarded as a cost function. The MATLAB
identify the target color that minimized the cost function value for each sinfge group,
resulting in a total of 88 target co#o(11 colors %8 fusion algorithms). It is worth noting that
texture strength adjustment was not considered in Experiment 2, as this adjustment aims to
enhance color fidelity when the source and target images have different mean colors. In contrast,
in Experiment 2, the target and source images were identical and shared the same mean color.
Both the total color difference¥0 , and similarity ratio were analyzed to evaluate the color
fidelity of the reproduced images.

Experiment 3: The study sought to identify the optimal combinations of fusion
algorithm and texture strength adjustment that provide the highest level of color fidelity. The
source images for Experiment 3 consisted solely of ten images of gray knitted fabric. These
images were selected for their neutral colors and medium lightness, with mean colorimetric
coordinates of L= 56.44, a= 1.94, and b= -0.42 for illuminant @s and 1931 standard
observer. The gray source images were utilized to generateeatioollof reproduced images in
11 different colors, with the target colors optimized in Experiment 2. To achieve this, eight
fusion algorithms were employed to combine the texture information from the source image with
the corresponding target colors. Atiloinally, the study examined nine conditions of texture
strength adjustment, including one without adjustment and eight with polynomial-basil
adjustments. The combination of these factors led to a total of 7920 reproduced it8ages (

texture pattern§11 colors of target images8 fusion algorithmsQ9 adjustments of texture

strength). The efficiency of the fusion models was assessed by calculating the similarity ratio
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between simulated and target imagesble5.5 provides a summary of the three investigations
conducted in this study.
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Table5.5. Overview of the three experiments conducted in the study.

Target color: Optimized target color
generating min. AE,,

Exp [llustration

Source image Color & texture fusion Reproduced image Target image
1 mapping adjustment b -

Target color: Mean color of target image Target image = Image with
same texture but different color
Source image Color & texture fusion Reproduced image Target image
| —
Pixelwise color Similarity ratio

2 GIEDE2000

Target image = Source image

Source image

Color & texture fusion

Reproduced image

Texture feature

Pixelwise color

mapping

Target image

Similarity ratio

Texture strength _
adjustment b

Target color: Optimized target color
generating min. AE,,

>

Target image = Each of 110
captured images

Note: The texture images presented here are for illustrative purposes only.
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5.3Results and discussion
5.3.1Experiment 1

5.3.1.1Evaluation of model performance

Figureb5.6 displays the color fidelity results obtained by using the mean CIEXYZ values
of the target image as the target color. Tkexig represents the similarity ratio computed based
onYO color differences, while the-axis shows the applied coltu-texture fusion algorithm.
To investigate the impact of texture strength adjustment, an examination of the reproduced
images was conducted with polynomial medated adjustments in both sRGRIaAdobe RGB
color spaces. The control group represents the case where no adjustments were applied. The label
of each panel corresponds to one of the polynomial models used to modify the texture strength,
as listed inTable5.4. Each boxplot illustrates the distribution of similarity ratio for 1210
reproduced images that were generated based on 110 source images. Each source image was
used to simulate 11 color images with identical texture patterns. The red asterisk withinyxeach
indicates the mean value, while the horizontal line represents the median. The bottom and upper
edges of the box denote the 25th and 75th percentiles (Q1 and Q3), respectively. Outliers,
defined as data points with values outside the range #f1AX(Q3 T Q1) to Q3 + 1.5 x(Q3J
Q1), are denoted by circles. The whiskers extend to the most extreme data points that were not

identified as outliers.
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Mean CIEXYZ as the target color
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Fusion algarithm

Figure5.6. Similarity ratio based oO  for different fusion methods with mean CIEXYZ as

the target color.

As illustrated in the figure, the CGIMIN990 method emerges as the top performer when

no texture strength adjustment is implemented, closely followed by the RGBImethod. The
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similarity ratios for CCMLCH, CCM-CAMO02, and CCMCAML16 are very close, albeit slightly
lower than those achieved by CEMN990 and CCMRGB. Conversely, the CCMSI method
performs the worst among the algorithms examined. With the application of texémngtist
adjustment, the color fidelity of each method is greatly improved, and variation in similarity
ratios decreases as shown by the narrower interquartile rangeQ@@?3of the boxplot. Again,
the CCMDIN990 method exhibits the highest mean image sintyl at roughly 0.94, whereas
the CCMHSI method yields the lowest mean ratio at around 0.85. Mean similarity ratios for the
remaining methods with the adjustment applied are within a narrow range of 0.90 and 0.93.
Importantly, the difference in image dglarity is negligible when adjustments based on different
polynomial models are applied.

These findings generally align with those of Shen and Xin's $i@8}, whichcompared
the performance of DICH and three CCM methods (CRG&B, CCMLCH, and CCMa | )f
using 40 different texture images. However, there are slight differences in the rankings of
met hod performance between the two studies.
differences in method performance are evident based on mean sim#tasy the results
presented here indicate that the four methods produce comparable mean ratios with variations of
less than 0.15.

FurthermoreAppendix BfeaturesrigureB.1, FigureB.2 andFigureB.3 which depict
the similarity ratios for the mean CIELAB, Adobe RGB, and sRGB as the target colors,
respectively. These boxplots reveal a trend highly consistent with that of the mean CIEXYZ
target color, indicating the insignificance of color space inrdeteng the target colorg.able
B.1- TableB.4 in Appendix Bdetail the mean similarity ratio based & for each
combination of the fusion method, texture strength adjustment, and color space used for

calculating the target color.

155



Instead of ratios based on the 1D histogra¥@f , Figure5.7 displays the boxplots of
similarity ratios based on the CIELAB color space, utilizing the mean CIEXYZ values as the
target colors. It is noteworthy that substantially lower values are observed when calculating the
similarity ratio based on the 3D histograntersection. This finding suggests that the actual
performance of the methods tends to be poorer than what is indicated by the ratios baZed on
color differences. By accounting for the entire color distribution in the 3D color space, this
metric corrects the bias stemming from only considering fexeadl color differences to the
image mean colors, thus serving as a more comprehensive indidegoefore, for subsequent
analyses, the similarity ratio based on the CIELAB color space primarily serves as the metric for
assessing the model performance.

Nevertheless, the similarity ratios based on the CIELAB color space exhibit rankings of
method performances that align with those based@n. Without any adjustments, both the
CCM-LCH and CCMHSI methods demonstrate comparable inferior performances, yielding
mean similarity ratios of around 0.42. In contrast, the GCAMM16 and CCMCAMO02 methods
exhibit the best performance, achieving mearosati roughly 0.55, followed by CCNAIN990
and DICHRGB with mean ratios of around 0.50. When texture strength adjustment is applied,
the mean similarity ratios demonstrate enhanced color fidelity for each method, with increases
ranging from 0.02 to 0.22Among the evaluated methods, CMN990 consistently
outperforms the others, whereas CEMI yields the lowest mean similarity ratios in most
cases. These trends hold true when using mean CIELAB, Adobe RGB, and sRGB values as the

target colors, as shown kgure5.8, Figure5.9, andFigure5.10, respectively.
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Mean CIEXYZ as the target color
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Figureb5.7. Similarity ratio based on the CIELAB color space for different fusion methods with

mean CIEXYZ as the target color.
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Figure5.8. Similarity ratio based on the CIELAB color space for different fusion methods with

mean CIELAB as the target color.
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