
 

 

ABSTRACT 

LUO, ZHENHUA. The Effects of Texture on Visual and Instrumental Color Difference 

Assessments. (Under the direction of Dr. Renzo Shamey). 

 

Surface texture stands as an essential factor influencing 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 accommodated by adjustable weights in color-difference formulas. These 

weights are commonly set at a 2:1:1 ratio for calculating color differences in textile samples, 

despite the appropriateness of this ratio not being well understood and validated. Furthermore, 

prior quantitative analyses addressing this influence have primarily focused on simple simulated 

textures, such as random dots or winding threads. These limited scenarios are insufficient for 

encompassing the wide range of textures encountered in industrial settings. 

To deepen our understanding of texture effects, the present study aimed to examine how 

knitting textures affect color difference assessments. To achieve this goal, a workflow was 

established for capturing images of knitted samples and accurately reproducing them on an LCD 

monitor. In addition, both statistical and psychophysical evaluations were conducted on a range 

of color-to-texture fusion methods, to determine the one that offers optimal color fidelity. The 

selected rendering algorithm enabled the faithful simulation of textured stimuli with user-defined 

target colors, thus facilitating the development of an extensive visual tolerance dataset. The 

dataset involved the color-difference tolerances of 26 observers for the uniform stimuli and those 

with 10 distinct textures, sampling around 11 color centers across the color gamut. This dataset 

was subsequently employed to explore the impact of various knitting textures on visual 

tolerances and to assess how the color-difference formulas perform in predicting the perceived 

color differences in the textured stimuli. 

The findings of this study validate the significant impact of texture on lightness, chroma, 

and hue tolerances, with lightness tolerances exhibiting more pronounced effects. Specific 

textures significantly enhance lightness tolerances when compared to uniform stimuli. This trend 

is also observable in chroma and hue tolerances for stimuli with specific color centers and 

texture patterns. Additionally, the research optimized the parametric factors for color-difference 

formulas (specifically, CIE94, CMC, and CIEDE2000) based on the tolerance dataset.  The 



 

 

optimized factors ranged from 0.80 to 1.50, which cast doubts on the widely used 2:1:1 ratio. 

The analysis suggests that CAM16-UCS is the top performer for calculating color differences in 

stimuli featuring the examined knitting textures. 

In a secondary investigation, the study also sought to assess the influence of the 

dimension and shape of polymeric pellets on their instrumental colorimetric and spectral 

measurements, with a particular emphasis on measurement repeatability. In the experiments, a 

range of colorless and translucent granules underwent measurements using the 

spectrophotometer. Two measurement protocols were applied: bulk measurements, involving 

filling granules within a 50-mm pathlength glass cuvette, and single-pellet measurements, which 

measured individual granules against an achromatic backing. For both measurement approaches, 

the results indicated minimal or inconsistent effects of sample geometries on measurement 

repeatability. However, the granule varieties with distinct geometric parameters exhibited unique 

reflectance profiles and significantly varied colorimetric values, suggesting the influential role of 

granule geometric characteristics in color measurements. 
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CHAPTER 1 INTRODUCTION  

The latest color difference formula proposed as a standard by the International 

Commission on Illumination (CIE) is CIEDE2000, which is given as: 

 ῳὉ
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 (1.1) 

In the equation, Ὓ, Ὓ, and Ὓ are the weighting functions used to correct the non-uniformity of 

CIELAB, and Ὑ  is the rotation term improving the fitting for the blue region. In addition,  ῳὒ, 

ῳὅ, and ῳὌ are lightness, chroma, and hue differences calculated from CIELAB L*, C*
ab, and 

hab. The formula also contains Ὧ, Ὧ, and Ὧ , called parametric factors, to account for the 

influence of experimental viewing conditions [1]. They are set to Ὧ= Ὧ = Ὧ  = 1 under 

reference conditions, which includes homogeneous samples, D65 illuminant, etc. By adjusting 

parametric factors, it is possible to account for deviations from the reference conditions. For 

example, a reduction in lightness sensitivity (or, equivalently, an increase in lightness tolerance) 

is well established when acceptability judgments of textile pairs are made, and it is reasonable to 

expect a better correlation of CIEDE2000 results with those from visual assessments of textile 

specimens when Ὧ= ς ÁÎÄ Ὧ = Ὧ  = 1) [2]. The set of values, Ὧ= ςȟ and Ὧ = Ὧ  = 1, have 

been recommended by the CIE and accepted by the textile industry for determining the color 

differences of textile samples for use with the CIEDE2000 model. 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 et al. [1] studied the 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 progressively adjusting 

one CIELAB coordinate (L*, C*
ab, or hab) of the óbackground sampleô. Their results revealed that 

the simulated textures also increased the chroma and hue tolerances and that their influence was 

not negligible in general. While the research confirmed the impacts of simulated dots-texture on 

the visual tolerances, it is currently unknown whether similar results could be expected for the 

real textures, such as textures of the knitted fabrics. Additional research that quantitatively 

analyzes the relationship between the texture and color tolerances is thus needed.  



   

2 

 

This dissertation is intended to investigate the impacts of knitted texture upon visual 

color tolerances (perceptual response to color differences), particularly on lightness, chroma, and 

hue tolerances corresponding to Ὧ, Ὧ, and Ὧ . Moreover, it seeks to enhance the understanding 

of texture effects through the optimization of parametric factors based on an experimental 

tolerance dataset. Furthermore, it aims to conduct a thorough assessment of color-difference 

formulas in their ability to predict the perceived color differences in the textured stimuli. To 

achieve these research objectives, the following questions were examined: 

¶ How can a color texture stimulus be synthesized to closely match the color appearance of 

a physical target sample? 

¶ How to develop a high-precision experimental tolerance database that represents the 

perception of small color differences of textured stimuli under conditions consistent with 

textile industrial practice? 

¶ How can a tolerance database be constructed, with an extensive sampling of the color space 

and a broad covering of the knitting texture patterns? 

¶ Are the color-difference tolerances, particularly those related to lightness, chroma, and hue 

components, significantly influenced by the examined knitting textures? 

¶ Is it possible to significantly improve the performance of color-difference metrics through 

the optimization of parametric factors? 
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CHAPTER 2 LITERATURE REVIEW  

2.1 The 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, etc. It is generally accepted that 

the sensation of such surface colors is dependent upon three factors [3]: 

¶ Light source: the nature of the illumination under which the colored surface is viewed. 

¶ Object: the interaction of the illuminating radiation with the colored species in the 

surface layers, especially within the visible spectrum of the electromagnetic radiation. 

¶ 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 of the light propagation 

through different media and its interactions with the colored medium [4]. In 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 propagation [5]. Nine optical phenomena 

are important for all forms of radiation waves, which include polarization, superposition, 

reflection, refraction, diffraction, interference, transmission, absorption, and scattering [6]. Such 

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 colored medium, which is depicted in 

Figure 2.1. As soon as the light meets the surface the beam undergoes refraction, and some of the 

light is partially reflected at the air-to-medium interface. The refracted beam propagated through 

the substance then undergoes selective absorption while the non-absorbed radiation is 

transmitted according to the laws of geometrical optics, i.e., the beam is deflected from the 

rectilinear path expected in vacuum by reflection, refraction, diffraction, and diffusion inside the 

medium [7]. It is the combination 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, which produces the iridescent colors of peacocksô feathers and the wing-cases of 

beetles [3]. 
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Figure 2.1. Schematic propagation of an incident light beam in a nonopaque, diffusing 

colored medium [7]. 

 

Given that our primary interests are the perceived colors of opaque textile fabrics as well 

as translucent plastics, much more attention is paid to the physics of the light refraction and 

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

  

2.1.1 Optical phenomena 

Electromagnetic radiation refers to a type of energy transmitted through free space or a 

material medium in the form of electric and magnetic fields [8]. It consists of mutually 

perpendicular electric and magnetic field components that also oscillate at 90° to the direction of 

propagation. When traveling through a vacuum, all electromagnetic radiation propagates with the 

same velocity of ςȢωωχωςυρπ m/s (approximately 186000 miles per second), which is 

constant regardless of the radiation intensity [3].  

The electromagnetic spectrum (see Figure 2.2) covers a tremendously wide range, from 

radio waves with wavelengths of a meter or more, down to gamma rays with the wavelengths 

less than the size of an atom [9]. The optical radiation lying between radio waves and x-rays 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 its ability to be detected by human eyes [3]. 
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Figure 2.2. The electromagnetic spectrum with an expanded visible portion [3]. 

 

2.1.1.1 Refraction 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 medium ὺ can be derived from 

Maxwellôs equation, which is given by: 

 ὺ  
ὧ

‐‘ Ⱦ
 (2.1) 

where ‐ is the mediumôs relative permittivity, and ‘ is its relative permeability [10]. In a 

vacuum, ‐  and ‘ are unity, therefore the velocity ὺ equals the speed of light in free space, ὧ. In 

most materials, ‘ can usually be taken as unity [11], so that the refractive index, defined as the 

phase velocity in free space compared to that in a given medium, is [12]: 

 ὲ  
ὧ

ὺ
‐‘ Ⱦ ‐

Ⱦ
 (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. 

Figure 2.3 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 colors. Refractive 
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indices are therefore commonly measured using radiation of a standard wavelength, which in 

practice is the sodium D line radiation (light of wavelength 589.3 nm) [3]. 

 

 

Figure 2.3. The variation of refractive index versus wavelength for several materials 

commonly used for refracting optical components [13]. 

 

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 different indices of refraction, 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 refraction [12]. 

Figure 2.4 depicts this situation where the subscripts Ὥ, ὸ, and ὶ refer to the incident, refracted, 

and reflected beam, respectively.  
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Figure 2.4. Refraction of light at a painted surface [3]. 

 

Refraction of light takes place according to Snellôs law, which states that the ratio of the 

sines of the incidence and refraction angles is equivalent to the reciprocal of the refractive index 

ratio: 

 
ÓÉÎ—

ÓÉÎ—

ὲ

ὲ
ὲ (2.3)  

where ὲ and ὲ are the refractive indices of medium 1 and 2, respectively and ὲ is the ratio of 

refractive indices ὲȾὲ. 

 

2.1.1.2 Specular reflection 

Besides refraction, an abrupt change in the index of refraction gives rise to another 

surface optical phenomena ï reflection. In most cases, light reflection from a material surface 

arises from the following four phenomena [14]: 

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. 
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Figure 2.5 illustrates the first three phenomena, a) ï c).  

 

 

Figure 2.5. Light reflection from a material surface [14]. 

  

The reflection which arises from phenomenon a) is termed the specular or mirror 

reflection [14], which takes place to a certain extent at all surfaces that constitute the interfaces 

of solids or liquids [12]. According to the reflection law, the angle of the reflected light — equals 

to the angle of the incident one —, measured with respect to the normal of the reflecting surface 

[15]. In addition, the nature of the specular component at the boundary is governed by Fresnelôs 

laws, which associate the specular reflection to the nature of the incident beam, as well as the 

refractive index of the medium under consideration [16].  

For a given substance, Fresnelôs equations can be interpreted as defining a reflectance 

function Ὑ‗ȟ— , whose value equals to the ratio of the specular reflected light to the 

unpolarized incident light. The value of Ὑ‗ȟ—  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 concerning the wavelength and has the same relative SPD as the illuminant [16]. 

The function Ὑ‗ȟ—  implies several important conclusions. Firstly, when — π°, with 

the light perpendicular to the surface, Ὑ‗ȟ—  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, as — increases, the value of Ὑ‗ȟ—  will tend to increase, until it reaches a 

value of 1 for all frequencies at the — ωπ°, which explains why a surface always looks glossy 

and mirror-like at high or grazing angles [5]. 
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2.1.1.3 Diffuse reflection 

The reflection component which is resulted from phenomena b) ï d) mentioned in 

Section 2.1.1.2  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. The light therefore may 

undergo multiple bounces by microscale surfaces before it is detected. Such a multiple-bounce 

reflection is the major source of visible diffuse reflection for metals, while it tends to be subtle in 

the textile materials of interest, including 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 eventually re-emitted 

through the surface [14]. In rendering, it is typical to use the geometrical optics, which ignores 

wave effects such as interference, diffraction and polarization [5], hence 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 exhibit a mixture of specular and diffuse 

reflection that can be described by the polar reflection curve, as shown in Figure 2.6. As can be 

seen from the figure, if the reflecting surface is smooth and mirror-like, the surface will have a 

high specular reflection with the reflected light concentrated within a narrow region at an angle 

equal to the angle of incidence. On the contrary, if the 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 contrast, the extent of the diffuse 

component should be evaluated by viewing at right angles to the surface [3]. 
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Figure 2.6. Polar distribution of reflected light [3]. 

 

2.1.1.4 Absorption of light 

For a beam of light traveling through an optical layer over a path ὰ, the amount of 

incident light that is attenuated by the light-absorbing entities in the path is governed by the 

Beer-Lambertôs law: 

 Ὅ Ὅ ρπ  (2.4) 

Where Ὅ represents the intensity of the emergent beam after passage through the path ὰ, and Ὅ is 

the incident intensity at ὰ π, ὧ is the concentration of the species in the medium, and ‐ is the 

wavelength-dependent constant known as the absorptivity. The Beer-Lambert law states that the 

light intensity decreases exponentially with the path length ὰ and the light absorption is 

proportional to the number of absorbing species in the path [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 of the scope of the current study [17]. 

 

2.1.1.5 Transmission 

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 incident flux [18]. Total luminous transmittance †‗ is the ratio of the total transmitted 

luminous flux ‰ ‗ to incident flux ‰ ‗: 

 †‗
‰ ‗

‰ ‗
 (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 transmittance † ‗ 

and diffuse transmittance † ‗ where † ‗ † ‗ † ‗ [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 exceeding 2.5° [20]. 

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 the incident flux [19]. 

 

2.1.2 Kubelka-Munk theory 

When a beam of light travels through a diffusing medium, the incident light suffers 

absorption while part of it 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 Kubelka-Munk (K-M) has enjoyed great success in both scientific 

and industrial applications [21]. Nevertheless, this theory has, at the same time, exhibited many 

inadequacies mainly due to its underlying assumptions, and thus often giving unsatisfactory 

results in practical applications [7]. The subject of the following review is to provide an 

introduction of the K-M theory along with its assumptions, limits, and applications. 

 

2.1.2.1 Fundamentals 

The Kubelka-Munk theory is a two-flux model based on light absorption and partial 

scattering [22]. Kubelka and Munk [23] formulated this 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) the Ὥ flux includes all light directions that have a component traveling 

downwards; (b) the Ὦ flux includes all light directions that have a component traveling upwards 

[24]. The interaction of the light within the layer is characterized by an absorption coefficient ὑ 

and a scattering coefficient Ὓ, which represent portions of light absorbed and scattered, 

respectively, per unit thickness of the layer [21]. To derive the model, Kubelka and Munk 

considered an infinitesimal layer Ὠὼ at a distance ὼ from the illuminated surface, as shown in 
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Figure 2.7. The intensities of the two fluxes at this plane are denoted as Ὥ and Ὦ. The product of 

the absorption coefficient and the thickness, ὑϽὨὼ, then represents the fractional amount of light 

weakened due to absorption as it passes through the thickness Ὠὼ. Similarly, ὛϽὨὼ is the 

fractional amount lost by scattering via the passage through Ὠὼ. 

 

 

Figure 2.7. Fluxes at a thin section Ὠὼ inside a layer on top of an opaque background with 

reflectance of Ὑ  [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: 

 
ὨὭ

Ὠὼ
ὑ ὛὭ ὛὮ (2.6) 

 
ὨὮ

Ὠὼ
ὑ ὛὮ ὛὭ (2.7) 

The solution to the differential equations relates measurable terms, including reflectance of the 

layer and background, to the film thickness Ὀ, the absorption coefficient ὑ, and the scattering 

coefficient Ὓ [24]: 

 Ὑ
ρ Ὑ ὥ ὦÃÏÔÈὦὛὈ

ὥ Ὑ ὦÃÏÔÈὦὛὈ
 (2.8) 

Where ὥ
ὑ

Ὓ
ρ (2.9) 

 ὦ ὥ ρ (2.10) 
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 ÃÏÔÈὼ
Ὡ Ὡ

Ὡ Ὡ
 (2.11) 

Where Ὑ and Ὑ  represent the internal reflectance of the layer and background reflectance, 

respectively, and ÃÏÔÈ refers to the hyperbolic cotangent. The expression serves as the general 

form of the K-M theory and is suitable for modeling translucent materials [25].  

Apart from the translucent layer, the K-M theory 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 transparent layer approaches zero, 

the general equation reduces to [25]: 

 Ὑ ὙὩ  (2.12) 

The other type of sample is opaque materials such as textiles, dyed paper, opaque paints, and 

plastics. As the reflectance (Ὑ ) of the opaque layer does not change with any additional 

thickness, the general form reduces to: 

 Ὑ ρ
ὑ

Ὓ

ὑ

Ὓ
ς
ὑ

Ὓ
 (2.13) 

Or 
ὑ

Ὓ

ρ Ὑ

ςὙ
 (2.14) 

The equation indicates that the reflectance of an opaque layer is only dependent on the ratio of ὑ 

to Ὓ, not on their absolute values [24]. 

 

2.1.2.2 Assumptions 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 reversal of direction on 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, i.e., the medium is isotropic and 

homogeneous [7]. Thus, most gonio-apparent pigments and colorant layers, which change the 

degree of polarization of the incident light significantly, cannot be described with the K-M 

model [25]. Kubelka and 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 how thick the layer is [7]. In 

addition, the theory does not consider polarization, interference effects, spontaneous emission 

(fluorescence, phosphorescence), and partial reflection at the surface boundary layer [24]. 

Finally, applying the KïM model requires the use of a spectrophotometer. Theoretically, the 

measurement geometry should be diffuse illumination and diffuse collection, while this does not 

occur in any spectrophotometer [25]. Due to the strict assumptions, the K-M theory shows many 

inadequacies and results in limited applicability. 

 

2.1.2.3 Boundary layer correction 

As mentioned previously, the K-M theory only considers diffuse reflection, while the 

partial reflection at the air-to-coating interface is ignored. Partial reflection is a phenomenon that 

arises from the variation in the refractive index at the interface between air and the coating 

material. Consequently, the calculated reflection and transmission based on the K-M model 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 refractive index ὲ is 

surrounded by media with isotropic refractive indices ὲ and ὲ on each side, as shown in Figure 

2.8. These refractive indices relate with the corresponding Fresnel coefficients for diffuse light 

ὶ, ὶᶻ, and έ: 

 
ρ ὶ

ὲ

ρ ὶᶻ

ὲ

ρ έ

ὲ
 (2.15) 

Where ὶ and έ represent the reflection coefficients for diffuse light at the inner boundaries of 

the layer, ὶᶻ 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 light are ὶ πȢυωφσυ and ὶᶻ πȢπωρχψ, when the incident light travels 

towards the boundary from normal air with ὲ ρ [17]. 

 



   

15 

 

 

Figure 2.8. Reflection coefficients of diffuse radiation at bounding surface of a layer [17]. 

 

The general formulas that provide the relation between the measured external reflection 

and transmission and the internal quantities are given as follows:  

 Ὑ ὶᶻ ρ ὶᶻ ρ ὶ Ͻ
ρ έὙὙ έὝ

ρ έὙ ρ ὶὙ έὶὝ
 (2.16) 

 Ὕ
ρ ὶᶻ ρ έ Ὕ

ρ έὙ ρ ὶὙ έὶὝ
 (2.17) 

Where Ὑ  and Ὕ are, respectively, the measured external reflection and transmission, and Ὑ and 

Ὕ are, respectively, the internal reflection and transmission predicted by the K-M model. 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 describing the relations between the 

external and internal reflections are given as: 

 Ὑ ὶᶻ
ρ ὶᶻ ρ ὶὙ

ρ ὶὙ
 (2.18) 

 Ὑ
Ὑ ὶᶻ

ρ ὶᶻ ρ ὶ ὶὙ ὶᶻ
 (2.19) 

As the material is completely opaque, both its external and internal transmission values equal 

zero.  

For the transparent layer, which is characterized by zero internal reflection, its external 

reflection and transmission are given as: 

 Ὑ ὶᶻ
ρ ὶᶻ ρ ὶέὝ

ρ έὶὝ
 (2.20) 



   

16 

 

 Ὕ
ρ ὶᶻ ρ έ Ὕ

ρ έὶὝ
 (2.21) 

It is the internal reflectance R that is used in all calculations involving the Kubelka-Munk theory 

[24]. Thus, it is required to calculate the body or internal reflectance from the measured values 

before applying the K-M model.  

 

2.1.2.4 Semitransparent 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 system (see Figure 2.9). This is a more 

complex situation where the K-M theory does not provide a direct solution. By considering the 

optical properties of the layer in isolation, an equation relating the reflectance and transmittance 

of the isolated layer to the reflectance of the whole system can be derived [24]: 

 Ὑ Ὑ
ὝὙ

ρ ὙὙ
 (2.22) 

Where Ὑ  and Ὕ are, respectively, the internal reflectance and transmittance of the isolated layer, 

Ὑ  is the reflectance of the substrate and Ὑ is 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 layer, Ὑ , can be derived: 

 Ὑ

Ὑ
Ὑȟ

Ὑ
Ὑȟ

Ὑ Ὑ
ρ
Ὑȟ

ρ
Ὑȟ

 (2.23) 

Where Ὑ is the internal reflectance of the layer over a substrate with reflectance Ὑȟ, and Ὑ is 

the internal reflectance of the layer over a substrate with reflectance Ὑȟ. Given the quantity of 

Ὑ , the internal transmittance of the layer, Ὕ, can thus be easily calculated. 
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Figure 2.9. Light reflection at a semitransparent layer [24]. 

 

2.1.3 Illuminants and light sources 

As mentioned in Section CHAPTER 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 power emitted by a light source across the electromagnetic spectrum per unit 

wavelength [3].  

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 black-body radiator is an idealized source of radiation, 

whose total emitted radiation is solely dependent on its temperature rather than the nature of its 

constituent material [3]. The radiation power of a Planckian radiator per wavelength interval, ὓ , 

is given by the Planck law of radiation [15]: 

 ὓ ‗
ὧ

‗ÅØÐ
ὧ
‗Ὕ ρ

 (2.24) 

where Ὕ is the absolute temperature of the source in units of Kelvin, and ‗ represents the 

wavelength of the radiation band in units of meters. ὧ and ὧ are the radiation constants that 

have values of σȢχτρψυρπ  W m2 and ρȢτσψψτρπ 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 the emitted radiation. 

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 that of the given source at the same brightness and under specified 
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viewing conditions [26]. One can evaluate the CCT for a radiator by determining the temperature 

of the Planckian radiator whose chromaticity is the nearest to that of the illuminant in the CIE 

1960 uniform-chromaticity-scale (UCS) diagram [27].  

 

2.1.3.1 CIE standard illuminants 

The Commission Internationale de lô£clairage (CIE) has defined a set of theoretical 

sources that are specified in terms of their SPDs. Those theoretical light sources are known as the 

CIE standard illuminants. It is important to distinguish óstandard illuminationsô from óstandard 

sourcesô, which respond to technically realizable radiation emitters that have SPDs only 

approximating to those of the corresponding illuminants [3]. 

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 about 2856 K [3]. As shown 

in Figure 2.10, 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]. Due to 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 introduced subsequently [3].  

In 1963, the CIE recommended the D illuminants by defining SPDs covering the UV, 

visible and near-IR regions to represent various phases of daylight. Among the D series, the CIE 

illuminant D65 simulates the average daylight at an approximate CCT of 6500 K, and it is now 

accepted by the CIE as a standard illuminant [3]. Besides the illuminant D65, the illuminants 

D50 and D55, with CCTs of about 5000 K and 5500 K, represent mid-morning and mid-

afternoon daylight, respectively. The illuminant D75, with an approximate CCT of 7500 K, 

represents north sky daylight [29].  
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Figure 2.10. SPDs of the CIE illuminants A and D65 [29]. 

 

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 groups, including standard group (F1 to F6), broad-band group (F7 to F9), and 

triband group (F10 to F12) [30]. Among the F illuminants, F2, F7, and F11 are the most used 

illuminants in colorimetry. The SPD curves of these illuminants are shown in Figure 2.11. F2 

represents a cool white fluorescent (CWF) lamp with a CCT of 4230 K. F7 represents broadband 

fluorescent as an approximation of D65 at 6500 K and F11 stands for a triband fluorescent lamp 

with a CCT of 4000 K [15].  

 

 

Figure 2.11. SPDs of the CIE illuminants F2, F7 and F11 [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 theoretical equal-energy 

radiator that has a constant SPD throughout the visible spectrum. The illuminants 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 phosphor-

converted blue LEDs with CCTs ranging from approximately 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 a blue-hybrid LED and mixing of red, green, and blue LEDs. 

And the CIE illuminants V1 and V2 represent the phosphor-converted violet LEDs at 2724 K 

and 4070 K, respectively [32].  

  

2.1.3.2 Light sources 

Light can be produced by various mechanisms, which include: 

¶ Incandescence: a phenomenon where electromagnetic radiation (including the 

visible light) is emitted by heating or burning matter. The common incandescent 

sources include tungsten and tungsten-halogen 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 xenon lamps and the mercury vapor lamps are of importance in 

the color industry [3].  

¶ Electroluminescence: an optical and electrical phenomenon driven by electricity, 

which is the underlying mechanism of how light is produced in LEDs [33]. 

¶ Cathodoluminescence: the emission of light by the electron-emitting material that 

is bombarded by the electron beam produced by a cathode, which was commonly 

used in television and VDU screens [3].  

¶ Chemiluminescence: the emission of light with a limited production of heat, as a 

result of some chemical reactions [29].  

¶ Photoluminescence: an optical phenomenon where the sources give light emissions 

by absorbing external photons. Among various photoluminescent sources, the 
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fluorescent lamp CWF and tri-band lamp TL 84 are used for color assessment of 

special importance [15].  

 

Among the vast number of artificial light sources, our major interests lie in the LEDs and 

the D65 simulators, which include the filtered high-pressure xenon arcs, the filtered tungsten 

lamps, and the wide band fluorescent lamps. These light sources are used to illuminate 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 principally occurs 

across a p-n 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 hole recombination [3]. When doped with suitable chemical compounds, the LEDs 

can emit light with quite narrow spectral half-widths of 6-25 nm, for example, at wavelengths of 

400 nm (gallium-nitride diode), 600 nm (gallium-arsenic-nitride diode), and 660 nm (gallium-

phosphide-zinc-oxide diode) [15]. The spectrum 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 as a 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 intensity of LEDs is relatively low 

compared to the traditional light sources, which seems to be one of their major drawbacks [34].  

The tungsten-filament 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 wavelengths. The 

character of its emission and the color temperature is mainly controlled by the filament thickness 

as well as the applied voltage [3]. By introducing some bromine or iodine vapor into the light 

bulb, the light source becomes the so-called tungstenïhalogen 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]. Besides, the tungsten-filament lamp can serve as a D65 simulator if they are combined with 
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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 phosphorus involved [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 spectrum [36]. To 

enhance the spectral distribution in the red region, the broad-band type is manufactured by 

incorporating the long-wavelength phosphors. Nevertheless, the spectrum produced by the broad 

band type without a filter still shows prominent emission lines at the mercury wavelengths (404, 

436, 546, and 577 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 energy efficiency and low manufacturing cost, so they are 

widely used as the D65 simulators in industries [30]. 

Among the available D65 simulators, the high-pressure xenon arc tends to be the most 

suitable candidate due to its spectral distribution, which when properly filtered resembles that of 

the average daylight [3]. The emission 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 

accompanied 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 because of its spectral distribution, 

the UV-filtered xenon lamp with a color temperature 6,500 K is now of great importance for 

applications in color technology and is increasingly being employed as a daylight simulator [15]. 

 

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. While color is often 

mistakenly regarded as an attribute belonging to an object itself, the color of an object essentially 

arises from the neural-induced perception that is stimulated by the light reflected, transmitted, or 

scattered from the object. Given the subjective 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 

quantifying color partially arises from the fact that color is affected by many factors, including 

illuminances, the physical size of the sample, background colors, etc. More importantly, it 

depends on the observer. Therefore, there is a great need for methods of quantifying and 

specifying color with sufficient accuracy [37].  

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 describe how to reproduce a color 

that matches the color of a sample viewed and illuminated under a set of specified conditions 

[38]. To control 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 variability and 

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 stimuli are illuminated and viewed under 

controlled conditions. 

  

2.2.1 CIE standard colorimetric observers 

The standard observers were derived based on the Grassmannô laws, which describe the 

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 laws formulated 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 spectral compositions [39].  

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 equations. In a three-dimensional 
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linear vector space, we can represent any color stimulus by a vector [40]. A vector notion of the 

Grassmannôs laws is given as follows:  

Given four color stimuli ═, ║, ╒, and ╓; 

a. Symmetry law: if ═ḳ║, then ║ḳ═; 

b. Transitivity law: if ═ḳ║ and ║ḳ╒, then ═ḳ╒; 

c. Proportionality law: if ═ḳ║, then ὥ═ḳὥ║ for any real ὥ π; 

d. Additivity law: if ═ḳ║ and ╒ḳ╓, then ═ ╒ ḳ ║ ╓ . Similarly, if ═ḳ║ 

and ═ ╒ ḳ ║ ╓  then ╒ḳ╓ [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. If the monochromatic 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 (see Figure 2.12), in which an observer matches the two fields at each 

wavelength using three properly selected primaries [38]. The amounts of three matching stimuli 

needed to achieve a match can be determined for every monochromatic constituent of the equi-

energy spectrum. The wavelength-dependent amounts required for the above color match are 

called the color matching functions (CMFs) [39]. 
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Figure 2.12. Basic experiment of visual color matching [39]. 

 

The above color-matching 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 between the test stimulus and 

the matching stimuli. To reduce this limitation, the standardized CMFs have been determined by 

averaging the results from a number of color-normal observers. Thus, the derived standard 

observers can be assumed to represent the color-matching results of the average human 

population and would not be dependent on any particular visual properties [38].   

 

2.2.1.1 The 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 of color-normal 

observers [38]. Guild measured seven 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 primaries [39]. 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 adopt a color-matching system based on both of Guild and Wrightôs 

experiment results [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 

physically realizable when building laboratory colorimeters. 700 nm is a wavelength at the red 

end of the spectrum where only the long-wavelength receptor would be stimulated, while the 

latter two wavelengths correspond to the prominent lines in the mercury spectrum [41]. The unit 

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 

equal-energy spectrum. The derived CMFs, depicted in Figure 2.13, are known as the CIE RGB 

color-matching functions and are written as ὶӶ, ὫӶ, ὦ. 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 the spectrum [39]. 

 

 

Figure 2.13. The RGB color-matching functions for the CIE 1931 standard observer [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 [X], [Y], [Z], which 

could result in all-positive CMFs [39]. It was also decided that one of the color-matching 

functions should correspond to the 1924 CIE standard photometric observer, ὠ, which describes 

the relative sensitivity of the eye to various wavelengths of light [37]. Therefore, the tristimulus 

values also provide the photometric quantities of the stimuli. The new set of CMFs were 

calculated from the  ὶӶ, ὫӶ, ὦ CMFs through a linear transformation. The resultant CMFs (see 

Figure 2.14), denoted as ὼӶ, ώ, and ᾀӶ, 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 of the observer [39]. 

 

 

Figure 2.14. The CIE 1931 standard colorimetric observer [38]. 

 

2.2.1.2 The 1964 CIE standard colorimetric observer 

The original 1931 CIE standard observer was based on color-matching 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 covered by the fovea [39]. New color-

matching experiments were therefore performed by Stiles and Burch and Speranskaya by 

measuring the CMFs with a 10° field of view. In these investigations, Stiles and Burch measured 

the CMFs of 49 observers at very high levels of illumination, while Speranskaya 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 rod-vision. The CIE removed the effect of rod intrusion and weight averaged the 

two datasets, resulting in the 1964 CIE standard colorimetric observer or the 10° observer. Its 

CMFs are notated as ὼӶȟ , ώȟ , and ᾀӶȟ , 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° observer is that ώȟ  is 

not identical to either ώ or ὠ, and the corresponding tristimulus value does not directly reflect 

the luminance of a stimulus [38]. A comparison between the CMFs of the 1931 CIE standard 

observer and those of the 1964 CIE standard observer is shown in Figure 2.15. Besides, the CIE 

1964 standard observer 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 sufficiently high when using 

the 10° observer without any rod-correction [39]. Nevertheless, the 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 whenever color-matching 

conditions exceeds a 4° field of view [38]. 
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Figure 2.15. 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]. 

 

2.2.1.3 Cone-fundamental-based 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 measurements. In 2006, 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 age from 21 to 80 years old [38]. The cone 

fundamentals refer to the relative spectral sensitivity of long-wavelength sensitive (L-), medium-

wavelength sensitive (M-), and short-wavelength sensitive (S-) cones. As the light entering our 

eyes is modified by the absorption and scattering of the ocular 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 through which light passes to reach the retina [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 Sharpe [43]. 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 (c) photopigments in the outer segments of photoreceptors. The CIEPO06 cone 

fundamentals written in a simplified form is shown in Equation (2.25) [44]: 

 ὰӶ‗ ρ ρπ ȟϽ Ͻρπ Ͻρπ  

(2.25)  ά‗ ρ ρπ ȟϽ Ͻρπ Ͻρπ  

 ίӶ‗ ρ ρπ ȟϽ Ͻρπ Ͻρπ  

Where Ὀ represents the optical density, which is the log10 function of the reciprocal of the 

mediaôs transmission: Ὀ ÌÏÇρȾὝ. Here ὃ ‗, ὃ ‗, and ὃ ‗ stand for the low-optical-

density spectral absorbance for L-, M-, and S-cones, respectively. Ὀ ȟ, Ὀ ȟ , and Ὀ ȟ 

represent the peak optical densities of the visual pigments for the three photoreceptors. Ὀ ‗ 

and Ὀ ‗ are the optical densities of the macular pigment and the ocular media including the 

lens, respectively [44]. 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 plotted in Figure 2.16 [45]. Through linear transformations each set of 

CIEPO06 cone fundamentals can be converted to the ὢὣὤ system, thus enabling the practical use 

of the model [38]. 
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Figure 2.16. L, M, and S cone fundamentals normalized to equal area based on enumerating 

the CIE 2006 model for changes in field size 1°-10° and in age 21-80 (color coding is 

arbitrary) [45]. 

 

2.2.2 CIE 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 geometries for reflectance 

measurements, which are τυЈȡπЈ, πЈȡτυЈ, Ὠȡ πЈ, and πЈȡὨ. The simplified diagrams of the four 

CIE recommended geometries are shown in Figure 2.17. The designation corresponds to 

ὭὰὰόάὭὲὥὸὭέὲȡὺὭὩύὭὲὫ angles. 
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Figure 2.17. CIE-recommended illuminating and viewing geometries [46]. 

 

The former two geometries, 45°:0° and 0°:45°, are known as the bidirectional geometries 

[46]. The specimen is either illuminated or viewed at an angle of 452° from the normal of the 

sample, and the corresponding viewing or illumination is at an angle not exceeding 10° from the 

normal to the sample surface [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°x:0° and 45°a:0°, 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°x and 0°:45° a [39]. 

The second pair of geometries, Ὠȡ πЈ, and πЈȡὨ, 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 powdered PTFE [46]. For the 

geometry of  Ὠȡ πЈ, the 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 πЈȡὨ, 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 

integrating sphere [47]. Instead of 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 zero-degree geometry. One major advantage provided of 

such arrangement is that it allows the differentiation between specular component included and 

excluded measurements, thus increasing the measurement flexibility [39].   

 

2.2.3 CIE 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 and displays [39]. The tristimulus values for the 

light sources are calculated as follows: 

 ὢ ὑ ɮ‗ὼӶ‗Ὠ‗
 

 

(2.26)  ὣ ὑ ɮ‗ώ‗Ὠ‗
 

 

 ὤ ὑ ɮ‗ᾀӶ‗Ὠ‗
 

 

 
Where ɮ‗ is either spectral irradiance or spectral radiance, and ὑ , known as the maximum 

luminous efficacy, equals 683 lm/W [38]. 

Tristimulus values for nonluminous materials are calculated as the product of the spectral 

properties of the light source, the object, and the color-matching functions, followed by 

integration over wavelength. In the CIE-XYZ trichromatic system, the tristimulus values for a 

reflecting material are defined as: 

 ὢ Ὧ Ὓ‗Ὑ‗ὼӶ‗Ὠ‗
 

 

(2.27)  ὣ Ὧ Ὓ‗Ὑ‗ώ‗Ὠ‗
 

 

 ὤ Ὧ Ὓ‗Ὑ‗ᾀӶ‗Ὠ‗
 

 

With   

 Ὧ ρππȾ Ὓ‗ώ‗Ὠ‗
 

 (2.28) 
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Where Ὓ is a CIE standard illumination, Ὑ is the spectral reflectance factor of a stimulus, and Ὧ 

is a normalizing factor such that resultant ὣ for the perfect reflecting diffuser is 100. ὼӶ, ώ, and 

ᾀӶ are the CIE-color-matching functions of one of the CIE standard observers, which are defined 

from 360 to 830 nm with a 1 nm interval by the ISO [38].  

The CIE has determined that in all practical calculations of tristimulus values the 

integration can be carried out by a summation at the wavelength interval, ɝ‗, set to 1nm. The 

color-matching functions are provided in tabular form at 1-nm intervals over the range from 360 

to 830 nm in CIE Publication number S2 [48]. Moreover, a wavelength sampling of 360 to 780 

nm with a 5 nm increment can also provide sufficient accuracy when approximating integration 

with summation [38], giving the equations as follows: 

 ὢ Ὧ Ὓ‗Ὑ‗ὼӶ‗ɝ‗ 

(2.29)  ὣ Ὧ Ὓ‗Ὑ‗ώ‗ɝ‗ 

 ὤ Ὧ Ὓ‗Ὑ‗ᾀӶ‗ɝ‗ 

with   

 Ὧ ρππȾ Ὓ‗ώ‗ɝ‗ (2.30) 

 The CIE Publication number 15.2 [49] provides an abridged set of color-matching functions 

tabulated at 5-nm 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 functions 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 the results [50]. 

For the data obtained at 10-nm 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. The tristimulus values 

ὢ, ὣ, ὤ are calculated using a set of normalized tristimulus weighting functions ὡ , ὡ , ὡ  and 

the spectral reflectance of the stimulus, Ὑ, in the following equations [50]: 

 ὢ ὡ ‗Ὑ‗ (2.31) 
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 ὣ ὡ ‗Ὑ‗ 

 ὤ ὡ ‗Ὑ‗ 

When the reflectance data is measured at 20 nm intervals, ASTM recommends that the values 

should be interpolated using the third-order Lagrange formulae to derive 10-nm reflectance data. 

The corresponding 10-nm weighting table is then used to compute the tristimulus values [50].  

The use of the 5-nm color-matching functions and 10-nm weighting functions (available 

only for 9 illuminants) necessitate that the spectral reflectance factors are measured at the 

corresponding intervals. For practical applications, however, the required data are 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 wavelength intervals [51]. For the data that 

are measured at intervals wider than that recommended by the CIE, CIE Publication 15:2004 

[28] recommends to use one of the four following interpolation methods: (1) a third-order 

polynomial (Lagrange) interpolation from the four neighboring data points around the point to be 

interpolated; (2) a cubic spline interpolation formula; (3) a fifth-order polynomial interpolation 

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 interpolated 1-nm 

reflectance data and the 1-nm weighting tables. For the data that are available only in truncated 

wavelength ranges, CIE Publication 15:2004 [28] recommends that the missing values can be set 

equal to the nearest available values of reflectance as a rough approximation. Besides, CIE 

Publication 167:2005 [52] indicates that 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 using the 1-nm 

weighting tables and 1-nm reflectance functions as the reference. The results indicate that the 

(cubic) spline method is the best CIE-recommended interpolation method when the spectral 

reflectance factors are uniformly sampled in the visible range. For extrapolation, it is found that 

the second-order extrapolation method provides better performance than using the nearest 

measured data points or linear extrapolation methods [53]. 
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2.2.4 CIE ●◐◑ chromaticity 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 that the ὣ tristimulus 

value roughly represents the lightness of a sample, the other two dimensions describing the 

chromaticity are usually represented as chromaticity coordinates (ὼ, ώ, and ᾀ) and are defined as 

[37]: 

 ὼ
ὢ

ὢ ὣ ὤ
 

(2.32)  ώ
ὣ

ὢ ὣ ὤ
 

 ᾀ
ὤ

ὢ ὣ ὤ
 

Since ὼ ώ ᾀ ρ for any color, it is sufficient to describe the chromaticity with only two of 

the three coordinates provided, usually ὼ and ώ. And a plot of ώ against ὼ in 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 to quote ὣ if ὼ and ώ 

are used [39].  

 

2.2.5 Approximately 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 limitations of the system is that it is far 

from being equally visually spaced [38]. In other words, equal changes in ὼ, ώ or ὣ 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 1976, the CIE recommended two color 

spaces as the representatives of ñuniform color spacesò: CIELUV and CIELAB. Both spaces are 

designed for comparisons of differences between colors of objects with identical size and shape, 

viewed in the same white to mid-gray surroundings, and observed by a subject photopically 

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

Early effort concentrated on linear transformation of CIE chromaticity coordinates so as 

to maintain the beneficial properties of the ὼώ-diagram, 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 (UCS) diagrams [2]. The present CIE-

recommended UCS diagram is defined as follows: 

 όᴂ τὢȾὢ ρυὣ σὤ (2.33) 

 ὺᴂ ωὣȾὢ ρυὣ σὤ (2.34) 

Where ὢ, ὣ, and ὤ 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 UCS 

diagram is based on the MacAdam UCS diagram proposed in 1937 and became a direct 

precursor of the CIE LUV color space [39].  

The CIELUV is formed by combining the όȭὺȭ UCS and the CIE ὒᶻ formulated based on 

the work of Glasser et al. The system has three rectangular coordinates, ὒᶻ, όᶻ, and ὺᶻ, which are 

defined by the following equations: 

 ὒᶻ ρρφὪὣȾὣ ρφ (2.35) 

 όᶻ ρσὒᶻό ό  (2.36) 

 ὺᶻ ρσὒᶻὺ ὺ  (2.37) 

 Ὢὼ
ὼȾȟ ὼ ςτȾρρφ

ψτρȾρπψὼ ρφȾρρφȟ ὼ ςτȾρρφ
 (2.38) 

Where ό and ὺ are the CIE UCS coordinates of the test stimulus, and ό and ὺ are those of the 

reference white identically illuminated and viewed. ὣȾὣ is the luminance factor defined as the 

ratio between the tristimulus value ὣ for the test stimulus and the tristimulus value ὣ for the 

perfect reflecting diffuser [38].  

 

2.2.5.2 CIE 1976 LAB color space 

The CIELAB color space is generated by combining the Adams-Nickerson (ANLAB) 

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

coordinates, ὒᶻ, ὥᶻ, and ὦᶻ, which are formulated as follows: 

 ὒᶻ ρρφὪὣȾὣ ρφ (2.39) 

 ὥᶻ υππὪὢȾὢ ὪὣȾὣ  (2.40) 

 ὦᶻ ςππὪὣȾὣ ὪὤȾὤ  (2.41) 

 Ὢὼ
ὼȾȟ ὼ ςτȾρρφ

ψτρȾρπψὼ ρφȾρρφȟ ὼ ςτȾρρφ
 (2.42) 

Where ὢ, ὣ, and ὤ are the tristimulus values of the test color stimulus, and ὢ , ὣ, and ὤ are 

those of the specified white color stimulus illuminated and viewed identically. As ὒᶻ is a crude 

estimate of lightness, one can construct approximate correlates of the perceived attributes hue 

and chroma represented as the polar-cylindrical coordinates of the system: 

 Ὤ ÔÁÎὦᶻȾὥᶻ (2.43) 

 Ὤ
ρψπȾ“!4!.ςὦᶻȟὥᶻȟ !4!.ςὦᶻȟὥᶻ π

ρψπȾ“!4!.ςὦᶻȟὥᶻ σφπȟ !4!.ςὦᶻȟὥᶻ π
 (2.44) 

 ὅᶻ ὥz ὦz  (2.45) 

Where Ὤ  and ὅᶻ  represents the CIELAB hue angle (in degrees) and chroma, respectively [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 unacceptable for some 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. Therefore, establishing metrics that quantify the 

magnitude of mismatch has become very important for both meeting the consumersô 

expectations and saving costs for the suppliers [2].  

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 given tolerance [2]. The color difference tolerance 

stands for the magnitude of color difference corresponding to the transition between two 

categories of judgments. For example, the tolerance can indicate the transition between ñan exact 
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matchò or ñnot a matchò or between ñacceptable color matchò or ñunacceptable mismatchò, 

which correspond to the visual data determined in the perceptibility judgments and the 

acceptability judgments, respectively [54]. The perceptibility and 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 judgements 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 color difference, 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 parametric effect [55]. Due to the parametric effects as well as the 

observer variability, visual color-difference assessment results often exhibit significant 

variability. Also, there are inconsistencies between the results of individual experimental studies. 

Thus, it is important to measure the reliability of visual-difference assessments to improve 

confidence in reported outcomes. For the replicate assessment, intra- and inter-observer 

variabilities are often reported, which correspond to the variability between independent test 

results reported by a single assessor, and the corresponding variability between the results given 

by different observers [56]. 

With the development of optical measurement techniques and the standardization of 

colorimetric observers, visual color-difference judgments were expected to be replaced with 

colorimetry [57]. One of the major problems in the instrumental color-difference 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 the ὼώὣ space. Moreover, the ellipsoids that correspond to visually equal 

color differences exhibit great variations in size, eccentricity, and orientation at different color 

centers. The ellipsoids and their variations indicate the non-uniformity 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 a single-number 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 a pass/fail boundary at any color center, to 

establish the colorimetric tolerance in every direction for all color centers [2].  

 

2.3.1 CIELAB and CIELUV color-difference formulae 

As described in section 2.2.5 , 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 standard of the 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 average daylight [39]. Let ὒᶻ, ὥᶻ, and ὦᶻ 

represent the CIELAB coordinates of the batch, and ὒᶻ, ὥᶻ, and ὦᶻ stand for those of the 

standard. Then, the CIELAB color difference between the batch and its standard, ЎὉᶻ , is 

defined as follows: 

 ЎὉᶻ Ўὒz Ўὥz Ўὦz  (2.46) 

where   

 Ўὒᶻ ὒᶻ ὒᶻ (2.47) 

 Ўὥᶻ ὥᶻ ὥᶻ (2.48) 

 Ўὦᶻ ὦᶻ ὦᶻ (2.49) 

One can also construct a CIELAB color-difference formula using the corresponding 

cylindrical component differences with a newly defined variable, ЎὌᶻ , representing the hue 

difference in units commensurate with other variables of CIELAB color difference. Then ЎὉᶻ  is 

the Pythagorean sum of the three component differences: 

 ЎὉᶻ Ўὒz Ўὅᶻ ЎὌᶻ  (2.50) 

where   

 Ўὅᶻ ὅ ȟ
ᶻ ὅ ȟ

ᶻ  (2.51) 

 ЎὌᶻ ЎὉᶻ Ўὒz Ўὅᶻ  (2.52) 
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Similarly, the CIELUV color difference, ЎὉᶻ , can be calculated as the Euclidean 

distance between the points representing the batch and its standard in the CIELUV color space. 

The CIELUV color-difference formula is given as follows: 

 ЎὉᶻ Ўὒz Ўόz Ўὺz  (2.53) 

where   

 Ўόᶻ όᶻ όᶻ (2.54) 

 Ўὺᶻ ὺᶻ ὺᶻ (2.55) 

The function used to calculate the lightness difference, Ўὒᶻ, is common in equations 

(2.46), (2.50), and (2.53). And the subscripts B and S represent the batch and its standard, 

respectively [2]. It was soon 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 efforts have 

been devoted to establishing color-difference metrics with a better agreement between the visual 

and colorimetric description of color differences. 

 

2.3.2 CMC(■ȡ╬) color-difference formula 

In the 1970s, McDonald accumulated two sets of pass/fail color matching data based 

upon textile thread samples [58], whose magnitude 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 640 pairs 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 match or not for 

sewing thread production [59]. The other 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 similar conditions [60] and the 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 

Coats assessors [2].  
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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 problems. One of the 

problems was the anomaly in the evaluation of lightness differences for very dark colors. The 

other anomalies arose with pairs of near-neutral samples. The modification also overcame the 

anomalous hue angles for samples with low tristimulus values and allowed the relative tolerances 

to lightness, chroma, and hue differences to be varied independently. 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 different substrates [61]. The 

revised formula was published in 1984, and is known as the CMC color-difference formula, as 

shown in the following equations: 

 ЎὉ
Ўὒz

ὰὛ

Ўὅᶻ

ὧὛ

ЎὌᶻ

Ὓ
 (2.56) 

where Ὓ

πȢπτπωχυὒᶻ

ρ πȢπρχφυὒᶻ
ȟ ὒᶻ ρφ

πȢυρρȟ ὒᶻ ρφ

 (2.57) 

 Ὓ
πȢπφσψὅ ȟ

ᶻ

ρ  πȢπρσρὅ ȟ
ᶻ πȢφσψ (2.58) 

 Ὓ Ὓ ὝὪ  ρ  Ὢ  (2.59) 

 Ὢ
ὅ ȟ
ᶻ

ὅ ȟ
ᶻ ρωππ

 (2.60) 

 Ὕ
πȢυφȿπȢςÃÏÓὬ ȟ ρφψЈȿȟ ρφτЈὬ ȟ στυЈ

πȢσφȿπȢτÃÏÓὬ ȟ συЈȿȟ έὸὬὩὶύὭίὩ
 (2.61) 

where Ўὒᶻ, Ўὅᶻ , and ЎὌᶻ  are the CIELAB lightness, chroma and hue differences between 

batch and standard, respectively. ὒᶻ, ὅ ȟ
ᶻ , and Ὤ ȟ stand for the CIELAB lightness, chroma, 

and hue angle of the standard, respectively. ὰ and ὧ are the relative tolerances to lightness and 

chroma differences respectively. The CMC found that the ratio between ὰ and ὧ correlated 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 decisions [61].  
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2.3.3 BFD 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, textiles, etc., and results 

from several psychophysical methods: pair-comparison 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 simulated experimental errors. Among 164 

tested ellipses, 132 of them were examined to be reliable and were further investigated in the 

CIE 1964 ὼ, ώ chromaticity 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 

ellipses [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 

acceptability experiments [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 

experimental data 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 acceptability and perceptibility 

ellipses [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 BFD(ὰȡὧ) color-difference formula shown in the following equations [63]: 

 ЎὉ
Ўὒ

ὰ

Ўὅz

ὧὈ

ЎὌz

Ὀ
Ὑ
Ўὅz

Ὀ

ЎὌz

Ὀ
 (2.62) 

where Ὀ
πȢπσυὅӶz

ρ πȢππσφυὅӶz
πȢυςρ (2.63) 

 Ὀ Ὀ ὋὝ ρ Ὃ  (2.64) 

 Ὃ
ὅӶz

ὅӶz ρτπππ
 (2.65) 
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Ὕ πȢφςχπȢπυυÃÏÓὬ ςυτЈπȢπτπÃÏÓςὬ ρσφЈ

πȢπχπÃÏÓσὬ σςЈπȢπτωÃÏÓτὬ ρρτЈ

πȢπρυÃÏÓυὬ ρπσЈ 

(2.66) 

 Ὑ ὙὙ  (2.67) 

 

Ὑ πȢςφπÃÏÓὬ σπψЈπȢσχωÃÏÓςὬ ρφπЈ 

πȢφσφÃÏÓσὬ ςυτЈπȢςςφÃÏÓτὬ ρτπЈ 

πȢρωτÃÏÓυὬ ςψπЈ 

(2.68) 

 Ὑ
ὅӶz

ὅӶz χ ρπ
 (2.69) 

 ὒ υτȢφÌÏÇὣ ρȢυ ωȢφ (2.70) 

Where the term ὅӶz and Ὤ refer to the mean of the ὅ* and Ὤ values for the standard and the 

sample. These values and Ўὅᶻ, and ЎὌᶻ are calculated from the CIE L*a*b* formula.  

One of the major improvements of the BFD(ὰȡὧ) color difference formula over the 

CMC(ὰȡὧ) formula is that the BFD formula incorporates a ЎὌᶻЎὅᶻ component to control the 

rotation of the ellipses. It was found that the constant ЎὉ ellipses based on the CMC formula all 

point towards the neutral points when they are plotted in the a*b* plot, while the experimental 

ellipses do not, especially for saturated blue centers. With the new term added, the ellipses based 

on the BFD(ὰȡὧ) formula were proved to provide better agreement with the experimental ellipses 

in the saturated blue and red regions [64].  

 

2.3.4 CIE94 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 color-normal observers judged 875 color-difference pairs in 

comparison to a near-neutral anchor pair with a ЎὉᶻ ρ. 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 fitted ellipses [55]. Using a technique named probit analysis, the visual 

tolerances corresponding to the color difference perceptually equivalent to 1 ЎὉᶻ  unit was 
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estimated, and the results formed a dataset referred to RIT-DuPont, which was used to derive the 

CIE94 color-difference equation:  

 ЎὉᶻ
Ўὒz

ὯὛ

Ўὅᶻ

ὯὛ

ЎὌᶻ

ὯὛ
 (2.71) 

Where Ὓ ρ (2.72) 

 Ὓ ρ πȢπτυὅᶻ (2.73) 

 Ὓ ρ πȢπρυὅᶻ  (2.74) 

 ὅᶻ
ὅ ȟ
ᶻ

ὅ ȟ
ᶻ ὅ ȟ

ᶻ  (2.75) 

Where Ўὒᶻ, Ўὅᶻ , and ЎὌᶻ  are, respectively, the CIELAB lightness, chroma, and hue 

differences between the batch and the standard. ὅᶻ  is equal to ὅ ȟ
ᶻ , the CIELAB chroma value 

of the standard, when the standard of a pair of samples can be clearly distinguished from the 

batch, while ὅᶻ  is defined as the geometric mean of the CIELAB chromas of the pair, when 

neither sample can logically be designated as the standard [2]. Similar to the CMC and BFD 

equations, CIE94 have parameters, Ὧ, Ὧ, and Ὧ , to adjust the relative importance of lightness, 

chroma, and hue in the total color difference. In particular, the three coefficients of the CIE94 

equation account for deviations of sample and viewing conditions from a set of reference 

conditions. Under reference conditions they are set to Ὧ Ὧ Ὧ ρ [66].  

 

2.3.5 CIEDE2000 color-difference formula 

In need of a single reliable color-difference formula that is suitable for a wide range of 

industries, an advanced metric named CIEDE2000 color-difference equation was developed 

based on CIELAB and has been demonstrated to predict better than BFD and outperform CMC 

and CIE94 by a considerable margin. The new formula corrects several shortcomings and 

discrepancies among the other advanced metrics. First, the available color-difference formulae 

have different methods for predicting lightness and hue differences. The CIEDE2000 metric 

addressed those discrepancies by introducing an Ὓ function proposed by Nobbs and a hue Ὓ 

function developed by Berns. The lightness difference formula based upon the new Ὓ function 

gave much better predictions to the visual results than those from the CMC and BFD metrics. 
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The new Ὓ function was derived to fit five datasets exhibiting mainly hue differences and the 

results showed that the Ὓ function gave quite a good fit to most of the data points. Second, all 

the chromatic ellipses in blue region point towards ὥ* 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 saturated blue colors [58]. The CIEDE2000 

equation modeled the rotation of ellipses by introducing a covariance term between Ўὅᶻ  and 

ЎὌᶻ , as well as a hue-angle dependent function that adds covariance for blue colors [55]. The 

performance of the rotation function was tested to be reasonably good based on a combined 

dataset and an extracted ñblue datasetò with Ὤ  between 230ï320°. Finally, the CIEDE2000 

formula addressed near-neutral tolerances that projected onto the ὥ*ὦ* diagram as ellipses 

orienting towards about 90° rather than circles wrongly predicted by the other formulae. A 

sigmoidal function, Ὃ, was derived to stretch the ὥ* scale to make the ellipses become circles 

[58]. The full formulae to calculate the CIEDE2000 are shown in the following equations: 

 ЎὉ
Ўὒᴂ

ὯὛ

Ўὅᴂ

ὯὛ

ЎὌᴂ

ὯὛ
Ὑ
Ўὅᴂ

ὯὛ

ЎὌᴂ

ὯὛ
 (2.76) 

where Ὃ πȢυ ρ
ὅӶz

ὅӶz ςυ
 (2.77) 

 ὒ ὒᶻ (2.78) 

 ὥ ρ Ὃὥᶻ (2.79) 

 ὦ ὦᶻ (2.80) 

 ὅ ὥ ὦ  (2.81) 

 Ὤ
ÁÒÃÔÁÎ ὦȾὥȟ ὅ π

πȟ ὅ π
 (2.82) 

 Ὓ ρ
πȢπρυὒ υπ

ςπ ὒ υπ
 (2.83) 

 Ὓ ρ πȢπτυὅӶ (2.84) 

 
Ὕ ρ πȢρχÃÏÓὬ σπЈπȢςτÃÏÓςὬ  

                πȢσςÃÏÓσὬ φЈ πȢςπÃÏÓτὬ φσЈ 
(2.85) 

 Ὓ ρ πȢπρυὅӶὝ (2.86) 
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 Ὑ ÓÉÎςЎ—Ὑ  (2.87) 

 Ў— σπÅØÐ Ὤ ςχυЈȾςυ  (2.88) 

 Ὑ ς
ὅӶ

ὅӶ ςυ
 (2.89) 

Where ὒ*, ὅӶz, and Ὤ are the arithmetic means of ὒ*, ὅᶻ , and Ὤ (in degrees), respectively, for the 

standard and sample of the pair considered. Similarly, ὒ, ὅӶ, and Ὤ are the arithmetic means of 

the ὒ, ὅ, and Ὤ values between the standard and the sample, respectively. Ўὒᴂ, Ўὅᴂ, and ЎὌᴂ 

represent the differences between the ὒ, ὅ, and Ὤ values for the standard and the sample. 

The CIEDE2000 metric provides a measure of color-difference magnitude but not 

direction. To deal with cases where evaluating the direction of color change is important, Nobbs 

[67] derived formulae to calculate the identical metrics for CIEDE2000. The proposed method 

determines CIEDE2000 values from three components, a lightness difference Ўὒ , a chroma 

difference Ўὅ , and a hue difference ЎὌ . The derived directional terms and the total color-

difference formulae are shown as follows: 

 ЎὉ Ўὒ Ўὅ ЎὌ  (2.90) 

where Ўὒ Ўὒ (2.91) 

 Ўὅ ЎὅÃÏÓ‰ ЎὌÓÉÎ‰  (2.92) 

 ЎὌ ЎὌÃÏÓ‰ ЎὅÓÉÎ‰  (2.93) 

 ÔÁÎς‰ Ὑ
ὯὛ ὯὛ

ὯὛ ὯὛ
 (2.94) 

 Ὓ ὯὛ  (2.95) 

 Ὓ ὯὛ
ςὯὛ

ςὯὛ Ὑ ὯὛ ÔÁÎ‰
 (2.96) 

 Ὓ ὯὛ
ςὯὛ

ςὯὛ Ὑ ὯὛ ÔÁÎ‰
 (2.97) 

 Ўὒ
Ўὒ

Ὓ
 (2.98) 

 Ўὅ
Ўὅ

Ὓ
 (2.99) 
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 ЎὌ
ЎὌ

Ὓ
 (2.100) 

The terms involved in the formulae are identical as those defined in Equations (2.76)-(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 evaluating Ўὒ , Ўὅ , and ЎὌ . 

 

2.3.6 Advanced color-difference 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 space. In view of the 

need for a uniform chromaticity scale (UCS) diagram in several applications, many attempts 

have been made to develop a color-difference metric with an associated color space that is much 

more uniform than the CIELAB space. In alternative color spaces to CIELAB, the total color 

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

 

2.3.6.1 DIN99, DIN99d, and DIN99o 

One potential UCS candidate is the DIN99 color space, which was originated from the 

DCI-95 formula derived by Rohner and Rich [68]. The formula applies logarithmic 

transformations to the CIELAB variables ὒᶻ and ὅᶻ , which are then rescaled and employed to 

calculate the new basic coordinates using CIELAB hue angle Ὤ . In the DIN99 formula, the 

basic structure of DCI-95 is kept intact, while modifications are made based in part on the CIE94 

chroma weighting function, Ὓ. 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 color-difference space, named DIN99, with the Euclidean 

distance correlating much better with the visual results than that in the CIELAB space [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 color-difference formula is given as follows: 

 ЎὉ
ρ

Ὧ
Ўὒ Ўὥ Ўὦ  (2.101) 
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where ὢ ρȢρςὢ πȢρςὤ (2.102) 

 ὒ σςυȢςςÌÎρ πȢππσφὒᶻ (2.103) 

 Ὡ ὥᶻÃÏÓυπЈὦᶻÓÉÎυπЈ (2.104) 

 Ὢ ρȢρτὦᶻÃÏÓυπЈὥᶻÓÉÎυπЈ (2.105) 

 Ὃ Ὡ Ὢ (2.106) 

 ὅ ςςȢυÌÎρ πȢπφὋ (2.107) 

 Ὤ ÁÒÃÔÁÎ
Ὢ

Ὡ
υπЈ (2.108) 

 ὥ ὅ ÃÏÓὬ  (2.109) 

 ὦ ὅ ÓÉÎὬ  (2.110) 

Where the symbol ñЎò indicates differences between batch and standard. ὒ , ὥ , and ὦ  

stand for the lightness, redness-greenness, and yellowness-blueness scales, respectively; and 

ὅ  and Ὤ  refer to chroma and hue angle, respectively. Plotting ὥ  against ὦ  gives a 

uniform chromaticity diagram resembling to that formed by ὥ* and ὦ* [69]. 

The latest modification of DIN99 color space, named DIN99o, has a similar structure to 

DIN99b, but with correction factors Ὧ and Ὧ  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]. Equations defining the DIN99o color-difference formula, denoted as ЎὉ , are as 

follows: 

 ЎὉ Ўὒ Ўὥ Ўὦ  (2.111) 

where ὒ ρȾὯ ϽσπσȢφχϽÌÎρ πȢππσωὒᶻ  (2.112) 

 Ὡ ὥᶻÃÏÓςφЈὦᶻÓÉÎςφЈ (2.113) 

 Ὢ πȢψσϽὦᶻÃÏÓςφЈὥᶻÓÉÎςφЈ (2.114) 

 Ὃ Ὡ Ὢ  (2.115) 

 Ὤ ÁÒÃÔÁÎ
Ὢ

Ὡ
 (2.116) 

 Ὤ Ὤ ϽρψπȾ“ ςφЈ (2.117) 

 ὅ
ρ

πȢπτσυϽὯ Ὧ
ϽÌÎρ πȢπχυὋ  (2.118) 

 ὥ ὅ ÃÏÓὬ  (2.119) 
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 ὦ ὅ ÓÉÎὬ  (2.120) 

 

2.3.6.2 CAM02-LCD, CAM02-SCD, CAM02-UCS, and CAM16-UCS 

In 2006, three color spaces, namely CAM02-LCD, CAM02-SCD, and CAM02-UCS, 

based on CIECAM02 color appearance model were derived by fitting three types of data sets: the 

large color difference data (LCD), small color difference data (SCD), and combined LCD and 

SCD data sets, respectively. With a logarithmic compression on the CIECAM02 colorfulness ὓ 

and a non-linear transformation on CIECAM02 lightness ὐ applied, the performances achieved 

by these CAM02 extensions are very encouraging: CAM02-LCD and CAM02-SCD 

outperformed most of the best available color-difference formulae or uniform color spaces at 

predicting the LCD and SCD data, respectively; CAM02-UCS also provided excellent 

performance in predicting both data sets [71]. The corresponding equations for these models are 

given as follows: 

 ЎὉ ЎὐȾὑ Ўὥ Ўὦ  (2.121) 

where ὐ
ρ ρππὧὐ

ρ ὧὐ
 (2.122) 

 ὓ ρȾὧ ÌÎρ ὧὓ  (2.123) 

 ὥ ὓ ÃÏÓὬ (2.124) 

 ὦ ὓ ÓÉÎὬ (2.125) 

Where ὐ, ὓ, and Ὤ represent the CIECAM02 lightness, colorfulness, and hue angle values, 

respectively. The Ўὐ, Ўὥ, and Ўὦ are the differences of ὐ, ὥ, and ὦ between batch and 

standard in a color pair. The optimized coefficients ὑ, ὧ, ὧ for each color-difference formula 

are listed in Table 2.1. 

 

Table 2.1. The coefficients for CAM02-LCD, CAM02-SCD, and CAM02-UCS. 

Versions CAM02-LCD CAM02-SCD CAM02-UCS 

ὑ 0.77 1.24 1.00 

ὧ 0.007 0.007 0.007 

ὧ 0.0053 0.0363 0.0228 
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Despite the CIE recommendation of CIECAM02 in 2002, it has been found that 

computational failure can occur with applications in cross-media color image reproduction. In 

2017, Li et al. [72] proposed a new color-appearance model, CAM16, with a different structure 

of CIECAM02 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 predicting visual data. The performance of CAM16 was tested to be equivalent to if not better 

than that of the original CIECAM02. Based on CAM16, the CAM16-UCS uniform color space 

with the corresponding Euclidean color-difference formula was proposed to supersede the 

CAM02-UCS space. The equations used in CAM02-UCS space (Equations (2.121)-(2.125) with 

parameters ὑ, ὧ, ὧ equal to 1.00, 0.007, and 0.0228, respectively) are employed for calculating 

the color difference associated with the CAM16-UCS space. It should be noted that the ὐ, ὓ, and 

Ὤ stand for lightness, colorfulness, and hue angle, respectively, which are computed using the 

CAM16 model. The performance of the color-difference metric can be further improved by 

applying the power correction function proposed by Huang et al. [73]: 

 ЎὉ ρȢτρЎὉ Ȣ  (2.126) 

Here ЎὉ is the color difference in CAM16-UCS space, and ЎὉ represents the result after a 

power correction. 

 

2.3.6.3 OSA-UCS-based color difference formula 

In 1974, the Optical Society of Americaôs committee on Uniform Color Scales developed 

an empirical color system, named OSA-UCS, for large color differences [74]. Even though this 

space is nonuniform, the BFD (Bradford University) chromaticity-discrimination ellipses, 

defined at a constant luminance factor, appear highly regular in OSA-UCS space. Such 

observation induced the development of a CIE94-type color-difference formula based on the 

OSA-UCS space [75]. The equations were later refined by a logarithmic compression on chroma 

and lightness, producing a new space with a Euclidean color-difference formula ЎὉ for small-

medium color differences. The ЎὉ formula was statistically verified to be equivalent to 

CIEDE2000 in predicting many available empirical datasets [76]. The ЎὉ color-difference 

formula is given as follows: 

 ЎὉ Ўὒ ЎὋ Ўὐ  (2.127) 
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where ὒ ÌÎρ ρπὒ  with ὥ ςȢψωπ, ὦ πȢπρυ (2.128) 

 ὒ υȢω ὣ
ς

σ
πȢπτςὣ σπ ρτȢτ

ρ

Ѝς
 (2.129) 

 
ὣ ὣ τȢτωστὼ τȢσπστώ τȢςχφπὼ ώ ρȢσχττὼ

ςȢυφτσώ ρȢψρπσ 
(2.130) 

 Ὃ ὅÃÏÓὬ (2.131) 

 ὐ ὅÓÉÎὬ (2.132) 

 ὅ ÌÎρ ρπὅ  with ὥ ρȢςυφ, ὦ πȢπυπ (2.133) 

 ὅ Ὃ ὐ (2.134) 

 Ὤ ÁÒÃÔÁÎ
ὐ

Ὃ
 (2.135) 

 

ὐ
Ὃ

ςπȢυχσυὒ χȢπψως π

π ςπȢχφτπὒ ωȢςυςρ
 

πȢρχωςπȢωψσχ
πȢωτψςπȢσρχυ

ÌÎ
ὃȾὄ

πȢωσφφ

ÌÎ
ὄȾὅ

πȢωψπχ

 

(2.136) 

 

ὃ
ὄ
ὅ

πȢφυωχπȢττωςπȢρπψω
πȢσπυσρȢςρςφπȢπωςχ
πȢπσχτπȢτχωυπȢυυχω

ὢ
ὣ
ὤ

 (2.137) 

Where ñЎò indicates differences between batch and standard samples in the pair. The coordinates 

ὒ, Ὃ , and ὐ correspond to ὒ, Ὣ, and Ὦ of the OSA-UCS system, respectively. The formula is 

valid under D65 illuminant and CIE 1964 standard observer.  

 

2.3.6.4 IPT-EUC 

Shen and Bern [77] developed a Euclidean color space IPT-EUC, which is based on an 

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

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

develop the color-difference formula, which has similar chromatic modeling as the CIE94 metric 

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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ρππȢπ πȢπ πȢπ
πȢπ ρττȢω ςȢρ
πȢπ σωȢρ ψυȢυ

  (2.145) 

where Ὅ, ὖ, and Ὕ are the coordinates representing the lightness, red-green, and yellow-blue 

dimensions, respectively [78]. Ὧ is the parametric 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 converted to 

the interim space ὍὖὝ by applying ὓ . One of the purposes of the matrix ὓ  is to rotate 

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

5R 14/4. Thus, the IPT-EUC is considered as a potential candidate for the unique color model for 

both describing color and measuring color differences [77]. 

 

Table 2.2. Optimized coefficients for the IPT-EUC color space. 

Ὧ ‍ ὥ ὦ ὧ 

1.6 (painting) or 2.5 (textile) 0.071 4 3 3 

 

2.3.7 Performance evaluation of color-difference formula 

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

(Ўὠ) and the computed color difference (ЎὉ): Ўὠ is the color difference perceived by the human 
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observers, whereas ЎὉ is the result calculated based on the color coordinates of the two 

specimens using a color-difference formula. Ideally, the Ўὠ would be accurately predicted from 

ЎὉ for any color pair viewed under any experimental conditions, while, in most cases, the plots 

of ЎὉ against Ўὠ (where Ὥ ρȟȣȟὔ, where ὔ is the number of color pairs) show considerable 

scatter partially due to the subjective nature of human sensory observations [79]. Thus, a 

quantitative measure of the relationship strength between Ўὠ and ЎὉ can be an important tool in 

testing the performance of a color-difference formula. Hence, several mathematical indices, 

including PF/3 and STRESS, have been employed to both develop and evaluate color-difference 

metrics.  

 

2.3.7.1 PF/3 

ὖὊȾσ is a combined index that was proposed by Guan and Luo [79] based on the 

previous metrics ὅὠ and ‎ proposed by Alder et al. [80] and ὠ  derived by Schultz [81]. The 

corresponding equations defining ὖὊȾσ are given as follows: 

 ὖὊȾσ
ρππ‎ ρ ὠ

ὅὠ
ρππ

σ
 

(2.146) 

where ÌÏÇ‎
ρ

ὔ
ÌÏÇ

ЎὉ

Ўὠ
ÌÏÇ

ЎὉ

Ўὠ
 (2.147) 

 

ὠ
ρ

ὔ

ЎὉ ὊЎὠ

ЎὉὊЎὠ
 

with Ὂ
В Ў ȾЎ

В Ў ȾЎ
 

(2.148) 

 

ὅὠ ρππ
ρ

ὔ

ЎὉ ὪЎὠ

ЎὉ
 

with Ὢ
В Ў Ў

В Ў
 

(2.149) 

Where ЎὉ and Ўὠ (Ὥ ρȟȣȟὔ) are the computed and visual color differences for each of the ὔ 

color pairs, respectively, Ὂ and Ὢ are the factors adjusting the values of ЎὉ and Ўὠ to the same 
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scale, and the upper bar indicates the arithmetical mean. The value of ὖὊȾσ equals zero for 

perfect agreement between ЎὉ and Ўὠ, and a higher ὖὊȾσ indicates worse agreement. While 

the metric ὖὊȾσ has been widely employed in color-difference literature, it cannot be used to 

examine the significance of the difference between two color-difference formulae, thus 

becoming obsolete in favor of the STRESS index, which is capable of statistical significance 

tests.  

 

2.3.7.2 Standardized residual sum of squares metric (STRESS) 

The STRESS (STandardized REsidual Sum of Squares) index, proposed by Kruskal [82], 

has been suggested as a good alternative to ὖὊȾσ for evaluating the performance of color-

difference formulae. The definition of STRESS is as follows:  

 

ὛὝὙὉὛὛρππ
ВЎὉ ὊЎὠ

ВὊЎὠ
 

With Ὂ
ВЎ

ВЎ Ў
 

(2.150) 

where ЎὉ and Ўὠ are the computed and visual color differences for the Ὥ color pair (ὔ pairs in 

total), respectively. Ὂ is the scaling factor that minimizes the value of STRESS. The STRESS 

index is confined to the range of 0-100 where a lower value indicates stronger agreement 

between Ўὠ and ЎὉ and thus represents better performance of the formula [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 an F-test. The Ὂ value is calculated as: 

 Ὂ
ὛὝὙὉὛὛ

ὛὝὙὉὛὛ
 (2.151) 

Where ὛὝὙὉὛὛ and ὛὝὙὉὛὛ are the STRESS values for the color-difference equations A and 

B, respectively. The resulting Ὂ value should be compared with Ὂ and ρȾὊ, where Ὂ

ὊὨὪȟὨὪȟπȢωχυ is the lower critical value of a two-tailed Ὂ distribution with 95% confidence 

level, and ὨὪ ὔ ρ and ὨὪ ὔ ρ represent the degrees of freedom. The results can be 

divided into the following three categories [83]: 

¶ The color-difference equations A and B are not significantly different when Ὂ Ὂ ρ, 

ρ Ὂ ρȾὊ or Ὂ ρ. 
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¶ Formula A is significantly better than B when Ὂ Ὂ. 

¶ Formula A is significantly poorer than B when Ὂ ρȾὊ. 

Benefiting from its symmetry property, the usage of the STRESS index can be extended 

to determining the goodness-of-fit between any two sets of data [79]. More recently STRESS has 

been an important tool in measuring intra- and inter-observer 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 model ЎὉ ὦЎὠ passing through the origin, which is 

referred to as ñrestricted regression.ò However, this is not usually the case with the actual 

relationship between ЎὉ and Ўὠ. 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 of color differences [85].  

 

2.3.7.3 Pearsonôs correlation coefficient 

Pearsonôs correlation coefficient, denoted as ὶ, is a well-known statistical measure that 

has been widely used to quantify the goodness of fit. Given its mathematical expression, the 

squared value ὶ shows the percentage of variance in ЎὉ 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 the true model [85]. The 

correlation coefficient is obtained using the following equation:  

 
ὶ

В Ўὠ Ўὠ ЎὉ ЎὉ

В Ўὠ Ўὠ В ЎὉ ЎὉ

 
(2.152) 

Where ЎὉ and Ўὠ are the computed and visual color differences for each sample pair Ὥ (Ὥ

ρȟȣȟὲ), respectively. The upper bar indicates the arithmetical mean. A value 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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Table 2.3. Rule of thumb for interpreting the size of a correlation coefficient [86]. 

Size of correlation Interpretation 

0.90 to 1.00 Very strong correlation 

0.70 to 0.90 Strong correlation 

0.50 to 0.70 Moderate correlation 

0.30 to 0.50 Weak correlation 

0.00 to 0.30 Very weak correlation 

 

Besides the above-mentioned merits, the Pearsonôs correlation coefficient shares the main 

advantage of the STRESS index [85]. It is also capable of statistically testing the performance 

differences between color-difference equations after applying the Fisherôs ᾀ transformation. The 

Fisherôs ᾀ transform is defined as: 

 ᾀ πȢυÌÎ
ρ ὶ

ρ ὶ
 (2.153) 

Where ὶ is the correlation coefficient and ÌÎ is the natural logarithm. The distribution of the 

resulting ᾀ is approximately normal with a variance of ρȾὲ σ (ὲ is the number of data 

points). Thus, one can calculate a test of whether formula A (with ὶ) has a superior correlation 

with the visual color differences than formula B (with ὶ). The formula for testing the hypothesis 

that ὶ ὶ is as follows [87]: 

 ᾀ ᾀ Ⱦ6ÁÒᾀ 6ÁÒᾀ ς#ÏÖᾀȟᾀ  (2.154) 

Where ᾀ and ᾀ are the values transformed from ὶ and ὶ, respectively. 6ÁÒ represents the 

variance and #ÏÖ standards for the covariance. 

As indicated by Kirchner and Dekkerôs [85], the correlation coefficient should also be 

used with caution. Firstly, the measure is only suitable for a case when the visual scale Ўὠ is 

linear with respect to ЎὉ. To transform the visual results to linear data, the gray scale ratings 

should be converted to continuous visual differences Ўὠ using 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 coefficients from different 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 should not rely solely on a numerical measure, but also a 
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detailed diagnostics and graphical analysis, such as Cookôs distance coefficient [85]. Last but not 

least, this measure is appropriate when both studied variables (i.e., ЎὉ and Ўὠ) 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 the non-normality, one 

common way is to apply the log transformation so that the data would conform more closely to 

the normal distribution on the log scale [86].   

 

2.3.7.4 Performance evaluation incorporating visual uncertainty 

In 2008, Shen and Berns [88] developed three methods that incorporate visual uncertainty 

into the performance testing of the color-difference equation. The methods were developed to 

deal with different types of uncertainty information and colorimetric sampling. The first method 

is suitable for the case where the uncertainty information is known for each color pair and the 

sampling enables fitting of randomized ellipsoids [89]. The following gives the implementation 

of the first method to the RIT-DuPont dataset, in which median tolerance Ὕ  defines the visual 

distance equivalent to that of the anchor pair, and lower (LFL) and upper fiducial limits (UFL) 

describe the visual uncertainty.  

For each direction Ὦ (Ὦ ρȟȣȟά) per color center, a significant number of vector 

samples Ὠ, é, Ὠ  (ὲ represents the sample size) is randomly drawn from a bipartite normal 

distribution that models the intrinsic uncertainty of the visual data. In Shen and Bernsô study, 

they generated ὲ ρππππ 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 Ὕ  has a normal distribution with a mean ‘ Ὕ  and a standard deviation „ ὟὊὒ

Ὕ Ⱦς. The vectors with lengths shorter than Ὕ  are normally distributed with the same mean 

‘ Ὕ  but a different standard deviation „ Ὕ ὒὊὒȾς [90]. Given the generated 

samples, one can randomly choose the color-difference 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 color center. These ellipsoids, each serving as a 

local color-difference equation, are compared with the numerical color-difference formula using 

the STRESS index. For each color center, a STRESS value ί, Ὥ ρȟȣȟὰ (ὰ represents the 

number of the ellipsoid) is calculated that measures the deviation between the RIT-DuPont visual 
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data and each of the randomized ellipsoids. Those STRESS values are then individually 

compared with the STRESS value ί between the visual and numerical color differences 

calculated by a color-difference formula.  

The percentage of significantly different STRESS values, examined by the F-test, 

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 more than 99.5% 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 the visual data. Otherwise, the color-difference formula well-

fits the data with the intrinsic uncertainty taken into account [88]. 

The second method, referred to as the ñnon-ellipsoid methodò, was designed for the 

datasets with uncertainty information for each pair, but where the sampling did not enable an 

ellipsoid to be well fitted [88]. Urban et al. described the non-ellipsoid method for estimating the 

performance of color-difference formulae [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 value ί, Ὥ ρȟȣȟὲ (ὲ is the sample size) for each set of distance pairs (Ὕ , Ὠ), é, 

(Ὕ , Ὠ), é, (Ὕ , Ὠ ). Ὕ  denotes the median tolerance for direction Ὦ (Ὦ ρȟȣȟά) of a color 

center. The STRESS values ί, Ὥ ρȟȣȟὲ are then individually compared with ί using the F-

test [90]. The resulting percentage of significantly different STRESS values can serve as a 

goodness-of-fit measure that tells whether the formula well-, under-, 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 each pair [88]. Thus, the method is 

referred to as the ñnon-ellipsoid average standard error method.ò While the loss of detailed 

uncertainty information hinders the third method from determining the over-fitting, it is still 

equivalent to the other techniques for the determination of well- and under-fitting. Shen and 

Berns [89] applied the technique to evaluate three small color-difference datasets: BFD-P [62], 

Leeds [91], and Witt [92]. In the study, 5000 randomized visual color differences were generated 

for each pair, assuming a normal distribution with a mean ‘ Ўὠ and a standard deviation „

ὛὉϽЎὠ, where Ўὠ 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 each color center [89]. 

The F-tests were performed, and the percentage data were analyzed using the same method as the 

ñnon-ellipsoid method.ò  

 

2.3.8 Color differences in complex images 

The above-mentioned color-difference 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 not provide satisfactory 

results. To deal with this problem, several methods and algorithms were proposed for predicting 

the perceived color difference of images. 

 

2.3.8.1 Color difference formulae with an optimized lightness parameter Ὧ 

One conventional way is using a color-difference formula on a pixel-by-pixel basis, and 

then examining statistics (arithmetic mean in most cases) of the pixel-wise color differences [93]. 

In the technical report prepared by the CIE Technical Committee 8-02, color difference 

evaluation for images [94], recommendations are made to use either CIEDE2000 or CIELAB 

with a lightness parameter of Ὧ ς for color-difference evaluation of complex images. The 

committee compiled a number of research works in this field and summarized those in the 

technical report [94]. The following briefly describes several highlights from the works included 

in this study. 

In 1991, Stokes [95] carried out 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 the judgments made by thirty-two observers. Stokes subsequently derived color difference 

thresholds for formulae CIELAB, CMC, and CIE94 from the average color difference of all 

pixels between two corresponding images [96]. The results revealed a threshold of 

approximately 2 ЎὉᶻ  for a color difference in images being detected. In a similar experiment 

using printed images, Uroz et al. [97] found that the perceptibility thresholds ranged between 1.9 

and 4.4 ЎὉᶻ  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 the 99th percentile color difference between image 

palettes, rather than the arithmetic mean of all pixels. In Song and Luoôs study [98], the results 

showed that the perceptibility and acceptability thresholds were about 2.2 and 4.5 ЎὉᶻ  (mean 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., observers decide 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 data, the authors optimized the parametric factors Ὧ in the 

selected color-difference 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 their original forms with 

Ὧ ρ [96]. 

 

2.3.8.2 S-CIELAB 

Computing color differences on a pixel-by-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 the patterns of the image 

into account, several spatial color-difference metrics have been suggested, the most well-known 

one being S-CIELAB proposed by Zhang and Wandell [99] in 1997. S-CIELAB is an extension 

of the CIELAB color-difference formula with a spatial-filtering preprocessing step that simulates 

the spatial blurring by the human visual system. The following describes the steps in using S-

CIELAB: (1) transforming each pixel (CIE XYZ tristimulus values or LMS cone responsivities) 

in the input images into an opponent color space, AC1C2, consisting of a luminance and two 

chrominance channels; (2) spatially filtering each channel using filters that approximate the 

contrast sensitivity functions (CSF) of the human visual system; (3) transforming the filtered 

opponent channels back into CIE XYZ space; (4) computing the color differences on a pixel-by-

pixel basis using the CIELAB color-difference formula. The color difference between two 
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complex images can then be calculated as the arithmetic mean of the pixel-wise differences 

[100]. The advantage of S-CIELAB over CIELAB, however, is still under debate. While some 

results suggested an explicit advantage of S-CIELAB for analyzing color differences in complex 

images [101], no clear improvements using S-CIELAB were found by other researchers [102]. 

Theoretically, the idea of spatial filtering can be combined with any color-difference formula. 

Johnson and Fairchild [103] described the implementation of the S-CIELAB spatial filtering 

combined with CIEDE2000 for image difference calculations. 

 

2.3.8.3 Mahalanobis 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 comparison using just 

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

follows: 

 ЎὨ Ўὒ Ўὅ ЎὬ

„ „ „
„ „ „
„ „ „

Ўὒ
Ўὅ
ЎὬ

 (2.155) 

 ЎὨ Ўὒ Ўὅ ЎὬ

ὡ ὡ ὡ
ὡ ὡ ὡ
ὡ ὡ ὡ

Ўὒ
Ўὅ
ЎὬ

 (2.156) 

Where „ , „ , and „  are the variance of lightness, chroma, and hue angle, respectively. „  

(„ ), „  („ ), and „  („ ) are the covariance between lightness and chroma, lightness and 

hue angle, and chroma and hue angle, respectively. Ўὒ, Ўὅ, and ЎὬ are, respectively, the 

differences in the lightness, chroma, and hue angle between two images. The superscript ñ-1ò 

indicates the inverse of the matrix.  

Considering that ὡ ὡ , ὡ ὡ , and ὡ ὡ , the equation (2.156) can be 

rewritten as: 

 
ЎὨ ὡ Ўὒ ὡ Ўὅ ὡ ЎὬ ςὡ ЎὒЎὅ ςὡ ЎὒЎὬ

ςὡ ЎὅЎὬ Ⱦ  
(2.157) 
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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, Imai et al. derived the covariance 

matrices for four electronic endoscope images. The results showed a larger element ὡ  than 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 of the images [104].   

 

2.3.8.4 Histogram intersection 

In 2005, Lee et al. [105] suggested the usage of histogram intersection to predict human 

judgment of image similarity. This histogram-based technique is selected for its consideration of 

both spatial and color attributes of the images and its robustness to geometric change of the 

object in the image. Given an image Ὅ, one can obtain a color histogram Ὄ Ὅ with ὲ-bins by 

discretizing the image colors and counting the frequency of pixels that belong to Ὦth bin of the 

histogram. For a pair of images Ὅ (target) and Ὅȭ (reproduction), the histogram intersection is then 

defined as follows: 

 ὌὍ᷊ὌὍȭ ÍÉÎ Ὄ ὍȟὌ Ὅᴂ (2.158) 

where the άὭὲ function 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 and 1, the intersection is 

generally divided by the number of pixels in the histogram, thus defining an image similarity 

ratio ίὍȟὍᴂ: 

 ίὍȟὍ
В ÍÉÎ Ὄ ὍȟὌ Ὅᴂ

В Ὄ Ὅ
 (2.159) 

The more similar the reproduced image is to the target, the closer the image similarity 

ratio ίὍȟὍ  is to 1 [106]. In Lee et al.ôs study, they also examined the effects of color space and 

quantization 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 

better than the other tested spaces (XYZ, RGB, an opponent space, HSV, CIELCh). Besides, the 
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performance generally improved with the number of bins used in the histogram, while it reached 

a plateau when the bin number was 512 (8 per channel) [105]. 

 

2.3.8.5 Just noticeable color difference measure 

Chou and Liu [107] in 2007 proposed 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 color difference (JNCD). To assess the perceptibility of distortion, a model is 

developed in the CIELAB color space to estimate each pixelôs visual tolerance, which is defined 

as the size of the sphere of just-noticeable color difference. The threshold of each color is 

modeled as a function of chroma, background uniformity, and local luminance gradient. The 

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

 ὠὐὔὅὈὐὔὅὈϽ‌‡ Ͻ‍ὉὣȟЎὣϽί ὥȟὦ (2.160) 

where ί ὥȟὦ ρ πȢπτυϽὥ ὦ Ⱦ  (2.161) 

 ‡ „ „ „ Ⱦσ (2.162) 

 ‍ὉὣȟЎὣ ”Ὁὣ Ўὣ ρȢπ (2.163) 

 ”Ὁὣ

ừ
Ừ

ứ
πȢπφȟ Ὢέὶ Ὁὣ φπ

πȢπτȟ Ὢέὶ φπ Ὁὣ ρππ

πȢπρȟ Ὢέὶ ρππὉὣ ρτπ

πȢπσȟ Ὢέὶ ρτπὉὣ ςυυ

 (2.164) 

Where ὐὔὅὈ is the threshold of just noticeable color difference, which has been found to be 

around 2.3 [108]. The ί ὥȟὦ is the chroma weighting function used by the CIE94 and 

CIEDE2000 for considering the variation in the ellipsoid dimension along the chroma axis. 

‌‡  is a scale function that models the increased tolerance of distortion due to the non-

uniformity of the background. Around each target color pixel, the uniformity of the background 

region, ‡ , is defined as the average of variances of three channels over the square area of 

ςὈ ρ ςὈ ρ, where Ὀ is a parameter determining the size of the background area of the 

pixel. ‍ὉὣȟЎὣ is a function that models the texture masking effect resulting from the local 

changes in luminance. The relationship between ‍ὉὣȟЎὣ and the luminance gradient, Ўὣ, is 

empirically found to be approximately linear, at different average background luminance, Ὁὣ 

[107]. 
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Given the visual model estimating the threshold tolerance, the fidelity metric, referred to 

as perceptual CIELAB (P-CIELAB), is then defined as: 

 ЎὖὉ
В Ὠ ὭȟὮ ὠὐὔὅὈὭȟὮ Ͻ‏ ὭȟὮȟȟ

ὡϽὌ
 (2.165) 

where Ὠ ὭȟὮ ȿὼ ὭȟὮ ὼ ὭȟὮȿ (2.166) 

‏  ὭȟὮ
πȟ ὭὪ Ὠ ὭȟὮ ὠὐὔὅὈὭȟὮ

ρȟ ὭὪ Ὠ ὭȟὮ ὠὐὔὅὈὭȟὮ
 (2.167) 

For π Ὥ ὡ, π Ὦ Ὄ, ὤ ὒȟὥȟὦ.  

(ὼ ὭȟὮ, ὼ ὭȟὮ, ὼ ὭȟὮ) and (ὼ ὭȟὮ, ὼ ὭȟὮ, ὼ ὭȟὮ) are the original and distorted 

color pixels at position ὭȟὮ, respectively. ὡ and Ὄ are the image width and height, respectively 

and ‏ ὭȟὮ is an indicator function, which considers only the part of distortion exceeding the 

associated VJND, for the color pixel at position ὭȟὮ of color component, ὤ (ὤ ὒȟὥȟὦ) [107]. 

 

2.3.8.6 Circular processing color difference 

In 2014, Lee and Plataniotis [109] developed a 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 using 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 ╨, with consistent spatial resolution and bit 

depth, the perceived difference is initially measured within two corresponding local patches, ● 

and ◐, to consider distortions in hue, chroma, and achromatic component. It is assumed that each 

local patch contains ὔ pixels, ● ὼȿὭ ρȟȣȟὔ , ◐ ώȿὭ ρȟȣȟὔ . To quantify the hue 

difference between ● and ◐, a hue direction comparison term Ὄ●ȟ◐ is defined as: 

 Ὄ●ȟ◐
ς—Ӷ●ȟϽ—Ӷ◐ȟ ὑ

—Ӷ●ȟ —Ӷ◐ȟ ὑ
 (2.168) 

Where —Ӷ●ȟ and —Ӷ◐ȟ are the circular means of hue values for the central pixels of image patches 

● and ◐. ὑ  is a small positive constant which is aimed to prevent the denominator from being 

zero. Lee and Plataniotis [109] set ὑ σφπϽπȢπρ for hue represented in degrees. The value 
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of Ὄ●ȟ◐ ranges between [0, 1] where 1 indicates equivalence in local hue direction. Similarly, 

the chroma comparison term ὅ●ȟ◐ is defined as: 

 ὅ●ȟ◐
ς‘●ȟϽ‘◐ȟ ὑ

‘●ȟ ‘◐ȟ ὑ
 (2.169) 

Where ‘●ȟ and ‘◐ȟ are, respectively, the arithmetic means of chroma values for the central 

pixels of the corresponding patches and ὑ  is a positive constant for numerical stability [109]. 

For comparison of achromatic component, the SSIM metric [110] is adopted on lightness 

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

 ὃὒ●ȟ◐
ς‘●ȟ‘◐ȟ ὑ

‘●ȟ ‘◐ȟ ὑ
 (2.170) 

 ὃὅ●ȟ◐
ς„●ȟ„◐ȟ ὑ

„●ȟ „◐ȟ ὑ
 (2.171) 

 ὃὛ●ȟ◐
„●◐ȟ ὑ

„●ȟ„◐ȟ ὑ
 (2.172) 

Where „●ȟ, „◐ȟ, and „●◐ȟ are the local standard deviations and cross-correlation between 

lightness channels of patches ● and ◐; ὑ , ὑ , and ὑ  are small constants. Lee and Plataniotis 

[109] used the values of ὑ ρππϽπȢπρ, ὑ ρππϽπȢπσ, and ὑ ὑ Ⱦς.  

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 similarity score, Ὄ╧ȟ╨, 

defined as: 

 Ὄ╧ȟ╨
ρ

Ὤ ύ
Ὄ●ȟȟ◐ȟ  (2.173) 

Where ●ȟ and ◐ȟ are the local patches of two images ╧ and ╨, centered at the pixel location 

ὭȟὮ. Scores for other comparison maps can be computed in a similar manner. From the 

component-specific scores, one can derive two scores representing the degree of similarity in 

chromatic and achromatic components, Ὓ ╧ȟ╨ and Ὓ ╧ȟ╨: 

 Ὓ ╧ȟ╨ Ὄ╧ȟ╨Ͻὅ╧ȟ╨ (2.174) 

 Ὓ ╧ȟ╨ ὃὒ╧ȟ╨Ͻὃὅ╧ȟ╨ϽὃὛ╧ȟ╨ (2.175) 

The final color difference index based on circular hue, ὅὈὍ, is obtained by 

incorporating the chromatic and achromatic similarity scores: 
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 ὅὈὍ╧ȟ╨ ρ Ὓ ╧ȟ╨ ϽὛ ╧ȟ╨  (2.176) 

where ‌ and ‌  are nonnegative parameters adjusting the significance of achromatic and 

chromatic components in overall color difference. In Lee and Plataniotisôs study [109], the 

values of ‌ and ‌  were set to 1. 

 

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 visual system uses texture to identify the 

surface properties, surface orientation, and scenic depth. Medical evaluations routinely rely on 

texture within a medical image to detect and diagnose diseases [111]. Despite its 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, cannot be easily defined in a unified manner [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 and 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 

surface [114]. Texture in image processing is defined as a function of spatial variation of the 

brightness intensity of pixels [115]. In the automotive coating industry, Kirchner et al. [116] 

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 the surface materials 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 impression that textures create to a human 

observer [112]. It should be noted that this thesis only deals with visual texture, and the tactile 

texture is out of the scope of the current study. Haralick [117] 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 approach [112]. Meanwhile, 

Cross and Jain [118] consider texture as a two-dimensional 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 texture by the different 

underlying assumptions about its formation process and usually lead to varying computational 

approaches to texture analysis [112]. 

Considering the degree of spatial homogeneity of a texture image, texture can be divided 

into homogeneous, weakly-homogeneous, and inhomogeneous patterns. Specifically, 

homogeneity here represents statistical stationarity, that is, the values of specific signal statistics 

of each texture region remain identical. The homogeneous texture thus involves ideal repetitive 

structures. Unlike the homogeneous pattern, the weakly-homogeneous and inhomogeneous 

textures display local non-homogeneity to some extent. Weakly-homogeneous 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 an image [112]. This thesis 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 

weakly homogeneous (see Figure 2.18). 

 

  

(a) (b) 

Figure 2.18. (a) A scanned image of a knitted fabric; (b) a magnified image of multiple pellets 

captured by a Datacolor SpectraVision spectrophotometer. 

 



   

69 

 

2.4.1 Texture 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 termed as preattentive texture 

discrimination [119]. For instance, Figure 2.19 shows a synthetic image composed of three 

texture regions, in which the left region of X-shaped elements and the right region of T-shaped 

elements are on a background formed by L-shaped figures. Observers can easily detect the left 

region of X from the background while the detection of the right region often requires effortful 

scrutiny of each individual element [120].  

 

 

Figure 2.19. A synthetic image used in preattentive texture discrimination experiments [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]ï[122]. They empirically 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 conjecture and texton 

theory [112]. Julesz conjecture states that textures with identical second-order statistics are not 
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preattentively distinguishable [123]. This conjecture was based on Juleszôs early efforts centered 

on image statistics. They suggested that differences in ὲ-gon statistic or ὲth order joint 

probability distribution might be important for texture pairs to segregate. The ὲ-gon statistic of 

an image can be determined by randomly throwing ὲgons with all possible shapes on the image 

and is calculated as the probability that their ὲ vertices fall on certain color combinations. In 

1978, however, several iso-second-order texture classes were found that yield strong 

discrimination [121], thus proving the conjecture to be false. While those counterexamples were 

discovered [122], the conjecture suggested an important idea that texture might be characterized 

with a set of low-order statistics [112]. Having observed 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 fundamental micro-structures that 

are considered as the atoms of preattentive human visual perception. The textons include 

elongated blobs, bars, crosses, and terminators, etc. [121].  

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

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

The appearance of texture depends on the viewpoint, illumination, and the scale at which the 

texture is observed [124]. For instance, Figure 2.20 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 and texture. 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) at fine-scale observation [124]. 

The BRDF was defined by Nicodemus [125] in 1970 as the ratio of the scattered surface radiance 

to the incident surface irradiance. The BTF, which was proposed by Dana et al. [124], is 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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Figure 2.20. Surface texture illuminated under different lighting directions [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 sensitivity function (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 visual 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 sensitivity plotted 

as a function of the target spatial frequency yields the CSF (see Figure 2.21) [127]. The CSF 

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. Therefore, the image might require greater 

contrast to retain the same visibility to that at a closer distance [128]. The difficulty in detecting a 

high-frequency pattern is possibly due to the eyeôs optics and to spatial limitations in the retinal 

mosaic of eye receptors [129].  
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Figure 2.21. The dotted line represents a typical contrast sensitivity function [130]. 

 

The CSF is typically measured for the psychophysically defined cardinal directions: 

luminance, red-green, and blue-yellow channels [131]. Figure 2.22 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 band-pass nature with a peak sensitivity at around 6 

cycles/degree and falling off at lower and higher spatial frequencies [131]. Meanwhile, both red-

green and blue-yellow CSFs show similar low-pass characteristics with little attenuation of 

sensitivity at low spatial frequencies [132]. Moreover, the CSF for the blue-yellow channel 

declines at much lower spatial frequencies compared to that of the red-green direction. This 

could be due to the sparser retinal distribution of S-cones [133]. 
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Figure 2.22. Schematic diagram of luminance and chromatic contrast sensitivity functions 

for the human visual system [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 play a role [134]. To take the dependence into account, Barten [134] proposed a 

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 the CSF dependence 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 frequencies [134]. Apart from the above-mentioned 

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

luminance-modulated grating was presented on a chromatic background [131]. In 2006, 

Westland et al. [129] proposed an empirical formula of luminance CSF that took the chromatic 

effect of background into account. The formula was derived using Bartenôs CSF as the starting 

point and is expressed as follows: 

 ὅὛὊὪ ὥὪὩ ρ ὧὩ Ȣ (2.177) 

where ὥ ρπππὴρ
πȢχ

ὒ

Ȣ

Ⱦρ ρςρ ὪȾσ Ⱦύ  (2.178) 

 ὦ πȢςρψφρ
ρππ

ὒ

Ȣ

 (2.179) 
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 ὧ πȢρτστ (2.180) 

 ὴ πȢφστωρ ρπȢυρπςὨ (2.181) 

Where Ὢ is the spatial frequency of the stimuli in cycles/degree, ὒ is the mean luminance of the 

stimulus in cd/m2, ύ is the stimulus size in degrees of visual angle, and Ὠ is the Euclidean 

distance between the white point and the chromatic background in the όéὺé diagram [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 external object [135]. To 

quantify the resolution characteristic of the human eye, one can determine the modulation 

transfer function (MTF) by 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. 

Figure 2.23 shows the typical MTF of the human eye and it can be modeled using the following 

equation: 

 Ὄ‫ ὃ‌
‫

‫
ÅØÐ 

‫

‫
 (2.182) 

Where is the frequency in cycles/degree. The constants in the equation are found to be: ὃ ‫

ςȢυ, ‌ πȢπρως, ‫ ψȢχχς, and ‍ ρȢρ [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.  

 

 

Figure 2.23. Modulation transfer function of eye [136]. 
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2.4.2 Texture 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 

quantitatively characterize the texture content and provide measures of different properties such 

as smoothness, coarseness, graininess, and regularity. Texture descriptors are traditionally 

classified into three categories: statistical, structural, and spectral approaches [137]. 

Statistical methods are used to process texture in images by deriving feature vectors from 

statistical computations on the lightness intensity distribution functions of pixels. Depending on 

whether the spatial relationship is considered or not, the statistical indicators can be divided into 

the first-, second-, and higher-level features. The first-level statistical indicators are directly 

computed from the gray levels of the pixels without considering the interaction between pixels. 

Typically, the first-level indexes are derived based on the statistical moments of the image 

intensity histogram. On the other hand, the second and higher-level characteristics are calculated 

considering the dependence of two or more pixels of the image. The co-occurrence matrix is 

known as a second-level feature [138], meanwhile, the local binary pattern is considered as a 

higher-order 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 region, or a line-like 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 suitable for images 

with regular textures, they are not optimal for textures with irregular structures [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 which the high-energy, narrow peaks 

identify the global texture patterns. Gabor filtering is another spectral-based method that operates 

in both spatial and frequency domains and shows outstanding performance in distinguishing the 

textures with certain orientations and frequencies. 
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2.4.2.1 Intensity histogram-based approaches 

One of the simplest statistical indicators for describing texture is the statistical moments 

of the intensity histogram of an image or region [137]. The image histogram is a two-

dimensional representation of the amount of lightness and darkness in an image [138]. The shape 

of the histogram can be quantitively measured by its moments, which yield the information 

related to the textureôs smoothness, coarseness, etc. The ὲth moment, ‘ ᾀ, around the mean is 

calculated as follows:  

 ‘ ᾀ ᾀ ά ὴᾀ  (2.183) 

 ά ᾀὴᾀ  (2.184) 

Where ᾀ is the random variable denoting the intensity level, ὴᾀȟὭ πȟρȟςȟȢȢȢȟὒ ρȟ is the 

corresponding histogram, and ὒ represents the number of distinct intensity level in the image. 

The second moment, namely the variance („ ‘ ᾀ), 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 (‘ ᾀ) and the fourth 

moments (‘ ᾀ), respectively, measure the skewness and the relative flatness of the histogram. 

Some additional histogram-based measures can provide further information about the texture 

content, including a measure of ñuniformityò (Ὗᾀ) which is given by: 

 Ὗᾀ ὴ ᾀ  (2.185) 

The other one is a measure of average entropy (Ὡᾀ) that describes variability. The entropy 

measure is defined as: 

 Ὡᾀ ὴᾀ ÌÏÇὴᾀ  (2.186) 
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2.4.2.2 Gray level co-occurrence matrix 

Gray level co-occurrence matrix (GLCM) is a second-level statistical operator that was 

introduced by Haralick [139] in the seventies. It is a measure that not only considers the 

distribution of intensities but also the spatial relationships between the pixels in an image.  

For an image Ὢ with ὒ possible intensity levels, an ὒ ὒ matrix denoted as ╖ can be 

created whose element Ὣ  is the number of occurrences that pixel pairs with intensities ᾀ and ᾀ 

(ρ Ὥ, Ὦ ὒ) appear in Ὢ in a position specified by ὗ. ὗ is an operator that defines the position 

of two pixels relative to each other [137]. For instance, it can be defined as ña displacement of 1 

pixel in the direction of 0Áò. Typically, it defines the matrix for four main directions: 0Á, 45Á, 

90°, and 135° [138]. The matrix ╖ formed in this manner is referred to as a gray-level co-

occurrence matrix. After the formation of the co-occurrence matrix, one can estimate the 

probability that a pair of pixels with the intensities (ᾀ, ᾀ) will satisfy ὗ. The probability ὴ  is 

calculated as follows: 

 ὴ ὫȾὲ (2.187) 

Where ὲ is the total number of pixel pairs that satisfy ὗ and 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: 

 -ÁØÉÍÕÍ ÐÒÏÂÁÂÉÌÉÔÙÍÁØ
ȟ
ὴ  (2.188) 

 #ÏÒÒÅÌÁÔÉÏÎ
Ὥ ά Ὦ ά ὴ

„„
 (2.189) 

 #ÏÎÔÒÁÓÔὭ Ὦὴ  (2.190) 

 5ÎÉÆÏÒÍÉÔÙ ÏÒ ÅÎÅÒÇÙ ὴ  (2.191) 

 (ÏÍÏÇÅÎÅÉÔÙ
ὴ

ρ ȿὭ Ὦȿ
 (2.192) 
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 %ÎÔÒÏÐÙ ὴ ÌÏÇὴ  (2.193) 

Where ὑ is the row or column dimension of a square matrix ╖. ά  and ά  are in the form of 

means computed along rows and columns of the normalized ╖, respectively. Similarly, „ and „ 

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

 

2.4.2.3 Local 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 

implementation, computational efficiency, and ability to extract proper features with high 

classification accuracy [138]. Ojala et al. [140] first introduced the LBP operator for rotation 

invariant texture classification. It has also been adapted for many other applications, including 

face recognition [141], dynamic texture recognition [142], etc.  

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

those of its neighboring pixels: 

 ὒὄὖȟ ίὫ Ὣ ς (2.194) 

 ίὼ
ρȟ ὼ π
πȟ ὼ π

 (2.195) 

Where Ὣ represents the gray value of the central pixel, Ὣ represents the value of its ὴ-th 

neighbor, ὖ is the total number of the involved neighboring pixels, and Ὑ is 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 coordinate of Ὣ is πȟπ, then the coordinates of Ὣ are 

ὙÃÏÓς“ὴȾὖȟὙÓÉÎς“ὴȾὖ . The gray values of neighbors whose coordinates are not in the 

image grids can be estimated through interpolation [143].  

After the LBP code of each pixel is identified, the uniformity denoted as Ὗ can be 

determined, which represents the number of spatial transitions occurring between 0 and 1 in that 

pattern: 
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Ὗὒὄὖȟ ȿίὫ Ὣ ίὫ Ὣ ȿ

ȿίὫ Ὣ ίὫ Ὣ ȿ 
(2.196) 

The uniform LBP patterns refer to those with limited transition Ὗ Ὗ  in the circular binary 

presentation, while the patterns with the number of mutations greater than Ὗ  are defined as 

heterogeneous patterns. Ὗ  is generally considered to be ὖȾς [138].  

A local rotation-invariant pattern can then be defined as: 

 ὒὄὖȟ
ίὫ Ὣ ȟ ὭὪ Ὗὒὄὖȟ Ὗ 

ὖ ρȟ έὸὬὩὶύὭίὩ

 (2.197) 

The above equation assigns the labels 0-ὖ to homogeneous neighbors, while the label ὖ ρ 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 features [144].  

 

2.4.2.4 Gabor 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 wavelets, with each wavelet capturing 

energy at a specific orientation and at a specific frequency [145]. 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 even-symmetric Gabor filter is given as follows: 

 Ὣὼȟώ ÅØÐ 
ρ

ς

ὼ

„

ώ

„
ÃÏÓς“όὼ ‰  (2.198) 

Where „ and „, respectively, define the Gaussian envelop along ὼ and ώ directions, ό denotes 

the radial frequency, and ‰ is 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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 Ὢ
ρ

ὓ
ȿὍz Ὣ ȿ (2.199) 

Where ὓ represents the pixel size of the image, Ὅ denotes the image pixel values, Ὣ  is a Gabor 

filter, and z  represents the convolution operator [145].  

 

2.4.3 Texture 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 texture on color difference assessments, 

the effects of texture on color attributes, the relationship between texture descriptors and colors, 

and the influence of texture on color measurements [146].  

 

2.4.3.1 Influence of texture on color difference assessments 

Kuehni and Marcus [147] were the 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 Berns [148] conducted a psychophysical experiment on a CRT 

monitor to study the texture effects on suprathreshold lightness tolerances. Adopting a pass/fail 

method of constant stimuli, the lightness tolerance thresholds were determined for three types of 

achromatic stimuli: the uniform, half-texture, and full-texture 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 from 10 to 90 ὒ*. 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 sensitivity when viewing the textured samples. 

Huertas et al. [1] in 2005 ran an experiment in which they analyzed the influences of the 

simulated random-dot 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 the five 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 random-dot textures were found to increase the 

tolerances on lightness, chroma, and hue. Although the simulated textures mainly 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 CIDE2000 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 

recommended values (Ὧ= ςȟ Ὧ = Ὧ  = 1), may not be sufficient for all the textures available in 

industrial applications. 

Han et al. [149] used fine and coarse simulated textures to evaluate color differences for 

automobile coatings. Contrary to Montag and Bernsô findings, the results showed that the texture 

effects are insignificant for the samples having the same degree of coarseness, while the texture 

indeed increases the visual difference by 200% when there is a coarseness difference in the 

sample pairs.  

Kandi et al. [145] investigated the 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 color group. 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. Additionally, the statistical tests suggested a 

dependence of texture effect on the color center of the samples. 

In 2010, Kandi and Tehran [150] used the knitted polyester fabrics with eight different 

textures to assess the influence of texture on the performance of color-difference formulae. In the 

experiment, a set of sample pairs with different texture structures was visually assessed by the 

observers. 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 performance of the color difference 

formulae. 

More recently, Chae and Hwang [151] studied the differences 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 be 5.68 ЎὉ ȟ
ᶻ  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. 

 

2.4.3.2 Texture effects on color attributes 

Some researchers focused on investigating the contribution of surface texture to color 

attributes. An early effort was conducted by Oulton et al. [152] who sought to 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 showed different characteristics from tufts, as its chroma was 

always lower than that of the winding. Another study explored the relationship between the color 

appearance of square-wave bars and their spatial pattern [153]. The results revealed the 

dependence of color appearance on spatial patterns. 

In 2003, Simonot and Elias [154] investigated the 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 modification 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 the same degree of 

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] studied the effect of texture on the pass/fail color tolerance for the 

colored injection-molded 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 studied how 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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2.4.3.3 Relationship between texture descriptors and colors 

Xin et al. [157] studied the 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 

texture coarseness, referred to as ñtexture strengthò, that was calculated as the half-width of 

histogram in the luminance scale. The results revealed a high correlation between the texture 

strength and the perceived color difference for the textured color 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 color-difference equation to model the parametric effect of texture. Contrary 

to Xin et al.ôs findings, an inconsistent correlation between the texture strength and the visual 

color differences was reported in Chae and Hwangôs study [151]. Their results indicated that the 

texture strength may not be the only texture feature that influences the human color perception.  

In Kandi et al.ôs study [145], the authors defined a term based on the Gabor filter, which 

was denoted as ñGabor texture differenceò (GTD). A good correlation was found between the 

perceived color differences and GTD, although the correlation also depended on the color 

coordinates of the samples. Moreover, Kitaguchi et al. [158] found a good correlation between 

visual results and features extracted from the co-occurrence and gray level difference at 

particular distance values. Gebejes et al [159] examined 22 different features computed from the 

gray level co-occurrence matrix, among which five features were considered the most 

perceptually important for describing and characterizing the examined textures. 

In a recent study, Ghodrati et al. [160] compared the performances of four texture 

characterization methods, including gray level co-occurrence matrix (GLCM), distance-

dependent edge frequency (DDEF), fractal dimension (FD), and histogram skewness (SK), on 

predicting the coarseness of polishing sandpapers. Each 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 surface coarseness, while all the methods worked similarly well in predicting the 

visual coarseness. At medium coarseness level, ñperfect correlationsò were found between 

GLCM, FD, and SK at both visual and actual coarseness, while only SK and DDEF provided 

ñacceptableò prediction in the visual and actual coarseness, respectively, at low coarseness level. 
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Apart from the foregoing imaging-based texture descriptors, Bae et al. [161] 

characterized the fabric texture using the Kawabata Evaluation System for Fabric (KES-F) and 

calculated various fabric texture features from the measurements. The results showed that the 

instrumentally measured texture characteristics were highly correlated with visual texture 

estimation of the woven fabrics. 

 

2.4.3.4 Influence of texture on color measurements 

Shao and Xin [162] explored the 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 color difference of the textured samples measured by a spectrophotometer performed under 

de:8° geometry. In another study, Arino et al. [155] examined the 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, Kandi [163] investigated the influence of spectrophotometer geometry (di:8° 

and 45°:0°) 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 a maximum value of up to 3 units. The most differences between the measured 

values were in lightness values, as the di:8° geometry generally yielded higher ὒ* values.  

Another study was conducted by Luo et al. [146] 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 chromaticity coordinates are also constant in the CIEXYZ space. 

 

2.4.4 Synthesis of knitted textured images 

2.4.4.1 Algorithm 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. With the recovered geometrical 
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information, a new texture image with relatively high color fidelity can be synthesized if a target 

solid color is given [164]. 

Different from the statistical-based models, the dichromatic reflection model is a physical 

model of reflection, which states that two distinct types of reflection occur when light interacts 

with an object. One is the specular reflection that arises from the differences of the mediumôs 

refractive index. The other type is named body (bulk) reflection, which is produced by the light 

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

absorption and scattering by the colorants, and is eventually re-emitted through the entered 

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

independent parts: one is wavelength composition, denoted as Ὑ  or Ὑ, which is a relative 

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

The other is magnitude, referred to as ά  or ά . The magnitude is a geometric scale factor 

which depends only on geometry but is independent of wavelength [16]. The subscripts ὦ and ί 

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

based rendering algorithm (DICH) was established: 

 ╤ ‌╤ ‍╤  (2.200) 

where 

 ‌
ά

ά
 (2.201) 

 ‍
ά ά ά ά

ά
 (2.202) 
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ρ

ὔ
ά  (2.203) 
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ρ

ὔ
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╤  is the 3 1 color vector of source image at pixel ὴ; ╤  and ╤ are the 3 1 vectors of surface 

reflection color and mean color of the image, respectively; ά  and ά  are, respectively, the 

geometric factors of the body and the surface reflection at pixel ὴ; ά  and ά  are, respectively, 

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

pixels of the texture image.  
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Since the above equation is over-determined, the geometrical coefficient pair (‌ , ‍ ) for 

each pixel can be solved using the least squares method. As the coefficient pair (‌ , ‍ ) defines 

the geometrical property of the pixel ὴ, the color of the corresponding pixel ὴ for a synthesized 

image can be determined from a target solid color ╥ as: 

 ╥ ȟ ‌╥ ‍╤  (2.205) 

Where ╥ ȟ and ╥ are the 3 1 color vectors of pixel ὴ and mean color of the rendered image, 

respectively. 

 

2.4.4.2 Color-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 texture images [165]. 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 response ό  of channel ὲ at pixel 

ὴ is given as follows: 

 ό ὰ᷿‗ὶ‗ȟὴί ‗Ὠ‗         ὲ ρȟςȟσ (2.206) 

Where ‗ represents wavelength, ὰ‗ denotes the spectral power distribution of the illumination, 

ί ‗ is the spectral sensitivity of channel ὲ, and ὶ‗ȟὴ is the spectral reflectance of object at 

position ὴ. Let ό be defined as the mean value of channel ὲ, the pixel deviation ‏ό  is then 

calculated as the following: 

ό‏  ό ό (2.207) 

The equation can also be written in the vector form as: 

╤‏  ╤ ╤ (2.208) 

where ╤  is a σ ρ vector representing the channel responses of the source image at pixel ὴ, 

and ╤ denotes the mean values of three channels for the source image. 

In the RGB color space, the new color at pixel ὴ is defined as follows: 

 ╥ ȟ ╥ Ὢ╥ ╤‏  (2.209) 

where ╥ ȟ refers to a σ ρ color vector representing the RGB signals of the reproduced 

image at pixel ὴ, and ╥ represents a σ ρ vector of the desired target color. The function ὪϽ is 

defined on each pixel position and performs linear interpolation between όȟόȟό  and 
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ό. The function ὪϽ is given in Equation (2.210), in which ό‏όȟ‏όȟ‏ ό ό  is 

assumed and plotted in Figure 2.24 for better visualization. 

 Ὢὼ

ừ
Ử
Ử
Ừ

Ử
Ử
ứ

όȟ‏ π ὼ ό

ό‏ ό‏

ό ό
ὼ ό όȟ‏ ό ὼ ό

ό‏ ό‏

ό ό
ὼ ό όȟ‏ ό ὼ ό

όȟ‏ ό ὼ ςυυ

 (2.210) 

 

 

Figure 2.24. Function ὪϽ for the CCM model based on RGB color space [106]. 

 

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 color ╥ ȟ of pixel ὴ in LCH space is then calculated as follows: 

 ╥ ȟ ὒȟὅӶȟὬ ὒȟὅȟὬ ὒȟὅӶȟὬ  (2.211) 

where ὒȟὅӶȟὬ  is the desired target color in the CIELCH space, ὒȟὅȟὬ  is the color of 

pixel ὴ in the source image, and ὒȟὅӶȟὬ  is the mean color of the source image, with superscript 

Ὕ representing 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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2.4.4.3 Adjustment of texture strength 

Shen and Xin investigated the effect of texture strength adjustment on the color fidelity of 

the computational models. The results indicated that the performances of the tested algorithms, 

including CCM-RGB, CCM-LCH, CCM-ὰ‌‍, and DICH, were greatly improved when the 

adjustment of texture strength was applied [106]. To better understand 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 Shen and Xinôs study, the texture strength, which is 

defined as the standard deviation of the texture image, is related to the mean colors of the texture 

images [164]. Assuming that the standard deviations of the target image is known, the texture 

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

 ὺ
ȟ
ὺӶ ὺ ὺӶ         ὲ  R, G, B (2.212) 

Where „  and „  denote the standard deviations of the ὲôth channel of the simulated and target 

images, respectively. ὺӶ is referred to as the ὲôth channel response of the target solid color, and 

ὺ
ȟ

 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 value of „  is usually unknown. 

Thus, a polynomial curve fitting technique is used to approximately derive „  from the target 

color, ὺӶ. For single-colored images with a similar texture pattern, the relationship between 

standard deviation and the mean color can be fitted by a 2nd-order polynomial equation [164]. 

Figure 2.25 shows 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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Figure 2.25. Typical relationship between standard deviation and mean color of green channel 

[164]. 
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CHAPTER 3 ASSESSMENTS OF INSTRUMENTAL PERFORMANCE 

3.1 Introduction  

Liquid crystal displays (LCDs) and cathode ray tube displays (CRTs) have been widely 

utilized in visual research for decades, in part due to their flexibility and ease of creating the 

required visual stimuli. However, the precision and accuracy requirements of visual 

psychophysical studies necessitate 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 and displayed on the monitors as accurately as possible. 

To achieve that goal, the process examined in this study was separated into three parts: a 

performance evaluation of a Datacolor Spectravision (DCSV) spectrophotometer, an 

examination of a GTI Graphiclite viewing station, and an assessment of the LCD monitor 

employed for testing. The DCSV, GTI light booth, and LCD monitor, respectively, constitute the 

key roles of image acquisition and color measurement, the light source illuminating the physical 

samples, and the output device for viewing the reproduced images. A preliminary evaluation was 

thus conducted to ensure a reasonably good level of performance of the devices involved. 

 

3.2 Performance evaluation of the Datacolor Spectravision 

The first part of the experiment involves the use of an imaging-based 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 provide D65 illumination. The 

camera is capable of producing an image size of 821 × 821 pixels with a resolution of roughly 

918.65 pixels per inch. In addition, the sample is illuminated 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 geometry [166]. For each sample, the DCSV requires approximately 35 seconds to 

obtain the image of the measured area and record 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 

calculated by considering only the pixels belonging to the selected region. The DCSV was used 

to capture the images and measure the colorimetric values of the samples of interest. 
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The purpose of the study is to assess the repeatability and inter-model agreement of the 

DCSV spectrophotometer by following the guidelines specified in the ASTM E2214-20 

Standard Practice for Specifying and Verifying the Performance of Color-Measuring 

Instruments [167]. The study aims to specify 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 provided results based on the DCSVôs measurements. 

 

3.2.1 Experimental 

3.2.1.1 Analysis of repeatability 

Repeatability, as described in the ASTM E2214-20 [167], is typically the most essential 

characteristic of a color-measuring 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 the tested period, the time during which the readings are 

taken is qualitatively categorized as ñshortò, ñmediumò, or ñlongò, thereby offering clear 

milestones in the temporal stability of the readings. The standard practice specifies a number of 

univariate and multivariate approaches for analyzing repeatability. Multivariate metrics used in 

the study include ЎὙȟ  (at 440, 560, and 650 nm), Ўὢ , Ўὣ , Ўὤ , Ўὒᶻ , Ўὥᶻ , and Ўὦᶻ . 

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 

components. Besides twice the standard deviations, ×„  computed as the sum of the variances 

of tristimulus values was employed, as well as ὠ  and ὠ  calculated as the volume of an 

ellipsoid quantifying the distribution of the color difference data in a specific color space [168]. 

For the univariate methods, the applied metrics included Mean Color Difference from the Mean 

(MCDM) based on several color-difference equations (ЎὉᶻ , ЎὉ , and ЎὉ ), the average root 

mean square error of reflectance from the mean value (ὙὓὛ), and weighted ὙὓὛ (ύὙὓὛ). In 

particular, the spectral reflectance was weighted on a wavelength-by-wavelength basis by 

multiplying ύ , calculated as the sum of standard observer functions, ύ ὼӶώ ᾀӶ. 

Following the standard practice, the repeatability of DCSV was assessed by measuring a 

white glossy BCRA ceramic tile (Datacolor, Serial No. 983) and the white diffuse Spectralon® 

plaque (see Figure 3.1). For short-term repeatability, 30 readings per sample were taken 
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consecutively without moving or replacing the sample between measurements. Medium-term 

measurements were conducted by obtaining 30 readings of each sample per day for three 

consecutive days. The long-term repeatability that necessitates measurements spanning at least 

four weeks is beyond the scope of this research. All the measurements were conducted 

immediately after the DCSV was calibrated. The instrument was set up in the specular 

component included (SCI) and UV excluded (UVE) mode. 

 

 

Figure 3.1. The white BCRA ceramic tile (left) and the white Spectralon® plaque (right). 

 

3.2.1.2 Analysis of inter-model agreement 

The inter-model agreement describes how close the measurement results from two or 

more instruments with different designs are to each other. In the current study, the inter-model 

reproducibility was evaluated by comparing the readings obtained from the hyperspectral DCSV 

system against those measured using a conventional Datacolor 850 (DC850) spectrophotometer. 

Two sets of samples were quantified, including 12 glossy BCRA ceramic tiles (Datacolor, Serial 

No. 983, see Figure 3.2), and color patches from an X-rite Digital ColorChecker® SG (CCSG). 

The CCSG, as shown in Figure 3.3, consists of 140 specimens with no glossy patches. For each 

BCRA and CCSG sample, the spectral and colorimetric data were determined within a 

rectangular region covering roughly 325  325 pixels using the Datacolor Tools SV 2.5 

software. The area of the considered region approaches the measured area corresponding to a 

small area view (SAV, 9 mm 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 the analysis of reproducibility. The average of three measurements with 

sample replacement was used to compare against the values measured by the DCSV. The 

instrumental settings for both spectrophotometric measurements are listed in Table 3.1. 

 

 

Figure 3.2. 12 glossy BCRA ceramic tiles. 

 

 

Figure 3.3. X-rite Digital ColorChecker® SG (CCSG). 
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Table 3.1. Instrumental settings for the spectrophotometric measurements. 

Instrument Specular setting Area view 
UV 

component 

Reading per 

sample 

DCSV 

Specular included 

& excluded 

(SCI & SCE) 

Square  

25 mm illuminated/ 22.7 

mm measured 

0% UV 3 

DC850 

Specular included 

& excluded 

(SCI & SCE) 

SAV  

9 mm illuminated/ 5 mm 

measured 

0% UV 3 

 

The ASTM E2214-20 specifies a variety of multivariate methods for assessing inter-

model reproducibility. Among those methods, Hotellingôs Ὕ  metric is recommended for 

describing the acceptance volume of an instrument in terms of colorimetric differences (Ўὒᶻ, 

Ўὥᶻ, Ўὦᶻ). The calculated Ὕ  value can be tested for significance with a given significance level 

‌. In the study, the comparison of instruments was considered significant at the 5% level. The 

E2214 standard also includes the inter-comparison test, which is developed from error 

propagation and the Chi-squared distribution. The inter-comparison test allows interval estimates 

of the component differences (Ўὒᶻ, Ўὥᶻ, Ўὦᶻ, Ўὅᶻ, ЎὌᶻ), as well as those of the total color 

difference ЎὉᶻ. If ЎὉᶻ exceeds the critical value ὸЎ , the difference between instruments is 

considered significant [169]. Besides the multivariate methods, some univariate metrics such as 

total color difference ɝὉ  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 10 nm. Standard 

illumination D65 and 1931 standard observer were applied to compute the colorimetric data. 

 

3.2.2 Results 

3.2.2.1 Analysis of repeatability 

The statistics describing the repeatability of the tested DCSV are shown in Table 3.2. The 

results demonstrate that the DCSV has high levels of repeatability for both the short- and 

medium-term measurements. To test if any drift had occurred, the component color differences 

were calculated by comparing the first reading and each successive measurement. Figure 3.4. 
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shows the color differences in terms of Ўὒᶻ, Ўὥᶻ, and Ўὦᶻ based on 30 readings collected during 

the short-term experiment, which reveal no obvious drift in the results.  

 

Table 3.2. Results of multivariate and univariate metrics describing the short- and medium-term 

repeatability of DCSV. 

Repeatability Short-term Medium-term 

Sample BCRA tile Spectralon® plaque BCRA tile Spectralon® plaque 

Multivariate 

ЎὙ ȟ  0.078 0.032 0.076 0.051 

ЎὙ ȟ  0.034 0.034 0.078 0.036 

ЎὙ ȟ  0.069 0.041 0.070 0.063 

Ўὢ  0.032 0.021 0.051 0.023 

Ўὣ  0.052 0.044 0.095 0.055 

Ўὤ  0.085 0.028 0.078 0.057 

Ўὒᶻ  0.022 0.020 0.040 0.023 

Ўὥᶻ  0.045 0.053 0.081 0.070 

Ўὦᶻ  0.045 0.042 0.053 0.066 

×„  0.003 0.001 0.004 0.002 

ὠ ρπ 2.208 0.518 2.953 1.185 

ὠ ρπ 0.887 0.379 1.492 0.622 

Univariate 

ЎὉᶻ  0.028 0.030 0.048 0.044 

ЎὉᶻ 0.026 0.030 0.045 0.044 

ЎὉ  0.031 0.038 0.057 0.055 

ὙὓὛ 0.044 0.051 0.058 0.060 

ύὙὓὛ 0.124 0.124 0.186 0.174 

Note: the differences in tristimulus values and the component color differences represent the 

differences from the mean measurement results. 
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Figure 3.4. Colorimetric coordinates Ўὒᶻ, Ўὥᶻ, and Ўὦᶻ vs. readings number for the DCSV. The 

30 consecutive short-term measurements are considered. 

 

3.2.2.2 Analysis of inter-model agreement 

The inter-model reproducibility was evaluated statistically as well as graphically. Table 

3.3 and Table 3.4 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 averaged over the 

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 plots (see Figure 3.5 

and Figure 3.6). 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 scaled by a specific 

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 BCRA tiles than the 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 (avg. ɝὉ : 0.252; range: 

[0.042, 0.592]) and RMSE values (mean: 0.288%; range: [0.037%, 0.894%]) when measured in 

the SCI mode, whereas their mean color difference and RMSE value reached 0.573 and 0.471%, 

respectively, when measured in the SCE mode. As indicated by the mean component differences, 
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these discrepancies for the CCSG patches tend to be mainly due to the variations in ὦᶻ. From the 

figures, it can be inferred that the ὒᶻ values 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 generally yielded higher ὦᶻ for the CCSG samples than the DC850 when operating in the 

SCI mode. For the results obtained in the SCE mode, however, the ὥᶻ and ὦᶻ values measured by 

the DCSV differed from those recorded by the DC850 in the radial direction, resulting in larger 

ὅᶻ  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. 

 

Table 3.3. Color differences and RMSE values obtained between the imaging-based unit DCSV 

and the DC850 spectrophotometer operated in the SCI mode. 

Samples ɝὉ  |Ўὒᶻȿ |Ўὥᶻ| |Ўὦᶻ| 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, 

0.201) 

(0, 

0.180) 

(0, 

0.220) 

(0.020, 

0.180) 

(0.068, 

0.226) 

    90th 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 

    Range 
(0.042, 

0.592) 

(0, 

0.323) 

(0.003, 

0.637) 
(0, 0.587) 

(0.037, 

0.894) 

    90th percentile 0.480 0.157 0.278 0.477 0.655 
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Table 3.4. Color differences and RMSE values obtained between the imaging-based unit DCSV 

and the DC850 spectrophotometer operated in the SCE mode. 

Samples ɝὉ  |Ўὒᶻȿ |Ўὥᶻ| |Ўὦᶻ| 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, 

0.724) 

(0.090, 

0.340) 

(0.010, 

0.300) 

(0.030, 

0.760) 

(0.076, 

0.429) 

    90th 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 

    Range 
(0.147, 

1.463) 
(0, 1.940) 

(0.003, 

1.193) 

(0.017, 

1.697) 

(0.199, 

0.929) 

    90th percentile 0.910 1.161 0.723 0.964 0.727 
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(a)  (b) 

 
 

(c) (d) 

Figure 3.5. Vector plots for the 12 glossy ceramic BCRA tiles measured in the SCI (a and b) and 

SCE modes (c and d). 
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(a)  (b) 

 
 

(c) (d) 

Figure 3.6. Vector plots for the CCSG with 140 patches measured in the SCI (a and b) and SCE 

modes (c and d). 

 

Following the E2214 standard, Table 3.5 provides a summary of the results of the 

multivariate analysis of variance (MANOVA) based on Hotellingôs Ὕ  statistic. Likewise, Table 

3.6 lists the results of the inter-comparison test. The results of MANOVA indicate that there are 

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

confidence level (ὴ  .001). The same conclusion is drawn from the inter-comparison test, as the 

average color difference ɝὉᶻ  exceeds the critical value ὸЎ . 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 Rich [169] 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 Perales et al. [170]. 

Overall, it is reasonable to conclude that the hyperspectral DCSV system and the DC850 

spectrophotometer demonstrate a high level of inter-instrument agreement, especially when they 

operate in the SCI mode. 

 

Table 3.5. Multivariate analysis of variance (MANOVA) between the imaging-based unit DCSV 

and the DC850 spectrophotometer. 

Effect 

Hotellingôs 

multivariate tests of 

significance, Value 

Sigma-restricted 

parameterization, Ὂ 

Degrees of 

freedom, ὨὪ 
ὖ-value 

12 glossy BCRA tiles (measured 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 

 

Table 3.6. Multivariate inter-comparison test between the imaging-based unit DCSV and the 

DC850 spectrophotometer. 

Measurement mode SCI SCE 

12 glossy BCRA tiles   

    ὸЎ  0.035 0.069 

    ɝὉᶻ  0.170 0.433 

140 CCSG patches   

    ὸЎ  0.036 0.051 

    ɝὉᶻ  0.339 0.863 
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3.3 Examination 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 geometry as that of an LCD monitor. 

The light source that was used to illuminate the physical samples was housed in a GTI 

graphiclite (model-PDV-3eD/x/65) professional desktop viewer, which allows soft-proofing 

applications and product inspection in a controlled lighting environment. 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 the uniformity 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. The color of the interior surfaces of the viewing station 

was a Munsell neutral gray N7 as specified in the ASTM D1729-22 standard [171]. Given its 

compliance with the ASTM D1729 standard (ASTM International, 2022), the light booth is used 

in the textile industry to evaluate textiles and apparel according to AATCC EP 9 [172] as well as 

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

 

3.3.1 Experimental 

Before using the GTI light booth to illuminate the physical samples, several preliminary 

tests were conducted to determine its spectral power distribution (SPD), correlated color 

temperature (CCT), warm-up time, and spatial uniformity. The measurements of the light source 

were performed with a Photo Research Spectrascan PR-670 spectroradiometer in a completely 

dark room. The PR-670 was installed on a tripod and maintained at a horizontal distance of 70 

cm from the center of the viewing station. Each spectroradiometric 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 source was determined by measuring a PTFE diffuse reflectance standard 

(Gooch and Housego OL 55RS) placed at the center of the illuminated area. The measurement 

setup is shown in Figure 3.7. Before the experiment, the luminance level at the center was 

adjusted to 250 cd/m2 to be consistent with the viewing condition for the monitor-based visual 

assessment. 
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Figure 3.7. Experimental setup for the spectroradiometric measurements of the GTI viewing 

booth. 

 

The required warm-up 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 luminance at the center was set to approximately 250 cd/m2, 

and the experiment was repeated three times on separate days. The 70 cm gap between the PR-

670 and the center of the viewing station was maintained throughout the test period. 

The spatial uniformity of illumination supplied by the GTI graphiclite was assessed by 

dividing its illuminated area into 3  4 blocks of equal size and measuring the luminance level of 

each block. In the experiment, the 21.38 cm  32.15 cm central region of the illuminated area 

was considered, with each block covering 7.13 cm  8.04 cm. Before evaluating the spatial 

uniformity, the viewing station was warmed up and its luminance at the center was adjusted to 

250 cd/m2. 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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3.3.2 Results 

The PR-670 measured the spectral radiance from 380 nm to 780 nm with a spectral 

resolution of 2 nm and recorded the CCT defined for the 2° standard observer. The 

measurements showed that the CCT of the GTI graphiclite was 6858 K at the luminance level of 

250 cd/m2. The relative spectral power distributions of the GTI light source and CIE illuminant 

D65 are plotted in Figure 3.8.  

 

 

Figure 3.8. Relative spectral power distributions of the CIE D65 illuminant versus the 

fluorescent light source of the GTI graphiclite light booth. 

 

The drift in the luminance level of the GTI light source is shown in Figure 3.9. The 

results indicated that a warm-up 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 state was followed 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 cd/m2 after 1.5 hours. Therefore, this warm-up time was always 

considered in the subsequent experiments using the GTI light booth. 
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Figure 3.9. Luminance level measured over 6 hours in three trials. 

 

Regarding the spatial uniformity of the GTI graphiclite, Table 3.7 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 measured region was not completely uniform. The 

two central grids (shaded in green) had acceptable luminance of approximately 250 cd/m2, while 

the peripheral blocks showed a variance of around ± 79 cd/m2. Consequently, all the further 

measurements were taken with the samples placed at the central 7.13 cm  16.08 cm region 

corresponding to the two selected blocks.  

 

Table 3.7. 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 study was to assess the performance of the LCD 

monitor used in psychophysical testing. In the experiment, a 27ò EIZO ColorEdge CG277 

monitor was employed, which is an in-plane switching (IPS) type LCD with a 2560 × 1440 pixel 

resolution and a pixel density of 109 PPI. With the proper graphics board and software, the 

monitor supports a 10-bit simultaneous color display, which delivers 64 times more colors and 

smoother color gradations than an 8-bit display. Hardware calibration permits exact adjustment 

of luminance and gamma on this panel, making it ideal for color-critical applications in the 

graphic arts industry. The correlated color temperature (CCT) of the display white point is 

adjustable between 4000 K and 10000 K. Moreover, wide-gamut LED provides the backlight of 

the monitor, and its brightness can be varied from 50 cd/m2 to 300 cd/m2. Notable is that the 

luminance level of the color assessment cabinet is often in the range of 300-800 cd/m2, while the 

luminance level of an LCD is typically between 100-300 cd/m2. The lower luminance levels of 

the LCD may directly affect the perception of color differences, as chromatic and lightness 

contrast are correlated with luminance [173], [174]. Before using the monitor in the 

psychophysical experiments, a set of preliminary assessments was performed to evaluate its 

spatial independence of signals, colorimetric stability, and performance in displaying 10-bit 

images. To ensure accurate color reproduction on the display, the calibration performance was 

tested, and colorimetric characterization of the monitor was conducted. Detailed explanations of 

each assessment are provided in the subsequent relevant subsections. 

 

3.4.1 Experimental 

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

stable display. Additionally, its white point (digital counts Ὠ = Ὠ = Ὠ = 1023, then normalized 

to 1) was set to 6500 K at 250 cd/m2 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 sRGB mode. The monitor calibration was carried out using an X-rite 

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

of the display were further confirmed using the PR-670 spectroradiometer. The PR-670 was used 

for all the measurements, except for the monitor calibration. If not stated otherwise, each 
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spectroradiometric measurement was an average of three consecutive readings obtained under a 

1° aperture and adaptive exposure time. The adaptive exposure time was employed as it allows 

the built-in algorithm to automatically select the appropriate exposure duration for the available 

signal, resulting in the most accurate measurement for the available light [175]. Except for 

examining the monitorôs signal spatial independence, the PR-670 was positioned 60 cm away 

from the monitor, the same distance as the observers in the visual assessments. Figure 3.10 

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

 

 

Figure 3.10. Spectroradiometric measurements of the test colors on the LCD monitor. 

 

The measurements taken by the PR-670 were performed through the PsychoPy® [176] 

software environment, which managed the display of test colors and also interacted with the 

spectroradiometer. In the subsequent visual assessment, the PsychoPy was also used for 

psychophysics and colorimetric-image presentation to maintain the same software environment 

for both colorimetric characterization and stimulus display [177]. The color depth of the 

environment was set to 10-bit per channel unless otherwise specified. The PsychoPy generated 

each test color as a 400 × 400-pixel square stimulus in the center of the monitor. The remainder 

of the display was set to black (digital counts Ὠ = Ὠ = Ὠ = 0) during the experiments, except 

for the signal spatial independence test where 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 PR-670 measured the spectral radiance of the test colors from 380 nm to 

780 nm, sampled at an interval of 2 nm. The spectral data, thus obtained, were interpolated to 

yield 1 nm intervals using the spline method and then used in the subsequent colorimetric 

calculations. Colorimetry was calculated using the 1931 standard observer, along with the 

spectral power distribution of the white point of the display. 

 

3.4.1.1 Spatial independence of signals 

On a monitor with acceptable performance, the expectation is that the background color 

would not impact the displayed color of the foreground stimulus. The spatial independence of 

signals was thus examined by measuring nine colored squares on nine backgrounds, mimicking 

the experiment conducted by Day et al. [177]. A total of 81 measurements was conducted to 

examine all possible color combinations. During the measurements, a minimum distance 

between the spectroradiometer and the display was maintained at roughly 10 cm. Table 3.8 lists 

the 10-bit digital counts used to generate the foreground and background colors. 

 

Table 3.8. The digital counts used to generate the foreground and background colors. 

 Digital counts for the red, green, and blue channels 

Color Ὠ Ὠ Ὠ 

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 

 

3.4.1.2 Colorimetric stability 

It was anticipated that the duration of the visual assessments would be several months, 

necessitating sufficient colorimetric stability of the display over the testing period. The monitorôs 

short-term colorimetric stability was evaluated by repeatedly displaying and measuring 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 samples, which are the samples of interest in 

the following study and are introduced in detail in Chapter 4. Table 3.9 presents the 10-bit digital 

counts converted from the colorimetric values of these color centers. The test colors sampled 18 

vector directions surrounding each color center, resulting in a total of 19 colors being measured 

per center. The monitor was warmed up to stabilize the system before the measurements started, 

according to the prior findings in this study. 

 

Table 3.9. The digital counts of the color centers for evaluating the monitorôs colorimetric 

stability. 

 Digital counts for the red, green, and blue channels 

Color Ὠ Ὠ Ὠ 

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 

 

3.4.1.3 Performance in displaying 10-bit images 

The PsychoPy environment with the bit depth of color channels set to 10 enables 

displaying 10-bit colors on the EIZO ColorEdge CG277 monitor, connected to an NVIDIA 

Quadro P2200 graphics card. The monitorôs ability to display 10-bit images was assessed by 

measuring the spectral radiance of grayscale stimuli over three luminance settings. Before the 

experiment, three sets of stimuli were generated at low, medium, and high luminance levels. 

Their 12-bit digital counts were equally distributed between 0-127 (low), 1984-2111 (medium), 

and 3968-4095 (high), and then normalized to 0-1, yielding 128 stimuli per set and 384 stimuli in 

total. To compare the 8-bit and 10-bit displays, the same stimuli were displayed twice via 

PsychoPy with óbpcô (bit per channel) parameter set to 8 and 10, respectively. It was anticipated 

that the 10-bit color depth would produce a significantly smoother gradient in the colorimetric 

values than the 8-bit display. 
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3.4.1.4 Calibration 

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 measured by the PR-

670 spectroradiometer. 

 

3.4.1.5 Characterization 

The display was characterized using an approach similar to that of Day et al. [177] 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 computer-controlled LCD is modeled by three one-dimensional look-

up tables (LUTs) defining each channelôs optoelectronic transfer function (OETF), and a 3 Ĭ 4 

transformation matrix that accounts for black-level flare. To estimate the displayôs optoelectronic 

properties and the matrix coefficients, the characterization was performed by measuring three 

sets of colors that sampled the displayôs colorimetric gamut. The first set consisted of four 11-

step ramps that were equally spaced in digital counts from 0 to 255 for each color channel and in 

combination to create neutral colors. The second set was made up of a 5 × 5 × 5 grid (125 colors) 

regularly sampling the RGB color gamut. The final set was also a regular 5 × 5 × 5 grid of digital 

counts from 0 to 25 for a more thorough evaluation of the model performance for the dark colors. 

Using piecewise cubic-spline interpolation, three one-dimensional LUTs of radiometric scalars 

corresponding to 256 digital counts were established based on the measured tristimulus values of 

each primary ramp. The 3 × 4 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 statistically using 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 × 4 matrix coefficients 

were optimized. The flowchart of the characterization process is shown in Figure 3.11 [177]. 
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Figure 3.11. Process flowchart for measurement, calculation, and optimization process [177]. 

 

As the monitor supports 10-bit color depth, four 41-step primary ramps were adopted, 

where the digital counts were equally spaced between 0 and 1023 at 25 intervals 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 their 10-bit 

equivalents. Besides the three sets of test colors, an additional set that regularly sampled a 3 × 3 

× 3 grid (±25 digital counts) around each color center was measured by the PR-670, to 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 specific colorimetric 

coordinates. Thus, the analysis was performed 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 and specified colorimetric coordinates 

[177]. The X-rite Digital ColorChecker® SG (CCSG) (see Figure 3.3) was used as an 

independent verification target, whose tristimulus values (defined for D65, 2°) were measured by 

the DCSV as described in subsection 3.2.1.2 . Using the inverse model, the measured tristimulus 

values of each patch were transformed into digital counts and shown on the monitor as a 400 × 

400-pixel square stimulus. The colorimetric coordinates of the reproduced stimuli were measured 
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by the PR-670 spectroradiometer and compared with the specified values determined by the 

DCSV. 

 

3.4.2 Results 

3.4.2.1 Spatial 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 

average 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 background is called the 

MCDM across stimuli. The MCDM values are shown in Table 3.10. As evidenced by the 

relatively low MCDM values, the monitor demonstrated excellent spatial independence. 

 

Table 3.10. 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 

 

3.4.2.2 Colorimetric stability 

Table 3.11 provides the mean, standard deviation, range, and 90th percentile of the 

CIEDE2000 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 CIEDE2000 color 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 that the ÍÅÁÎЎ πȢπσ, the standard 

deviation was 3$Ў πȢπσ, and the 90th percentile was 0.07. These indicate that the LCD used 

in the study was fairly stable over a 16-hour period. The highest color difference was observed in 

the case of black stimuli, with the ÍÁØЎ πȢσρ.  

 

Table 3.11. CIEDE2000 values describing the colorimetric stability of the monitor. 

 CIEDE2000 

Color center Mean Standard deviation Range 90th 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 

 

3.4.2.3 Performance in displaying 10-bit images 

The spectroradiometric measurements provided the tristimulus values for each grayscale 

stimulus over the three luminance settings. The measured tristimulus values were normalized 

such that the ὣ value of the white point (10-bit digital counts Ὠ = Ὠ = Ὠ = 1023) was equal to 

unity (luminance factor). Figure 3.12 shows the relationship between the normalized digital 

counts and the ὣ values of the stimuli displayed at 10-bit and 8-bit color depths. For the stimuli 

with medium and high luminance levels, the 10-bit color depth produced a substantially 

smoother gradient in ὣ values compared with the 8-bit display. The step for 8-bit is 

approximately four times the width of that of 10-bit. However, the difference between the 10-bit 

and 8-bit color depths was not readily apparent for the stimuli with a low luminance level, 

possibly due to a high noise-to-signal ratio when the available light was limited. Overall, the 

display used in the current study showed a reasonable performance for displaying the 10-bit 

images. 
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Figure 3.12. Relationship between the normalized digital counts and the ὣ values of the stimuli. 

 

3.4.2.4 Calibration 

Three days of daily calibration of the display resulted in three readings per color and 627 

measurements in total. The mean CIELAB values were calculated by averaging three readings 

for each color. In addition, the CIEDE2000 color difference was computed between each 

individual reading and the associated mean CIELAB values. The color differences indicating the 

calibration performance are shown in Table 3.12. The overall MCDM had a ÍÅÁÎЎ πȢπυ, 

the standard deviation was 3$Ў πȢπσ, and the 90th 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 instability was likely caused by the fluctuating white point of the monitor over the 

testing period. 
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Table 3.12. CIEDE2000 values describing the calibration performance. 

 CIEDE2000 

Color center Mean Standard deviation Range 90th 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 

 

3.4.2.5 Characterization 

The estimation of three primary-ramp LUTs and the 3 × 4 transformation matrix were 

implemented using MATLAB. The final primary-ramp LUTs are shown in Figure 3.13, which 

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

monitorôs optoelectronic transfer function (OETF), which shows the relationship between the 

input signal used to drive the display and the corresponding radiant output produced by the 

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

the figure.  
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Figure 3.13. Relationships between radiometric scalars and the normalized digital counts for R, 

G, and B channels. 

 

The 3 4 transformation matrices based on direct measurements and optimization are 

shown in Equations (3.1) 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 LUTs, the tristimulus values for the test stimuli 

were estimated and the CIEDE2000 color differences were computed between the measured and 

forward-model estimated data for the four sets of stimuli. Table 3.13 shows the mean, standard 

deviation, range, and 90th percentile of the color differences. The results indicate that the EIZO 

ColorEdge CG277 monitor is well suited for psychophysical tests and colorimetric-image 
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display, with a low mean color difference of 0.23 ЎὉ  and the 90th percentile of 0.39 ЎὉ  for 

all four data sets.  

 

Table 3.13. CIEDE2000 color differences between the measured and estimated values using the 

characterization technique. 

 CIEDE2000 

 Mean Standard deviation Range 90th percentile 

RGB ramp and gray-scale 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 color-gamut 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 PR-670 for the reproduced patches displayed 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 terms of ЎὉ  between any two 

sets of data are summarized in Table 3.14. The comparison between the reproduced and specified 

data indicates an acceptable performance of the inverse model with a mean color difference of 

0.41 ЎὉ  and the 90th percentile of 0.78 ЎὉ . 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.  

 

Table 3.14. CIEDE2000 color differences among reproduced, specified, and estimated 

tristimulus values. 

 CIEDE2000 

Comparison Average 
Standard 

deviation 
Range 

90th 

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 

 

Figure 3.14 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 generate the 
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stimuli. The arrowhead points in the direction of the coordinates of the reproduced stimulus 

measured by the PR-670. The length of the arrow represents the color difference multiplied by a 

factor of 20. According to the figure, the reproductions are typically lighter and have lower a* 

values. Reddish and purplish stimuli normally have lower b* values, whereas the opposite trends 

were observed for the other colors. Overall, the results demonstrated that the inverse model 

provided acceptable accuracy for generating stimuli with the desired colorimetric values. The 

color differences between the reproduced and specified colors fall at the lower extreme of the 

0.5-5 CIEDE2000 range typically expected in the soft-proofing process [178]. Hence, the same 

model determined from the characterization process was used to produce both the solid and 

textured stimuli in the subsequent studies.  

 

 
 

Figure 3.14. Vector plots comparing the colorimetric attributes of the CCSG patches and their 

reproduction on the monitor. 

 

3.5 Conclusion 

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 

performance of the instruments. The DCSV, which performs image acquisition and color 

measurements, was assessed in terms of its repeatability and inter-model reproducibility. Both 
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the short- and medium-term examinations validated the DCSVôs excellent repeatability. The 

DCSV also exhibited acceptable inter-model agreement with the conventional DC850 

spectrophotometer working in the SCI mode, with the ÍÅÁÎ πȢςυς and the range between 

0.042 and 0.592 ɝὉ . 

For the GTI light booth, the experiments determined its spectral power distribution, 

correlated color temperature, required warm-up time, and spatial uniformity. A 1.5-hour warm-

up period was found to be necessary 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 warmed up for 1.5 hours. 

A series of tests were performed to assess the monitorôs spatial independence, 

colorimetric stability, and capacity to display 10-bit images. Additionally, the calibration 

performance was evaluated, and colorimetric characterization was conducted to ensure accurate 

color reproduction on the display. The results confirmed reasonable spatial independence, 

excellent temporal stability for at least 16 hours (ÍÅÁÎЎ πȢπσ, 90th ÐÅÒÃÅÎÔÉÌÅЎ πȢπχ), 

and the capability to display the 10-bit images. Moreover, a satisfactory calibration performance 

(ÍÅÁÎЎ πȢπυ, 90th ÐÅÒÃÅÎÔÉÌÅЎ πȢπω) was 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 values, the monitor characterization was performed, 

and the performance of the inverse model was tested using the CCSG color chart as an 

independent test target. The CIEDE2000 color differences between the CCSG and its 

reproduction (ÍÅÁÎЎ πȢτρ, 90th ÐÅÒÃÅÎÔÉÌÅЎ πȢχψ) indicated 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 complex-colored patterns on the display. Specifically, the goal is to 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 displaying such 

samples. Digital archiving aids in preserving physical samples and preventing their deterioration 

and aging during research. More importantly, it makes the samples accessible for further image 

processing, such as color-to-texture fusion. Thus, the current study was divided into three 

sections to examine the process of image acquisition, the reproduction accuracy of textured 

samples, and the image postprocessing to accommodate the design of monitor-based 

assessments.  

 

4.2 Image acquisition of textured samples 

4.2.1 Textile samples 

Textile samples were selected in a systematic manner to achieve adequate sampling of 

texture-color combinations. The texture structures used in the study were chosen based on the 

perceptual distinctiveness determined in a 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 Figure 4.1. In addition, nine CIE-recommended color centers, together with black and white, 

were selected to provide sufficient variance regarding the color parameters. Figure 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 

were produced using a Shima Seiki MACH 2X 123 whole garment knitting machine previously 

[178]. Before the dyeing process, the yarns were scoured and bleached, and then dyed with 

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., were kept the same for all the samples. 

After being appropriately stress-relaxed, laundered, and dried, the knitted fabrics were cut into 

pieces and folded twice before attaching them to a neutral gray PVC sheet [178]. The samples 
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were in a 2ò2ò dimension as shown in Figure 4.1 and Figure 4.2. Since all samples had 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. 

 

 

Figure 4.1. Ten selected texture patterns for the experiment. 

 

 

Figure 4.2. Knitted textile samples in black, white, and nine CIE recommended color centers. 

 

4.2.2 Imaging 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 25 mm Ĭ 25 mm region at a time, each 2ò  2ò (50.8 mm Ĭ 50.8 

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 × 

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 observer and D65 

illuminant, to the 16-bit encoded Adobe RGB values. Encoding the RGB color values to 16-bit 

enables sufficient color depth to be maintained for display in 10-bit without loss of color 

accuracy. Thus, nine separate images were collected for each fabric sample, resulting in a total of 

990 images for the sample set. 

 

4.2.3 Image processing 

Photoshop was mainly used for further processing the images, as it offers convenient 

tools for photo stitching and down-sampling and supports working with 16-bit Adobe RGB 

images. Firstly, Photoshop was utilized to combine the corresponding images of the nine regions 

into one continuous image. The sufficient overlap between the images allowed the 

PhotomergeTM command to be used to stitch the images together. As the orientation of the 

texture pattern on certain physical samples was tilted, the Straighten tool provided by Photoshop 

was used to adjust the texture orientation of the stitched photos. Due to the typical irregular edge 

generated after stitching, the next step was to square-crop the resulting panorama while 

maintaining the maximum available dimension.  

The DCSV produced an image with 821 × 821 pixels from the measurement of a 22.7 

mm × 22.7 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 inch (PPI), while the 

resolution of the EIZO monitor is around 109 PPI. The relatively large size of the images makes 

future rendering more time-consuming, yet a vast amount of color information cannot be 

observed from a proper viewing distance due to the lower resolution of the display. Therefore, 

the stitched images were downsampled using the ñBicubic Sharperò method, which decreased 

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 images was examined. The method 

involved first converting the RGB values of the stitched image to the tristimulus values and then 

averaging the XYZ values of each distinct block of 8 × 8 pixels using MATLAB. With the mean 

XYZ as the new values for each pixel, the resultant image had a resolution of roughly 115 PPI. 
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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. 

Figure 4.3 depicts the entire procedure of image processing. 

 

 

Figure 4.3. Flow chart of stitching and down sampling the textured images. 

 

4.3 Reproduction accuracy of textile sample images 

In Chapter 3, the colorimetric accuracy of reproducing the CCSG patch as a solid color 

on the display was examined. The 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 order to boost confidence in the ensuing study outcomes. The sample set to be evaluated 

consists of 220 images (2 methods × 10 textures × 11 colors) that were stitched and then 

downsampled as described in the preceding section. For each image, its XYZ values per pixel 

were initially transformed to digital counts using the look-up tables and the transformation 

matrix derived from the characterization process. Those images were subsequently displayed on 

the calibrated EIZO monitor and measured by the PR-670 spectroradiometer. 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 PR-670 spectroradiometer. The experimental conditions are 

summarized in Table 4.1. 

 

Table 4.1. Conditions for determining the colorimetric values of textured stimuli and textile 

samples.  

Target Measured area Instrument Reference white 
Standard 

observer 

Textured 

image 

Central region 

subtending 1° 

(Around 86 mm2 at 

60 cm distance) 

PR-670 

spectroradiometer 

White point of 

monitor (normalized 

Ὠ = Ὠ = Ὠ = 1) 

CIE 1931 

2° 

Textile 

sample 

Central region 

subtending 1° 

(Around 86 mm2 at 

60 cm distance) 

PR-670 

spectroradiometer 
Illuminant D65 

CIE 1931 

2° 

Central 

22.7mm 22.7mm 

(515 mm2) area 

 DCSV 

spectrophotometer 
Illuminant D65 

CIE 1931 

2° 

 

4.3.1 Experimental 

4.3.1.1 Spectroradiometric measurements of reproduced image 

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

monitor for 30 minutes. Prior to the measurements, the displayôs white point (normalized digital 

counts Ὠ = Ὠ = Ὠ = 1) was set to 6500 K with a luminance level of 250 cd/m2. The gamma 

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

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

after the 30-min warm-up. The radiance spectrum of each test image 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 an aperture of 1° and 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 PR-670. The color depth of the environment was set to 10 bits per channel. The displayed 

image had approximately 1.8ò Ĭ 1.8ò dimensions that was slightly smaller than the physical 

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 counts Ὠ = Ὠ = Ὠ = 0) throughout the experiment. The measurement 

arrangement is shown in Figure 4.4. 

The PR-670 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 nm-interval data, which was used in the subsequent colorimetric calculations. 

Colorimetric attributes were calculated using the 1931 standard observer with the white point of 

the display as the reference. 

 

 

Figure 4.4. Spectroradiometric measurements of the reproduced images on the monitor. 

 

4.3.1.2 Spectroradiometric 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 cd/m2. The spectral radiance values of the 

textile samples and the PTFE diffuse reflectance standard were measured at a distance of 60 cm 

using the PR-670 spectroradiometer. Each spectroradiometric measurement was obtained by 

averaging three consecutive readings taken with an aperture 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 sample can then be calculated by dividing the sampleôs 

spectral radiance 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 2132-10) sample as the background was placed beneath the sample to 

simulate the environment of the monitor-based measurements. Before starting to measure textile 

samples in a different color, the diffuse reflectance standard was measured again to account for 

the effects of any luminance fluctuations that may have occurred during the measurement period. 

Figure 4.5 shows the experimental setup for the spectroradiometric measurements of the textile 

samples. 

 

 

Figure 4.5. 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 sampleôs spectral reflectance from 380 to 780 nm with a resolution 

of 2 nm. The reflectance was initially spline interpolated to 1 nm interval data, and then 

multiplied with the SPD of the illuminant D65 and CIE 1931 color matching functions on a 

wavelength-by-wavelength basis. The calculated colorimetric values of the physical sample were 

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

The central 22.7 × 22.7 mm2 region 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 calculated the 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 create a stitched panorama of the entire sample.  

 

4.3.2 Results 

In the experiment, the colorimetric accuracy of textured images displayed on the LCD 

monitor with LED backlight was investigated. For this purpose, the reproduced images were 

measured using the PR-670 spectroradiometer, and the measured values were compared with 

those of the physical textile samples measured with the PR-670 spectroradiometer as well as the 

DCSV spectrophotometer. The CIELAB values of the physical samples were calculated by 

measuring the spectral reflectance and then computing the colorimetric values defined for D65 

and 2° standard observer. Figure 4.6 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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Figure 4.6. Relative spectral power distribution of the white point of the monitor and the CIE 

D65 illuminant. 

 

Overall, six sets of comparisons were conducted, whereby the difference between the two 

down-sampling methods was evaluated by comparing the images down-sampled using the 

bicubic sharper approach (BS image (PR-670)) and by averaging the tristimulus values (Avg 

image (PR-670)), both of whose colorimetric results were determined by PR-670. Additionally, 

the inter-model agreement between DCSV and PR-670 was assessed by comparing the 

measurements of the physical sample obtained by PR-670 (sample (PR-670)) and DCSV (sample 

(DCSV)). More importantly, the reproduction accuracy of the textile samples was examined by 

comparing the colorimetric values of the reproduced images to those of the textile samples 

measured by both instruments. The total CIEDE2000(2:1:1) color differences were computed for 

each comparison, with the results summarized in Table 4.2. The results demonstrated a 

negligible difference between the down-sampling methods with a ÍÅÁÎЎ  of 0.11, whereas the 

sample measurements acquired by the two devices showed a much greater disagreement with a 

ÍÅÁÎЎ  of 0.85. The difference may 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 PR-670, the reproduced images showed a better agreement with the samples 

measured by DCSV, where the ÍÅÁÎЎ  was around 0.4 (0.5 if the parametric factors 1:1:1 

were applied) and the ÍÁØЎ  was roughly 1.4. As the images were produced based on the 

pixel-wise color data measured by the DCSV, a better agreement with the DCSVôs 

measurements was anticipated. It is also noteworthy that the comparisons between the 

reproduced solid color and the CCSG patch measured by DCSV showed a comparable 

ÍÅÁÎЎ ȡȡ  of 0.41, as described in Section 3.4.2 . 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 PR-670, the study found a ÍÅÁÎЎ  of approximately 0.7 and a ÍÁØЎ  of 

roughly 1.7. These variations may be partly due to the disagreement between DCSV and PR-670 

instruments. 

 

Table 4.2. Statistics of CIEDE2000(2:1:1) total color difference for colorimetric comparisons. 

Comparison 
Down-sampling 

method 
Mean 

Standard 

deviation 
Range 

90th 

percentile 

BS image (PR-670) vs.  

Avg image (PR-670) 
Both methods 0.11 0.08 [0.01,0.52] 0.19 

Sample (PR-670) vs. 

Sample (DCSV) 
None 0.85 0.31 [0.25,1.87] 1.26 

Image (PR-670) vs. 

Sample (DCSV) 

Bicubic Sharper 0.40 0.22 [0.09,1.42] 0.69 

Avg. XYZ 0.39 0.20 [0.08,1.36] 0.61 

Image (PR-670) vs. 

Sample (PR-670) 

Bicubic Sharper 0.71 0.30 [0.04,1.64] 1.19 

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 the textile sample was 

calculated, with the results summarized in Table 4.3. Analysis revealed that the inconsistencies 

with the DCSVôs readings were primarily due to the variations in ὒᶻ, followed by ὥᶻ, while the 

differences in ὦᶻ were the smallest among the components. Comparisons against the 

measurements by PR-670 indicated substantially greater ὒᶻ and ὦᶻ variations, which may reflect 

how the measurements of the two instruments disagreed in the CIELAB color space. Again, the 

ὒᶻ differences played a major role in reducing the accuracy and these were followed by the ὦᶻ 
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variations. Nonetheless, the variations in ὥᶻ were comparable to those between the image and 

sample measured by DCSV. 

 

Table 4.3. Statistics of the absolute values of the component color differences between 

reproduced images and textile samples. 

Comparison 

Down-

sampling 

method 

Color 

difference 
Mean 

Standard 

deviation 
Range 

90th 

percentile 

Image (PR-670) 

vs.  

sample (DCSV) 

Bicubic 

Sharper 

ȿЎὒᶻȿ 0.48 0.41 [0,2.49] 0.97 

ȿЎὥᶻȿ 0.34 0.21 [0,0.95] 0.60 

ȿЎὦᶻȿ 0.16 0.13 [0.01,0.65] 0.31 

Avg. 

XYZ 

ȿЎὒᶻȿ 0.45 0.37 [0,2.31] 0.93 

ȿЎὥᶻȿ 0.35 0.22 [0,1.01] 0.61 

ȿЎὦᶻȿ 0.18 0.14 [0,0.73] 0.31 

Image (PR-670) 

vs.  

sample (PR-670) 

Bicubic 

Sharper 

ȿЎὒᶻȿ 1.25 0.56 [0.07,3.23] 1.92 

ȿЎὥᶻȿ 0.34 0.30 [0,1.36] 0.65 

ȿЎὦᶻȿ 0.41 0.33 [0,1.63] 0.96 

Avg. 

XYZ 

ȿЎὒᶻȿ 1.30 0.58 [0.17,3.31] 1.98 

ȿЎὥᶻȿ 0.33 0.31 [0,1.39] 0.68 

ȿЎὦᶻȿ 0.38 0.29 [0,1.62] 0.79 

 

Moreover, the total color difference between the textile sample and the reproduced image 

was represented as boxplots (see Figure 4.7), with the mean indicated as a red asterisk. In 

addition, paired samples Wilcoxon tests were conducted to examine whether the difference 

between the two down-sampling methods reaches statistical significance. With ὴ-values of .41 

and .10, respectively, for comparisons vs. sample (DCSV) and vs. sample (PR-670), the results 

failed to reveal any significant differences between the methods at the 95% confidence level. The 

results further validated the use of the Bicubic Sharper approach for down-sampling 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 color-to-texture fusion was performed on the stitched textured images with a 

resolution of 109 PPI that were downsampled using the Bicubic Sharper method. 
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Figure 4.7. Boxplots of the total color difference CIEDE2000(2:1:1) between the textile sample 

and the reproduced image.  

 

Figure 4.8 and Figure 4.9 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 

samples, while the arrow points in the direction of the coordinates of the textured images 

measured by the PR-670. All the images were downsampled using the Bicubic Sharper approach. 

The length of the arrow represents a 10-fold color difference. Following the reported component 

color differences (see Table 4.3), the figures showed substantially greater differences in ὒᶻ than 

ὥᶻ and ὦᶻ. The reproduced images typically have a slightly higher lightness, ὒᶻ, than the samples 

measured by the DCSV, but a lower ὒᶻ than the samples measured by the PR-670. Moreover, 

most images tend to have slightly lower ὥᶻ values than the textile samples measured by both 

devices. The bulk of images also showed slightly larger ὦᶻ values than the samples measured by 

the PR-670. 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 PR-670 showed a slightly greater degree of discrepancy than the other 

colored samples.   
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Figure 4.8. Vector plots comparing Bicubic Sharper images and samples measured by DCSV. 

 

 
 

Figure 4.9. Vector plots comparing Bicubic Sharper images and samples measured by PR-670. 

 

4.4 Conclusion 

A set of 110 textile samples with 10 texture patterns and 11 color centers was imaged 

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 concluding with image display on 
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the calibrated monitor. Statistical analysis was conducted to examine if the difference between 

the down-sampling methods was statistically significant. The results failed to reveal any 

significant differences, validating the usage of Bicubic Sharper for down-sampling the stitched 

image. In addition, the reproduction accuracy of the textile samples was assessed by comparing 

the colorimetric measurements of the images to those of the physical samples. The results 

demonstrated a satisfactory level of colorimetric accuracy, 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 the 90th percentile was 0.69. Variations in ὒᶻ were primarily 

responsible for these color differences, which are manifested in 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 for further simulating the textured images with varying target colors. 
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CHAPTER 5 SYNTHESIS OF TEXTURED IMAGE  

5.1 Introduction  

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 and time-consuming [165]. To overcome this 

limitation, several algorithms of color-to-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 another target color, with the intention to perceptually match the 

target image [179]. This chapter investigates and evaluates several algorithms of color-to-texture 

fusion for simulating the appearance of textile 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. Here, color fidelity refers to how accurately colors in a reproduced image 

match those in the intended image. 

Figure 5.1 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 referred to as the target 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 image [179]. The fusion models process the colorimetric coordinates of the source image, 

which contains the texture feature, and computes pixel-wise by considering the target color. The 

result is a reproduced image that integrates both the texture information from the source 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 undergone additional 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 examining various metrics, including the pixel-wise 

color difference and similarity ratio [165]. 
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Figure 5.1. Schematic of the color to texture fusion process. 

 

5.2 Method 

5.2.1 Source image 

To perform color-to-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 those of the textile fabrics that 

were initially acquired by the DCSV and stitched and downsampled by Photoshop as described 

in CHAPTER 4. The square images had a resolution of 109 PPI and dimensions of 165×165 

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 

images with 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 nine-CIE recommended color centers and two 

achromatic colors (i.e., black and white). Figure 5.2 depicts the distribution of the 110 (10 

texture patterns Ǭ 11 color centers) dyed knitted samples in the CIELAB color space. For each 

knitted fabric, the colorimetric values defined for Illuminant D65 and 1931 standard observer 

were measured by DCSV, as described in Section 4.3.1.3 . It is important to note that although 

the corresponding samples were knitted using the same-colored yarns, their instrumental colors 

exhibit slight variations due to the influence of their varied surface textures [146]. Table 5.1 
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provides the average colorimetric coordinates for each color across ten different textures. The 

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

gamut, thereby serving as a satisfactory starting point for further evaluations. 

 

 

Figure 5.2. Distribution of the dyed knitted samples in the CIELAB color space. 

 

Table 5.1. Mean CIE colorimetric coordinates of the selected source images. 

 

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 Kulappurath [180], who detailed the two-

Color L* a* b* C*
ab 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 
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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 image-based texture descriptors. During the 

psychophysical experiment, the observers were instructed to rank the knitted patterns from least 

coarse to most coarse texture according to their perception. Table 5.2 illustrates the ten selected 

textures with the coarseness ranks based on the perception of 10 color normal observers. 
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Table 5.2. Texture patterns1 used for the color-to-texture fusion. 

Texture no. 1 2 3 4 5 

Coarseness 

rank2 1 2 3 5 4 

Texture 

appearance 

     
Texture no. 6 7 8 9 10 

Coarseness 

rank 
7 8 6 10 9 

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, with 1 indicating the least coarse texture and 10 indicating the coarsest texture. 
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5.2.2 Models for fusion of texture and color 

This study seeks to evaluate several computational models for color-to-texture 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 two rendering models 

for colored source images: the dichromatic-based (DICH) model and the color-to-color mapping 

(CCM). DICH is a physical model that was derived based on the fundamental interaction 

between light and object surfaces. The dichromatic reflection model was originally 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 physics-based 

model, algorithms were developed based on the statistical analysis of texture and color 

distribution in texture images. Xin and Shen examined the inter-channel correlations of RGB 

channels in texture images and proposed a color mapping algorithm [165]. This model was then 

applied to three different color spaces (RGB, LCH, and ὰ‌‍). The performances of the three 

mapping approaches and the DICH models were assessed by a comparative study [106], which 

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 DICH together with CCM applied in seven 

different color spaces with the intention to select an approach that provides the best color 

fidelity. Table 5.3 lists the color rendering algorithms that are investigated in this research. 
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Table 5.3. The color rendering algorithms examined in the study. 

Type Algorithm Associated color 

space 
Color vector 

Physical model Dichromatic based (DICH) 

model 
RGB Ὑ Ὃ ὄ  

Statistical 

model 
Color-to-color mapping (CCM) 

RGB Ὑ Ὃ ὄ  

LCH ὒᶻ ὅᶻ Ὤ  

ὰ‌‍ ὰ ‌ ‍  

HSI Ὄ Ὓ Ὅ  

DIN99o ὒ  ὥ  ὦ  

CAM02-UCS ὐ ὥ ὦ  

CAM16-UCS ὐ ὥ ὦ  

Note: Ὕ standards for vector transpose. 

 

5.2.2.1 Dichromatic based (DICH) model 

The DICH algorithm was implemented using MATLAB [181] in the RGB space. The 

color rendering algorithm of DICH is reviewed in detail in Section 2.4.4.1 . 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 parts, one of which is wavelength composition 

(denoted as Ὑ  or Ὑ) being spectral-dependent only and the other of which is a geometric factor 

(denoted as ά  or ά ) being dependent only on the geometrical structure of texture [16]. The 

subscripts ὦ and ί, respectively, represent the body and surface reflections. Based on this model, 

the DICH rendering algorithm was established as follows: 

 ╤ ‌╤ ‍╤  (5.1) 

where 

 ‌
ά

ά
 (5.2) 

 ‍
ά ά ά ά

ά
 (5.3) 

 ά
ρ

ὔ
ά  (5.4) 
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 ά
ρ

ὔ
ά  (5.5) 

╤  is a 3 1 RGB color vector of the source image at pixel ὴ; ╤  and ╤ are, respectively, the 

vectors of surface reflection color and mean color of the image; ά  and ά  denote the geometric 

factors of the body and the surface reflection at pixel ὴ, respectively; ά  and ά  represent the 

mean geometrical terms of the body and surface reflection, respectively; and ὔ is the total 

number of pixels in the texture image.  

Since the surface reflection color ╤  describes the specularly reflected light, whose 

spectral composition is comparable to that of the illuminant, it can be inferred that ╤  is 

approximately ρ ρ ρ , where Ὕ represents vector transpose. Given the values of ╤ , it is 

straightforward to solve the geometrical coefficient pair (‌ , ‍ ) that defines the geometrical 

property of pixel ὴ. The color of the corresponding pixel ὴ in a synthesized image can then be 

determined from a target solid color ╥ using the following formula: 

 ╥ ȟ ‌╥ ‍╤  (5.6) 

Where ╥ ȟ and ╥ are, respectively, the 31 color vectors of pixel ὴ and the target color of 

the rendered image.  

 

5.2.2.2 Color-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 images [165]. 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 CIELCH and ὰ‌‍ [106], 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 DIN99o, CAM02-UCS, and CAM16-UCS, 

which are approximately uniform color spaces, with the Euclidean distance correlating 

substantially better with the visual results than the CIELAB space. The advanced color spaces 

and the CCM model were discussed in depth in Section 2.3.6  and 2.4.4.2 , respectively. 

In the RGB color space, the color ╥ ȟ of the reproduced image at pixel ὴ can be 

derived using the CCM model as follows: 
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 ╥ ȟ ╥ Ὢ╥ ╤‏  (5.7) 

where ‏╤ ╤ ╤ (5.8) 

All vectors involved are σ ρ color vectors representing RGB signals normalized between 0 and 

1. ╥ ȟ refers to the RGB values of the reproduced image at pixel ὴ. ╥ represents the 

desired target color. ╤  is the RGB signals of the source image at pixel ὴ, whereas ╤ denotes the 

mean values of three channels in the source image. Subtracting ╤ from ╤  yields the pixel 

deviation ‏╤ . On each pixel position, the proportionality function ὪϽ is defined and linear 

interpolation is performed between ╤  and ‏╤ . The function ὪϽ is given as follows: 

 Ὢὼ

ừ
Ử
Ử
Ừ

Ử
Ử
ứ

όȟ‏ π ὼ ό

ό‏ ό‏

ό ό
ὼ ό όȟ‏ ό ὼ ό

ό‏ ό‏

ό ό
ὼ ό όȟ‏ ό ὼ ό

όȟ‏ ό ὼ ρ

 (5.9) 

Where όȟόȟό  and ‏όȟ‏όȟ‏ό, respectively, represent the entries of vector ╤  and 

╤‏ , with the subscript ὲ ρȟςȟσ indicating the color channel. For improved visualization, the 

function ὪϽ is plotted in Figure 5.3, in which ό ό ό  is assumed. 

 

 

Figure 5.3. Function ὪϽ for the CCM model based on the RGB color space [106]. 
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According to Shen and Xinôs study [106], the CCM model can also be implemented in 

other color spaces. The following is the general formula for calculating the new color ╥ ȟ of 

pixel ὴ in the specified color space: 

 ╥ ȟ ╥ ╤ ╤ (5.10) 

where ╥, ╤ , and ╤ are σ ρ color vectors that represent the intended target color, the color of 

pixel ὴ 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 in Table 5.3. Noteworthy is that when calculating the ὐ, ὥ, and ὦ 

coordinates for the CAM02-UCS and CAM16-UCS spaces, the viewing conditions of the 

psychophysical experiments were considered. In the experiment, stimuli were evaluated against a 

neutral gray (ὒᶻ = 50, ὥᶻ ὦᶻ π) background on a monitor, whose luminance of reference 

white was set to 250 cd/m2. The experiment was conducted in a completely dark room, 

indicating that the surround parameters for the ódimô condition should be used. 

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 mapping the target 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. 

 

5.2.3 Adjustment of texture strength 

5.2.3.1 Background 

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 color fidelity of the tested 

algorithms, including CCM-RGB, CCM-LCH, CCM-ὰ‌‍ (the suffix indicating the associated 

color spaces), and DICH [106]. Assuming that the standard deviations of the target image are 

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

 ὺ
ȟ
ὺӶ ὺ ὺӶ         ὲ  R, G, B (5.11) 
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Where „  and „  represent the standard deviations of the ὲôth channel of the simulated and 

target images, respectively. ὺӶ and ὺ  are the ὲôth channel responses of the target color and the 

reproduced color at pixel ὴ, respectively. ὺ
ȟ

 represents the final new color after the adjustment 

at pixel ὴ. The calculations are carried out within the RGB color space.  

Since texture strength is related to the mean color of the texture image [164], a 

polynomial curve fitting technique can be used to approximately derive „  from the target color, 

ὺӶ, when the texture strength of the target image is unknown. For single-colored images with 

similar texture patterns, Shen and Xin used a 2nd-order polynomial equation to fit the relationship 

between standard deviation and mean color [164]. Figure 5.4 illustrates the derived relationship 

between the standard deviation and the mean color of the G channel.  

 

 

Figure 5.4. Typical relationship between standard deviation and mean color of green channel 

[164]. 

 

5.2.3.2 Fitting 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 the textile fabrics, only the 

central 145×145-pixel 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 sRGB and Adobe RGB color spaces, 
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resulting in a total of 660 (110 images Ǭ 2 spaces Ǭ 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 polynomial regression 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 channelôs standard 

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 fifth-degree polynomial 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 model was 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 the p-value associated with the F-test was less than 

the significance level 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 p-value exceeded the significance level. The hypothesis tests aimed to 

identify the simplest model which adequately explains the relationship between mean color and 

texture strength. The entire data analysis was carried out in R [182], and the ANOVA results are 

documented in Table A.1 and Table A.2 in Appendix A. The degree of the polynomial models in 

Table A.1 and Table A.2 indicates the degree ὲ of the more complex model, and the 

corresponding results compare the model with an ὲth order to the simpler one with an ὲ ρth 

order. 

Figure 5.5 displays the frequency of the best-fit polynomial models for each channel of 

the sRGB and Adobe RGB color spaces. Our findings indicate that higher-order polynomial 

equations may provide a statistically better fit for the relationship than the 2nd-order model 

applied in the previous study [164]. 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 using 2nd-order polynomials to fit the R and B channels and a 3rd-order one 

for the G channel in the sRGB color space best describes the relationships of interest. In the 
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Adobe RGB space, fitting 3rd-order polynomials for R and G channels and a 2nd-order for the B 

channel appears to provide the best results. 

 

  

(a) (b) 

Figure 5.5. Frequency of best-fit 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 color-texture strength relationships was conducted using a broader range of models, as 

shown in Table 5.4. The 2nd-order 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 in Table A.3 and Table A.4 in Appendix A. Table A.3 and Table 

A.4 lists the coefficients of the polynomial regression model that describes the relationship 

between the standard deviation ὣ and the mean color ὢ as follows: 

 ὣ ‍ ‍ὢ ‍ὢ Ễ ‍ὢ ‭ (5.12) 

Where ὲ is the degree of the polynomial. ‍, ‍, é, ‍ are the coefficients 1, 2, é, n of the 

polynomial terms, and ‍ is the intercept. ‭ represents the unobserved random error. The table 

also provides the adjusted Ὑ , 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 Equation (5.11). 

The objective was to identify the model set that produced the best reproduction of the target 

images. 
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Table 5.4. 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) 2 2 2 

    2 3 3 2 

    3 3 3 3 

    4 3 4 2 

    5 3 4 3 

 

5.2.4 Numerical 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 (denoted as ЎὉ ) were 

calculated on a pixel-wise basis and summarized as a mean ЎὉ  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 coordinates in the other image, 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 previous studies and facilitate comparisons, the method 

described by Shen and Xin in their study [106] 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 difference ЎὉᶻ  of each pixel to the mean color of the 

image. A histogram of the color difference was then constructed, with each bin representing an 
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interval of 0.5 units of ЎὉᶻ . Finally, the image similarity ratio ίὄȟὄ  between the target 

texture image ὄ  and the reproduced image ὄ  was calculated as follows: 

 ίὄȟὄ
В ÍÉÎ Ὄ ὄ ȟὌ ὄ

В Ὄ ὄ
 (5.13) 

Here, Ὄ Ͻ denotes the pixel count of the Ὦôth bin of the histogram, and ὓ represents the total 

number of histogram bins. The ómin()ô function returns the minimum value of its two given 

arguments. When the texture distributions of the two images ὄ  and ὄ  are quite similar, the 

value of ίὄȟὄ  is an appropriate metric for assessing the image similarity in terms of color 

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

simulated images, with a value of 1 indicating perfect similarity [106]. 

The calculation based on ЎὉᶻ  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 for the reproduced and target images, leading to systematic errors using the method. To 

circumvent this limitation, the similarity ratio based on the intersection of three-dimensional 

histograms was also computed following the same Equation (5.13). Instead of constructing a 

histogram of one-dimensional 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 this study, the histogram in the CIELAB color space was 

considered, with each channel quantized into eight bins. Lee et al. [105] 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 color spaces. 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 determined to be optimally saturated.  

 

5.2.5 Target color and target image 

In color-to-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 



   

149 

 

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 the given-colored yarns. 

Moreover, the same target color should produce satisfactory results for all fabric 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 situation 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 initially unclear. To 

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 specified color spaces, and the arithmetic mean for each 

component was determined to obtain the target color. 

Experiment 1 aimed to investigate the impact of the source imageôs color on the color 

fidelity of the selected algorithms. In particular, the performance of these models was evaluated 

in terms of their ability to reproduce fabrics with identical texture pattern 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 the target 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 in Table 5.4. In total, Experiment 1 resulted in 348,480 reproduced 

images [4 methods of calculating target color Ǭ 10 texture patterns Ǭ 11 colors of source images Ǭ 

11 colors of target images × 8 fusion algorithms Ǭ 9 adjustments of texture strength (1 without 

adjustment and 8 with polynomial model-based 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 11 individual 

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. Each single-color group consisted 

of 10 images that were utilized as both source and 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 was then compared to the original to determine a mean pixel-wise color 

difference, expressed in ЎὉ . The sum of the mean ЎὉ  values for 10 comparisons per group 

was regarded as a cost function. The MATLAB function ófminsearch()ô was implemented to 

identify the target color that minimized the cost function value for each single-color group, 

resulting in a total of 88 target colors (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 differences, ЎὉ , 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 D65 and 1931 standard 

observer. The gray source images were utilized to generate a collection of 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. Additionally, the study examined nine conditions of texture 

strength adjustment, including one without adjustment and eight with polynomial model-based 

adjustments. The combination of these factors led to a total of 7920 reproduced images (10 

texture patterns Ǭ 11 colors of target images × 8 fusion algorithms Ǭ 9 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 images. Table 5.5 provides a summary of the three investigations 

conducted in this study. 
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Table 5.5. Overview of the three experiments conducted in the study. 

Exp Illustration 

1 

 

2 

 

3 

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

5.3.1 Experiment 1 

5.3.1.1 Evaluation of model performance 

Figure 5.6 displays the color fidelity results obtained by using the mean CIEXYZ values 

of the target image as the target color. The y-axis represents the similarity ratio computed based 

on ЎὉᶻ  color differences, while the x-axis shows the applied color-to-texture fusion algorithm. 

To investigate the impact of texture strength adjustment, an examination of the reproduced 

images was conducted with polynomial model-based adjustments in both sRGB and Adobe 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 in Table 5.4. 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 within each box 

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 of Q1 ï 1.5 × (Q3 ï Q1) to Q3 + 1.5 × (Q3 ï 

Q1), are denoted by circles. The whiskers extend to the most extreme data points that were not 

identified as outliers. 
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Figure 5.6. Similarity ratio based on ЎὉᶻ  for different fusion methods with mean CIEXYZ as 

the target color. 

 

As illustrated in the figure, the CCM-DIN99o method emerges as the top performer when 

no texture strength adjustment is implemented, closely followed by the CCM-RGB method. The 
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similarity ratios for CCM-LCH, CCM-CAM02, and CCM-CAM16 are very close, albeit slightly 

lower than those achieved by CCM-DIN99o and CCM-RGB. Conversely, the CCM-HSI method 

performs the worst among the algorithms examined. With the application of texture strength 

adjustment, the color fidelity of each method is greatly improved, and variation in similarity 

ratios decreases as shown by the narrower interquartile range (Q3 ï Q1) of the boxplot. Again, 

the CCM-DIN99o method exhibits the highest mean image similarity at roughly 0.94, whereas 

the CCM-HSI 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 similarity is negligible when adjustments based on different 

polynomial models are applied.  

These findings generally align with those of Shen and Xin's study [106], which compared 

the performance of DICH and three CCM methods (CCM-RGB, CCM-LCH, and CCM-ὰ‌‍) 

using 40 different texture images. However, there are slight differences in the rankings of 

method performance between the two studies. In contrast to Shen and Xinôs study, where the 

differences in method performance are evident based on mean similarity ratios, the results 

presented here indicate that the four methods produce comparable mean ratios with variations of 

less than 0.15.  

Furthermore, Appendix B features Figure B.1, Figure B.2 and Figure B.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 in determining the target colors. Table 

B.1 - Table B.4 in Appendix B detail the mean similarity ratio based on ЎὉᶻ  for each 

combination of the fusion method, texture strength adjustment, and color space used for 

calculating the target color.  
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Instead of ratios based on the 1D histogram of ЎὉᶻ , Figure 5.7 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 histogram intersection. This finding suggests that the actual 

performance of the methods tends to be poorer than what is indicated by the ratios based on ЎὉᶻ  

color differences. By accounting for the entire color distribution in the 3D color space, this 

metric corrects the bias stemming from only considering pixel-level color differences to the 

image mean colors, thus serving as a more comprehensive indicator. Therefore, 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 on ЎὉᶻ . Without any adjustments, both the 

CCM-LCH and CCM-HSI methods demonstrate comparable inferior performances, yielding 

mean similarity ratios of around 0.42. In contrast, the CCM-CAM16 and CCM-CAM02 methods 

exhibit the best performance, achieving mean ratios of roughly 0.55, followed by CCM-DIN99o 

and DICH-RGB 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 0.22. Among the evaluated methods, CCM-DIN99o consistently 

outperforms the others, whereas CCM-HSI 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 in Figure 5.8, Figure 5.9, and Figure 5.10, respectively. 
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Figure 5.7. Similarity ratio based on the CIELAB color space for different fusion methods with 

mean CIEXYZ as the target color. 
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Figure 5.8. Similarity ratio based on the CIELAB color space for different fusion methods with 

mean CIELAB as the target color. 

 














































































































































































































































































































































































































































































































































































































































