
ABSTRACT  

XIONG, NIAN. Multicolored Pattern Segmentation and its Application in Color Quality Control. (Under 

the direction of Dr. Renzo Shamey). 

 

 Color image segmentation is one of the most difficult tasks in both the color image processing 

area and computer vision area. When it is applied in color quality control, it becomes an essential task since 

proper pixels are supposed to be clustered together for their colors to be averaged. The averaged color 

centroids could be regarded as the colors of the printed fabric examined. A pass/fail judge could be given 

based on the color difference between the averaged colors and the standard colors. The non-uniformity of a 

specific color cluster could also be calculated and another evaluation of how homogeneous the colors are 

printed on the target fabric can also be provided. Compared to the method that evaluates color quality 

perceptually, this method advantaged at high efficiency, larger field of view enables additional 

homogeneity evaluation which is difficult to measure accurately by the human visual system. Color 

gradient region separation, which is a challenging part of segmenting multicolored images, has been 

explored by different segmentation algorithms. In addition, various evaluation methods are applied to 

compare segmentation results generated by different algorithms. Since the segmentation ground truth for 

the images is unknown, two empirical unsupervised methods are used for evaluating the color separation 

performance. In addition to measuring the colorimetric values of the multicolored samples, the color 

homogeneity of each color cluster on the fabric samples are also determined and the color gradient regions 

are separated, which could be useful for future studies. To further investigate the visual perception of the 

color gradient regions in the assessment of multicolored materials, a psychophysical study was conducted. 

This study aimed to find the perceived boundaries in different types of color gradients and the perceived 

smoothness levels of these gradient regions. The results of this study could help separate the color gradient 

regions based on human perception and color appearance assessment of the color transitional regions that 

might appear in multicolored fabric samples. 
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CHAPTER 1 . INTRODUCTION  

1.1    Problem Statement 

The traditional color quality control of multicolored fabrics is based on subjective assessments, which are 

time and labor-consuming. Photometric measurement techniques are commonly used for color quality 

control of textile products. However, their application is limited to quality control of multicolored material 

due to the lengthy data acquisition procedure involved. In addition, it is difficult to measure objects that 

possess transitional colors. Based on these drawbacks, some imaging-based methods have been developed 

and are being applied in some sectors [1ï4].  

In the field of imaging-based textile color quality control, automated and accurate color 

segmentation of multicolored images is a critical step since precise color separation is required before the 

color quality assessment can be commenced. However, many factors affect the accuracy of the color 

segmentation process, including fabric texture, the presence of regions containing color gradients, and the 

selection of a suitable color space. 

Camouflage patterns are often developed to increase the ability of the wearer to blend in with their 

environment. They are designed to match the spectral and spatial properties of the background scenes, which 

are often limited to subdued colors. The use of appropriate textures, gradients, and colors are important 

factor when designing camouflage patterns [5].  

The main objective of this work is to develop an imaging-based technique for accurate color 

measurement and color quality control of multicolored material that is sufficiently robust to the effect of 

variation in these factors. The image segmentation algorithm should be able to accurately separate colors of 

fabric samples that have multicolored complex patterns, especially in camouflage patterns that contain color 

gradients. The segmentation approach could be incorporated into an imaging-based color quality control 

process. In addition, the algorithm could include an evaluation metric to determine whether the regions 

containing gradient colors are deemed acceptable in terms of the smoothness of the transition. This may be 

used to provide an overall pass/fail quality judgment for the appearance of such products.  
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1.2    Research Workflow and Dissertation Overview 

To achieve the research goals, a research workflow is proposed and shown in Fig.1.1. The main objectives 

are to investigate the three different ways for color quality control of multicolored fabrics. Literature related 

to human color vision, CIE colorimetry, color specification system, and color psychophysics, as well as the 

literature on digital color imaging and color image segmentation, is reviewed in Chapter 2.  

The first grouping of the chapters is centered on the psychophysical way of accessing the color 

quality of multicolored fabrics. In Chapter 3, the expertsô provided visual assessment data is analyzed, and 

two judgments are involved in this process. The assessors first assess the color quality of the solid colors 

which contains the judgment of whether the visual difference is larger or smaller than their visual thresholds. 

The second judgment involves some non-smooth color gradient/transitional regions that will be assessed, 

and the overall color quality will be generated based on the color quality and the smooth appearance. In 

Chapter 8, the visual experiment of the gradient and its smoothness is designed and conducted, and the 

results are analyzed.  

The instrumental (photometric/radiometric) way of assessing the color quality of multicolored 

fabrics is described in Chapter 4, involving the instrumental measurement of spectral data and the 

calculation of the colorimetric values. Through the correlation between the visual differences and the 

instrument color differences, the instrumental threshold is inferred.  

The calibration of the spectral imaging system is discussed in Chapter 5, which includes the system 

characterization, stability test and color calibration accuracy determination. The segmentation of the 

multicolored fabric sample images is discussed in Chapter 6, mainly discusses the newly developed 

segmentation algorithms and the performances. The image-based assessment of the color quality of 

multicolored fabrics is described in Chapter 7, which measures the intra-sample color homogeneity and the 

color difference between the instrumental way of measuring colors and imaging-based way of measuring 

colors. The conclusion and future work are discussed in Chapter 9. It provides a summary of the research 

findings and discusses the implications of the study. Additionally, the chapter outlines potential areas for 

future research and development, which may help to improve the accuracy and efficiency of the image-based 

color quality control system. 
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Figure 1.1 The research workflow and dissertation overview. 
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CHAPTER 2 . LITERATURE REVIEW  

2.1    Eye and Color Vision 

2.1.1    Human Visual System 

The human eye system, which is known as the sensory organ of vision, has been studied by scientists since 

300 B.C [6]. However, the fundamental structures of the human visual system were not discovered until the 

maturation of the modern theory of physiological optics. It is now believed that the human visual system is 

composed of the eye and the brain [6]. 

As shown in Figure 2.1 and Figure 2.2, the visual cortices in the occipital lobe at the back of the 

head receive the information transmitted from the optical nerves of the eyes. The information is then sent to 

other visual centers in the visual cortex. The visual processing beyond the retina happens after the signals 

leave the retina and pass along the optical nerve. Both the left and the right hemispheres receive the nerve 

signals from the macular region, as shown in Figure 2.1 and Figure 2.2. Each of the optical nerves is 

separated into two clusters, and therefore they are four clusters in total. Nerves in the left half of the retina 

connect to the left hemisphere of the brain while those on the right half hemisphere connect to the right 

hemisphere of the brain. Therefore, images on the left halves of both retinas are processed in the left 

hemisphere of the brain, while images on the right halves of both retinas are processed in the right 

hemisphere of the brain. Although nerve fibers crossover in the optic chiasm, the signals do not mix at this 

intersection. 
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Figure 2.1 The human visual system [6]. 

 

Figure 2.2 Visual pathways from the retinas to the primary visual cortex [7]. 

Primary visual cortex 
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When the light strikes the eyeball, it first reaches the cornea, which is a transparent bulge that 

refracts or bends light passing through it. When light hits the cornea, the propagation slows down, and the 

path of the light is converged to the center of the eye. The transparency and the spatial uniformity of the 

cells in the cornea has made two things possible: a minimal scattering of the incident light and continuing 

transmission of the incident light in its original direction [8]. As depicted in Figure 2.3, the aqueous humor, 

which is a clear liquid located between the cornea and the iris, is made up of 99.9% water and 0.1% sugars, 

vitamins, proteins, and other nutrients. It nourishes the cells in the cornea and the lens of the eyes, as well as 

maintains the shape of the eyes. Behind aqueous humor, the light reaches the iris and its central opening 

pupil, which are the two components that regulate the amount of light that gets through. The iris controls the 

pupil, which contracts when there is sufficient light and expands at low levels of illumination. The lens is 

behind this variably sized opening structure, which refracts the incident light again and adjusts its shape to 

create a precise image. With the help of the ciliary muscles, the lens is flattened to help focus on the distant 

objects and gets rounded to focus on the near objects. The light then travels through the posterior segment, 

which contains vitreous humor that fills the inside chamber of the eyeball, which helps to maintain its shape.  

The destination of the photons is the retina, the curved surface at the back of the eyes, which is 

covered by over 100 million photoreceptors.  

Rods and cones are the two main classes of photoreceptor cells. Rods are sensitive to light in dim 

lighting environments or scotopic conditions and only carry gray information. Cones are less sensitive to 

light and oversee our visual experience, including color information under the normal lighting environment 

or the photopic conditions. These photoreceptors convert light into neural activity when they are excited and 

pass on their signals through some neurons, including horizontal, bipolar, amacrine, and ganglion cells. 

Figure 2.4 shows the nerve impulses are formed and carried out by the axons of ganglion cells to the visual 

centers of the brain in the opposite direction of the incident light [6], [8ï10].  
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Figure 2.3 The cross-section of a human eye [11]. 

 

Figure 2.4 The cross-section of a human retina [12]. 

It can be observed from Figure 2.5 and Figure 2.6 that the distribution of the cones and rods are 

spatially dependent. The cones have lower density compared with that of rods in the retina from negative 60 

degrees to 60 degrees away from the central line but are concentrated in a small range near the central line. 

The number of rods (~120 million) is approximately 20 times the number of cones (~65million) [13]. The 
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rods are distributed almost all over the retina while the cones are highly concentrated in the fovea region. As 

shown in Figure 2.6, there are no rods in the fovea, but this area contains the highest concentration of cones. 

Although the visual angle covered by the fovea is limited to 2 degrees, it is the place where the color and 

spatial vision is most accurate.  

Both the cones and the rods have an inner segment and an outer segment. The former contains the 

nucleus while the latter contains the photopigments. The rhodopsin, which is the molecule in rods that 

converts light to electrochemical energies, absorbs light mostly in the middle range of the spectrum and 

transmits the short-wavelength and the long-wavelength ends of the spectrum of light [9]. It changes both 

shape and color (from purple to transparent) during this process. In 1964, W.B. Marks et al. [14] discovered 

that there are three types of photopigments in human cones, which have maximum absorption in the yellow, 

green, and violet regions. They are most sensitive in the short (S)-, middle (M)- and long (L)-wavelength 

ranges of the spectrum. The ratio of the three types of cones according to one source is reported to be around 

10:5:1[15], which indicates that the probability of absorption of light depends not only on the wavelength 

but also on the distribution of the S, M and L cones.  

 

Figure 2.5 The blind spot and the eye structure [16]. 
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Figure 2.6 The distribution of the rods and cones across the human retina [16]. 

Following the photochemical activity of the photopigments, the horizontal cells, shown in Figure 

2.4, conduct the initial coding of the signals that are received from photoreceptors. The two main types of 

horizontal cells are C-type and L-type. The former type responds uniformly to 

light of any wavelength and oversees coding information about luminosity while the latter changes the 

polarity depending on which part of the spectrum that the stimulating light originates and is thus in charge of 

the wavelength-dependent coding. After passing through horizontal cells, nerve signals undergo the 

significant modification of bipolar cells. Some signals undergo further encoding due to the lateral interaction 

[17] of the amacrine cells. It is thought that separate sets of bipolar and amacrine cells maintain a distinction 

between the luminosity and color signals. The nerve signals from various photoreceptors converge on to a 

single retinal ganglion cell, and the spatial extent of this neural convergence is defined as the receptive field 

of the ganglion cell. The size of the receptive fields is determined by the neural connections and could also 

be affected by the size and the illumination level of the stimulus. The high-level illumination triggers the 

inhibitory effects of the lateral interaction of the surrounding receptive fields; hence the effective size of the 

receptive field is reduced. The resolving power of the retina is, therefore, increased at a high level of 

illumination [9]. Receptive fields allow us to identify borders and edges based on the luminous contrast. The 

ganglion cell axons gather to form the optic nerve, which is projected to the lateral geniculate nucleus 
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(LGN) in the thalamus. What the LGN received is projected to the visual area one (V1) in the occipital lobe 

of the cortex, which is also regarded as the primary visual cortex. It is in the outmost area of the visual 

cortex region in Fig.2.1. In this area of the brain, the visual signals are modulated and processed for object 

and pattern recognition. There are many other visual cortex areas that are interchanging signals to form the 

ultimate perception from the information network [18]. 

2.1.2    Color Vision Theories 

The experience of color is one of the most distinctive aspects of vision. Physical objects and light sources 

appear to be colored, resulting in some people think that color is a physical property, which is, in fact, a 

misunderstanding. Neither objects nor lights have colors themselves, but rather color is a psychological 

property of our visual system. The ñcolorò experience is the result of the interactions between physical light 

in the environment, the optical property of the object that the light illuminates, and the response of our visual 

nervous system. Our color vision is formed when the electromagnetic signals are transformed by rods and 

cones into electric signals, which are then transported through the optic nerve to the visual cortex to be 

encoded. Based on this complex process, there are several color vision models that aim at providing an 

explanation of the mechanisms of color vision, including trichromatic theory [19], opponent color theory 

[20] and the Retinex theory [21]. 

2.1.2.1    Trichromatic Theory  

The trichromatic theory was developed based on the types of receptors [19]. The initial assumption was that 

there are three types of photoreceptors, approximately sensitive to the red, green, and blue regions of the 

spectrum. The theory proposed that these three receptors are responsible for producing the psychological 

primary color sensations of red, green, and blue. The colors we perceive are based on the combinations of 

these three primaries. Since the sensitivity function of the three receptors are independent of each other, and 

they are all non-zero in the visible light range, any wavelength of light would stimulate the three receptors to 

different extents. The pattern formed based on the three activations is believed to determine the perceived 

color. The trichromatic theory explains that any color could be mixed by a combination of the three 

primaries. This was later proved in the well-known color-matching experiment involving normal color 

observers [19]. This pattern-based activation theory creates a pretext for the metamerism property of the 
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human visual system. Metamerism depicts the phenomenon whereby two stimuli, which are physically 

different, appear the same under one circumstance for a given observer. The observer metamerism depicts 

the phenomenon whereby two or more observers perceive the same object differently, due to inter-observer 

variability in the visual apparatus [22]. Based on the trichromatic theory, if the two stimuli produce the same 

pattern in two observersô visual systems, they are ñseenò as having the same color. Such stimuli are called 

metamers, while the stimuli that have identical physical properties but may appear slightly different (mainly 

in terms of lightness) are called isomers. In coloration industry applications, it is often difficult to obtain 

isomers under the same color recipes.  

2.1.2.2    Heringôs Opponent Colors Theory 

Ewald Hering proposed an opponent colors theory of the color vision based on subjective observations of 

color appearance [20], which included the appearance of hues, simultaneous contrast, afterimages, and color 

vision deficiencies. Hering noticed that some colors were never perceived to appear as a paired combination, 

while other colors were frequently perceived to appear so. For instance, reddish-green or bluish yellow terms 

are never used, whereas yellowish-red or bluish-green are common color descriptors. Similar observations 

also appeared when dealing with afterimages. In addition, he noticed that color deficiency symptom was 

described as the lack of ability to discriminate between these ñtogetherò color pairs. Based on these 

observations, he proposed that the presence of three types of receptors in the visual system that respond in 

two opposite directions: red/green, blue/yellow, and black/white. The opponent color theory provides 

explanations for these observations, which could not be explained by the trichromatic theory. 

2.1.2.3    Other Theories 

In 1959, Edwin Land developed the Retinex Theory[21], which is used to explain the concept of color 

constancy. This theory proposed that the nervous system assigns a color to a given field of view by the 

comparison of lightness of the surface, which has various wavelength-dependent properties rather than based 

on the absolute energies present. This comparison is presumed to be processed by the cells in the V4 region. 

This theory has provided an explanation of the color constancy phenomenon, which depicts the scenario 

where the same object, within a complex multicolored scene, is perceived identically under different 

illumination conditions. The comparison of the relative light energies of different wavelengths reflected 
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from the surface of the adjacent objects shows the wavelength-related ratios remain the same. The constant 

ratios make the color constancy possible even though the spectral composition of the light source and the 

amount of the light source changes. This theory has provided some insights about the importance of the 

spatial ability of the visual system, as well as the spectral dimensions in color appearance models [9].     

Since no color vision model can explain all the physiological facts and the observable phenomena 

of color vision, there are several modern composite color vision models that combine the elements of these 

theories. These models are regarded as ñzone theoriesò based on the assumptions that the nerve cells are 

zoned according to their coding tasks, which happen in different retinal neurons [18]. The dual-process 

theory [6], which is one of the composite color vision models, assumes that the trichromatic theory plays an 

important role in the first stage of visual signal decoding while the opponent color theory plays an important 

role in the second stage of the visual information processing. The translation process occurs from the LMS 

signals generated in the first stage to the opponent signals, which are constructed by red-green (L-M+S) or 

yellow-blue (L+M-S) channels.  

2.1.3    Perception Phenomena 

The process of converting optical signals to electric signals that are processed at the visual cortex of the 

human brain is a sensation process whereby a conscious awareness of vision, including forms, colors, and 

texture is formed. After the electric signals are received by the visual cortex, some characteristics influence 

our perception. These include the retinal locus of stimulation, the angular substance, and the luminance 

level. Variations of the backgrounds, the size and the shape of the object, as well as the surface 

characteristics, will affect our perception. In addition to color stimuli, other types of stimuli, including 

oriented edges, various spatial frequencies, temporal frequencies, spatial locations also result in responses in 

the primary visual cortex [23]. Therefore, many types of color appearance phenomena are involved when we 

experience color. These include simultaneous contrast for lightness and chroma, adaptation to varying 

lightness and chroma, lightness crispening, Hunt and Stevens effects, Purkinje shift and others.  

2.1.3.1    Viewing Field 

To model various color appearance phenomena, Hunt specified a set of components [24] that are necessary 

for the visual field, including stimulus, proximal field, background and surround, as shown in Fig.2.7.  
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The stimulus is defined as the color element of which the appearance is to be measured. It is usually 

a patch with 2° subtense. The proximal filed is the immediate environment of the stimulus extending about 

2° from the stimulus edge. It is useful to model the local contrast effects such as lightness or chromatic 

induction. The background is the environment of the stimulus, extending about 10° from the edge of the 

stimulus in all directions. The surrounding is the field outside the background. It could be as large as the 

entire space of the viewing environment. The viewing field is important when modeling long-range 

induction such as flare and image contrast effects. Bartleson et al.[25] conducted the study of the brightness 

perception in complex stimuli such as photographic reproductions viewed with both illuminated and dark 

surrounds. They found that brightness has a non-linear relationship with the surrounding luminance. 

 

Figure 2.7 Set of components of the viewing filed [18]. 
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2.1.3.2    Modes of Viewing 

There are five modes of viewing color, as defined by OSA in 1963 [26], including illuminant, illumination, 

surface, volume, and film. Different modes of viewing correlate with different combinations of perceptual 

attributes, and they define the modes of appearance of color. 

2.1.3.2.1    Illuminant 

The illuminant (or self-luminous) mode of viewing is defined as the color perceived as belonging to a source 

of light. The illuminant mode of viewing color correlates with perceptual attributes, including brightness, 

colorfulness, saturation and hue. The illuminant mode is an ñobject modeò and is typified as ñglow.ò 

2.1.3.2.2    Illumination  

The illumination mode of viewing is defined as color attributed to the properties of the prevailing 

illum ination rather than object. The presence in the field of illuminated objects which reflect light and cast 

shadows, and sometimes the presence of the reflecting particles in the atmosphere, provide the perception of 

color in the illumination mode. This mode of perception correlates with the same perceptual attributes of the 

illuminant mode. The illumination-color perception is a ñnon-objectò perception, and it is mediated by the 

presence of illuminated objects that reflect light.  

2.1.3.2.3    Surface 

The surface mode of viewing is defined as color perceived as belonging to a surface. A physical surface is 

required for this mode, as well as the reflected light directed from the surface. This mode is also an ñobject 

mode.ò The surface mode of viewing correlates with lightness, saturation, chroma and hue. The surface 

mode and the illumination mode could be transformed into each other under some circumstances. Heringôs 

ringed-shadow experiment [27] presented an instance of a shift from illumination to the surface mode. The 

shadow cast on the surface appears to be a matter of the illumination until the penumbras of the shadow are 

concealed by drawing over it a heavy line or ring, whereupon the shadowed area becomes perceived as 

belonging to the surface. When the penumbral clue to the perception of the shadow is eliminated, the shift 

appears.  
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2.1.3.2.4    Volume 

The volume mode of viewing is defined as color perceived as belonging to the bulk of a more or less 

uniform and transparent substance. For example, the increasing number of bubbles in a block of ice leads to 

increased lightness and decreased transparency. The volume mode of perception requires transparency and a 

three-dimensional structure. It correlates with the same perceptual attributes of the surface mode. 

2.1.3.2.5    Film 

The film mode of viewing is defined as the viewing of a reflecting surface through an aperture in a screen 

with the aperture small enough to mask off a limited area of the surface. In this mode, the perceived color is 

in no connection to an object, and the film mode of viewing color is a ñnon-objectò mode. When the 

observer fails to focus on the plane of the surface, the aperture screen accomplishes this, and the surface 

mode is shifted to the film mode. This shift appears when there is a visual loss of microstructure or texture. 

The aperture screen converts the surface to film mode, and it is useful to separate color perception from 

object perception. This mode correlates with brightness, lightness, colorfulness, saturation, chroma, and hue. 

2.1.3.3    Related Colors and Unrelated colors 

The color perceived to belong to an area or object seen in relation to the surround is known as a related 

color, whereas the color perceived to belong to an area or object seen in isolation is an unrelated color [28]. 

Unrelated colors only exhibit the perceptual attributes of hue, brightness, colorfulness, and saturation. They 

cannot exhibit lightness since lightness or chroma require a judgment relative to other stimuli that are 

similarly illuminated. Related colors exhibit all these perceptual properties [18]. Brown and grey cannot 

exist as unrelated colors since they require a relative judgment of lightness and chroma.  

Color perception varies for related colors and unrelated colors; even when the two colors possess 

the same colorimetric values. For example, the BezoldïBrücke hue shift addresses the perceived hue change 

which is caused by the change of the luminance level. Hunt studied the BezoldïBrücke hue shift on 

unrelated colors [29]. The study indicated that the effect of this hue shifts on color perception is more 

prominent in the case of unrelated colors than for the related colors. Most of the color appearance models, 

however, deal with the related colors. 
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2.1.3.4    Simultaneous Contrast 

Simultaneous contrast is the color appearance phenomenon that generates from the spatial structure of the 

stimuli [18]. As illustrated in Figure 2.8 (a), when the mid-gray patches are viewed under the same light gray 

background, they look identical to each other, while in Figure 2.8 (b), the mid-gray patch under the black 

background looks lighter than the mid-gray patch under the white background. Simultaneous contrast causes 

the stimuli to shift in appearance when the color of the background is changed. This follows the opponent 

color theory, where the color contrast is created in the direction of the opponent color pairs. A light 

background induces a darker appearance, while a dark background induces a lighter appearance. This also 

applies to the red-green and yellow-blue opponent color pairs. In terms of dark/light background, 

simultaneous contrast varies according to the lightness, while for changes in the red-green/yellow-blue 

directions, simultaneous contrast varies based on chroma. Chromatic simultaneous contrast includes many 

complex effects, such as Munker-White Illusion [30]. 

The Munker illusion describes an effect where the color contrast creates a color-shift illusion. The 

balls shown in Figure 2.9 (a) and Figure 2.9 (b) are identical in terms of color. However, in Figure 2.9 (a), 

the balls with stripes of different colors on them appear different in colors, while the balls in Figure 2.9 (b) 

appear to be the same. The Munker illusion indicates that the brain organizes colors based on the colors of 

the surround. 

 

Figure 2.8 Illustration of simultaneous contrast [18]. 
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             (a)                                                                                (b)                                   

Figure 2.9 Illustration of Munker illusion (a) Munker illusion with color strips on the top of balls (b) 

Munker illusion with Color strips underneath of balls (original images are from Professor David Munk [31]). 

2.1.3.5    Lightness Crispening 

Lightness crispening is another phenomenon that correlates with the spatial variation of the stimuli. It is the 

change in the perceived color differences of a pair of samples caused by the change in the lightness of the 

background. As illustrated in Figure 2.10, the two achromatic color patches in the four sub-images and the 

measured color difference between them remain the same. However, when they are viewed on backgrounds 

of different lightness, their perceived lightness difference is changed. The difference between pairs is 

crispened (enhanced) when the lightness of the background is closest to the lightness of the stimuli being 

viewed. 
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Figure 2.10 Illustration of lightness crispening [18]. 

To further explain these color perception phenomena, a dynamic mechanism called adaption must 

be considered in the processing of color signals. There are three types of adaptation: dark adaptation, which 

refers to the decrease in visual sensitivity when the level of illumination is increased; light adaptation, which 

refers to the increase of visual sensitivity when the level of illumination is decreased; and chromatic 

adaptation, which refers to the independent sensitivity regulation of the LMS cones. 

The magnitude of the chromatic adaptation depends on the state of the adaptation, including local 

state, temporal state and spatial state. Adaptation happens when the visual system is adjusted to certain color 

stimuli. Apart from adaptation, some other visual mechanisms also influence color perception, including 

memory color, color constancy, discounting-the-illuminance, and object recognition. The fact that object 

recognition is essentially generated by the spatial, temporal and light-dark properties rather than chromatic 

properties has provided some insights to the methods to solve computer vision tasks, including detecting the 

edge and contour information based on the grayscale images [18]. 

2.1.3.6    Other Phenomena 

Some color appearance effects are based on the interaction of the lightness and chromatic adaptation 

phenomenon. The Hunt effect [32], for example, explains the phenomenon that the perceived colorfulness of 
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a stimulus increases with the luminance for a constant chromaticity. The stimuli of lower colorimetric purity 

are required to view under a higher luminance environment to match a stimulus of higher colorimetric purity 

under the lower luminance environment. In other words, the luminance of a given color stimulus is required 

to increase its perceived colorfulness. Another visual phenomenon is known as the Stevens effect [33], 

which demonstrates increases in the perceived lightness contrast with increasing luminance. These 

observations indicate the luminance-dependent nonlinearities of visual signal processing. 

Based on Stevensô effect, Bartleson and Breneman [25] proved that the perceived contrast in 

images increases with increasing luminance from dark to dim to light conditions. The reason for the change 

in the contrast is that the changes in luminance have a greater influence on darker colors rather than lighter 

colors. This observation has led to practical adjustments and applications in the printing, TV, and imaging 

industries.  

Purkinje shift is another important color appearance phenomenon that describes the shift in eyesô 

sensitivity toward the blue end of the color spectrum at low illumination levels, which results in the effect 

that in the low illuminance environment, red colors look duller and darker and the blues look brighter. The 

intrinsic reason for this shift to happen is the rod contribution starts to become significant at the low 

luminance level [34].  

Another type of surround that influences color perception is the luminance gradient. The sensation 

of brightness not only correlates with the luminance but also the surround. It is known that rods are mostly 

found in the peripheral regions of the retina, and they dominate our peripheral vision [35].  

Cornsweetôs vision illusion [36] and Mach band effect [37] are conjectured to be caused by the 

retinal interaction. Van Den Brink et al. [38] conducted a study that examined luminance gradient and edge 

effects in 1975. They proposed that the effects may be attributed to higher neural levels where the neuron 

excitation patterns are recognized and interpreted. They found a perceptibility threshold for luminance 

gradient, and that a luminance gradient is perceived as homogenous when it is set under a threshold. This 

study suggested that in addition to the peripheral vision mechanism, the retinal cells can detect whether 

adjacent parts of the retinal cells are differently illuminated or not, and this leads to the detection of 

inhomogeneity. Agostini and Galmonte [39] observed that the size of the achromatic simultaneous contrast 
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was enlarged when perceiving two identical patches under linear gradients of different lightness. This study 

indicated the luminance gradient surrounding influences lightness perception. 

2.2    Colorimetry and Color Specification System 

2.2.1    Basic Colorimetry 

In Section 2.1, it was described that color is a subjective experience, which depends on the visual sensitivity 

of the user, and many factors including lighting, size, and surface properties of the object, as well as surface 

and the background in the viewing environment. These factors make an accurate description of color 

difficult. The International Commission on Illumination (CIE) established a basic colorimetry based on the 

triangle of object color, which defines the light source, object, and the human visual system. These three 

components are considered the necessary elements to describe object color and are briefly described in the 

following section. 

2.2.1.1    CIE Illuminants  

Since a light source is a form of radiant energy that is used to stimulate the visual system, it can be 

quantified by its spectral power distribution over the visible range from approximately 400 nm (violet) to 

700 nm (red). The CIE has established multiple standard illuminants for colorimetry, which include A, B, C 

D, E, and F series. Each of these illuminants has its specific spectral power distribution. These standard 

illuminants are generated to approximate corresponding light sources. These light sources include 

incandescent, daylight, and fluorescent lighting sources. The CIE also recently developed a series of 

standard illuminants for LEDs [40]. Apart from SPD, correlated color temperature is another parameter to 

characterize the color appearance of a light source, which is defined by the proximity of the light sourceôs 

chromaticity coordinates to the blackbody locus. The most common current standard illuminant for 

colorimetric applications is the D65 [41], which has a correlated color temperature (CCT) of 6504K. 

2.2.1.2    Optical property of the material  

When the radiant energy of the light source interacts with the surface of a material, absorption, reflection, 

and transmittance may occur. When a light beam meets the surface, some of the light is refracted. Part of the 



   

21 

 

refracted beam is then absorbed and scattered, and the total reflected energy is determined based on the final 

radiant energy. Since the spectrophotometric measurement of the optical property of the material is based on 

the ratio of the amount of the reflected light to the amount of the incident light, it is expressed either as a 

percentage ranging from 0% to 100% or a fraction ranging from 0 to 1. 

2.2.1.3    Standard Observer  

Once the light from a light source is emitted to reach into the observerôs eyes or the light reflected off of a 

surface reaches into observerôs eyes, it affects the short (S), medium (M), and long (L) wavelength sensitive 

cones according to their specific spectral sensitivity functions. Since the spectral sensitivity of the cones 

cannot be easily directly measured, Wright and Guild independently developed color matching experiments 

to determine the chromatic coefficients of the spectral colors, as the proportions of the three selected 

primaries to match the colors ranging through the visible spectrum, for a group of normal color observers 

[42].  

Based on the three major components, the perceived color has been mathematically defined by the 

tristimulus values X, Y, and Z in Equation 2.1. 

ὢ  В ὼӶ ὙὛ  (2.1)   ὣ  В ώὙὛ ςȢς     ὤ  В ᾀӶ ὙὛ [9]                               (2.1) 

where the ὼӶ, ώ and ᾀӶ are color-matching functions of the standard observers, and the Ὑ stands for the 

reflectance of the surface of the object, and the Ὓ stands for the spectral power distribution(SPD) of the light 

source. The wavelengths ɚ = 380 and ɚ = 760 are the boundaries of the visible region, and ɚ is strictly 

incremented by a small wavelength interval depending on the resolutions of Ὑ, Ὓ , ὼӶ, ώ and ᾀӶ. 

2.2.2    Color Measurement 

Since color is an experience in the mind of the observer, currently there is no method for direct measurement 

of this ñexperience.ò  However, in industrial applications, color quality control is important for color 

reproduction purposes where the reproduced colors are required to be ñcorrectò when viewed by the 

observers. In order to describe the methodology involved in the measurement of color, color measuring 

instruments, and color quantization methods are briefly introduced in this section.  
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Since the physical properties required to describe a color, prior to its perception, could be 

determined via the interaction of the light, the sample, and the source, basic color measurement methods can 

be divided into direct and indirect measurement techniques.  

In direct measurements, spectral information is obtained using spectrophotometers or radiometers. 

Tristimulus values are common parameters obtained through measurement, and the reflectance spectrum is 

also obtained as the intrinsic optical characteristic of the object. 

2.2.2.1    Colorimetry and colorimeters 

Basic colorimetry provides us with a way to make a prediction on whether two visual stimuli of different 

spectral power distributions match in color for certain given conditions of observation. The prediction is 

made by determining the tristimulus values of the two visual stimuli [43]. The tristimulus colorimeter 

usually contains a light source and a light detector. It measures the colors in a way of mimicking the human 

visual system. After the light interacts with the target sample, the reflected light is filtered by a set of red, 

green, and blue filters that approximately match the color matching functions. The light-sensitive functions 

of the filters employed in colorimeters are designed to match the 10-degree standard observer functions of 

the human visual system. Hence, the data collected is a combination of the color matching functions and the 

reflectance. The advantage of the instrument is that its output tristimulus values produce object color data 

and a means of color difference comparisons accurately and quickly directly. The disadvantage of the 

instrument is that the resultant output is restricted to certain light and observer functions employed. In 

addition, it cannot distinguish metamers or determine colorant strength; neither can it be used to predict 

color formulations.   

2.2.2.2    Spectrophotometry and spectrophotometers 

Spectrophotometry is a branch of electromagnetic spectroscopy that is concerned with the quantitative 

measurement of the reflection or transmission properties of a material as a function of wavelength [44]. 

Spectrophotometers measure the ratio of the reflected/transmitted light to incident light, which is defined as 

the reflectance. The instrument contains a light source that interacts with the sample at a certain illumination 

angle. The reflected or transmitted electromagnetic waves are split into components of different wavelengths 

by a diffraction grating. As illustrated in Figure 2.11, the sample to be measured is placed on the 

https://en.wikipedia.org/wiki/Electromagnetic_spectroscopy
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measurement port. The integrating sphere produces diffuse light to interact with the sample, and the 

reflected light is collected through the sample beam port. 

 

Figure 2.11 Structure of dual-beam spectrophotometer [45]. 

The reflected light from the wall of the integrating sphere is collected through the reference beam 

port and is then redirected by the mirror and received by the spectral analyzer. Afterward, both the reference 

reflected light and the sample reflected light are spit by the concave holographic diffraction grating into 

spectral components, which range from 380 nm to 780 nm. This range is wider than the visible light range to 

include the UV and IR measurement ability. The resolution of the spectrum data is determined by the diode 

spacing of the diffraction gratings. The photodiode array sensor is a linear array of several hundred light-

sensing diodes with a number of diodes ranging from 128 to 1024. When the light passes through the 

sample, it hits the monochromator and is then dispersed onto the photodiode array. To be consistent with the 

resolution of CMF, which is in 10nm or 5nm, the original data is interpolated into proper resolution. Since 

UV light is important when measuring fluorescent material, a UV filter is set between the light source and 

the lamp port. The filter can be in the off, on, or calibrated mode. The specular port is designed to include or 

exclude the mirror-like component of the reflected light and is located in the symmetric position of the 

sample beam collector, at about 8 degrees from the normal. When the specular port is closed, the mirror-like 
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reflection from the sample will be received by the detector. Therefore, for glossy samples, the use of 

specular off or on modes results in a large difference in the measurement results. The advantage of the 

spectrophotometer is that it can provide different measurement options when outputting colorimetric values 

based on different illumination and observer functions. It also provides the specular included/excluded 

options by controlling the specular port in Fig.2.11. In addition, these instruments are capable of 

distinguishing metamers, measuring colorant strength, and making predictions of dye recipes. 

2.2.2.3    Spectroradiometry and spectroradiometers 

Spectroradiometer is a measurement instrument that can directly measure the light intensity reflected from 

an object or emitted from a light source. It could determine the spectral radiance or irradiance across 

different spectral ranges. It measures the electromagnetic radiation from a light source and obtains light 

dispersion using a diffraction grating. Light sources and self-luminous objects are measured by 

spectroradiometers. The difference between the spectrophotometer and the spectroradiometer is that the 

spectroradiometer measures the absolute quantities while the spectrophotometer measures the quantities 

related to the human observer. As depicted in Figure 2.12, the radiant energy measured by the sensor is 

determined by the fraction of the emitted energy that is captured. The power per angle in the direction of 

measurement has determined the brightness of the light source, which has a unit of watts per steradian 

(W/sr) and is defined as the radiant intensity, denoted as Ie. The power per unit area at a given wavelength is 

defined as irradiant intensity, which has a unit of watts per square meter (W/m2). By weighting the radiant 

intensity against the CIE luminous efficiency function, the luminous intensity is obtained in candela (cd), 

denoted as Iv. The illuminance is measured in cd/m2 [46].    
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Figure 2.12 Measurement geometry for radiant energy [46]. 

In contrast to the methods described above, indirect color measurements do not measure the optical 

properties of objects. Rather, they convert digital signals, such as those generated in digital RGB cameras or 

multispectral imaging systems, to color information based on some estimation methods [47-48]. 

2.2.3    Color Space 

Since color can be described by a three-dimensional vector, several color spaces have been established in a 

three-dimensional space. These color spaces include CIELAB, CIELUV, RGB, YCbCr, CMYK, HSV. The 

color attributes of both CIELAB and CIELUV are derived from the tristimulus values. CIELAB was 

originally developed to compensate for the perceptual non-uniformity of the CIExyY color space and the 

interpretability of the XYZ color systems. To solve the non-uniform visual scale of the relative luminance of 

the related color [13], CIE 1976 lightness L* is defined as: 

 ὒᶻ  ρρφ ρφ                                                                                                                                           (2.2) 

where ὣ is the relative luminance of the reference white, which in most cases is represented by a perfect 

reflecting diffuser but may also be defined for a region showing the highest luminance on a monitor, or the 

best available reflecting white object, e.g., a white paper. In the CIE XYZ system, the Xn, Yn, Zn of the 

perfect reflecting diffuser are measured or calculated to ensure that Yn = 100. This non-linear transformation 
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enables the increment of the perceived lightness to indicate the same step increment on the L* , a* , and b*  

scale. Accordingly, a*  and b*  values are defined as: 

a*  =  500 ὢȾὢ Ⱦ  - ὣȾὣ Ⱦ]                                                                                                             (2.3) 

b*  = 200[ὣȾὣ Ⱦ - ὤȾὤ Ⱦ ]                                                                                                               (2.4)                                                                                   

where ὢ , ὣ and ὤ are the tristimulus values of the reference white. Eq. 2.3 and Eq. 2.4 also need to satisfy 

the condition of Eq. 2.2.  

Busin et al. [53] proposed grouping the most classical color spaces into four principal families that 

are further divided into subfamilies. Figure 2.13 distinguishes these four main families by four main 

rectangles: perceptual spaces, independent axis spaces, primary spaces, and luminance-chrominance spaces.  

The primary color spaces are established on the trichromatic theory. These color spaces include CIE(RGB) 

color space [54], sRGB color space [55]. These color spaces have been widely used in the video, image 

acquisition, television display, and image printing industries. Different TV signal transmission standards use 

different RGB color spaces. For example, the National Television Standards Committee (NTSC) standard 

uses the (Ὑ , Ὃ , ὄ ) color space based on the Federal Communications Commission (FCC) primaries; the 

phase alternation by line (PAL) and Séquentiel Couleur À Mémoire (SECAM) standards use the (Ὑ ,Ὃ ,ὄ ) 

color space based on the European Broadcasting Union (EBU) primaries, and SMPTE-C standard uses the 

(Ὑ, Ὃ, ὄ) color space based on the Society of Motion Picture and Television Engineers (SMPTE) 

primaries. These real primary spaces are obtained from the gamma correction of the television signals, 

which compensates for the nonlinearity of display devices by transforming the acquired video signals so that 

the R, G, and B trichromatic components of the pixels of the acquired image are corrected. Different 

standards apply different gamma correction coefficients. For the NTSC standard used in North America 

televisions, the correction coefficient ɔ is set to 2.2. These real primary color spaces could be transformed to 

luminance-chrominance color spaces by different transformation matrixes. 

The luminance-chrominance spaces separate the luminance component from the chrominance 

component and include YChr1Chr2 [56], YôIôQô[57], and others. They have a low level of dependency 

between their color attributes. Perceptually uniform spaces such as CIELAB and CIELUV belong to the 

luminance-chrominance family. 
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The perceptual spaces divide the color components into luminosity, hue, and saturation and include 

the IST, LCH, HSV, HSL, and other notations [56, 58] and make the color better subjectively understood. 

These color spaces have different degrees of relevance between their color attributes, compared to the 

trichromatic color spaces.  

The luminance-chrominance color spaces, for instance, Ohtaôs color space (I1I2I3) [59], is the only 

color space that has independent axes, where a principal component analysis (PCA) method was used to 

extract independent color attributes. 

 

Figure 2.13 Color spaces family [53]. 
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2.2.4    Color Difference Models 

In Section 2.2.3, several perceptually uniform color spaces have been introduced. The advantage of a 

perceptual uniform color space is its uniformity when quantifying the magnitude of the visual color 

difference. In 1942ôs experiment of McAdam [60], it was found that visually equal color-difference 

ellipsoids around different color centers vary greatly in size, shape, and orientation in the CIE xyY color 

space. The inequality in mapping the visual color difference to mathematical color space has caused trouble 

in the color quality control process in the industry. Hence, researchers plan to establish color difference 

models that correlate the visual tolerance with the computational ones. Based on the models, a single-

number shade passing (SNSP) [61] will be generated, regardless of color centers or directions. 

Since CIELAB is a perceptually uniform color space, many investigations have focused on models 

in the CIELAB color space, including the CIEL*a*b* color difference expressed by Euclidean distance 

between two colors, denoted as ЎὉᶻ . Based on this formula, proposed in 1976, CMC (l:c) [62] , BFD [63], 

[64], CIE94 [60], CIEDE2000 [65] have been developed to optimize the performance. Although studies 

show that the latest model CIEDE2000 model slightly outperforms previous formulas [66ï68], it has 

limitations in the black [69] and blue [70] region.  

2.2.5    Color Appearance Models 

In Section 2.2.3, several perception phenomena were described that indicate several parameters that could 

influence the color appearance of a stimulus, including the stimulus itself, proximal field, background, and 

the surround. The stimulus is the target color, and it is usually within 2° field of viewing angle. The 

proximal field is the adjacent field which extends about 2° in all directions of the stimulus. The background 

is the outside environment of the stimulus which extends about 10° field of viewing angle. The surrounding 

is the field outside the background. Practically the surroundings could be the environment where the image 

is viewed. Regardless of the temporal effects, these four elements are essential spatial configurations in 

modeling the color appearance [18, 71]. In 1991, Huntôs study first showed that there is a significant 

difference in modeling the color appearance of related colors, which refers to the colors that are viewed in 

relation to other color stimuli (such as in multicolored patterns). In comparison, uncorrelated colors refer to 

the colors that are viewed in isolation from other colors (such as solid colors or colors viewed in the aperture 



   

29 

 

mode). There are no color appearances for these colors since appearance could not be measured in isolation 

from other colors. Based on this observation, the error rate for the existing current color difference models 

could be, at least partly, explained since some of the perceptual color difference may be due to other factors. 

CIE Technical Committee l-34 [72] defined a color appearance model as any model that includes the 

predictors of at least the relative color appearance attributes of lightness, chroma, and hue. In terms of this 

definition, the CIELAB and CIELUV could also be regarded as color appearance models since they contain 

chromatic adaptation transforms and predictors of lightness, chroma, and hue. Based on the physiological 

fact of adaptation, including pupil dilation/constriction, rod-cone transition, receptor gain control, 

subtractive mechanism, and high-level adaptation [18], any chromatic adaptation process is considered as 

the adjustment on cone response signals. Hence, the von Kries Model [73], which has laid the foundation for 

the following chromatic adaptation models, proposed to apply a diagonal matrix transformation shown in 

Eq. 2.5: 

 

ὒ
ὓ
Ὓ

=  

Ὧ π π
π Ὧ π

π π Ὧ

ὒ
ὓ
Ὓ

                                                                                                                       (2.5)                 

where the L, M, and S are the cone responses, Ὧ, Ὧ  and Ὧ are the coefficients for adjusting the sensitivity 

functions of cones, and ὒȟὓ ȟὛ are the adapted cone responses. The idea was proposed based on the 

observations from a symmetric matching experiment depicted in Figure 2.14. The experiment procedure 

involved the observer is asked to use each of their eyes to view a color stimulus under different adaptation 

conditions, generated by the two different illuminations on two different uniform surroundings. The observer 

was asked to view the color of the stimuli ὅ ‗) by the left eye and match it by adjusting the red, green and 

blue primaries on a spot viewed by their right eyes. The result of the experiment is expressed in ὅ ‗).  

ὅ ‗) and ὅ ‗) are known as corresponding colors. Based on the observation that the ὅ ‗

ὃ ὥὲὨ ὅ ‗)  ὃ has the same appearance, it was deduced that color change caused by adaptation could 

be explained as the adjustment of the spectral sensitivities of the cones [73].  
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Figure 2.14 The asymmetric matching experiment [72]. 

Since then, several color appearance models have been developed, including CIECAM97s [74], 

which can predict a wide range of adaptation, surround, and luminance-dependent effects. The CIECAM02 

[75] was proposed as a simpler and more effective model compared to CIECAM97s in 2002. Recent studies 

found that the CIECAM02 has some limitations in the image processing of cross-media color reproduction 

applications, leading to the evolution of the new model CAM16. To solve the problem caused by the 

appearing negative values of achromatic signals in CAM02, CAM16 used a single-color space for color and 

luminance adaptations rather than two spaces in CAM02. CAT16 is also proposed to be applied for 

chromatic adaptation [76]. 

2.2.6    Psychophysical Assessment of Color  

It is found that color is associated with a range of psychological, cognitive, biological, and behavioral 

effects. In popular cultures, ñthe psychological effects of colorò is assumed to be a link that exists on a 

universal basis irrespective of individual differences or the impact of cultural, contextual, or temporal 

factors. However, some sources extend color psychology to a branch of study that postulates that color has a 

range of psychological or behavioral responses [77]. Different psychophysical methods are applied in color 



   

31 

 

psychology studies to evaluate the performance of color difference and color appearance models. Moreover, 

when evaluating the color quality of products, especially the color difference and color appearance 

difference between the standard and a batch, various psychophysical assessment methods are involved.  

Here we introduce two commonly used methods to measure quantitative perceptual color differences.  

2.2.6.1    Gray Scale Method 

The Gray Scale method uses a series of achromatic sample pairs for scaling the visual color difference. The 

achromatic pairs in the grayscale may be indexed from one to a certain integer to obtain a numerical scale 

from the observers. The color difference of the grayscale pair varies according to their index. When the 

sample pair is presented to the observer, the observer will compare the color difference between the sample 

pair with that of the different grayscale pairs and determine the index of the pair, which has the closest color 

difference with that of the sample pair. If the perceived color difference of the sample pair falls in between 

the two anchor pairs, the observer may determine an appropriate decimal value [78]. The numerical 

grayscale data can be converted into visual differences by using linear or non-linear regression methods 

depending on the color difference of the gray pairs. ASTM D2616-12 provides the procedure for visual 

evaluation of the color difference of samples by a grayscale [79]. In this method, the assumption is that the 

total color difference could be evaluated in terms of an equivalent lightness difference. However, this 

method is not applicable to the precise evaluation of the hue, lightness, or chroma difference. The CIELAB 

ῳὉᶻ
between the grays for each of the anchor pairs, which ranges from 0 to 13.6-unit  is scaled to integer 

gray scale ratings from 5 to 1, respectively. The larger the numerical value, the smaller the color difference 

perceived. It should be noted, however, that the color difference is not linearly scaled among the nine gray 

pairs, and it increases as the numerical value decreases. Like ASTM D2616-12, the American Association of 

Textile Chemist and Colorist (AATCC) evaluation procedure one (EP1) uses the gray scale method to 

evaluate the color fastness of textiles. Gray scale method is widely used in the textile industry to report the 

color difference after the fastness test, it is also used in psychophysical studies to measure the visual 

difference (VD).  
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2.2.6.2    Constant Stimuli Method 

Another frequently used method in color psychophysical studies is the constant stimuli method. In this case, 

the reference gray color pair is presented beside the sample pair. The observer compares the color difference 

of the sample pair with that of the gray color pair and judges if it is smaller or larger. The judgment could be 

considered as pass/fail since the response is binary. Based on the binary response, logit or probit [80] 

analysis could be used to develop the color difference tolerance ellipsoid [78]. Various studies [81]ï[84] 

have used this method to analyze the experimental results from psychophysical assessments of color.  

2.3    Digital Color Imaging 

2.3.1    Digital Image Formation 

Digital imaging systems could be considered as instruments that record color signals in the format of 

images. As depicted in Figure 2.15, the digital image formation in a digital still camera could be modeled as 

follows:  

¶ The radiant energy of the incident light goes through the lens and the aperture; 

¶ The filtered energy goes through the Bayer color filter array; 

¶ The re-filtered energy is received by the charged-coupled device (CCD) array; 

¶ The analog-to-digital signal converter (ADC) quantizes the received energy according to 

the bit specified; and 

¶ The scanned bitmap is recorded as the digital image. 
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Figure 2.15 Image acquisition process in a digital still camera [46]. 

After digitization, several processing steps are conducted to output an image for the user, involving 

dark noise removal, non-uniformity correction, demosaicking, white balancing, appearance adjustment, 

compression, and formatting. The general digital image processing pipeline is depicted in Figure 2.16. As 

demonstrated in Figure 2.15 and Figure 2.16, the automatic control mechanism interacts with the Bayer 

color filter array to adjust the aperture size, shutter speed to determine the exposure, as well as the focus 

position. These parameters are adjusted to ensure the images are not overexposed or underexposed. The 

exposure control relies on the characterization of the brightness of either part of or the complete RGB image 

or the green channel data, which represents the luminance signals well. Apart from the luminance level, the 

dynamic range, which refers to the contrast ratio between the brightest pixel and the darkest pixel in the 

image, is also measured during the exposure control process [45]. High dynamic range imaging techniques 

are applied when capturing outdoor scenes to make the spatial details in 

darker areas become distinguishable from black, and these in bright areas become distinguishable from 

white [85]ï[87].  
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Figure 2.16 Digital still camera image processing pipeline [88]. 

As depicted in Figure 2.16, the raw data obtained from the sensor is being preprocessed to remove 

the noise and other artifacts. Defective pixel correction is applied to prevent confetti-like errors, which may 

appear after demosaicking [88]. These lost pixels are estimated by interpolation based on the neighboring 

pixels. Spatial uniformity correction is applied to eliminate the non-uniformity arises from the illumination 

geometry, camera operating conditions, and the measurement environment that is impossible to anticipate.  

The human visual system can map ñwhiteò colors to the sensation of white, even though an object 

has a different radiance when it is illuminated with different light sources. Cameras need to be trained to 

map the white point under the capture illuminant to the white under the viewing illuminant. One way of 

performing white balance is to assume that a white patch must induce maximal camera responses in the three 

channels. The white-balanced image is formed by dividing the value of each pixel by the maximum in each 

channel. The second approach is to assume all colors in an image will average out to gray, and the white-

balanced image is created by multiplying R and B value of each pixel by the coefficients Ὧ and Ὧ, where 

Ὧ = Ὃ  /Ὑ  and  Ὧ = Ὃ  /ὄ Ȣ The third approach is to correlate the problem with illumination 

estimation, once the illumination is estimated accurately, the mapping from the actual illumination to the 

standard illumination in the color space will achieve a proper white balance [46]. 
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Demosaicking is the process that estimates the unmeasured color component information of the 

pixels in the neighborhood in the color space of the camera. The goal is to obtain color accuracy and high 

spatial resolution by interpolation. After demosaicking, two steps are involved in the color transformation 

process:  

¶ Transforming from the camera color space (RGB)c to the unrendered color space (RGB)u, which 

maps the data captured by the sensor in the color space of the camera to the CIE RGB color space; 

(RGB)c  represents the color space of the camera and (RGB)u represents the CIE RGB color space; 

¶ Transforming from the unrendered CIEXYZ color space to the sRGB color space (RGB)s, which is 

an 8-bit data defined by the ITU-R BT.709.3 standard [89]; (RGB)s represents the standard RGB 

color space. 

2.3.2    Digital Camera Color Calibration 

As introduced in Section 2.3.1, digital still cameras obtain color information through color filter arrays. In 

the formatted image, the intensity of signals in each pixel represents the magnitude of RGB values in the 

camera color space. It should be noted, however, that the spectral sensitivities of the filters employed in 

cameras are not linearly related to the CMFs defined by the CIE. A color calibration process is required to 

map the colors obtained from the device-dependent camera response to colorimetric values. To communicate 

between different device-dependent color spaces, device-independent spaces, including CIERGB, CIEXYZ, 

and CIELAB, are used. Major approaches used to transform, or correct colors include matrix-based 

transformation and multi-dimensional look-up table (MLUT) based transformation [90]. The former 

approach includes searching for a three × three transfer matrix or polynomial functions to obtain the best fits 

that generate the least square error. MLUT is another technique whereby the colors are transformed based on 

interpolation and extrapolation [46]. Apart from these target-based color calibration approaches, there are 

some model-based approaches, including the Wiener Estimation method [93] and the pseudo-inverse 

estimation method [94]. These models focus on estimating the spectral reflectance of the colored objects.  
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2.3.3    Multispectral Color Imaging 

Spectral imaging, also called imaging spectrometry[95], [96] or imaging spectroscopy [97], captures images 

in multiple wavebands across the electromagnetic spectrum. Two-dimensional spatial information and 

spectral information are combined into the output, commonly referred to as a spectral data cube [98]. 

Consequently, a data cube can spatially map an object in the image as well as provide its spectra for further 

analysis. Spectral imaging enables people to detect the spectral signals of an object that exceeds the 

sensibility of the trichromatic camera, which senses the world in three channels.  

Multispectral imaging (MSI) and hyperspectral imaging (HSI) are two major implementations of 

spectral imaging systems. The difference between them is the number of wavebands that the spectroscopic 

imaging system can capture. Generally, there is no clear definition to categorize an imaging system into a 

multispectral or hyperspectral imaging system. It is widely known that a multispectral imaging system 

acquires tens of wavebands of the electromagnetic spectrum[95], [99], while a hyperspectral imaging system 

acquires hundreds of narrow wavebands [100]. Figure 2.17 illustrates the image-acquiring process using 

multispectral imaging and hyperspectral imaging on a camouflage fabric, respectively. The number of image 

frames of the hyperspectral imaging system is larger than that of the multispectral imaging system. In 

comparison, the multispectral imaging system is more flexible and portable at the cost of low spectral 

resolution, while the hyperspectral imaging system gains higher spectral resolution. It serves as a commonly 

accepted tool for colorimetric measurement in terms of color measurement [101], [102], and color 

reproduction [102]. A recent paper reported the reproduction of accurate colorimetric images using an LED-

based multispectral imaging system [103]. In their study, the authors demonstrated an imaging system 

consisting of a monochrome camera, and multiple LED illumination in a diffuse reflecting chamber that 

produces good color captures in perceptual quality measured in ȹE00. This system is composed of 12 LEDs 

and claimed to outperform the trichromatic camera systems.  

Moreover, multispectral imaging system is used in remote sensing [104], [105], medical imaging 

[106], [107], food inspection [108], culture and heritage [109], agriculture[105] and many other areas. 
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Figure 2.17 Image formation process of the multispectral and hyperspectral imaging system. 

Multispectral imaging can be implemented by either attaching optical filtering lenses or tunable 

illumination. The former splits light and acquires images under different filtering condition. The latter 

creates a series of illumination conditions and acquires images under different illuminations.  

¶  Optical filtering 

A series of optical filters segment the continuous spectra of incident light into separated wavebands, 

which are collected by the detectors installed behind the filters. Some studies used a wheel driven by 

an electronic switching module to host the optical filter [101, 110]. As shown in Figure 2.18, the 

optical sensor is installed behind the filter wheel and collects the optical signal in a time sequence. 

Switching optical filters either mechanically or optically requires a time span to finish the time-

sequential acquisition; therefore, the rotating structures are more suitable for stationary observations 

rather than in scenarios where the object is moving. 
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Figure 2.18 Scheme of multispectral imaging with a filter wheel. 

To compensate for this advantage, some recent research has investigated the possibility of the 

construction of the multispectral filter array (MSFA), as illustrated in Figure 2.19 (b). In 

comparison with the Bayer filter array of the RGB camera system shown in Figure 2.19 (a), the 

MSFA sensor has more than three color filters with a specific pattern. Each of the pixels obtains the 

filtered signal from a different color of the filter.  Although the MSFA camera requires a 

reconstruction process to recover the degraded spatial resolution induced by the sparsity of a single-

color filter, it reduces the dimensionality and the weight of the traditional multispectral camera 

[109].  
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(a) (b)
 

               (a)                                                                            (b) 

Figure 2.19 Filter scheme (a) scheme of RGB color filter array (b) scheme of a multispectral filter array. 

¶ Tunable illumination 

Apart from creating variable light transmissions by optical filters, researchers also applied a 

similar principle to the illumination structure. Generally, a tunable illuminant creates the incident 

light on the object waveband by waveband. A regular monochromatic or trichromatic camera 

captures a single frame of the image under each illumination, as illustrated in Figure 2.20. With 

the wide range of wavelengths of light-emitting diodes (LED) available, a more flexible and 

practical solution for implementing a tunable illuminant has been offered, which has the 

advantages of convenience, higher brightness, higher energy efficiency, longer-lasting emitting 

lifetime, no requirement for warm start-up, and being controllable in brightness and color. In 

comparison with the optical filtering attached to the camera sensor, the tunable illumination 

technique reduces the requirement of the optical configuration of the camera unit, and therefore 

more approachable to most cameras. Meanwhile, low sensitivity in the blue region of regular 

cameras can be improved by increasing the light intensity of individual light working in that 

spectral region. This solution is more applicable to in-house circumstances, such as a light booth, 

than outdoor measurements. One disadvantage of the tunable LED illumination system is that it 

requires a limited sample size inside the illumination chamber.  
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Figure 2.20 Scheme of the tunable illumination system. 

¶ Others 

Apart from the two major implementation methods of multispectral imaging, other technologies are 

also investigated by researchers, including tunable sensors using a transverse field detector [111], 

single-bucket detector [112], phase-change band-pass filters [113], micro-optical system [114].  

2.4    Color Image Segmentation 

2.4.1    Image Segmentation Methods 

The history of segmenting digital images dates back 54 years ago [115]. Image is a medium that carries the 

information of real-world scenes and accelerates the speed for human beings to know about the world. To 

achieve accurate details from images, researchers have developed many techniques. As depicted in Figure 

2.21, these techniques have emerged in general image engineering [116]. This framework contains three 

layers: image processing, image analysis, and image understanding. Image segmentation is the first critical 

step in the image analysis layer, followed by object representation and feature measurement. It is considered 

the process that subdivides the image into constituent parts and extracts the necessary information from the 

input image. In real image analysis applications, the accuracies of many other tasks depend on the accuracy 
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of image segmentation results, including object representation and description, feature measurement, object 

classification, and scene interpretation.  

 

Figure 2.21 Image engineering and image segmentation[116]. 

The first image segmentation technique appeared in 1965, when the Roberts operator, which is used 

for detecting edges between different parts of an image, was introduced [117]. Detection is considered the 

first step that decomposes the images into constitutional components. Many techniques have evolved since 

then.  

The image segmentation problem could be stated as the partition of an image into disjoint regions 

that share similar properties, and the union of these regions could reproduce the original image. In 1976, 

Zucker et al. [114] proposed that under the definition that an image is represented by R and Ri, where i =1, 

2, én are disjoint non-empty regions of R, these regions must respect the following conditions: 

1. ẕ Ὑ ὙȠ 

2. For all i = 1, 2, é n, Ὑ is a connected region; 

3. For i = 1, 2, én, it must have P (Ὑ  TRUE; 

4. For all the i and j where i  j, P (Ὑ  ᷾Ὑ) = FALSE when Ὑ and Ὑ are adjacent; 

The first condition satisfies the criterion that each pixel must be assigned to one single region and 

the summation of the segmented regions include all pixels in an image. The second condition satisfies the 
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criterion that these regions are disjointed. The third condition satisfies the criterion that the regions are 

connected. P (Ὑ  is a logical uniformity-based predicate for all the elements in set Ὑ. P (Ὑ  = TRUE if all 

the pixels in Ὑ have the same or similar values, and P (Ὑ  FALSE otherwise. The fourth condition 

satisfies the criterion that the pixel intensities in the same region possess similar properties.  

Current image segmentation studies are conducted in three levels [118]: the development of 

segmentation algorithms, the evaluation of the accuracy of the segmentation algorithms, and the systematic 

review of the evaluation method. The first level focuses on developing the algorithms that work for different 

images. The second level focuses on evaluating the performance of these algorithms to determine if they are 

appropriate in various applications. The third level focuses on systematically studying different evaluation 

criteria, procedures, advantages, and disadvantages of these evaluation methods. In the following sections, 

only the first and second levels of studies are discussed. 

2.4.2    Classification of Segmentation Algorithms 

The classification of the segmentation algorithms has changed as the number of algorithms has increased. 

Therefore, a series of classification schemes of the segmentation algorithms have evolved. In 1981, Fu [119] 

proposed a classification scheme that classifies the algorithms into three categories: thresholding or 

clustering, edge detection, region extraction. The limitation of this scheme is that the thresholding and 

clustering technique is one of the region extraction approaches. Afterward, in 1993, Pal et al.[120] proposed 

a scheme that classifies the image segmentation algorithms into six groups: 

¶ Thresholding; 

¶ Pixel classification (including relaxation, Markov random field and neural networks) 

¶ Range image segmentation 

¶ Color image segmentation 

¶ Edge detection 

¶ Methods based on fuzzy theory (including fuzzy thresholding, fuzzy clustering, fuzzy edge 

detection) 

It is obvious that the above six groups still overlap with each other. In 2002, Gonzalez et al. [121] 

proposed that discontinuity and similarity of the gray intensities are two complementary properties of the 
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gray images. Therefore, the traditional image segmentation schemes that mainly investigate the discontinuity 

property are classified into edge-based ones, and the schemes that mainly investigate the similarity property 

are classified into region-based ones, as shown in Table 2.1. 

Table 2.1 Comparison of the segmentation scheme. 

Scheme Assumptions Extracted Characteristics 

Edge-based 

analysis 

Adjacent regions represent different objects present 

local discontinuities of pixel intensities at the 

boundaries 

The discontinuity of pixel intensities 

in the spatial domain 

Region-based 

analysis 

The region is a subset of pixels that share similar 

properties 

The similarity of pixel intensities in 

the spatial domain 

 

It is obvious that the above classification is conducted at a top group level, and there should be sub-

groups in each of the categories. For example, the thresholds could be obtained both from the point-

dependent and region-dependent techniques, depending on the way of generating thresholds. It could also be 

divided into the global technique or local technique, depending on the application range [122]. In 2002, 

Munoz et al. proposed a thresholding method that combines region and boundary information. In 2004, 

Marcello [123] applied the thresholding techniques to the remote sensing imager. Based on these various 

applications of the thresholding techniques, in 2006, Zhang [116] divides the global thresholding techniques 

(in the case that the thresholding is applied to the whole image) into the following categories: 

¶ Histogram shape-based methods (Peaks, valleys and curvatures are analyzed) 

¶ Clustering-based methods (Background and foreground are clustered into two parts) 

¶ Entropy-based methods (Entropy of the foreground and background regions are calculated) 

¶ Object attribute-based methods (Measure of similarity between gray-level images and their 

segmented images, including the number of objects, shape, edges, etc.) 

¶ Spatial relation-based methods (Probability mass function models consider the correlation between 

pixels on a global scale) 
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            Although during the first three decades of the 50 yearsô development of image segmentation 

algorithms, segmenting monochrome images have attracted much attention, there are few surveys conducted 

on the color images. In 1994, Waseem et al. [124] published a study about the color image segmentation 

algorithms. In the study, there are pixel-based segmentation, region-based segmentation, and edge-based 

segmentation. In the pixel-based techniques, there are three main technologies, including histogram-based 

techniques and data clustering techniques. In the region-based techniques, there are region growing, split and 

merge methods. In the edge-based segmentation, there are local techniques and global techniques. In 

comparison with the monochrome image segmentation, color image segmentation has provided more 

information in terms of pixel intensities due to the increased dimensionality of the images. 

With the development of soft computing techniques in the last two decades, De, Sourav, et al. in 

2016 proposed [120] that the image segmentation approaches can be classified into classical approaches, 

soft-computing approaches, and hybrid approaches. Classical approaches usually require some prior 

knowledge regarding the image data to be processed either in the format of the underlying intensity 

distribution or applying appropriate parameters. 

Unfortunately, the drawback of these classical approaches is that they are not able to handle 

complex real-life problems. Zadeh [125] introduced fuzzy mathematics as the first milestone to deal with the 

non-exact situations, providing a method to address vagueness, uncertainty, and impression issues of the 

problem source. Machine learning techniques convert the computing device into an intelligent entity. 

Artificial Neural Network (ANN), the artificial analog of the human neural system, has been reported to be 

robust in solving the task of learning a machine, including image classification and recognition tasks. 

Several models have been built based on ANN, including Perceptron, Self-Organizing Neural Network 

(SONN), and Korhonenôs Self-Organizing Map (SOM). Apart from the neural network and fuzzy logic, the 

Genetic Algorithm (GA) has been reported and found to function well in classification tasks. In addition to 

the evolutionary computation, fuzzy mathematics, and neural networks, Support Vector Machine (SVM) is 

also regarded as a useful classifier [126].  

Although soft computing approaches have the advantages of being versatile, they still possess 

limitations in solving complex problems individually. Gradually, researchers found that the combination of 
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several segmentation techniques would perform better in complex scenarios, thus evolving the hybrid 

segmentation techniques [120]. 

2.4.2.1    Classical Computing Techniques 

The classical approach uses the filtering and statistical techniques mainly, which includes thresholding, 

boundary-based techniques, region-based techniques, k-means clustering, edge detection technique, 

morphological techniques, and graph-theoretic approaches. The properties of these algorithms are 

summarized in Table 2.2.  

Table 2.2 Comparison of traditional image segmentation approaches. 

Technique Principles Limitations 

Histogram 

Thresholding 

Setting thresholding values to partition 

pixels 

Overlook the spatial relationship, not 

working for segmentation of high-

dimensional image or blurred image 

Edge Detection Searching for the discontinuities in the 

image intensities 

Require edge closing step, could not find 

the solution when the same set of pixels 

are not adjacent spatially, prone to over-

segmentation 

K-means Clustering 

Method 

Classify pixels based on a given number 

of clusters and Euclidean distance 

measure 

Require the knowledge of the number of 

clusters, sensitive to the shape of the data 

distribution, sensitive to noisy data, 

overlooks the spatial separation 

The following sub-sections will focus on the review of the thresholding, edge-based, region-based 

and data clustering methods, and its primary usage in color image segmentation. 

i.    Threshold-based Methods 

The thresholding technique mainly assumes the pixel values within a specific range belong to the same class 

[123]. Zhang [122] and Sahoo [123] found that the thresholding techniques could be classified based on the 

determination method of the thresholds. Since the threshold is a function in the form of T = T [x, y, f (x, y), 
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g (x, y)], where f (x, y) represents the gray level of a point located at (x, y), g(x, y) represents the local 

properties of this point. Under the situation where T only depends on f(x, y), the technique is considered as 

the point-dependent thresholding, while under the scenario where T depends on f (x, y) and g (x, y), the 

technique is considered as the region-dependent thresholding. These local properties, denoted by g (x, y), 

mainly include similarity between gray intensities and color intensities, fuzzy entropy, and spatial 

distribution. After the determination of the threshold, the pixels whose intensity/property values exceed the 

threshold are assigned to one segment while the remaining are assigned to another segment.  

Thresholding techniques make decisions based on global or local pixel information. When applied 

to the monochrome images, they are useful when the intensity levels of the objects are distinguishable from 

those of the background; this results in a prominent bimodal one-dimension histogram. To color images, 

they are often in three-dimensional bands or higher dimensional bands; hence selection of a global threshold 

is a difficult task. Researchers either combine the thresholding techniques with other techniques [127], [128] 

or transform the 3D histogram to a lower-dimensional surface [129], binary tree [130], or homogeneous 

histogram [131].  

This technique is useful when the histogram in the color space of interest has a clear separation 

between pixels that have different color features. The drawback of thresholding techniques is that it ignores 

the spatial information, and it is prone to create redundant peaks in the histograms for separation of images 

when there are some blurred region boundaries.  

ii.    Edge-based Methods 

Edge-based methods assume that pixel intensities change dramatically at the edges between two adjacent 

regions in the image. Many edge detectors have been invented based on the contrast of the pixels located 

near the boundaries of the objects, including Sobel, Roberts, and Canny operators [121]. Through detecting 

edges, the pixels of the images are categorized into the edge and non-edge pixels. Afterward, a region 

extraction process is conducted by the chaining scheme of edge pixels. This step assumes that the detected 

edge pixels, which represent the boundaries of the regions, are well-connected [132]. The main drawback of 

these methods is that the detected edge pixels do not enclose a region [133], which requires further edge 
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closing steps before obtaining the closed region boundaries. It is difficult for blurred and noisy images to 

form closed contours under edge detectors. 

In the area of color image segmentation, edge detection has been applied to some existing image 

segmentation approaches [134]ï[136]. In these studies, researchers found that when dealing with natural 

images, the spatial scale plays a vital role in detecting edges; however, applying small scales generate edges 

from noise and clutter of the images, which are not desirable. These redundant edges lead to over-

segmentation. Baris Sumengen et al. [134] proposed a multi-scale edge detection method to improve the 

segmentation quality of natural images. Most color edge detection methods determine the color edges in one 

of three ways: 

¶ Fuse the binary edge images by the analysis of single-color component images 

¶ Find the color edges by combining the three vectors to provide a norm of the gradient 

¶ Establish a color gradient vector from three gradient vectors computed from the three-

color component images 

Among the above three methods, the third one performs the best in terms of edge detection. It is 

proposed by Di Zenzo[137]. In the literature, they used a variational function to represent the gradient 

module, which is calculated based on the mixed-squared module of the partial derivative of the single-color 

component. The edges are determined by finding the local maxima gradient module along the gradient 

direction. A hysteresis thresholding scheme is conducted to obtain a binary image. In addition to the 

drawbacks of the edge detection of the grayscale images, the results of the color gradient vector-based edge 

detection are influenced by the color space used [53].  

Not only can the output of the edge-based methods be used to segment the images, but the edge 

information obtained could also be used to remove the redundant pixels that affect the segmentation process. 

iii.    Region-based Methods 

The region-based technique classifies pixels into homogeneous regions [138]. There are mainly three 

techniques used in this category: region growing, region splitting, and region merging. Like the edge-based 

methods, these methods assume that the adjacent pixels in the same region share similar features, including 

gray intensities and color attributes. In region-growing and region-splitting techniques, the original image is 
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divided into a set of homogeneous sub-regions. The region growing is a process that sequentially merges 

neighboring pixels of similar colors based on the features of the initial seed pixels [139]. For example, if a 

pixel satisfies the criteria for joining a region, then the average color, the area of the region, and other 

features will be updated, and some of these features will be used in the criteria for assigning the next pixel. 

This repetitive process stops when some criteria are satisfied; however, this process tends to be over-

segmented [140]. Therefore, region merging is applied afterward. If the colors of the two adjacent regions 

are close enough, then the two regions are merged [141]. These merging techniques are generally based on 

color homogeneity, while some other methods are based on color textures[142].  

In the color image segmentation where the RGB component is used, the simplest homogeneity 

criterion based on the Euclidean metric is described in Eq. 2.6: 

 Ὑ  Ὑ Ὃ  Ὃ ὄ  ὄ   d                                                                                              (2.6)           

where R, G, and B represent the color attributes of each pixel, Ὑ, ὋӶȟ and ὄ represents the average color 

attributes of that region, d represents the thresholding distance. This rule could also be applied to various 

other color spaces.  

The region growing technique is categorized into the seeded region growing and unseeded region 

growing. The former starts with specifying the chosen pixels, which are regarded as seeds; each seed 

represents a different region, and all the pixels in the image are assigned to each region.  The average colors 

of each region are updated after a new pixel is assigned to a region; the unassigned pixels are compared with 

them. Different algorithms have different criteria for assigning the pixels, and the seeds are manually chosen 

in the interested regions. In the 1990s, Adams and Bischof used the seeded region growing segmentation 

methods in sRGB color space [143]. However, the selection of the location of the seeds is important to these 

approaches, which will influence the segmentation result. Since choosing the seeds randomly is risky, 

especially for a noisy image, some studies suggest choosing the seeds based on some preprocessed features 

of the image, including Voronoi image [144], visual attention points [145] and histogram analysis [146]. 

In contrast, the unseeded region growing method does not require a manual selection of the seeds. It 

starts with random seeds [147] and processes by assigning each pixel its label and by scanning from top left 

to bottom right. Then the pixels located in the four-connectivity neighbors or eight-connectivity neighbors 

are examined if their color values are in the specified range from the mean color of a constructed region. The 
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colors are updated after each pixel is included in the region. This approach is often used as the pre-

segmentation step in some tasks, and it has high efficiency in solving complete image segmentation tasks 

when combined with edge and gradient information, such as watershed segmentation [148], active contour 

[149] and some existing hybrid approaches [136]. In 2010 Tang [150]  proposed an automatic seed region 

growing which combines watershed segmentation and traditional seed region growing. Their proposed 

method has used the regions generated from the watershed algorithm as the seeds for the seed region 

growing. Healey [151] proposed a weighted average unseeded region growing method to solve the problem 

of under-segmentation. 

The region-based methods have incorporated spatial [149] interactions between pixels. They 

require some prior knowledge, including global color feature extraction, to obtain the appropriate 

parameters, including initial seeds, growing thresholds, and stopping criteria. The selection of the pre-

defined parameters is important in these methods. Regarding color image segmentation, the selection of the 

operational color space is a vital factor to consider since the distribution of the color features of the pixels, 

for example, noted as Ὢ(x, y), Ὢ(x, y), Ὢ(x, y), influence the growing procedure. 

2.4.2.2    Pixel-based Techniques 

Pixel-based techniques are the method that ignores the spatial information of the color images and uses data 

clustering or classification techniques based on the color features Ὢ(x, y), Ὢ(x, y), Ὢ(x, y). In this section, a 

review of several commonly used pixel-based techniques is introduced. 

i.    K-means Clustering 

One of the most commonly used pixel clustering techniques is K-means clustering. It was proposed in the 

1960s[148], and the process of color image segmentation is described as follows. 

First, a cluster number K and the initial cluster centers are input, as stated in Eq. 2.7. 

C1, C2, é CK where ὅ = [ὙȟὋȟὄ] for Ὥ = ρȟςȟȣȟὯ                                                                                (2.7)                        

The initial selection of the number of cluster K requires some prior knowledge. Contrary to 

supervised learning, where we have the ground truth to evaluate the modelôs performance, clustering 

analysis does not have a reliable evaluation metric. There is no ground truth K without prior knowledge. The 

choice of K is usually dependent on the desired clustering resolution of the data set. In a situation where K is 
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not apparent from prior knowledge, some evaluation methods could be used to select different Ks based on 

the segmentation results. One of the commonly used methods is the Elbow method [152]. This method is 

searching for the optimal K by minimizing the total within-cluster sum of square (WCSS), which measures 

the compactness of the clustering. The Elbow method requires conducting the K-means clustering by using 

different Ks. The optimal K is determined when the WCSS does not decrease too much. 

During the clustering process, each pixel is allocated to the cluster ὅ with the closest cluster center 

with a predefined metric. The predefined parameter can be the Euclidean metric and the city-block metric. 

For each pixel x, the criteria of membership to the cluster ὅ during the ὲth iteration is stated in the Eq. 2.8. 

 ὼ ɴ  ὅ ὲ ᵾ  ᶅ Ὥ ρȟςȟȣ ȟὮ ρȟὮ ρȟȣ ȟὯȟὼ  ὅ ὲ   ᴁὼ  ὅ ὲᴁ                                      (2.8)               

            In the process of the iteration, the arithmetical means of color attributes of the pixels belonging to the 

cluster is calculated as follows: 

 ὅ ὲ ρ   В ὼ ɴ                                                                                                                   (2.9) 

where the ὔ ὲ is the number of pixels in the cluster ὅ after n iterations, ὅ  is the R, G, and B values of 

each cluster, ὼ is the R, G, and B values of the pixels belonging to that cluster ὅ. 

The stopping criterion is that the difference between the new cluster center and the old cluster 

center is smaller than some threshold ‏, as stated in Eq. 2.10 

  ᶅὭ ρȟςȟȣȟὯ      ᴁὅ ὲ ρ ὅ ὲᴁ  (2.10)                                                                                         ‏ 

This criterion indicates that there are no more possible changes to the clustering result, as well as 

the within-cluster variation. It could be deduced from the above process that the segmentation result of the 

K-means clustering depends on the initializations of the cluster centers, which could be specified either 

manually or randomly.  

In color image segmentation, pixel clustering is usually conducted in the three-dimensional color 

features, for example, noted as Ὢ(x, y), Ὢ(x, y), Ὢ(x, y) if using the RGB color space. Some methods 

modify the clustering techniques[153] by increasing the dimension of the feature space, introducing 

geometrical coordinates, and the gradient of colors. These methods either increase the dimensionality of  

Ὢȟȟ ὼȟώ to ὪȟȟȟȣȢ ὼȟώ in a multispectral imaging system with k spectral bands or add local features 

Ὣὼȟώ to the data set to be clustered. 
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K-means clustering methods are sensitive to the shape of the data distribution in the selected space. 

By use of the Euclidean distance, K-means requires that the data points be separable using the same distance 

measure.  For example, when the data distribution is not in an equal-radius spherical shape, K-means 

behaves in a non-intuitive way, even when clusters are very clearly visually identifiable. It should be noted 

that K-means uses distance measures that are not necessarily a sphere and can be, say, an ellipsoid instead. 

The clusters do not have to have the same radius but need to be ñseparableò using the distance measure. As 

illustrated in Fig.2.22, the K-means clustering result does not correspond with what we expected.  

Considering the CMC color tolerance ellipsoids, the data distribution of two colors may resemble 

the yellow and orange data clusters' shape in Fig.2.22. In this case, even if a perceptually uniform color 

space is selected as the feature space to conduct the segmentation, the Euclidean distance defined in the 

objective function may not be an appropriate similarity measure metric when segmenting colors that 

correspond to our perceptions.  

 

Figure 2.22 Clustering result obtained by K-means(right) for synthetic elliptical Gaussian data(left) [154]. 

ii.    K-Nearest Neighborhood Classification 

In comparison with the unsupervised K-means clustering, Fuzzy-C-Means clustering, K-nearest neighbors is 

a supervised clustering method that classifies new pixels based on the pre-labeled data. The KNN algorithm 

assumes similar data exist in proximity. The number K stands for the amount of nearest neighbors to take a 
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vote from. For an unknown data point, it first finds out the k nearest data points from the pre-labeled data set 

in the specified feature space, then it votes for each class that has appeared in the K nearest data points and 

assign the unknown data point to the class that has the highest vote. To specify the distance measured when 

defining the ñnearest neighbors,ò several metrics could be used, including Euclidean distance, Manhattan 

distance, and Mahalanobis distance [155]. The optimal K could be determined by segregating the training 

and validation data from the pre-labeled data by minimizing the validation error.  

The selection of the feature space is crucial since it maps the features to the labels during the 

training process. Guru et al. proposed a KNN-based segmentation algorithm for segmenting flower images, 

and the texture feature of the flower images is selected [156]. They used a thresholding technique to obtain 

the labels for the training image. Vrooman et al. [157] applied KNN in segmenting the MR brain images by 

training the models by non-rigid registration. Both of these methods used a pre-classification algorithm for 

generating labels on the selected feature space.  

Aside from the feature space, selecting the pre-labeled data also plays an essential role in the KNN 

classification. The pre-labeled data sets should be carefully filtered to eliminate the interfering data points. 

2.4.2.3    Other Techniques 

Other image segmentation technologies are composed of ANN, evolutionary computation, and 

hybrid methods. Several ANN networks have been built to solve classification problems: Perceptron [160], 

Hopfield network [161], Kohonenôs self-organizing map (SOM) [162], Radial Basis Function (RBF) [163], 

Self-organizing Neural Network (SONN), and Support Vector Machine (SVM) [164]. The neural network 

has an input layer, one or more hidden layers, and an output layer, which is composed of several neurons. 

When it is applied to color image segmentation, the pixel of the image is input as the neuron in the input 

layer, and the output layer is usually the predicted label of that pixel. Perceptron networks, backpropagation 

networks, and self-organizing maps are frequently used in image segmentation tasks. They have the 

advantages of a high degree of parallelism and a good ability for the approximation of the problem, good 

robustness, and insensitivity to data noise. However, they suffer from the problem of high computational 

cost and overfitting of the training process if the data is trained improperly.  
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The genetic algorithm (GA) is another evolutional theory motivated by Darwinôs theory of natural 

evolution. The three operations in GA, including selection, crossover, and mutation, operate together to offer 

the phenomenon of the evolution of generations of the GA, moving towards a solution in the search space 

corresponding to an optimization problem. Genetic algorithms work in scenarios when there is not any 

knowledge about a problem or difficulty to formulate a problem. When they are applied to image 

segmentation tasks, the main application is that they are used as function optimizers in existing segmentation 

algorithms [165]. 

Fuzzy C-means (FCM) [157] is a popular clustering technique used in color image segmentation 

tasks. Unlike the K-means clustering, which gives the values of any point belonging to some particular 

cluster to be either 0 or 1, this method allows one piece of data to belong to two or more clusters. However, 

it  is sensitive to noise [158] since it does not consider the spatial local properties g(x, y), and it presupposes 

that the influence of each pixel for all clusters is equal. To noisy pixels, which do not belong to any cluster, 

and the membership function of them to any cluster is small, the sum is still considered as 1, which leads to 

the classification error.  

Hybrid approaches take advantage of different segmentation techniques by combing them. In 2002, 

Tobias et al. [125] proposed a hybrid method that thresholding with the soft computing approach FCM. This 

approach thresholds the histogram according to the similarity between gray levels through a fuzzy measure. 

Using the fuzzy measure, they have avoided the local minimum, which is a relative minimum within some 

neighborhoods. Their results have shown good performance for both bimodal and multimodal histograms.  

In 2010, Yu et al. proposed a hybrid approach [158] that combines the ant system (AS) algorithm 

with the fuzzy c-means (FCM). This approach clustered the three-dimensional data pieces in the RGB color 

space. The ant system (AS) algorithm[166] is a nature-inspired algorithm to solve the optimization problem. 

The artificial ñantsò perform as the local optimal solution finder and gather all possible solutions, and the 

more ñantsò locate a better solution in the later iterations. This hybrid approach is applied for intelligent 

initialization of the cluster centroids. Thus, it endows the clustering adaptively. This hybrid method avoids 

the random initialization of cluster centroids in the FCM methods.  

The above methods do not account for the spatial properties in segmentation. Some hybrid 

approaches incorporate spatial information, which considers the local texture and color features. Wang et al. 
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[144] proposed a hybrid method that modified the FCM by incorporating spatial information with the gray 

values of the pixels. It utilizes the local contextual information and the high inter-pixel correlation inherent. 

Firstly, they established a local spatial similarity measure model. Secondly, they used the model to 

determine the initial clustering center and membership. For the weight function in the FCM algorithm, to 

minimize the cost function, the membership function should be low for the pixels which are far away from 

the cluster center, and high for the pixels which are near the cluster center). Thirdly, they have modified the 

FCM algorithm according to the high inter-pixel correlation inherent. This proposed method has been 

proven to be faster when segmenting the noisy images, have higher region consistency and region contrast, 

and lower region ambiguity than the other methods.  

In the area of fabric color image segmentation, the hybrid approach was applied more than ten 

years ago. In 2002, Xu.et al.[167]  proposed a fuzzy-neural network to solve the color identification problem 

in printed fabric. In their study, a self-organizing map (SOM) neural network is first introduced for image 

segmentation. However, they found that the transitional color between multiple clusters may cause some 

errors. Since the memberships of these pixels are ambiguous, they may not be properly classified using 

ñhardò boundaries. They proposed that to deal with this problem, the fuzzy clustering method could be 

incorporated, and these pixels may be classified again. The FCM used in their study is to partition patterns 

with additional information supplied by the cluster membership values indicating different degrees of 

belongingness. The memberships of those pixels whose responses are on the output neurons correspond to 

the ñvalleysò on the density map. These pixels are then clustered against each other to get a better result. 

Based on the information of the number of clusters and centers of each cluster obtained by SOM for an 

image, FCM can find a good result. In their findings, they proposed that to solve the problem of some 

ñmainò color regions that may not form a peak on the density map, the concept of directional filtering may 

also be helpful. This method achieved a better result by applying the FCM based on the density map 

generated by SOM. In the case of transitional colors that could not form a density peak in the SOM map, this 

method may help identify the gradient color pixels.  
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2.4.3    Evaluation of Segmentation Accuracy 

As discussed in Section 2.4.2, extensive research has been conducted in developing algorithms for color 

image segmentation. However, there is a lack of ways of assessing segmentation accuracy. Researchers 

started to pay attention to the evaluation method of the performance of the segmentation techniques in the 

1970s. In 1978, Ohlander et al. [168]  and Ohta et al. [58]  evaluated the quality of color image segmentation 

visually, and the qualitative evaluation of the color image segmentation is considered the most reliable for 

natural scene image segmentation at that time. Liu and Yang proposed an evaluation function in 1994 to 

quantitatively evaluate the image segmentation accuracy without the requirement of any predefined 

parameter [170]. Afterward, Zhang et al. [171] conducted a survey and proposed a hierarchy of the current 

segmentation evaluation method, depicted in Fig.2.23. They divided the current segmentation evaluation 

method into the subjective evaluation and objective evaluation. In the objective evaluation category, the 

methods that are focused on system evaluation are distinguished from the direct evaluation where the 

emphasis is on independent segmentation methods. This method is considered indirect since it is based on 

the empirical system results. On the contrary, the direct evaluation is then divided into analytical methods 

and empirical methods; the former refers to the scenario where the method itself is evaluated while the latter 

refers to the scenario where the result generated by the method is evaluated. The empirical method is divided 

into supervised and unsupervised methods depending on whether a ground-truth reference image is required 

or not.  
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Figure 2.23 The hierarchy of the segmentation evaluation methods [171]. 

2.4.3.1    Quantitative Analysis of Segmentation  

As it is shown in Fig.2.25, direct evaluations are categorized into analytical methods and empirical methods. 

Analytical methods focus on evaluating the segmentation strategies; hence they are more useful for 

evaluating algorithmic and the implementation properties of segmentation algorithms [169].  

Empirical methods are categorized into supervised and unsupervised evaluation methods. 

Supervised evaluation methods are known as relative evaluation methods or empirical discrepancy methods 

[118]. These evaluation methods evaluate the segmentation algorithms by comparing the resulting 

segmented image against a manually segmented image, which is referred to as ground truth. This category of 

evaluations calculates the similarity between the machine-segmented images and the human-segmented 

images. Similarity functions have been proposed either based on the number of misclassified pixels versus 

the reference image or based on the differences in the feature values measured from both images [95].  
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Unsupervised methods have the advantage of convenience since it is unnecessary to obtain the 

ground-truth labels of pixels in the image. Some unsupervised evaluation metrics, such as Ὁ  [172]  and 

Zeb [173], utilize color information to evaluate the segmentation [172, 173]. The former metric uses the 

squared color error or color differences for each segment and is established on both the intra-region visual 

error and the inter-region visual error to avoid the under-segmentation and over-segmentation problems. The 

intra-region visual error is defined in Eq. 2.11. 

  Ὁ  
В В ȟ  ȟ

ᶻᶻᶻ

 
                                                                                                      (2.11) 

whereᴁ ᴁᶻᶻ  zdenotes the color difference in the CIEL*a*b* space, Ὢὼȟώ denotes the ὔ ὓ 

color image, Ὢὼȟώ denotes the segmented color image, of which each region is filled with the average 

color of the region, ὸὬ denotes the threshold for the visible color difference, and ό(.) denotes the step 

function in Eq. 2.12. 

   όὸ = 
ρȟ                             Ô π 
πȟ                   ÏÔÈÅÒ×ÉÓÅ  

                                                                                                             (2.12) 

The inter-region visual error is defined in Eq. 2.13. 

 Ὁ  
В В  
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                                                                                                (2.13)         

where Ὑ is the number of segmented regions, ύ  is the joined length between Region Ὥ and Region 

Ὦȟ and is zero when the region is not connected, ὅ denotes the normalization parameter that is determined 

empirically,  Ὢ denotes the Region i  in the segmented image, and Ὢ denotes Region j  in the segmented 

image. 

Using the metrics above, for a segmented image, a large value of intra-region visual error indicates 

some pixels may be incorrectly merged, and the image may be under-segmented. On the other hand, a large 

value of inter-region visual error indicates that plenty of boundary pixels may be mistakenly generated and 

the image could have been over-segmented. If a segmentation algorithm merges more regions together based 

on the parameter/threshold setting, the inter-region error decreases, whereas the intra-region error increases. 

On the contrary, the intra-region error decreases while the inter-region error increases.  

These metrics could potentially: 
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1) Identify the intra-region/intra-cluster variance in terms of visual error; this parameter could be 

used to evaluate the color homogeneity within one cluster in the segmentation of solid color 

regions in the multicolored pattern;  

2) Identify the inter-region/inter-cluster variance in terms of visual error; this parameter could be 

used to prevent the over-segmentation of some gradient color regions or determine the optimal 

number of color seeds for the gradient color segments; 

3) Compare the performance between different segmentation map by comparing the intra-region-

inter-region curve 

2.4.3.2    Qualitative Analysis of Segmentation 

Qualitative evaluation of image segmentation is by far the most widely used method. Psychophysical 

assessment of the segmentation result is considered the ground truth against the result of the segmentation 

algorithms. Since it is highly subjective, the inter-observer variability and intra-observer variability of the 

evaluation result may be significant. Besides, the order that the observers view the results influence the 

result as well. Reliable results require well-designed guidelines for conducting the psychophysical 

experiment [174] and enough observers.  

Most of the subjective evaluation of the image segmentation results is mainly focused on semantic 

segmentation since the human visual system has some interpretations for objects and natural scenes.  

The most intuitive method is to generate the ground-truth results. The Berkeley Segmentation 

Dataset [175] has 500 color images of natural scenes, with human annotations for boundaries. Five observers 

segment each of the images by using the interactive segmentation tool. The collected boundaries are 

regarded as the ground truth of the image contour detection results. The advantage of this approach is that it 

consumes much time to gather the ground truth, and it would be biased if only a few observersô data are 

treated as ground truth.  

Another method is to collect the subjective evaluation scores of the segmentation results. Chen and 

Wang [176] applied a stimulus-comparison method to compare all the combinations of any two of the 

segmentation results in terms of the perceived segmentation quality, the recognized degree of missing 

boundaries, and the perceived degree of fake boundaries. Seven-grade scales with a set of categories are 
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used, the range is from -3 to 3, where each of the discrete integers represents ñmuch better,ò ñbetter,ò 

ñslightly better,ò ñsimilar,ò ñslightly worse,ò ñworse,ò ñmuch worse.ò The correlation between the 

segmentation quality and the degree of missing-boundary and the correlation between the segmentation 

quality and the degree of fake-boundary indicate the segmentation quality has a strong correlation with the 

lower degree of missing boundaries and fake boundaries. The averaged segmentation quality scores are used 

as a reference to compare the evaluation metrics. The conclusion is that their proposed metric, which is the 

sum of the inter-region error and intra-region error in terms of color differences, are most comparable with 

the subjective evaluation of the segmentation quality.  

Gathering the ground truth of segmentation is difficult and time-consuming. Using the method of 

stimulus comparison or providing a ranking score is more approachable. Modeling the relationship between 

various subjective rankings with the quantitative measure seems an extensible direction. In the area of 

multicolored complex pattern segmentation, since the complex patternôs boundaries are fuzzy, designing an 

experiment of drawing boundaries does not seem feasible. Instead, a subjective evaluation of the 

segmentation results could be developed. These evaluation metrics could include the overall segmentation 

quality of the segmented image in comparison with the original image, homogeneity of the solid color 

regions in the segmented image, and accuracy of the segmented gradient color region boundaries. The 

correlation between the unsupervised objective quantitative evaluation parameters and these subjective 

parameters could also be modeled.    
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CHAPTER 3 . OCP CAMOUFLAGE  SAMPLEôS VISUAL  AND INSTRUMENTAL  EVALUATION  

This chapter provides a brief overview of the color quality control processes for camouflage substrates, and 

specifically, the Operational Camouflage Pattern (OCP) fabric samples, including the tolerances developed 

and employed at Natick army labs. A set of samples, together with their established visual tolerances at 

Natick labs, was shipped to NC State University for further measurement and evaluation over two years 

from 2017 to 2019. Instrumental color quality evaluations of the shipped OCP samples were completed, and 

the data were analyzed. Each sample also contained a single color quality evaluation result from an expert 

based on a visual assessment process. This information was used to establish a visual database for the OCP 

samples for further analysis at North Carolina State University's Datacolor Color Science Laboratory. Since 

repeated assessments of the same samples were not conducted it was not possible to analyze inter- or intra-

observer variability in judgments. A limited monitor-based visual assessment was developed and carried out 

to obtain repeated evaluations and characterize potential variability in assessments of camouflage fabrics 

using sample images. Aside from the color quality assessment associated with each sample, the expert also 

provided a set of visual tolerances in 2019, which are generated based on measuring the visually perceived 

marginal/fail samples by the expert. An updated set of visual tolerances was also supplied to North Carolina 

State University team in May 2022 which is included in this chapter for comparison and further future 

analysis. The variability in visual assessment responses, the influence of the spectrophotometric 

measurement conditions, and the analysis of intra-sample variability and its effect on establishing a viable 

colorimetric database for use in quality control of camouflage samples are described in this chapter.   

3.1    Introduction 

Modeling sensory data with measurements of physical samples has been an important aspect of 

psychophysical studies in the field of color science. Studies show that a set of color stimuli, 

indistinguishable or slightly different from a standard color stimulus,ί, can be represented within a 

tolerance volume, described by an ellipsoid in the CIELAB color space. Discrimination experiments include 

those with light stimuli by MacAdam [177, 178], Brown [179, 180], and Wyszecki and Fielder [181, 182]. 

In these experiments, a standard stimulus together with a comparison stimulus was simultaneously presented 
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on an achromatic surround, darker than the two stimuli, using a viewing mode which could be considered as 

the aperture color mode (See Chapter 2 Section 2.2.5). The observer adjusted the comparison stimulus until 

they believed that the two stimuli were indistinguishable [180].  

However, commonly, when a surface or object color stimuli is viewed by an observer, the 

procedure described above is not used since in many cases the stimuli cannot be continuously changed. In 

such cases, it is possible to prepare a set of comparison stimuli, S = {ίȟȣȟί  that scatter properly around 

the standard stimulus ί in the color space and the observer is asked to compare each of those stimuli against 

the standard stimulus.  

There are three main types of such judgments that the observers could make. In the first type of 

judgment, only a single pair of color stimuli is presented. This type of judgment is based on the 

discrimination ability of the viewer, and the visual response is "whether the two colors are distinguishable or 

not". Let us denote a standard color stimulus as ί and a comparison stimulus as ί where Ὥ = 1, 2, é, N. 

The observers make judgments that indicate whether their perceived color difference is greater than a 

subjective discrimination criterion or not. It has to be noted that the subjective criterion is a latent variable 

and can only be inferred not observed. In the first type of judgment, the percentage of ñdistinguishableò 

judgments is denoted as P and thus 1-P is the percentage of the ñindistinguishableò judgments.  

The second type of judgment is based on the comparison against an anchor pair representing a 

reference difference. In this type of judgment, two pairs of stimuli are presented. One of them is the 

reference pair (ί, ί) and the other one is the target pair (ί, ί). The visual response of this type is "whether 

the color difference of the target pair is larger than a given reference difference or not". The observer 

determines whether the difference between (ί, ί) is larger than that between (ί, ί). The percentage of the 

judgments where ñthe difference between the target pair is larger than that of the standard pairò is denoted as 

P, and 1-P represents the alternative judgments. This type of analysis was used in a study by Rich and 

Billmeyer [183], and Witt and Doring [184]. The first two types of judgment are considered as the method 

of constant stimuli.  

The third judgment method is called the scaling color difference method, which originates from the 

psychophysical scaling methods of Guilford and Warren [185, 186]. Judgments of this type are more 

complicated than the judgments of constant stimuli, however, the scaling method is used to quantify the 
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color difference beyond the ñjust noticeableò level. Several studies have been conducted to quantify 

perceived color differences based on this type of judgment [187ï190].   

In the method of constant stimuli, the observerôs judgments are binary responses. The binary 

responses (either pass or fail) form a characteristic curve, Ὑ(Ὕ), where ὸ is a scalar representing the 

unidimensional change of the stimulus. The shape of the curve is in the form of a sigmoid function for 

experiments done in a controlled environment, and especially for data consisting of repeated judgments by 

the same observer. Ὑ(ὸ) could be expressed as the integration of a one-dimensional normal distribution as 

shown in Eq. (3.1), where ὸ is the mean and „ is the standard deviation [191]. 

ὙὝ  Ⱦ
᷿ Ὡὼὴ Ὠὸ                                                                                    (3.1)             

It should be noted that in this model, ὸ becomes the discrimination threshold when ὙὝ is set to 

0.5, which is the threshold determined based on the accept/reject binary responses which give a 50% 

probability of a Pass or Fail outcome. This discrimination probability threshold could be adjusted to any 

value based on the experimental situation. This approach has been used to develop further models for use in 

color-related visual assessments [192-196]. 

Bern et al [192] derived instrumental tolerances from Pass/Fail and colorimetric data. The visual 

data collected from 22 observers were separated into Pass and Fail categories, and the number of pass and 

fail samples ὲ and ὲ was counted respectively. The color differences, in terms of the ЎὉᶻ metric, were 

then sorted in ascending order for each category. Finally, the cumulative percentages were calculated 

according to Eq.3.2. 

ὅόάόὰὥὸὭὺὩȟ ρππ ὭȾὲ) 

ὅόάόὰὥὸὭὺὩȟ ρππρππ ὭȾὲ)                                                                                                    (3.2) 

where Ὥ represents observation 1,2,é, ὲ or ὲ. 
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Figure 3.1 Cumulative responses versus color differences. 

The intersection of the Pass/Fail plot was used to define the optimal tolerance for the color 

difference ellipsoid. In the case of having no fail judgments, the tolerance could be defined as the color 

difference at a specific ὅόάόὰὥὸὭὺὩ. It has been pointed out that in the case of non-repeated single 

observer data, both fail and pass samples should be analyzed to produce better results.  

The more statistically rigorous analysis of such binary responses can be done using logit or probit 

analysis to develop a color difference tolerance ellipsoid [193]. In another study Berns [194], used a near-

neutral anchor stimulus pair of 1.02 color-difference units. The observersô task was to judge whether the 

provided color-difference stimuli were larger than (reject) or smaller than (accept) the anchor stimulus. The 

frequency-of-rejection data for the observations yielded a sigmoidal response function. A maximum-

likelihood model was then used to relate the experimental response function to the probability of occurrence. 

This statistical model was used to fit the sigmoidal responses to a cumulative normal distribution and 

allowed the estimation of the tolerance and uncertainty of the tolerance at varying rejection probabilities.  

Similar to the probit analysis, the logistic model, recommended by the CIE, can be used for the 

analysis of surface colors with the advantage of the ease of use in the estimation of uncertainties [195]. The 

binary observational data in this case are converted to visual difference (ῳὠ) by the logit function and 

correlated against the CIE color difference (ῳὉ) using different color difference formulas by logistic 

regression [196]. Similarly, to assess the color quality of printed multicolored samples, ῳὠ of stimuli can be 
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correlated against their ῳὉ. Establishing the tolerance ellipsoids for the pass/fail visual acceptability data can 

facilitate the division of data into two classes: the pass samples, which are located inside the ellipsoid, and 

the fail samples which fall outside the ellipsoid.  

However, it should be noted that results of psychophysical assessments of colors may not fully 

correlate with the instrumental measurements of the same colors. This is due to a number of reasons which 

includes variability in the distribution of photosensitive visual receptors as well as the processing of 

associated visual signals from observers in addition to the temporal variability in the psychophysical 

responses that are obtained from observers over the assessment period. To quantify the variability in visual 

assessments researchers have examined the inter- and intra-observer variability in repeated trials [197, 198]. 

It has been found that the inter-observer variability is typically larger than the intra-observer variability, and 

the variability for both naïve and expert observers can be large [198]. It has also been found that the 

observer variability in the evaluation of color differences of complex multicolored patterns is larger than that 

for the evaluation of solid colors [199].  

In the analysis of OCP samples the pass/fail assessments were based on a single, unrepeated, 

observation. For batch samples that contain both pass and fail assessments the tolerance range can be 

obtained based on the fail samples that have the smallest color difference as well as the pass samples that 

have the largest color difference against the standard. However, it was noted that the former may not always 

be larger than the latter, meaning some fail samples had smaller color differences against the standard than 

the pass samples. For the batch samples that had no associated fail assessments, the tolerance could only be 

generated by assuming that the pass samples with the largest color differences are near the visual 

acceptability tolerance.  However, since the expert assessments were not repeated, the intra- and inter-

observer variability could not be analyzed. Moreover, the instrumental measurement of individual colors in 

multicolored camouflage samples was also influenced by several factors, including the instrumental 

variability, the sample presentation, and intra-sample variability. These factors are briefly discussed in 

section 3.4. 
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3.2.   Color Assessment of Camouflage Substrates at Natick Army Laboratories 

The Operational Camouflage Pattern (OCP) is a type of military camouflage pattern developed by Natick 

Laboratory in 2015 to replace the UCP (Universal Camouflage Pattern) [200]. This pattern is designed to 

blend people and the equipment that utilizes it into different natural environments by mimicking the shades of 

the colors in these environments. The pattern is comprised of seven colors, namely, brown, dark green, dark 

cream, bark brown, light sage, tan and olive as shown in Figure 3.2. 

The colors occupy different proportions of the repeated pattern and in some regions form transitions 

with gradual changes from one to another. One repeat unit of the OCP camouflage pattern is approximately 

16 × 17 inches (height ×width). The fabric is first dyed to a base color and is then overprinted to create the 

full design. In the process of manufacturing the multicolored fabric samples, shade evaluation is an important 

step to control the quality of various products including uniforms, tents, accessories, etc. This process, 

however, is currently entirely visual. The printed OCP fabrics are comprised of different textile substrates and 

vary in texture. For the samples sent to NCSU, each fabric type included a reference standard which was 

distinguished by a specific serial number. Although the QC expert assessors primarily evaluate samples that 

are sent to the laboratory by various manufacturers for Pass/Fail judgments, they are also tasked to establish 

overall visual tolerances for all camouflage patterns for use by all suppliers.  

Establishing colorimetric tolerances, however, requires a sufficient number of representative Pass 

and Fail (P/F) samples. The samples that are evaluated for Pass/Fail ratings in different directions are measured 

to establish mean colorimetric boundaries. The colorimetric tolerances, therefore, in the case of new 

camouflage patterns, are dependent on the number of samples sent for evaluation by different manufacturers. 

 Thus, it should be noted that tolerances are based on empirical evidence obtained from a collection 

of camouflage substrates by army experts and as such may not agree with visual color difference tolerances 

established for solid colors. Tolerances established by the experts are nonetheless provided to fabric 

production facilities and suppliers as guidelines for internal quality control purposes. 
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Figure 3.2 One repeat unit of the OCP camouflage pattern. 

Five OCP camouflage series, i.e. (OCP 3900, OCP 3928, OCP 3937, OCP 3905, and OCP 3914) 

were shipped to North Carolina State University. It should be noted that samples from the OCP 3900, OCP 

3937, and OCP 3914 included both pass and fail specimens, while OCP 3928 and OCP 3905 only consisted 

of pass samples. As shown in Fig. 3.3, different OCP series have different textures in the front and reverse 

sides. Texture differences result in variations in colors amongst standards as well as the batch samples. 

Evaluations received from army experts indicate that differences in texture may have also contributed to 

variations in expertsô visual tolerances for different OCP series. Fig.3.3 shows that OCP 3900 and OCP 3928 

are smoother, i.e. are less textured, than OCP 3937, OCP 3905, and OCP 3914 which are reinforced 

substrates. The yarns used in OCP 3928, OCP 3900, OCP 3937, OCP 3905, and OCP 3914 are 40, 70, 330, 

500, and 1000 denier respectively. In addition, the reverse side of the OCP 3928 substrate contains an 

opaque layer that nearly blocks all light transmission through the fabric. 
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Figure 3.3 Texture representations of different OCP series; top row: the face side textures of different series; 

bottom row: the reverse side of the corresponding series. 

 

The following specific terms are defined according to visual assessment experts for subjective 

evaluations of the samples: 

 Too full 

The "Too full" judgment represents a sample that is darker than the standard. A "too full" 

evaluation means the expert believes the sample has a smaller L*  under the specified illumination 

conditions.  

 Too thin/light 

The "Too thin" judgment represents a sample that is lighter than the standard. When there is a "too 

thin" evaluation, the expert believes the sample has a larger L*  under the specified illumination 

conditions. 

 Too violet  

The examined shade of the sample is too blue and too red compared to the standard shade. 

 Too red/green/blue/yellow 

These evaluations could be interpreted in the usual manner implying too much color attribute in the 

specified direction. 

 Too grey 
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The sample is darker and less color saturated than the standard. 

 Too bright 

The sample is brighter and more color saturated than the standard. 

Experts also provided certain empirical color tolerance limits, which are listed in Tables 3.1 to 3.4. 

The values shown in bold letters represent the updated tolerances. It should be noted that each shade has 

different tolerances in terms of ЎὉ , as well as component differences DL* , Da* , and Db* . These specified 

tolerances were generated based on the measurement of the colorimetric attributes of certain margin/failing 

samples supplied by the manufacturers up to the measurement date. Therefore, results do not include the full 

gamut of failing samples and may not agree with those based on measurements of all samples. However, it 

can be seen that judgments vary not only based on the total color differences but also based on specific color 

attributes. Tables 3.1 to 3.4 show that the maximum color difference tolerance based on experts' visual 

assessment is 3.10 ЎὉ  unit for the brown shade (series 3900) and was described as ñtoo full and orangeò. 

The minimum tolerance is 0.61 ЎὉ  unit for the light sage shade (series 3928 and 3936) and was described 

as ñtoo redò. It can be noted that while the majority of these values agree with descriptive changes of color, 

in some instances the changes do not correspond to the reported values.  

Table 3.1 The total and component tolerances provided for OCP series 3900. 

Shade                                        Ўὒᶻ                 Ўὥᶻ                  Ўὦᶻ             ЎὉ  Evaluation 

Dark cream -3.04 0.29 0.45 1.36 Full 

 -2.17 -0.42 0.62 1.25 Full and green 

 1.58 -0.28 1.97 1.84 Yellow 

 3.62 0.39 0.94 1.73 Light and Yellow 

 0.67 1.16 0.65 1.59 Red 

 -2.02 1.14 1.60 1.96 Orange 

 4.75 0.57 0.43 2.14 Light and red 

 -1.49 -0.35 -1.79   1.57 Blue/Green 
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Table 3.1 The total and component tolerances provided for OCP series 3900 (continued). 

Shade                  Ўὒᶻ   Ўὥᶻ               Ўὦᶻ      ЎὉ  Evaluation 

Tan -2.77 -0.21 -0.06 1.21 Full violet 

 -1.18 0.08 -1.94 1.87 Violet 

 -2.59 0.78 -0.31 1.65 Full and red 

 3.36 -0.60 -0.25 1.62 Light and blue 

Light Sage 0.81 1.13 -0.97 1.63 Red 

 1.09 -0.40 -0.79 0.86 Blue 

Olive 0.10 0.89 -1.21 1.17 Orange 

 0.92 -0.13 2.52 1.60 Yellow 

 -0.57 0.46 -1.39 1.00 Full and red 

Dark Green -0.01 0.05 -1.35 0.99 Blue 

 1.52 0.96 0.52 1.38 Orange 

 -2.65 0.22 -0.92 1.53 Full 

Brown 1.63 0.71 -0.06 1.39 Light and red 

 -3.50 0.31 -0.37 1.97 Full 

 1.11 -0.38 -0.09 0.79 Light and Blue 

 -3.32 1.53 -0.59 3.10 Full and orange 

 -0.77 -0.22 -0.77 0.71 Blue 

 -1.06 -0.4 0.60   1.16 Yellow/green 

Bark brown -1.74 -1.04 -0.73 1.77 Full and blue/green 

 -0.57 0.39 1.69 2.15 Orange 

 0.52 -0.25 -1.08 1.47 Thin and blue 
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Table 3.2 The total and component tolerances provided for the OCP series 3905. 

Shade Ўὒᶻ  Ўὥᶻ  Ўὦᶻ  ЎὉ    Evaluation 

Dark Cream -2.85 0.69 0.47 1.51 Full and orange 

Tan -2.3 0.19 -2.2 2.11 Full and violet 

Light Sage -2.01 

 

0.59 

 

0.75 

 

1.25 

 

Orange 

 -1.31 

 

0.54 

 

0.31 

 

0.89 

 

Red 

 -3.04 

 

0.16 

 

0.65 

 

1.44 

 

Full and orange 

Olive -2.09 0.35 0.95 1.16 Full and orange 

Dark Green -0.87 0.14 1.71 1.37 Full and yellow 

Brown 1.04 1.93 1.37 2.45 Red/orange 

 3.35 0.08 0.65 1.93 Light and red 
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Table 3.3 The total and component tolerances provided for the OCP series 3928. 

Shade Ўὒᶻ  Ўὥᶻ   Ўὦᶻ  ЎὉ    Evaluation 

Dark Cream -1.43 -0.51 -1.88 1.62 Full and blue 

Tan 0.12 0.69 0.99 0.89 Yellow 

 2.59 -0.31 -1.29 1.42 Blue violet 

 -0.59 0.51 -0.19 0.80 Full violet 

Light Sage 2.53 0.15 -1.75 1.67 Light and blue 

 0.06 0.52 0 0.61 Red 

 2.77 0.5 0.51 1.39 Orange 

Olive 0.29 0.01 1.44 0.88 Full and yellow 

Dark green 0.00 0.58 0.92 0.97 Yellow 

 2.14 -1.71 0.61 2.04 Full and green 

 1.81 -1.55 1.6 1.97 Yellow full 

Brown -2.49 0.86 0.70 1.69 Extreme Full Orange 

 -0.43 0.63 0.92 0.86 Yellow 

Bark brown 0.07 0.46 1.24 1.54 Orange 

 -1.49 0.15 -0.43 1.18 Full 
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Table 3.4 The total and component tolerances provided for the OCP series 3936. 

Shade Ўὒᶻ  Ўὥᶻ  Ўὦᶻ  ЎὉ    Evaluation 

Dark Cream -3.05 -0.18 0.09 1.30 Full and green 

 -1.73 1.02 -0.25 1.69 Red 

 0.1 -0.1 1.71 1.43 Yellow 

Tan 0.03 -0.63 0.75 1.45 Yellow 

 -0.99 0.76 0.01 1.17 Full and red 

Light sage 1.29 1.31 -0.96 1.96 Extreme red 

 -0.76 -0.02 -1.45 1.12 Blue 

 -0.93 0.34 -0.14 0.61 Full and red 

Olive -1.98 0.33 -0.32 1.12 Blue 

 -0.04 -0.34 -0.82 0.63 Blue 

Dark Green -0.93 1.4 -0.44 1.52 Full and red 

Brown 1.93 0.54 1.79 1.74 Light and yellow 

 -0.068 1.69 0.47 2.26 Orange 

 0.88 0.29 -0.43 1.01 Light and red 

 -0.6 -0.82 -0.51 1.08 Full and green 

Bark brown -0.09 1.27 1.22 1.87 Extreme red 

 

Tolerances provided by the experts were further investigated. Fig.3.4 depicts the DECMC 

ellipsoids of 1 unit centered for each of the measured seven color standards of the OCP 3900 series based on 

the provided visual tolerances. The arrows in red represent the vectors composed of a 1-unit color difference 

in each of the three directions in the CIELAB space. Since a unit difference in the ȹL*, ȹa*  or ȹb* directions 

could be 1 or -1, thus for the three directions 23 = 8 vectors represent different orientations of the ellipsoids. 

The arrows in black represent the provided color difference tolerances of the seven solid colors of the OCP 

3900 series. It can be observed that while some of the provided color difference tolerances do not exceed the 
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boundaries of the ellipsoids, others exceed the boundaries. Fig.3.4 shows that the provided visual assessment 

tolerances of the solid colors differ in magnitude and orientations in the CIELAB color space. Each of the 

vectors represents the tolerance in terms of the associated ȹL*, ȹa*, and ȹb*  for the visual evaluation of the 

batch samples. Based on the limited visual data available, it may be concluded that the expertsô visual 

tolerances for the colors examined in different orientations seem to vary. The visual tolerance differences for 

each of the colors and series were thus compared. Fig.3.5 and Fig.3.6 depict the CIE76 unit spheres with the 

close-ups of the vectors shown in Fig.3.4. It can be observed that the magnitudes of most of the visual 

tolerances exceed the boundaries of the CIE76 unit tolerance sphere.  

For the dark green color from the OCP 3900 series, three subjective evaluation tolerances were 

provided including the ñtoo fullò tolerance (ЎὉ  = 1.53) which is larger than both the ñtoo orangeò 

tolerance (ЎὉ  =1.38) and the ñtoo blueò tolerance (ЎὉ  =0.99). For the olive color from the OCP 3900 

series, for instance, differences in tolerances include the ñtoo orangeò tolerance (which is 1.17 ЎὉ  unit), 

the ñtoo yellowò tolerance (which is 1.60 ЎὉ  unit) and the ñtoo full and redò (which is 1.00 ЎὉ  unit) 

tolerance which all exceed the boundary of the unit CIELAB sphere. Moreover, the ñtoo yellowò tolerance 

(ЎὉ  = 1.60) for olive is larger than the ñtoo orangeò and ñtoo full and redò tolerance. There are eight 

specified tolerances for dark cream, and they all exceed the boundary of the unit sphere. Among them, ñlight 

and redò tolerance exceeds 2 ЎὉ  units and is the largest. While the ñtoo fullò and ñtoo full and greenò 

tolerances are below 1.5 ЎὉ  unit, the other tolerances are larger. Bark brown from the same series has 

three specified tolerances which exceed the unit sphereôs boundary. Among them ñtoo orangeò has the 

largest tolerance, followed by ñfull and blueò, and ñthin and blueò. Light sage has two specified tolerances, 

where the ñtoo blueò tolerance is within the boundary of the unit sphere, while the ñtoo redò tolerance 

exceeds the sphereôs boundary. Tan has four specified tolerances and all of them exceed the boundary of the 

sphere. For the brown which has six specified tolerances, the ñtoo light and blueò tolerance and ñtoo blueò 

tolerance do not exceed the boundary, while the others exceed the boundary. It should be noted that for 

brown the ñtoo full and orangeò tolerance (which is 3.10 ЎὉ  unit) is the largest among all tolerances 

specified by the army visual assessment experts. This is followed by the ñtoo fullò tolerance (which is 1.97 

ЎὉ  unit). Since the number of marginal/fail samples for each color varies, some colors do not have 

specified visual tolerances in all Ñ ȹL*/ ȹa*/ ȹb*  directions and may influence further analysis of the degree 
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of agreement between instrumental measurements and visual tolerances. Different samples may exhibit 

varying levels of shift in different directions of the color space against the standard. However, the agreement 

between instrumental measurements and visual tolerances in each direction can only be determined if 

visually marginal or fail samples from various directions are available for measurements.  

For the OCP 3900 series, dark cream has the largest number of visually specified tolerances, 

followed by brown, tan, dark green, olive, bark brown, and light sage. Except for light sage, the remaining 

solid colors have the ñtoo fullò evaluation comment. Dark cream, brown, bark brown, and tan have the ñtoo 

lightò tolerance specification. Other tolerance specifications include too ñred/orangeò for all seven colors, 

too ñblue/greenò for six out of seven colors, and too ñyellowò for four out of seven solid colors.  

         

Figure 3.4 The DECMC(2:1) ellipsoids with a volume of 1 unit for the seven OCP solid colors; red arrows: 

1 unit of CIELAB in each of the eight directions; black arrows: color difference tolerances provided by the 

army assessors. 
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Figure 3.5 The CIEDEab unity sphere as well as vector depicting visual tolerance specifications for each 

color in the OCP 3900 series. 
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Figure 3.6 The CIEDEab unity sphere as well as vector depicting visual tolerance specifications for light 

sage in the OCP 3900 series 

Fig. 3.7 and Fig. 3.8 compare the visual tolerances among different OCP series. Firstly, the 

tolerances of the same color from different series exhibit differences in direction. For example, for brown, 

series 3900 have tolerances in Ñ ȹL* , ± ȹb*, and Ñ ȹa*  directions, series 3928 have tolerances in - ȹL*  and 

+ȹb*  directions, series 3905 have tolerances in + ȹL*  and + ȹa*  directions, and series 3936 have tolerances 

in Ñ ȹL*, + ȹb*  and Ñ ȹa*  directions. In addition, tolerances for the same color from different series in the 

same direction have different magnitudes. For example, the visual tolerance for brown in the ñfull and 

orangeò direction for the 3900 series, which is more textured than the 3928 series, is 3.10 ЎὉ  units 

compared to 1.69 ЎὉ  units for the latter. The light and red limit for brown for the 3905 series is 1.93 

ЎὉ  units which is larger than that for the 3936 series (which is 1.01 ЎὉ  unit). The 3936 series is less 

textured than the 3905 series. The coarser texture substrate has a larger visual tolerance in the full orange 

orientation as well as light and red orientation for brown. For bark brown, the 3900 series has a larger 

tolerance in the ñorangeò orientation than that of the 3928 series. The OCP bark brown on a coarser texture 

surface has larger tolerance in the ñtoo orangeò orientation. The dark green from series 3928 has a larger 

tolerance in the ñyellow fullò orientation than that of the 3905 series, which is coarser than series 3928. The 

bark brown on a coarser texture surface exhibits smaller tolerance in the ñyellow fullò orientation. For dark 

cream, the series 3900 has smaller tolerance in ñfull and greenò orientation than series 3936, which is 

coarser than series 3900. In the case of olive, series 3900 and 3936 have nearly the same visual tolerance in 

the ñfull and redò orientation, although the component color differences are not equal for these two series 

and the 3936 has a larger lightness tolerance in the ñfull and redò direction. Series 3900, 3928, 3936, and 
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3905 have specified tolerances for the ñredò orientation which increase in magnitudes from series 3928 to 

3905, 3900, and 3936, while the textures of these series become coarser from series 3928 to 3900, 3936, and 

3905. The lightness tolerance in this orientation increases from series 3928 to 3900, 3936, and 3905. For the 

same visual tolerance orientations, coarser textures show a larger lightness tolerance than the smoother 

surfaces for light sage. For tan, series 3900 has a larger tolerance in the ñfull and redò orientation, but a 

smaller lightness tolerance limit than that for series 3936. Series 3900 has a larger tolerance in the ñfull 

violetò orientation than that of series 3928 but a smaller tolerance than that for series 3905.  

Table 3.5 summarizes the maximum and minimum visual tolerances provided for different series. It 

is observed that the largest visual tolerance appears to be for brown in most of the series and that the 

smallest visual tolerance appears in light sage in most of the series. It can be also observed that both the 

maximum and minimum tolerances increase as the texture becomes coarser. In the case of brown in OCP 

3900, the tolerance is larger than that of OCP 3905, which has a coarser texture, but this may be due to the 

fact that OCP 3905 does not have enough samples to accurately determine the visual boundary. Table 3.6 

and Table 3.7 further summarize the maximum and minimum visual tolerance of each color in each series. 

For dark cream, the provided visual tolerances in the ñredderò direction are larger than that of the ñgreenerò 

direction for each series. For tan, most of the evaluations are associated with the ñvioletò direction and both 

the maximum and minimum tolerances increase as the texture gets coarser. For the light sage, most of the 

evaluations are associated with ñredò and the tolerances increase as the texture becomes coarser. For olive, 

bark brown, and brown, the tolerances increase as the texture gets coarser. For green, there is not a clear 

relationship between the texture and the tolerance magnitudes.  

To conclude, the visual tolerances provided for the same color in the same orientation in the 

CIELAB space seem to be influenced by the surface texture. In addition, these tolerances for different colors 

diff er in magnitude for different textures. Therefore, while tolerances may be established for different 

substrates based on expertsô visual judgments, this would depend on the availability of a sufficient number 

of marginal or fail samples. Based on the number of OCP fail samples, the visual tolerances could not be 

accurately determined using the single expertôs judgment of the limited marginal/fail samples.  Therefore, 

for the analysis of instrumental results, standard tolerance ellipsoids for different colors and different 

substrates (OCP series) may be utilized.  
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Table 3.5 Comparison of the minimum and maximum visual tolerances. 

Series Maximum 

(ЎὉ ) 

Color Evaluation Minimum 

(ЎὉ ) 

Color Evaluation 

3928 2.04 Dark green Full and green 0.61 Light Sage Red 

3936 2.26 Brown  Orange 0.61 Light Sage Full and red 

3900 3.10 Brown Full and orange 0.71 Brown Blue 

3905 2.45 Brown Red/orange 0.89 Light Sage  Red 

Overall 3.10 Brown Full and orange 0.61 Light Sage Red 

Table 3.6 Summary of the maximum and minimum visual tolerances of each color for series 3928 and 3936. 

Series Shade Maximum  Evaluation Minimum   Evaluation 

3928 Dark cream 1.62 Full and blue 1.62 Full and blue 

 Tan 1.42 Blue violet 0.80 Full violet 

 Light sage 1.67 Light and blue 0.61 Red 

 Olive 0.88 Full and yellow 0.88 Full and yellow 

 Dark green 2.04 Full and green 0.97 Yellow 

 Brown 1.69 Full and orange 0.86 Yellow 

 Bark brown 1.54 Orange 1.18 Full 

3936 Dark cream 1.69 Red 1.30 Full and green 

 Tan 1.45 Yellow 1.17 Full and red 

 Light sage 1.96 Red 0.61 Full and red 

 Olive 1.12 Blue 0.63 Blue 

 Dark green 1.52 Full and red 1.52  Full and red 

 Brown 2.26 Orange 1.01 Full and green 

 Bark brown 1.87 Red 1.87 Red 
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Table 3.7 Summary of the maximum and minimum visual tolerances of each color for series 3900 and 3905. 

3900 Dark cream 2.14 Light and red 1.25 Full and green 

 Tan 1.87 Violet 1.21 Full violet 

 Light sage 1.63 Red 0.86 Blue 

 Olive 1.60 Yellow 1.00 Full and red 

 Dark green 1.53 Full 0.99 Blue 

 Brown 3.10 Full and orange 0.71 Blue 

 Bark brown 2.15 Orange 1.47 Thin and blue 

3905 Dark cream 1.51 Full and orange 1.51  Full and orange 

 Tan 2.11 Full and violet 2.11 Full and violet 

 Light sage 1.44  Full and orange 0.89 Red 

 Olive 1.16 Full and orange 1.16 Full and orange 

 Dark green 1.37 Full and yellow 1.37 Full and yellow 

 Brown 2.45 Red/orange 1.93 Light and red 
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Figure 3.7 The CIEDEab unity sphere with the tolerance vectors for the subjective evaluations of brown, 

dark green, tan, and dark cream for the OCP Series 3900, 3928, 3905, and 3936. 
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Figure 3.8 The CIEDEab unity sphere with the tolerance vectors for the subjective evaluations of bark 

brown, olive, and light sage for the OCP Series 3900, 3928, 3905, and 3936. 

3.3    OCP Camouflage Samples Specification and Evaluation 

The US army judges shipped a total of 801 OCP fabric samples, over a period of one year and several 

months, to the Datacolor Color Science Laboratory at North Carolina State University. These samples 

represented various series and included six different standards, one for each series. Table 3.8 summarizes an 

overview of shipped samples.  

The shipped samples contained Pass/Fail results, and in some cases color comments, from visual 

assessments conducted by the army experts. A basic analysis of submitted OCP samples shows that 9.61% 



   

82 

 

of samples failed the visual assessments. Only three out of the six represented substrate series, namely OCP 

Series 3900, OCP Series 3937, and OCP Series 3914 included fail samples and each color had a different 

percentage of failing. It should be noted that the total number of failed samples is less than the sum of the 

individual fail results for each color since some fail samples include negative comments for more than one 

color as shown in Table 3.9. 

Table 3.8 OCP sample overview. 

Series No. Standard Batch Substrate Pass Fail Fail rate 

3900 1 200 OCP Permethrin Treated 146 54 27.00% 

3928 1 321 OCP Laminate 321 0 0 

3937 1 173 OCP Reinforcement 149 14 8.09% 

3905 1 91 OCP 500D 91 0 0 

3914 1 16 OCP 1000D 8 8 50.00% 

3936 1 0 OCP Flame Resistant Ripstop 0 0 0 

Total 6 801 All Samples 737 77 9.61% 

Table 3.9 Summary of the number of fail samples for each color. 

Roll No. Total Dark Green Dark Cream Bark Olive Brown Light Sage Tan 

3900 54 0 3 6 32 49 39 0 

3937 14 0 0 6 14 8 14 14 

3914 8 8 0 0 0 0 0 0 

 

Among the six series, OCP 3900 and OCP 3936 have associated colorimetric information for only 

four out of the seven standard colors, while OCP 3914, OCP 3928, OCP 3937, and OCP 3905 include 

information for all seven standard colors. The information for standard colors is summarized in Table 3.10. 
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Table 3.10 Standard colorimetric values for each color on different OCP series. 

Series Attribute  Dark Cream Tan Olive Light Sage Dark Green Brown Bark Brown 

3900 L*  60.55 58.09 49.98 53.41    

 a*  1.99 6.08 -0.04 0.90    

 b*  11.93 15.10 20.23 15.03    

3928 L*  61.05 57.23 50.90 53.97 39.75 36.96 26.67 

 a*  1.86 5.67 0.20 0.78 -3.87 5.29 4.21 

 b*  12.19 15.24 20.28 14.74 14.30 13.94 3.44 

3937 L*  62.70 58.45 50.40 53.36 38.53 37.64 26.50 

 a*  1.78 5.67 -0.60 0.48 -3.58 6.41 3.78 

 b*  13.14 15.85 20.32 15.36 14.15 13.54 3.17 

3905 L*  63.74 58.69 50.92 53.94 37.24 36.57 25.69 

 a*  2.03 6.46 0.15 0.93 -4.98 5.55 3.62 

 b*  13.64 16.97 20.82 15.48 12.52 13.26 3.28 

3914 L*  61.56 57.23 49.16 52.96 36.47 36.98 27.08 

 a*  2.02 6.18 0.36 0.95 -3.81 5.85 4.03 

 b*  13.42 15.48 19.39 15.07 12.19 12.96 3.71 

3936 L*  60.88 58.89 50.68 53.57    

 a*  2.63 6.68 -0.10 0.92    

 b*  11.13 13.64 18.81 13.68    

3.4    Spectrophotometric Measurements 

Samples received at NC State University were subsequently measured with a Datacolor 600 

spectrophotometer (Datacolor Inc.), and the spectral reflectance data of each color on different samples 

(from 400 nm to 700 nm) were obtained. The colorimetric attributes of each color for the Standard and batch 

samples were then calculated under the CIE standard illuminant D75 and 10-degree standard observer 
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conditions. The instrument was set to UV light excluded and specular included mode. The aperture size used 

was SAV (9 mm) for the measurement of Series 3900, Series 3928, Series 3937, and MAV (20 mm) for the 

measurement of samples from Series 3905 and 3914. A larger aperture size was chosen for Series 3905 and 

Series 3914 because these samples have a coarse texture, and the threads on the surface may unduly 

influence the color measurement results from a smaller field of view. In this case, a larger aperture helped to 

reduce the effect of the local variations in color on fabricsô color measurements. While differences in texture 

were taken into consideration in the analysis of measured colors from different series, it was also considered 

in the analysis of images at the required resolutions, as briefly discussed in Chapters 5 and 6.  

3.4.1    Spectrophotometric/instrumental variability 

As discussed in section 3.1, instrumental variability is one of the factors that influence samplesô 

measurements. Before conducting spectrophotometric measurements, the repeatability of the instrument was 

characterized by measuring 12 standard BCRA (British Ceramic Research Association) colored tiles. These 

tiles are commonly used to verify the performance of various color measuring instruments due to their 

inherent stability to changes according to temperature or humidity. Three sets of measurements were carried 

out with a gap of at least 24 hours between measurements. For each color tile in every set, an average of ten 

readings was obtained. Color differences between tiles measured in three trials were calculated, which are 

shown in Figure 3.9. It can be concluded from Figure 3.9 that the measurement variability of the 

spectrophotometer employed is less than 0.14 ЎὉ unit which is considerably smaller than the acceptability 

threshold commonly considered to be between 0.5-1 unit. Since measuring many batch samples was not 

possible in one sitting it was important to also quantify the instrument's temporal stability (with 24 hr. time 

interval) and determine the contribution of such variability to the analysis of the color quality of batch 

samples.  
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Figure 3.9 Color differences of each of the BCRA tiles from trial one to trials 2 or 3 representing 

measurement variability for Datacolor 600 spectrophotometer. 

3.4.2    Presentation of multicolored samples for measurement 

A factor that influences the measurement of samples is the way the sample is presented to the measurement 

port of the spectrophotometer. The number of folded layers and the resulting thickness of the substrate 

usually influence the measurement repeatability of fabrics, especially if one layer does not provide sufficient 

opacity. A translucent medium may allow part of the incident light to penetrate through the substrate, which 

can affect the measured reflectance and resultant colorimetric values. In the case of textiles, a sufficiently 

thick sample (by folding the fabric) is used to generate full opacity. However, if fabric thickness exceeds 

practical limits the operation could become challenging. In the case of multicolored printed material folding 

the sample may generate error as different colored sections may overlap each other. Thus, the use of a 

standard backing, such as a tile or the sample holder on a single layer is preferred as it would present a more 

repeatable outcome. The OCP samples used in this study may be considered opaque in some cases. 

Nonetheless, the influence of layering the substrate (for practical measurement purposes) on their 

measurements was briefly examined. As shown in Table 3.11 layering causes color differences of <1 unit. 

The folded layers are unlikely to correctly overlap during measurements and thus can introduce relatively 

significant color differences between measured values for different layers. The standard deviation and 
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coefficient of variation for color differences among measured layers are also shown in Table 3.11. Noting 

the results, a standard black backing instead of folding the sample is recommended for measurements.  

Table 3.11 CIEDE2000 color difference statistics for each color for different number of layers of the OCP 

3900 series. 

Number 

of layers 

 Dark Green Dark Cream Olive Bark Brown Brown Light Sage Tan 

4  0.43 0.21 0.73 0.71 0.71 0.23 0.3

3 

6  0.33 0.41 0.26 0.93 0.77 0.13 0.6

9 

8  0.49 0.57 0.19 0.91 1.00 0.61 0.2

3 

10  0.50 0.22 0.22 0.50 0.71 0.17 0.2

2 

12  0.59 0.22 0.33 0.96 0.56 0.13 0.5

8 

Mean  0.47 0.33 0.35 0.80 0.75 0.25 0.4

1 

SD  0.10 0.16 0.22 0.20 0.16 0.20 0.2

1 

CV  0.21 0.49 0.64 0.25 0.21 0.78 0.5

1 

 

Figure 3.10 demonstrates the measured reflectance spectra of the solid colors with a standard 

backing for the standard fabric of the OCP 3900 series. Based on the spectra obtained for each of the colors 

from each standard substrate, the measured color standards were summarized, as shown in Table 3.9 and 

Figure 3.11.  
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Figure 3.10 Reflectance spectra of the seven colors used in the OCP 3900 standard fabric. 

A comparison of the values in Table 3.12 with those in Table 3.10 shows that there are differences 

between the measured colors for each substrate as obtained in this study versus the values provided with the 

shipped samples. A total of 32 comparisons were made: 4 from 3900 Series, 7 from 3928 Series, 7 from 

3937 Series, 7 from 3905 Series, and 7 from 3914 Series. The histogram of color differences between the 

measured standards and the provided values is shown in Fig.3.11. These differences are not negligible (most 

are larger than 1 ЎὉ  unit). Since measurements at North Carolina State University were repeated and 

further analysis and verification of the data were possible, in the subsequent analysis, the measured values at 

North Carolina State University, instead of the provided values, were used to determine the color quality of 

the batch samples. 
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Table 3.12 Measured values of each color from the standard OCP series. 

Series Color 

attributes 

Dark 

Cream 

Tan Olive Light 

Sage 

Dark 

Green 

Brown Bark 

Brown 

3900 L*  56.78 58.93 51.02 53.21 39.98 40.89 27.34 

 a*  1.79 5.75 -0.88 0.38 -3.50 5.60 4.73 

 b*  12.27 13.77 19.31 13.77 12.95 13.98 2.72 

3928 L*  61.67 58.06 51.38 55.05 38.69 38.23 26.97 

 a*  1.40 5.19 -0.38 0.35 -4.09 5.94 3.85 

 b*  12.46 15.87 20.21 15.25 14.34 13.77 3.33 

3937 L*  61.10 57.28 49.48 52.59 41.48 38.19 26.99 

 a*  1.07 4.66 -0.98 0.06 -3.55 5.83 4.28 

 b*  11.79 15.09 19.93 15.03 15.06 13.63 3.41 

3905 L*  61.55 56.27 49.48 51.80 38.04 38.69 26.31 

 a*  1.10 4.81 -0.68 0.11 -5.01 5.59 3.38 

 b*  11.78 15.46 20.18 14.65 12.53 13.07 3.52 

3914 L*  57.29 55.34 47.33 52.94 36.70 41.20 25.61 

 a*  1.10 4.99 -0.33 0.30 -3.90 6.26 3.73 

 b*  11.89 14.25 18.84 14.77 10.72 13.50 3.35 

 

 



   

89 

 

 

Figure 3.11 Color difference between measured standards at NC State University versus values provided 

with shipped standards. 

 

Figure 3.12 shows the seven measured standard colors from five series (different substrates) in the 

CIELAB color space. Variations in substrates, i.e., fabric texture, affect the colorimetric values of the 

measured samples. Therefore, in the analysis of color tolerances in Chapter 4, results are differentiated 

according to different substrates.  

Pairwise color differences among the seven measured colors, for each of the standards, separately, 

were quantified, and are shown in Figure 3.13. The boxplots represent color differences between two 

standard colors among the five OCP series. The light sage olive has the smallest average color difference 

(ЎὉ  =3.51), and dark cream-bark brown has the largest (ЎὉ  =17.35). The OCP pattern also contains 

color gradient regions between the dark green-olive (ЎὉ  =7.76), brown-tan (ЎὉ =8.93), light sage-olive 

(ЎὉ =3.51), and brown-dark green colors (ЎὉ =12.45).  Results indicate potential challenges in color 

separation/segmentation, which is a step in an imaging-based assessment since the magnitude of some of the 

specified tolerances for some colors is comparable with the color differences between different colors. This 

can lead to errors in image-based assessments. For example, if the measurement error plus the color 

tolerance exceeds 3.51 ЎὉ , the system may fail to separate the light sage and olive colors on fabric images. 
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Clearly, this does not apply to all color segmentations and only colors that look like each other may pose 

some challenges to the segmentation process (Chapter 6).  

 

Figure 3.12 Measured colors in each of the OCP standards from 5 Series forming seven clusters. 



   

91 

 

 

Figure 3.13 Pairwise color differences among measured OCP standard samples from 5 Series. N.B. 

abbreviated color names are listed. 

3.4.3    Intra-sample variability 

To investigate the intra-sample variability of the OCP sample, a white mask was developed for each color 

which was used to select and isolate each of the seven colors being measured in different locations of the 

standard substrate. Figure 3.14 shows an example of a mask for brown with the distribution of locations used 

for measurement on a substrate. Except for tan, which only had six measurement locations due to its limited 

inclusion in the pattern, all remaining six colors included ten different measurement locations. 

Measurements within the specific regions with the mask, for each color, resulted in deviations in 

the L* , a* , b* , C* , and h (as shown in Table 3.13 to Table 3.19). Measurement results from different regions 

against the mean demonstrate different levels of intra-sample variability for each color. Results for brown 

(ῳὉ = 0.73), and green (ῳὉ = 0.85) show the largest variability of the standard sample followed by light 

sage (ῳὉ = 0.48), bark brown (ῳὉ = 0.50), and dark cream (ῳὉ = 0.42), while tan (ῳὉ = 0.36), and 

olive (ῳὉ = 0.34) show the least intra-sample variability of the standard fabric sample. Here we measured 
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the intra-sample variability of the standard sample as a reference and assume the other batch samples share 

similar intra-sample variability.  

         

Figure 3.14 Illustration of the spatial locations used for measurements to characterize the intra-sample 

variability for brown. The figure to the right shows a mask with 10 openings, placed in front of the fabric, to 

select and isolate brown colors for measurements. 

Table 3.13 Measured color attributes for brown in different spatial locations on the standard specimen for 

the OCP 3900 series. Color differences are calculated against the average brown color. 

Color attribute L*  a*  b*  C*  h Color difference 

Average Brown 39.25 6.16 12.52 13.96 65.8   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Brown 1 -0.87 -0.42 0.02 -0.17 0.64 0.80 0.63 

Brown 2 0.56 0.42 0.13 0.30 -0.52 0.63 0.52 

Brown 3 -0.56 0.34 -0.36 -0.17 -0.77 0.83 0.59 

Brown 4 -1.84 0.63 -0.41 -0.07 -1.24 1.57 1.18 

Brown 5 -0.69 -0.28 0.27 0.12 0.61 0.72 0.53 

Brown 6 0.46 -0.28 -0.04 -0.16 0.39 0.48 0.38 

Brown 7 0.34 0.56 0.21 0.43 -0.67 0.75 0.63 

Brown 8 2.10 0.16 0.88 0.86 0.39 1.33 1.09 

Brown 9 1.53 -1.00 -0.53 -0.91 1.13 1.54 1.31 

Brown 10 -1.02 -0.10 -0.22 -0.25 -0.01 0.56 0.47 

Absolute Mean 0.99 0.42 0.31 0.34 0.64 0.92 0.73 

SD 1.22 0.51 0.41 0.47  0.76 0.40 0.33 



   

93 

 

Table 3.14 Measured color attributes of bark brown in different spatial locations on the standard specimen 

for the OCP 3900 series. 

Color attribute L*  a*  b*  C*  h   

Average Bark Brown 27.61 4.58 2.63 5.30 30.00   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Bark Brown 1 0.10 0.20 -0.18 0.09 -0.36 0.38 0.30 

Bark Brown 2 0.30 -0.16 0.17 -0.06 0.32 0.38 0.28 

Bark Brown 3 0.78 -0.70 0.01 -0.59 0.53 0.97 0.88 

Bark Brown 4 -1.05 -0.10 -0.01 -0.10 0.06 0.70 0.41 

Bark Brown 5 -0.05 0.93 0.06 0.84 -0.54 1.04 1.05 

Bark Brown 6 -0.51 -0.12 -0.27 -0.25 -0.25 0.49 0.33 

Bark Brown 7 -1.05 0.03 -0.34 -0.14 -0.44 0.83 0.50 

Bark Brown 8 -0.07 0.21 0.03 0.20 -0.11 0.24 0.24 

Bark Brown 9 1.17 -0.37 0.19 -0.22 0.50 0.95 0.66 

Bark Brown 10 0.34 0.10 0.38 0.27 0.38 0.53 0.36 

Absolute Mean 0.54 0.29 0.16 0.28 0.01 0.65 0.50 

SD 0.72 0.43 0.22 0.38 0.40 0.29 0.28 

 

Table 3.15 Measured color attributes of light sage in different spatial locations on the standard specimen for 

the OCP 3900 series. 

Color attribute L*  a*  b*  C*  h   

Average Light Sage 53.19 -0.12 13.63 13.83 90.47   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Light Sage 1 -1.06 -0.38 0.13 0.39 0.45 0.69 0.73 

Light Sage 2 -0.21 0.15 -0.39 -0.39 -0.18 0.20 0.19 

Light Sage 3 -0.23 0.13 -0.70 -0.70 -0.15 0.41 0.35 

Light Sage 4 -2.40 0.01 -0.73 -0.73 -0.00 1.14 1.23 

Light Sage 5 0.96 0.15 -0.08 -0.08 -0.18 0.45 0.49 

Light Sage 6 0.22 -0.08 0.21 0.21 0.09 0.32 0.28 

Light Sage 7 0.24 0.20 -0.50 -0.50 -0.24 0.25 0.23 

Light Sage 8 0.96 -0.05 0.08 0.08 0.06 0.47 0.50 

Light Sage 9 0.73 -0.19 0.05 0.05 0.23 0.43 0.45 

Light Sage 10 0.76 0.04 -0.08 -0.08 -0.05 0.35 0.38 

Absolute Mean 0.78 0.14 0.30 0.32 0.16 0.47 0.48 

SD 1.06 0.18 0.35 0.39 0.21 0.27 0.31 
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Table 3.16 Measured color attributes of dark cream in different spatial locations on the standard specimen 

for the OCP 3900 series. 

 

Color attribute L*  a*  b*  C*  h   

Average Dark Cream 60.10 1.19 10.76 10.83 83.64   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Dark Cream 1 0.74 0.15 -0.39 -0.37 -0.27 0.51 0.48 

Dark Cream 2 -0.44 -0.19 -0.01 -0.03 0.26 0.32 0.32 

Dark Cream 3 0.33 -0.24 0.18 0.15 0.36 0.40 0.39 

Dark Cream 4 -0.86 0.43 -0.52 -0.46 -0.68 0.86 0.81 

Dark Cream 5 0.06 0.06 -0.18 -0.18 -0.11 0.18 0.15 

Dark Cream 6 -0.23 0.01 -0.05 -0.05 -0.02 0.11 0.11 

Dark Cream 7 0.12 0.13 -0.14 -0.12 -0.20 0.23 0.21 

Dark Cream 8 0.65 -0.12 0.30 0.28 0.21 0.41 0.39 

Dark Cream 9 -0.06 0.24 -0.26 -0.24 -0.37 0.42 0.39 

Dark Cream 10 -0.29 -0.47 1.04 0.99 0.77 1.12 0.99 

Absolute Mean 0.38 0.20 0.31 0.29 0.33 0.46 0.42 

SD 0.49 0.26 0.44 0.41 0.42 0.31 0.28 

 

Table 3.17 Measured color attributes of olive in different spatial locations on the standard specimen for the 

OCP 3900 series.  

 

Color attribute L*  a*  b*  C*  h   

Average Olive 50.39 -1.08 18.25 18.29 93.38   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Olive 1 -1.07 0.05 0.04 0.03 -0.05 0.49 0.54 

Olive 2 -1.53 0.05 -0.16 -0.17 -0.04 0.71 0.77 

Olive 3 -0.22 -0.15 0.09 0.09 0.15 0.19 0.21 

Olive 4 0.58 -0.01 -0.07 -0.08 0.02 0.27 0.29 

Olive 5 0.36 0.05 -0.31 -0.32 -0.03 0.26 0.25 

Olive 6 0.57 0.14 -0.03 -0.05 -0.14 0.30 0.33 

Olive 7 0.47 -0.03 -0.12 -0.12 0.04 0.23 0.25 

Olive 8 0.21 0.13 0.36 0.35 -0.15 0.29 0.32 

Olive 9 0.36 -0.15 0.06 0.07 0.15 0.23 0.26 

 Olive 10 0.25 -0.06 0.18 0.18 0.05 0.17 0.16 

Absolute Mean 0.56 0.08 0.14 0.15 0.08 0.31 0.34 

SD 0.73 0.10 0.19 0.19 0.10 0.16 0.18 
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Table 3.18 Measured color attributes of tan in different spatial locations on the standard specimen for the 

OCP 3900 series. 

 

Color attribute L*  a*  b*  C*  h   

Average Tan 58.41 5.30 13.64 14.64 68.75   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Tan 1 0.36 -0.41 0.12 -0.04 0.64 0.66 0.56 

Tan 2 0.59 -0.06 0.11 0.08 0.14 0.29 0.29 

Tan 3 -0.36 0.18 -0.04 0.02 -0.27 0.31 0.28 

Tan 4 -1.09 0.24 -0.47 -0.35 -0.60 0.80 0.70 

Tan 5 0.47 0.07 0.23 0.24 0.03 0.26 0.26 

Tan 6 0.04 0.00 0.07 0.06 0.04 0.06 0.05 

Absolute Mean 0.49 0.16 0.17 0.13 0.29 0.40 0.36 

SD 0.64 0.23 0.25 0.20 0.42 0.28 0.23 

 

Table 3.19 Measured color attributes of dark green in different spatial locations on the standard specimen 

for the OCP 3900 series. 

 

Color attribute L*  a*  b*  C*  h   

Average Dark Green 40.53 -3.67 13.01 13.52 105.83   

 DL*  Da*  Db*  DC*  DH*  DECMC(2:1) DE00 (2:1:1) 

Dark Green 1 -0.21 -0.16 -0.24 -0.19 0.24 0.29 0.32 

Dark Green 2 -0.85 -0.12 -0.53 -0.48 0.28 0.62 0.58 

Dark Green 3 0.92 0.23 0.81 0.72 -0.46 0.85 0.83 

Dark Green 4 -2.54 -0.13 -0.93 -0.86 0.42 1.51 1.32 

Dark Green 5 2.09 0.04 0.98 0.94 -0.32 1.32 1.17 

Dark Green 6 2.69 0.29 1.33 1.22 -0.66 1.78 1.64 

Dark Green 7 -2.50 0.06 -0.99 -0.97 0.24 1.49 1.28 

Dark Green 8 -0.09 -0.11 -0.49 -0.44 0.26 0.41 0.41 

Dark Green 9 0.85 0.02 0.45 0.43 -0.15 0.56 0.50 

Dark Green 10 -0.37 -0.15 -0.43 -0.37 0.28 0.43 0.44 

Absolute Mean 1.31 0.13 0.72 0.66 0.33 0.93 0.85 

SD 1.73 0.16 0.83 0.77 0.38 0.55 0.47 

Figure 3.15 and Figure 3.16 shows that variations in lightness, Ўὒ, are higher than ЎὌ and Ўὅ for 

all colors (except for tan), which indicates that lightness differences are the main contributing factor to intra-

sample variability of the standard sample.  
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Figure 3.15 Intra-sample variability in terms of component differences for brown, bark brown, dark green, 

dark cream, olive, and light sage for the OCP 3900 series. 
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Figure 3.16 Intra-sample variability in terms of color components for tan on the OCP 3900 series. 

The intra-sample variability was also compared against the expertôs visual tolerances, as shown in 

Table.3.20 and depicted in Fig.3.17. It can be observed that for dark cream, olive, tan, dark green, light sage 

and bark brown, the average intra-sample variability is smaller than the lower bound of the visual tolerance 

range. However, for brown, the intra-sample variability exceeds the lower bound of the visual tolerance 

although it is smaller than the median of the visual tolerances. Therefore, for brown, visual assessment 

results are likely susceptible to the selection of different locations of the batch fabric.  
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Table 3.20  The intra-sample variability and the expertôs visual tolerances for each color from OCP Series 

3900. 

Color Brown Bark 

Brown 

Light 

Sage 

Dark 

Cream 

Olive Tan Dark 

Green 

Visual tolerance 

range (Ў% ) 

[0.71, 

3.10] 

[1.47, 

2.15] 

[0.86, 

1.63] 

[1.25, 

2.14]  

[1.00, 

1.60] 

[1.21, 

1.87] 

[0.9, 

1.53] 

Mean intra-sample 

variability (Ў% ) 

0.92 0.65 0.47 0.46 0.31 0.40     0.93 

 

Figure 3.17 Comparison of the intra-sample variability against the provided visual tolerances. 
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3.5    Discussion and conclusion 

The visual assessment procedure for the OCP camouflage samples, the analysis of visual tolerances, the 

assessment of instrumental variability, and variability in intra-sample measurements was examined and 

discussed in this chapter. In the case of the OCP pattern, the magnitude of visually determined tolerances for 

each color is different and variations in each direction (i.e. component differences) also contribute to 

differences in overall pass-fail judgments. The visual results were compared to instrumental readings at 

North Carolina State University. A total of 801 OCP printed fabric samples comprising five different 

substrates including five standards, one for each substrate, and the terminology employed by visual judges to 

describe differences were shipped to North Carolina State University. Pass or fail ratings varied based on the 

substrate type with the OCP 3914 Series showing the largest fail rate (50%) and the 3905 and 3928 series 

having no failing samples. The 3936 Series only included a reference standard specimen and had no batch 

samples provided. Tolerances provided by the army lab sometimes exhibited inconsistencies against 

specified terms and colorimetric values provided where component differences were found to be in 

disagreement with descriptions. Samples were re-measured by a Datacolor 600 spectrophotometer at North 

Carolina State University. The spectrophotometric variability in terms of CIEDE2000, based on measuring 

standard BCRA tiles, was less than 0.15, which is smaller than the visual detectability limit and indicates 

good measurement repeatability and consistency.  

The effect of folding fabric layers during measurements on measurement accuracy and repeatability 

(replicability) was also briefly examined. Folding multicolored substrates was shown to be not only 

impractical but also lead to inconsistencies and error. Also, folding regardless of the substrate used could 

sometimes adversely affect the accuracy and repeatability of readings. It was shown that folding a 

camouflage substrate in layers can result in incorrect placement of selected colors on each layer. Thus, it is 

recommended to use a standard backing tile or the back of the sample holder in the measurement port for 

spectrophotometric readings of multicolored samples. In terms of the intra-sample variability, variations 

(discrepancies) in the lightness component were found to contribute the most to the overall variability of 

sample measurements.   

 Several findings may be listed by comparing the visual tolerances provided by the army experts 

against intra-sample variability results: 
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 Visual assessment by nature tends to be inconsistent, as such due attention needs to be paid to 

establishing reliable and repeatable protocols. There may be some issues with the visual assessment 

protocol employed by the army expert, which may not strictly follow the standard protocols 

resulting in non-continuity in generating the proper visual tolerance results. This problem was 

noticed when the instrumental results were correlated against the visual tolerances..  

 On average, the brown color exhibited a comparable level of intra-sample variability to its 

established visual tolerances. This indicates that instrumental measurements may not always be 

sufficiently accurate for color quality control if they do not account for the spatial variability of 

colors within complex multicolored patterns. Imaging-based efforts should therefore consider these 

issues in order to develop more reliable and consistent quality control methods.  

 By comparing the surface textureôs influence on the provided visual tolerances, OCP 3900 was 

found to exhibit the largest visual tolerance, which is 3.10 ЎὉ units for brown. The tolerance for 

brown from 3905 series was 2.45 ЎὉ  units, from 3928 series 1.69 ЎὉ ,  units and from the3936 

series was 2.26 units ЎὉ . This tolerance difference, caused by different textures, could reach as 

high as 1.41 units for brown color. The smallest visual tolerance comes from the other texture 

standards, including series 3928 and 3936, which was 0.61 for light sage. For the light sage, olive, 

dark green and bark brown, the maximum tolerance differences between different textures are 0.52, 

0.72, 0.67, 0.61 units ЎὉ , respectively. Besides brown, the visual tolerance differences of 

different textures have an associated color difference of under 1 unit ЎὉ . With some exceptions, 

tolerances for the same color are generally larger for the coarser substrates.  

 The tolerances that are established for different substrates based on expertsô visual judgments 

depend on the availability of a sufficient number of marginal or fail samples. Based on the number 

of the limited OCP fail samples, the visual tolerances using the single expertôs judgment of the 

limited margin/fail samples could not be accurately established. For the analysis of instrumental 

results in Chapter 4, standard tolerance ellipsoids for different colors and different substrates (OCP 

series) may be utilized. Additional visual experiments may also facilitate the development of 

sufficiently reliable visual tolerances.  
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CHAPTER 4 . ANALYSIS OF VISUAL  PASS/FAIL  BOUNDARIES OF OCP CAMOUFLAGE  

SAMPLES 

4.1   Introduction 

In Chapter 3 the visual assessment procedures for camouflage patterns and the establishment of the visual 

tolerance volumes based on visual judgments were described. Additionally, the spectrophotometric 

methodology employed to measure the colorimetric attributes of samples and determine variability within 

samples was also explained. In this chapter an analysis of the visual pass-fail boundaries, based on both 

visual and instrumental values for each of the seven colors of the OCP pattern is carried out. The agreement 

between the visual assessment and the instrumental assessment are analyzed based on each color of each 

substrate (differed by OCP series). Furthermore, some additional analyses are carried out about the 

comparisons of modeling the instrumental measurement with the visual tolerances by different color 

difference equations. 

4.2    Batch sample analysis based on expert's judgment 

4.2.1   Analysis of the specimen of each series 

The expertsô judgments are presented and discussed in Chapter 3. It is observed that they differ by 

orientations in the CIELAB color space and differ by color and different OCP series. In the following 

section, each of the colors of each OCP series was independently analyzed and discussed.  

Although DECMC color-difference formula was standardized by the ISO for textile applications, it 

has problems with the blue and high chroma (>40) region. It is found that [201] when L*  < 60, DE2000 

performed better than DECMC. The chroma range of the colors on OCP pattern is (5, 18), while the 

lightness range is (40, 60). It is also found that [202] the ellipses of near-neutral colors on the a*b* plane are 

not oriented toward the origin but are vertically aligned to a*  axis, and those DECMC ellipses in the blue 

region are titled away from the radiant lines. 

However, none of these seven colors have a negative b*  component, which indicates they do not 

have a hue angle in the region of blue. Therefore, it is hard to judge which formula performs better in the 
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evaluation of these samples from these previous findings. The geometrical properties of the ellipses of 

DE2000 and DECMC are first examined and visualized in Figure 4.1. It is observed that the ellipses of 

DE2000 and DECMC of all solid colors are oriented toward the origin of the a*b*  plane except for the 

DE2000 ellipse of bark, which is tilted to be vertical to a*  axis. The potential reason is that the bark has low 

a*  (< 5) and b* (< 3) values. For the other six solid colors, the geometrical properties of these ellipses seem to 

perform similarly to each other. Therefore, in the following analysis, DE2000 and DECMC are used to 

correlate the measured data with the visual assessment data.   

           

Figure 4.1 The CIEDE2000(2:1:1) (left) and DECMC (2:1) (right) ellipses with a volume of 2 units for the 

seven OCP solid colors on the a*b*  plane (using the measured standard OCP 3900). 

4.2.1.1    Analysis of specimen from OCP 3900 series  

The visual evaluation results for each color were examined and statistical analysis of the results was carried 

out for each color. As shown in Figure 4.2, dark green and tan colors did not contain any failing samples. 

Among colors with failing samples, brown has the highest fail rate, at 25.5%. Part of the reason for this 

observation may be because brown covers a large spatial ratio of the OCP pattern, and this may have made it 

easier for the experts to assess any issues. In addition, as discussed in Chapter 3, the average intra-sample 

variability of brown is larger than the lower bound of its visual tolerance range. If the observer does not 
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target the same region of brown for color quality control, they may observe a brown that has as large as 

around 0.92 units of ЎὉ  with the brown at the region they should target, which exceeds the lower 

boundary of the visual tolerance (0.71 units of ЎὉ ) and the observer possibly fails the sample. It should 

be noted that under the 95% confidence level, the confidence interval is (0.598, 1.242), thus the intra-sample 

variability may not exceed the visual tolerance in some cases. Moreover, brown is one of the colors that is 

also present in the gradient regions, and this may have also impacted the Pass/Fail judgments.  

 

Figure 4.2 Pass rate for each of the colors of the OCP 3900 series. 

4.2.1.1.1  Dark green  

Figure 4.3 shows the instrumental measurement results at North Carolina State University for the dark green 

from all batch samples. The batch samples do not contain fail evaluations for dark green and thus all samples 

shown in Figure 4.3 represent visually pass ratings. It is observed that not all the dark green samples fall 

within a tolerance volume that can be defined by an ellipsoid with a size of ЎὉ  = 2 and an ellipsoid with a 

size of  ЎὉ ς. 96% of pass samples fall inside the DE2000 ellipsoid while 92% of pass samples fall 

inside the DECMC ellipsoid, which indicates that the DE2000 has a higher agreement rate with the expertôs 

assessment than DECMC for the dark green of OCP 3900. Figure 4.4 shows the distribution of the ЎὉ  and 

ЎὉ  of all the dark green batch samples. The mean color difference of the green samples against the 

standard is 1.11 ЎὉ  unit, with a median of 1.04 ЎὉ  unit and a standard deviation of 0.40 ЎὉ  unit. The 
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mean color difference of the green samples against the standard is 1.24 ЎὉ  unit, with a median of 1.14  

ЎὉ  unit and a standard deviation of 0.47 ЎὉ  unit. The color difference tolerance range according to 

the army expert visual judges for dark green is [0.99, 1.53] ЎὉ  unit, and the measured mean ЎὉ  and 

ЎὉ of the dark green samples fall within the range. The 95% confidence interval of ЎὉ  and ЎὉ  are 

[1.05, 1.17] and [1.08, 1.21]. The lower bound of the expertôs visual acceptability tolerance ([0.99, 1.53] in 

terms of ЎὉ ) is smaller than the lower bound of the 95% confidence interval (CI) of both ЎὉ  and 

ЎὉ  and the upper bound of it is larger than the upper bound of both ЎὉ  and ЎὉ . The 95% CI of the 

measured pass samples are within the provided expertôs visual tolerances. Table 4.1 provides a comparison 

between the color tolerance of green provided by the expertôs visual judges and the measured color 

attributes. It can be seen that the measured values of some of the pass samples are larger than the provided 

tolerances. Possible reasons may include that the expertôs visual tolerances are being established from a 

limited number of samples which do not include all the samples that are being measured by the instrumental 

method used here. It is also possible that the inter-instrumental variability between the instrument used by 

the expert and that used in this study contributes to the tolerance range difference. 

From the distribution of measured samples in Fig.4.3, it can be seen that most samples vary in the 

L*  direction. The L*a* , L*b*  and a*b* planes also show that most of the passing green samples that are outside 

of the ellipsoid have large variability in the L*  direction and b*  direction than in the a*  direction. This 

possibly indicates a larger visual tolerance for green samples that are lighter or darker than the standard 

compared to those that are greener/redder than the standard. This also agrees well with the visual 

assessments which show large tolerance in the DL*  direction (Table 4.1).  Fig.4.4 shows the histograms of 

the distribution of the color differences of the green samples. 
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Figure 4.3 Representation of dark green batch samples in the CIELAB space against the tolerance ellipsoids 

with a volume of CIEDE2000 = 2 and CIEDECMC = 2. 
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Figure 4.4 CIEDE2000 and CIEDECMC histograms for dark green batch samples. 

Table 4.1 Comparison of the color attributes and color differences tolerance ranges for green batch samples. 

Attributes Army 

assessors  

Measured mean Measured max Measured min SD 

DL*  [-2.65, 1.52] -0.10 3.17 -2.76 1.26 

Da*  [0.05, 0.96] -0.26 1.17 -1.32 0.52 

Db*  [-1.35, 0.52] 1.13 3.12 -1.18 0.72 

ЎὉ  - 1.11 2.38 0.24 0.40 

ЎὉ  [0.99, 1.53] 1.24 2.71 0.28 0.44 

4.2.1.1.2  Tan 

For tan, there is no fail sample. Fig.4.5 shows the pass tan samples and an ellipsoid with a size of ЎὉ  = 2 

and an ellipsoid with a size of  ЎὉ ς. Figure 4.6 shows the distribution of the ЎὉ  and ЎὉ  of all 

the tan batch samples. The mean difference of samples against the standard is 1.78 ЎὉ  unit, the median is 

1.90 ЎὉ  unit and the standard deviation is 0.41 ЎὉ  unit. The mean difference of samples against the 

standard is 2.22 ЎὉ  unit, the median is 2.20 ЎὉ  unit and the standard deviation is 0.48 ЎὉ  unit. 

The expertôs tolerance for tan of 3900 series is 1.21-1.87 ЎὉ  unit depending on different fail reasons. The 
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95% confidence intervals (CI) of ЎὉ  and ЎὉ  are (1.78, 1.84) and (1.99, 2.13). For tan samples, the 

expertôs acceptability tolerance is closer to the 95% CI of  ЎὉ . Both the lower bound and upper bound of 

the 95% CI are within the provided visual tolerance range.   

Some of the batch tan samples are darker than the standard. Therefore, the measured min of DL*  is 

smaller than the expert-specified tolerance, as shown in Table 4.2. The mean measured Da*  was -0.85, which 

indicates most samples are greener than the standard. This could be seen in Figure 4.6, where most of the 

green dots are spread on the negative side of the a*  axis compared to the standard. The mean Db*  is 1.12, and 

this indicates that most of the batch tan samples are yellower than the standard. This could also be seen in 

Figure 4.6 where the green dots are mostly spread on the positive side of the b*  axis compared to the 

standard.  

 

 

                   

Figure 4.5 Representation of tan batch samples in the CIELAB space against the tolerance ellipsoids with a 

volume of CIEDE2000 = 2 and CIEDECMC = 2. 
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Figure 4.6 CIEDE2000 and CIEDECMC histograms for tan batch samples. 

Table 4.2 Comparison of the color attributes and color differences tolerance range of batch tan samples. 

Attribute Army 

tolerances 

Measured 

mean 

Measured max Measured min SD 

DL*  [-2.77, 3.36] -1.53 0.89 -3.31 0.74 

Da*  [-0.6, 0.78] -0.83 1.13 -1.59 0.60 

Db*  [-1.94, 0.06] 1.22 2.35 -1.23 0.64 

ЎὉ  - 1.78 2.38 0.24 0.41 

ЎὉ  [1.21, 1.87] 2.22 2.52 0.28 0.48 

4.2.1.1.3  Bark 

There were only six bark samples that had a ñFAILò evaluation, and their color quality evaluation indicates 

they were perceived as being too orange. Figure 4.8 shows that although some of the fail samples 

(represented by the red dots) fall within the DE2000 = 2 ellipsoid, they form a separate cluster from the 

green dots and are placed on the positive side of a*  and b*  axes, which indicates that they are redder and 

yellower. This corresponds well with the visual evaluation results that show the failed bark samples are too 

orange. The color difference tolerance provided by the army visual judges and the measured mean color 
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differences of pass samples and fail samples are listed in Table 4.3. It is observed that the lower bond of the 

expert-provided tolerance (1.47, 2.15) corresponds well with the average ЎὉ  of the pass samples (which 

is 1.50 ЎὉ  and the upper bound of it corresponds well with the average ЎὉ  of the fail samples (which 

is 2.15 ЎὉ ). In addition, the difference between the averaged ЎὉ  of the pass samples and fail samples is 

around 1 unit. Based on this comparison and Figure 4.7, ЎὉ  separates the pass and fail samples better the 

ЎὉ . Part of the reason may be that the bark ellipsoid is not oriented to the origin based on Figure 4.1. 

 

                                                           

Figure 4.7 The distribution of OCP 3900 bark samples in the CIELAB space against tolerance ellipsoids 

with a volume of size CIEDE2000 = 2 and a volume of size CIEDECMC = 2. 
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Table 4.3 Comparison of the color difference tolerance of batch bark samples. 

Color 

difference 

Army 

tolerances 

(lower/upper) 

The measured 

mean of pass 

samples 

The SD of 

pass samples 

The measured 

mean of fail 

samples 

The SD of fail 

samples 

DL*  -1.74/0.52 0.07 1.17 -0.12 0.71 

Da*  -1.04/0.39 -0.31 0.42 -0.21 0.97 

Db*  -1.08/1.69 0.72 0.47 0.60 0.49 

ЎὉ  - 1.08 0.29 2.02 0.60 

ЎὉ  1.47/2.15 1.50 0.46 2.15 0.54 

4.2.1.1.4  Olive 

Figure 4.8 show olive samples distribution on the CIELAB space for set tolerances at ЎὉ  and ЎὉ  of 2 

units and 1.5 units respectively. A comparison of the two figures indicates that when the ЎὉ  is set to 2 

units, most of the olive samples fall within the ellipsoid. When the ЎὉ  is set to 1.5 units, a fairly small 

portion of the samples fall outside the ellipsoid. To figure out the difference between these small portions of 

samples and the others, Figure 4.9 shows the 2D planes for the samples under a tolerance of 1.5 units. It is 

observed that the green pass samples outside the ellipse of 1.5 units are darker than the other pass samples, 

but both the pass and fail samples inside the ellipsoids overlap with each other. Two pass samples and one 

fail sample which are far away from the standard has a higher L*  and a lower b* , which corresponds to the 

ñtoo blueò assessment.  

The army established tolerance for the olive samples which are too yellowish is 1.6 ЎὉ  unit. 

However, all the olive fail samples received were regarded as being too blue visually, so there are no ñtoo 

orangeò samples to measure the tolerance in that direction. The comparison of the statistics of the color 

difference tolerances is shown in Table 4.4, it is observed that neither does ЎὉ  or ЎὉ  separates the pass 

and fail samples based on the fact that there is not much difference between the average values of the two 

groups. In addition, the mean ЎὉ  and ЎὉ  of the pass and fail samples are below 1 unit, where the mean 
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Ўὦ*  of the fail samples are negative. This indicates that color difference with the standard smaller than a unit 

could result in the rejection of olive samples if they are ñtoo blueò.   

          

Figure 4.8 The distribution of OCP 3900 olive samples in the CIELAB space against tolerance ellipsoids 

with a volume of size 2 and a volume of size 1.5. 

 

Figure 4.9 The L*b*  plane and L* a*  plane of OCP 3900 olive samples in the CIELAB space against 

tolerance ellipsoids with a volume of size 1.5. 
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Table 4.4 Comparison of the color difference tolerance of batch olive samples. 

Color 

difference 

Army 

tolerances 

(lower/upper) 

The measured 

mean of pass 

samples 

The 

measured SD 

of pass 

samples 

The measured 

mean of fail 

samples 

The measured 

SD of fail 

samples 

Ўὒ*  -0.57/0.92 -0.99 0.88 -1.26 0.64 

Ўὥ*  -0.13/0.89 0.20 0.36 -0.06 0.28 

Ўὦ*  -1.21/2.52 -0.01 0.88 -0.60 0.85 

 ЎὉ  - 0.82 0.45 0.85 0.46 

  ЎὉ  1.00/1.60 0.85 0.47 0.85 0.55 

4.2.1.1.5  Light sage 

Fig.4.10 indicates that the passing and failing light sage samples are mixed in the CIELAB space. The blue 

dots show the failing samples that are too ñtoo violetò (bluer and redder) compared to the standard and the 

red dots show the failing samples that are ñtoo fullò (darker than the standard). The L*a*  and L*b*  plane in 

Fig.4.10 show that the fail samples (red and blue asteroids) have smaller L*  than the standard. The overall 

color tolerance for this color, as provided by the army visual assessment experts, is 1.63 ЎὉ  for too red 

samples, which is slightly larger than the tolerance ellipsoid shown in the figure. As shown in the L*a*  plane, 

the pass samples are distributed in the positive b*  direction, which represents the direction of yellower than 

the standard, and some of the green dots reach the boundary of the 1.5 units ellipsoid. The color difference 

tolerance of the bluer direction is 0.86, and these ñtoo violetò samples appear bluer than the standard, as 

shown in the L*b* plane.  
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Figure 4.10 The distribution OCP 3900 light sage samples in the CIELAB space against tolerance ellipsoids 

with volume of size 1.5. 
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Table 4.5 Comparison of the color difference tolerance of batch light sage samples. 

Color 

difference 

Army 

tolerances 

(blue/red) 

Measured 

mean of 

pass 

samples 

Measured SD 

of pass 

samples 

Measured 

mean of  

fail  

samples 

 Measured SD of 

fail samples 

Ўὒ*  1.09/0.81 -0.36 0.82 -1.79  1.29 

Ўὥ*  -0.40/1.13 -0.03 0.25 -0.16  0.21 

Ўὦ*  -0.79/-0.97 0.99 0.59 0.56  0.69 

   ЎὉ  - 0.84 0.28 1.16  0.52 

      ЎὉ  0.86/1.63 0.90 0.31 1.14  0.47 

4.2.1.1.6  Dark cream 

In Figure 4.11, the red dots denote the three failed samples that are evaluated as being too dull. These fail 

samples have smaller L*  than the standard, and they fall inside the DE2000 = 2 and DECMC = 2 ellipsoid. 

Most of the pass samples are lighter than the standard. Some of the pass samples fall outside the ellipsoid 

and are much lighter than the standard, which indicates a larger lightness tolerance than the other dimensions 

for dark cream samples. The expert-provided ЎὉ  = 1.36 for samples that are too full.  The measured 

mean ЎὉ  of fail samples is 1.62 while the measured mean ЎὉ  of pass samples is 0.71. 
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Figure 4.11 The distribution of OCP 3900 dark cream batch samples in the L*a*b*  space in comparison to 

tolerance ellipsoids with a size of 2. 

 It is observed from Table 4.6 that the measured mean ЎὉ  of pass samples are smaller than the 

lower bound of the provided tolerances, while the mean ЎὉ  of fail samples exceeds the lower bound of 

the provided tolerances. In addition, both the mean Ўὒ* , Ўὥ*  and Ўὦ*  are in the middle of the range of the 

provided tolerances. This may be due to the fact that there are only three failed samples in the batch dark 

cream of OCP 3900. Most of these samples fail for ñdarker than the standardò, which corresponds to their 

larger negative average Ўὒ*  compared to the average Ўὒ*  of the pass group. 
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Table 4.6 Comparison of the color difference tolerance of batch dark cream samples. 

Color 

difference 

Army 

tolerances  

(lower-upper) 

 

Measured mean 

of pass samples 

Measured SD 

of pass 

samples 

Measured mean of 

fail samples 

Measured SD 

of fail samples 

Ўὒ*  -3.04/4.75 -0.09 1.17 -1.29 2.35 

Ўὥ*  -0.42/1.16 -0.88 0.37 0.21 0.48 

Ўὦ*  -1.79/1.97 -0.69 0.48 -1.19 0.41 

  ЎὉ  - 1.38 0.35 1.40 0.46 

  ЎὉ  1.25/2.14 1.42 0.35 1.53 0.48 

4.2.1.1.7  Brown 

Batch samples include 49 fail samples that failed for the color quality of brown for different reasons. Some 

of the passing samples also have evaluation comments. The evaluations are listed in Table 4.7 where groups 

1, 2, and 3 comprise fail samples, and the other six groups represent pass samples. 

Fig.4.12, shows that the separation of the pass and fail groups in the L*a*b*  color space would not 

be simple since the pass and fail groups are overlapping. One reason for the challenge in distinguishing 

between these samples may be the use of various fail criteria in evaluations. The other reason is the 

relatively small number of the fail samples which is not enough to form a reliable pass/fail boundary. 

It is assumed that the criteria for failing a sample are different for different color attributes, 

including ЎὉ , DL* , Da*  and Db* , and thus the mean of these attributes of each group are shown in Table 

4.8. It is also observed that the largest average color differences appear in group 3 and group 4. Both of them 

exceed 3 units of  ЎὉ , and group 4, in particular, has the largest mean color differences. All the fail 

groups are perceived to be darker than the standard, and they have similar Ўὒ* , which is around -2.6. In 

addition, fail samples in group1 have negative average Ўὥ*  value and are perceived greener than the 

standard. Fail samples in group 2 have a positive Ўὦ*  value and they are perceived yellower than the 
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standard. It should be noted that samples in Group 2 and Group 3 have positive Ўὥ*  values that exceed the 

visual red limit for brown, but they are not failed for redness, however, note that they are darker than the 

standard. Groups 3 exceeds the color difference tolerance for the samples that are too full (ЎὉ  = 1.97) but 

the average Ўὒ*  of the three groups does not exceed the Ўὒ*  = 3.5 limit provided by expert. Although they 

are not assessed as ñredderò, their Ўὥ*  exceed the Ўὥ*  = 0.71 limit provided by expert, and both the negative 

Ўὥ*  and Ўὒ*  contribute to the color difference. 

Table 4.7 Separation of the brown batch samples into Pass and Fail groups 1-9 based on visual evaluation 

results. 

Group 1 2 3 4 5 6 7 8 9 

Count 32 19 3 7 20 7 8 20 84 

F/P F F F P P P P P P 

Evaluation 

comments 

Darker 

&  

greener 

Darker 

& 

yellower 

Darker Redder Lighter 

& 

bluer 

Yellower Darker 

& 

orange 

Darker 

& 

greener 

No shade 

comments 

 

Figure 4.12 The distribution of the OCP 3900 brown batch samples in the L*a*b*  space. Groups 1-3 denote 

fail and groups 4-9 represent pass samples. 
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Table 4.8 Average color differences and color attributes differences against the standard brown color in 

different groups based on measurements at North Carolina State University. 

Average ЎὉ   ЎὉ  Ўὒ*  Ўὥ*  Ўὦ*  

Group1 1.37 1.62 -2.67 -0.05 -0.50 

Group2 1.43 1.67 -2.64 0.72 0.16 

Group3 2.59 3.21 -2.63 1.77 -0.78 

Group4 2.97 3.75 -2.64 2.02 -1.13 

Group5 1.33 1.65 -1.73 0.61 -0.71 

Group6 1.88 2.25 -3.82 0.57 -0.16 

Group7 1.20 1.44 -2.26 0.47 -0.31 

Group8 1.77 2.10 -3.69 -0.34 -0.77 

Group9 1.86 2.23 -2.49 0.97 -0.19 

Mean of pass 

samples 

1.84 2.24 -2.77 0.72 -0.55 

Mean of fail 

sample 

1.80 2.17 -2.65 0.81 -0.37 

Group 4 contains passing samples that have an associated redder than standard evaluation 

comment. The lightness of samples in group 4 is similar to those in group 3, but their average Ўὥ* is larger 

than that of the group3. Group 5 contains samples that are lighter and bluer than the standard. Their average 

Ўb*  is negative, in agreement with the comment, and their ЎL*  is negative, i.e., they are darker. Group 6 

contains pass samples that are evaluated as yellower than the standard. However, their average Ўb*  is 

negative, which is not in accordance with the visual evaluation. Group 7 contains samples that are evaluated 

to pass with comments as being darker and orange compared to the standard. Their ЎL*  is negative, their Ўa*  

is less than the red limit, but their Ўb*  is negative, i.e. in the opposite direction of yellow/orange. Group 8 

samples are evaluated to be "darker and greener" than the standard, which agrees with their measured 

negative ЎL*  and Ўa*  values. Group 9 samples have no shade comments, but they are actually darker, redder, 

and bluer than the standard.  
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It is noted that group 8 also receives an evaluation of ñdarker and greenerò, but they are not judged 

as ñfailò. Comparing the values in Table 4.8 of group 1 and group 8, on average, group 8 is darker and 

greener than the samples in group 1 but judged as pass. They also have a larger average color difference than 

that of group 1, which does not correspond well with the ñpassò evaluation. This indicates that the samples 

in these two groups may be the margin sample and they are at the visual tolerance boundary of ñdarker and 

greenerò. The provided visual tolerance of the greener/yellow direction (in Table 3.1) is Ўa*  = -0.4, which 

has a larger magnitude than the average Ўa*  of group 8.  

The analysis above shows that visual and instrumental judgments based on these samples received 

associated with brown color are multidimensional and complex. In addition, the visual assessment from the 

army expert is not always consistent and in accordance with that of the instrumental measurement. Thus, the 

shape and size of the acceptability tolerance for the brown color in the OCP pattern are apparently dependent 

on multiple factors.  

4.2.1.2    Analysis of specimen from OCP 3914 series  

Specimens from the OCP 3914 series comprised 16 samples amongst which eight of them failed for dark 

green. The fail samples were considered to be lighter and yellower than the standard, and they have larger L*  

and b*  values than the standard, in agreement with the positions of samples in the CIELAB space, as shown 

in Fig.4.13. In addition, all the fail samples fall outside the tolerance ellipsoid of DE2000 and DECMC with 

a volume size of two. There are no visual tolerances in terms of ЎὉ  provided by the army expert for this 

series, therefore we do not compare them against the instrumental measurement. The measured mean ЎὉ  

and  ЎὉ  for the pass samples are 0.79 and 0.93 respectively, and the mean Ўὒ* , Ўὥ*, and Ўὦ*  for the pass 

samples are -0.61, 0.36, and 0.18 respectively. The measured mean ЎὉ  and  ЎὉ  for the fail samples are 

2.82 and 3.46 respectively, and the mean Ўὒ* , Ўὥ*, and Ўὦ*  for the fail samples are 4.80, -0.89, and 3.67 

respectively. For the dark green batch samples of series 3914, there is a clear separation between the pass 

and fail samples. The visual assessments agree with the instrumental measurements. 
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Figure 4.13 Distribution of dark green batch samples from the OCP 3914 series in the L*a* b*  space in 

comparison against tolerance ellipsoids of size 2. 

4.2.1.3    Analysis of specimen from OCP 3937 series 

For OCP 3937 series, six out of 173 samples fail for bark, fourteen samples fail for olive, light sage, and tan. 

The visual assessment with the rejected bark batch samples is evaluated as ñfull orangeò, the assessment 

with rejected olive and light sage batch samples is evaluated as ñtoo yellowò, and the assessment with the 

rejected tan samples is ñtoo fullò. Eight samples fail for brown, and the assessment associated with these 

samples is ñfull and yellowò. All the dark green and dark cream batch samples are accepted. There are no 

provided visual tolerances of this series by the expert, therefore in the following section, only the 

instrumental measurements are analyzed.  
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4.2.1.3.1  Bark 

From Fig.4.14, it is observed that the fail batch samples are darker than the standard, which corresponds to 

the ñtoo fullò evaluation. In terms of ñtoo orangeò evaluation,  the mean Ўὥ*  of the pass samples is -0.06, 

and the mean Ўὥ*  of the fail samples is 0.08, which indicates that the fail samples are slightly redder than the 

standard and pass samples. The mean Ўὒ*  of the ñFAILò samples is -3.48, which indicates that they are 

darker than the standard. The pass samples have a mean of 0.75 ЎὉ  and 1.26 ЎὉ . The ñFAILò samples 

have a mean of 1.31 ЎὉ  and 2.39 ЎὉ . 

 

                                    

Figure 4.14 Distribution of bark batch samples from the OCP 3937 series in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 2 CIEDE2000 units and 2 CIEDECMC units. 
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4.2.1.3.2  Olive 

Olive fail samples are associated with the assessment ñtoo yellowò, and it is observed from Fig.4.15 that 

these fail samples of olive are yellower than the standard. The pass samples have a mean of 0.91 ЎὉ  and 

0.97 ЎὉ , where the ñFAILò samples have a mean of 1.37 ЎὉ  and 1.60 ЎὉ . The pass samples have a 

mean of 1.17 Ўὦ* , while the ñFAILò samples have a mean of 2.52 Ўὦ* , which corresponds with the 

assessment that they are too yellow. It is also observed from the L*b*  and a*b*  plane that these fail samples 

fall outside the 1.5 units ellipsoid of ЎὉ  but some of them fall within the 1.5 units ellipsoid of ЎὉ .  

 

                                      

Figure 4.15 Distribution of olive batch samples from the OCP 3937 series in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 
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4.2.1.3.3  Light sage 

The light sage fail samples are associated with the assessment ñtoo yellowò. As shown in Fig. 4.16, these fail 

samples have smaller L* , smaller a* , and larger b* . The pass samples have a mean of 0.88 ЎὉ  and 0.90 

ЎὉ , where the ñFAILò samples have a mean of 1.81 ЎὉ  and 1.92 ЎὉ . The pass samples have a 

mean of 0.67 Ўὦ* , while the ñFAILò samples have a mean of 2.15 Ўὦ* , which corresponds with the 

assessment that they are too yellow. It is also observed from the L*a*b*  plot that these fail samples fall 

outside the 1.5 units ellipsoid of both ЎὉ  and ЎὉ . 

 

                                         

Figure 4.16 Distribution of light sage batch samples from the OCP 3937 series in the L*a* b*  space in 

comparison against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 
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4.2.1.3.4  Tan 

The tan fail samples are associated with the assessment ñtoo fullò. The pass samples have a mean of 0.94 

ЎὉ  and 1.01 ЎὉ . The ñFAILò samples have a mean of 1.60 ЎὉ  and 1.73 ЎὉ . The pass samples 

have a mean of -0.84 Ўὒ* , while the ñFAILò samples have a mean of -1.69 Ўὒ* , which corresponds with the 

assessment that they are too full. It is also observed from the Fig.4.17 that some of these fail samples fall 

outside the 1.5 units ellipsoid of both ЎὉ  and ЎὉ  while the others ñFAILò samples inside the ellipsoids. 

 

                                          

Figure 4.17 Distribution of tan batch samples from the OCP 3937 series in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 
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4.2.1.3.5  Brown 

The brown ñFAILò samples are associated with the assessment ñtoo fullò. It is observed from Fig.4.18 that 

these fail samples fall outside the DECMC ellipsoid of size 1.5 units. The pass samples have a mean of 0.96 

ЎὉ  and 1.18 ЎὉ . The ñFAILò samples have a mean of 1.60 ЎὉ  and 1.73 ЎὉ . 

 

                                  

Figure 4.18 Distribution of brown batch samples from the OCP 3937 series in the L*a*b*  space in 

comparison against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 
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4.2.1.4    Analysis of specimen from OCP 3928 series 

The texture of samples in the OCP 3928 series is not as coarse as that of the OCP 3900 series, and the 

texture does not cause a significant color variation or artifacts in its color printing process when compared to 

the OCP 3900 series. The percentage of failing batch samples from the OCP 3928 set shipped to North 

Carolina State University is zero. According to Table 4.9, Tan and dark cream colors have a mean color 

difference of less than 1 ЎὉ  unit. Olive, dark green, brown, bark brown, and light sage have mean color 

differences below 1.5 ЎὉ  unit. This corresponds well with the army expertsô visual assessment results 

which include no failing OCP 3928 samples. It is observed from Fig.4.19 that most of the batch samples of 

series 3928 fall inside the ellipsoids. Comparing these values with the expert-provided tolerances, of which 

the dark cream has a tolerance of 1.62 units of ЎὉ , tan has a tolerance range of (0.8, 1.42) units of ЎὉ , 

light sage has a tolerance range of (0.61, 1.67) units of ЎὉ , olive has a tolerance of 0.88 units of ЎὉ , 

dark green has a tolerance range of (0.97, 2.04) units of ЎὉ , brown has a tolerance range of (0.86, 1.69) 

units of ЎὉ , bark brown has a tolerance range of (1.18, 1.54) units of ЎὉ . The measured mean ЎὉ  

of the dark green pass samples exceeds the lower bound of the visual tolerance of it, the measured mean 

ЎὉ  of the olive pass samples is larger than the provided visual tolerance but has a smaller Ўὦᶻ in terms of 

ñfull and yellowò, which is the orientation of its provided visual tolerance. The measured mean ЎὉ  of the 

brown pass samples is within the range of the provided visual tolerances, as well as light sage. Tan pass 

samples have a similar mean ЎὉ  to its lower bound of the visual tolerance, dark cream pass samples have 

a smaller mean ЎὉ  than its visual tolerance.  
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Table 4.9 Average color differences and the color attributes differences against the standard colors of Series 

3928. 

The measured mean of pass samples 

Mean Dark 

Green 

Olive Bark 

Brown 

Light 

Sage 

Brown Tan Dark  

Cream 

     Ўὒ*  0.52 0.22 0.15 -1.32 -0.57 -0.97 -1.14 

     Ўὥ*  0.63 0.51 0.76 0.56 0.82 0.25 -0.18 

     Ўὦ*  0.07 -0.08 0.47 -0.32 0.27 -0.26 -0.11 

ЎὉ  0.92 0.84 1.21 1.07 1.02 0.69 0.66 

 ЎὉ  1.14 1.06 1.41 1.39 1.30 0.86 0.69 
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Figure 4.19 Distribution of batch samples from the OCP 3928 series in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 
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Figure 4.19 Distribution of batch samples from the OCP 3928 series in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 1.5 CEIDE2000 units and 1.5 CIEDECMC units. (continued) 

4.2.1.5    Analysis of specimen from OCP 3905 series 

All the 3905 samples are accepted, and the evaluations with some of the pass samples are that the brown is 

light, which is in accordance with the Ўὒ* in Table 4.10. 
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Table 4.10 Average color differences and the color attributes differences against the standard colors of 

Series 3905. 

 

Measured mean values of pass samples 

Mean Dark 

Green 

Olive Bark Light Sage Brown Tan Dark 

Cream 

     Ўὒ*  0.73 -2.11 -0.76 -1.96 0.92 -0.0033 -0.29 

     Ўὥ*  0.87 0.14 -0.07 -0.18 0.34 0.86 0.33 

     Ўὦ*  2.25 1.04 0.55 0.90 0.42 0.64 0.98 

ЎὉ  1.71 1.29 0.98 1.23 0.79 1.07 0.98 

 ЎὉ  2.01 1.43 1.46 1.20 0.95 1.21 1.07 
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Figure 4.18 Distribution of batch samples from the OCP 3905 series in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 
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Figure 4.19 Distribution of batch samples from the OCP 3905 series-tan in the L*a*b*  space in comparison 

against a tolerance ellipsoid of size 1.5 CIEDE2000 units and 1.5 CIEDECMC units. 

4.2.2    Conclusion of the analysis of specimen  

4.2.2.1    Pass/Fail overall analysis 

Based on the above analysis that summarizes the instrumental measurement of the five different OCP series, 

the color difference tolerances are summarized in Table 4.11 and Table 4.12. It is observed from Figure 4.20 

that the corresponding average ЎὉ  of is smaller than the average ЎὉ  for each of the standard colors for 

all series. In addition, they are all below 1.5 units. Fig. 4.21 shows that dark green, brown and tan have 

larger standard deviations in different textures compared with the other colors based on the samples we have 

received. Bark has the smallest deviation in different textures in these samples. Fig. 4.22 and Fig.4.23 show 

the comparison between the color differences of different textures. It could be seen that from the least 

textured to the most textured OCP samples (from least textured to most textured: Series 3928, Series 3900, 

Series 3937, Series 3905, Series 3914), the texture effect differs for each color. It is seen from Fig4.22 there 

is not a linear relationship between the average color difference and the degree of the coarseness of the 

texture. A factor that may influence this result would be that there are not enough samples for some of the 

substrates, which makes the number for obtaining the average color differences not equal for each substrate. 

For example, we only have 8 pass samples of Series 3914, which is not comparable in terms of quantity 

compared to the other series of samples, thus could not provide the accurate color difference range of the 
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pass samples. Also, we use different aperture sizes for some coarser textured samples (Series 3905 and 

Series 3914), thus the difference in the size of the region being measured may also contribute to the 

difference. Secondly, the influence of the texture differs by colors of the OCP based on the analysis of the 

limited samples. For Bark, the texture effect is smaller than that of the other colors as it has the minimum 

standard deviation of the average color differences of the five different textures. Tan, brown, and dark green 

have higher standard deviations than olive, light sage, and dark cream. From Table 4.11 and Table 4.12, dark 

green, tan, and brown have a maximum instrumental color difference above 1.4 units of ЎὉ  between 

different textures. Brown and tan also have an instrumental color difference above 1.1 units of  ЎὉ  

between different textures. To make a comparison, Table 4.13 summarizes the maximum visual tolerance 

provided by the expert, it is observed that brown has the largest difference between the maximum visual 

tolerances of different textures, which is around 1.4 units of ЎὉ . It also has the largest standard deviation 

among the seven colors. It is noted that the above analysis are based on the limited samples we have 

received, and thus the conclusions may change as more samples are updated.  

Table 4.11 Average CIEDE2000 of pass samples against the standard color in different series based on 

measurements at North Carolina State University.  

Series Dark 

Green 

Olive Bark Light Sage Brown Tan Dark 

Cream 

3928 0.92 0.84 1.21 1.07 1.02 0.69 0.66 

3900 1.11 0.85 1.08 0.71 1.84 1.78 0.69 

3937 1.37 0.91 0.75 0.88 0.96 0.94 0.60 

3905 1.71 1.29 0.98 1.23 0.79 1.07 0.98 

3914 0.79 1.22 0.94 1.09 1.14 1.36 0.47 

Average                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                   1.18 1.02 0.99 1.00 1.15 1.17 0.68 

Max 1.71 1.29 1.21 1.23 1.84 1.78 0.98 

Min 0.79 0.84 0.75 0.71 0.79 0.69 0.47 

Max-Min 0.92 0.45 0.46 0.52 1.05 1.09 0.51 

SD 0.37 0.22 0.17 0.20 0.41 0.42 0.19 
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Table 4.12 Average CIEDECMC of pass samples against the standard color in different series based on 

measurements at North Carolina State University. 

Series Dark 

Green 

Olive Bark Light Sage Brown Tan Dark 

Cream 

3928 1.14 1.06 1.41 1.39 1.30 0.86 0.69 

3900 1.24 0.82 1.50 0.70 2.24 2.22 0.71 

3937 1.48 0.97 1.26 0.90 1.18 1.01 0.63 

3905 2.01 1.43 1.46 1.20 0.95 1.21 1.07 

3914 0.93 1.26 1.31 1.14 1.38 1.50 0.50 

Average 1.36 1.11 1.39 1.07 1.41 1.36 0.72 

Max 2.01 1.43 1.50 1.39 2.24 2.22 1.07 

Min 0.93 0.82 1.26 0.70 0.95 0.86 0.50 

Max-Min 1.08 0.61 0.24 0.69 1.29 1.36 0.57 

SD 0.41 0.24 0.10 0.27 0.49 0.54 0.21 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

135 

 

Table 4.13 Summary of the maximum visual tolerances of each shade of different series in CIEDECMC. 

Series Dark 

Green 

Olive Bark Light Sage Brown Tan Dark 

Cream 

3928 2.04 0.88 1.54 1.67 1.69 1.42 1.62 

3900 1.53 1.60 2.15 1.63 3.10 1.87 2.14 

3905 1.37 1.16 - 1.44 2.45 2.11 1.51 

3936 1.52 1.12 1.87 1.96 2.26 1.45 1.69 

Average 1.62 1.19 1.85 1.68 2.38 1.71 1.74 

Max 2.04 1.60 2.15 1.96 3.10 2.11 2.14 

Min 1.37 0.88 1.54 1.44 1.69 1.42 1.51 

Max-Min 0.67 0.72 0.61 0.52 1.41 0.69 0.63 

SD 0.29 0.30 0.31 0.21 0.58 0.34 0.28 

 

 

Figure 4.20 Comparison between the average color differences of each standard color using CIEDE2000 

and CIEDECMC. 
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Figure 4.21 Comparison between the standard deviation of the color differences of each standard color 

using CIEDE2000 and CIEDECMC. 
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Figure 4.22 Comparison between the average color differences of each substrate of standard color using 

CIEDE2000. 
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Figure 4.23 Comparison between the average color differences of each substrate of standard color using 

CIEDECMC. 

4.2.2.2    Color difference model analysis 

From Fig. 4.24 to Fig. 4.27, the linear regression relationship between the color differences in terms of  

DE2000 (2:1:1) and DECMC(2:1) is shown. Pearsonôs correlation coefficient (ὶ  between these two sets of 

color differences are listed in Table 4.13. It is shown that for all the series, the average ὶ of all the colors 

are equal to or above 0.95.  For all the colors, the average ὶ of different textures are all above 0.90. Bark 

and tan have the lowest ὶ in all colors. Brown, dark green, and dark cream have the highest ὶ. Part of the 

reason may be that the color difference ellipses of DE2000(2:1:1) and CMC(2:1) for bark do not orient in 

the same direction so the correlation between these two color difference equations is influenced. The overall 

average coefficient is 0.97, which indicates that the correlation between DE2000(2:1:1) and CMC(2:1) is 

good on the instrumental data of these samples. 
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To test the performance of those two color difference equations used in the above analysis, the 

Standardized Residual Sum of Squares (STRESS) index [203] (Eq 4.1)  and the F test (Eq 4.2) could be used 

to compare the performance of the two color difference equations. The STRESS value computes the strength 

of the relationship between the two color differences, ЎὉ and ЎὉ, usually the visual differences (Ўὠ and 

calculated instrumental color difference ЎὉ by one of the color difference formulas. Then the F value, which 

represents the critical value of the two-tailed Snedecorôs F-distribution for a given confidence level and (N-

1, N-1) degrees of freedom. Since we do not have a Ўὠ due to the lack of repeated assessment and more than 

one observer, we can not convert the binary pass/fail visual judgment data to Ўὠ (as discussed in Chapter 3), 

we do not conduct an F-test here. Instead, we use STRESS to measure the agreement between the measured 

color difference in terms of these two formulas. It is given as a percentage in the range from 0 to 100%, of 

which 0 means perfect agreement and 100 the poorest. The higher STRESS value implies a poorer 

agreement [204, 205, 206].    

 

ὛὝὙὉὛὛ
ВЎ Ў

В Ў

Ⱦ , where Ὂ
ВЎ

ВЎ Ў
                                                                                    (4.1) 

Ὂ                                                                                                                                                   (4.2) 

 The result in Table 4.14 shows that dark green and brown has the lowest STRESS values, which are 

following that they have the highest correlation coefficient among all the colors. Bark and tan have the 

highest STRESS values, which follows that they have the lowest correlation coefficients. DE2000(2:1:1) and 

CMC(2:1) have a better correlation in dark green and brown.  

 For the correlation strength difference on different textures, series 3928 has the lowest correlation 

coefficient and highest STRESS value. On the contrary, series 3914 has the lowest STRESS value, and 

series 3900 has the highest correlation coefficient. This result may not reflect the real textureôs influence on 

the correlation of different color difference equations since the sample size to be analyzed of each substrate 

is not equal.  
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Figure 4.24 The correclation between the DE2000(2:1:1) and CMC(2:1) of OCP 3928 series. 
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Figure 4.25 The correclation between the DE2000(2:1:1) and CMC(2:1) of OCP 3900 series. 
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Figure 4.26 The correclation between the DE2000(2:1:1) and CMC(2:1) of OCP 3937 series. 
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Figure 4.27 The correclation between the DE2000(2:1:1) and CMC(2:1) of OCP 3914 series. 
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Table 4.14 Correlation coefficient and STRESS values of the instrumental measurement of the OCP 3900. 

 

Series Parameter Dark 

Green 

Olive Bark 

Brown 

Sage Brown Tan Dark 

Cream 

Mean 

3928 ὶ 0.98 0.98 0.95 0.90 0.93 0.87 0.97 0.94 

 STRESS 4.92 12.23 10.41 11.00 10.96 16.44 14.22 11.45 

3900 ὶ 0.99 0.99 0.97 0.96 1.00 0.98 1.00 0.98 

 STRESS 6.00 6.52 9.50 10.53 3.34 4.75 5.10 6.53 

3937 ὶ 0.99 0.97 0.98 0.99 1.00 1.00 0.99 0.99 

 STRESS 4.27 7.57 12.13 7.14 1.30 4.06 6.85 6.19 

3905 ὶ 0.98 0.98 1.00 0.99 1.00 0.89 0.98 0.97 

 STRESS 3.71 7.02 6.23 6.37 3.64 13.77 4.75 6.50 

3914 ὶ 1.00 1.00 0.91 1.00 1.00 0.99 0.99 0.98 

 STRESS 1.81 1.81 17.02 1.81 4.81 7.10 5.46 5.69 

Mean ὶ 0.99 0.98 0.96 0.97 0.99 0.95 0.99 0.97 

 STRESS 4.14 7.03 11.06 7.37 4.81 9.22 7.28 7.27 

 

The convex hulls of OCP 3900 series are constructed and shown in Fig.4.28. The visual differences 

are represented by the arrow vectors, and the ellipses are formed by a 1.5 unit of CMC(2:1). It is observed 

that in these figures, the convex hulls also contain ñFAILò samples (red dots), and some of the ñPASSò 

samples (green dots) from the observerôs assessment are outside of the convex hull. Although the convex 

hulls provide us with more accurate boundaries of the visual tolerances, the limitations of the convex hulls 

include that they are highly dependent on the distribution of the samples, which would be changed as the 

dataset of the samples is updated.  



   

145 

 

   

 

 

Figure 4.28 The convex hull of the instrumental measurement of OCP 3900 series with CMC(2:1) of OCP 

3914 series. 
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Figure 4.28 The convex hull of the instrumental measurement of OCP 3900 series with CMC(2:1) of OCP 

3914 series (continued). 

To further investigate the correlation between the visual tolerances and the instrumental 

measurement, we calculate the agreement ratio under two hard thresholds, 1.5 and 2 units for DE2000(2:1:1) 

and CMC(2:1). The agreement ratio is calculated as in Eq. 4.3. 

Ὑ  
Π   ǪǪ  Π   ǪǪ  

 Π  
                                                        (4.3)               

The results are shown in Table 4.15 and Table 4.16. Since these series has different numbers of 

samples, harmonic mean is used instead of arithmetic mean to avoid the influence of the sample size. 

Through comparison, the DE2000 (2:1) has a higher overall agreement ratio than that of the CMC (2:1). 

DE2000 (2:1) has an overall agreement ratio of 89% when the instrumental ñpassò threshold is set to 2 units. 

The numbers in bold are the samples that have both ñpassò and ñfailò samples. 

Series 3928 has the highest agreement ratio in CMC (2:1) and DE2000 (2:1) among all series and it 

is also the least textured substrate. Bark, sage, and olive have the highest agreement ratios among the seven 

colors, while olive and sage have the highest agreement ratios. Bark has a lower agreement ratio by using 

CMC (2:1), which indicates that in this region, DECMC does not perform as well as DE2000.  
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Table 4.15 Agreement ratio between the visual assessment and the instrumental color difference threshold 

of 1.5 and 2 units of CIEDE2000. 

 

Series Equation 

threshold 

unit 

Dark 

Green 

Olive Bark 

Brown 

Sage Brown Tan Dark 

Cream 

Mean 

3928 1.5 0.94 0.97 0.83 0.92 0.96 1.00 0.96 0.94 

 2.0 0.99 0.97 0.98 1.00 1.00 1.00 0.99 0.99 

3900 1.5 0.88 0.96 0.40 0.87 0.49 0.20 0.62 0.48 

 2.0 0.96 0.98 0.85 0.86 0.66 0.64 0.95 0.82 

3937 1.5 0.60 0.89 0.88 0.88 0.87 0.89 0.98 0.84 

 2.0 0.92 0.92 0.96 0.92 0.94 0.91 0.99 0.94 

3905 1.5 0.29 0.67 0.99 0.66 0.95 0.94 0.14 0.42 

 2.0 0.72 0.98 0.99 0.91 1.00 1.00 0.51 0.83 

3914 1.5 1.00 0.53 1.00 0.88 0.88 0.47 1.00 0.75 

 2.0 1.00 0.76 1.00 1.00 1.00 0.71 1.00 0.91 

Mean 1.5 0.60 0.76 0.73 0.83 0.78 0.48 0.42 0.62 

 2.0 0.90 0.91 0.95 0.93 0.90 0.82 0.83 0.89 
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Table 4.16 Agreement ratio between the visual assessment and the instrumental color difference threshold 

of 1.5 and 2 unit of CIEDECMC. 

 

Series Equation 

threshold 

unit 

Dark 

Green 

Olive Bark 

Brown 

Sage Brown Tan Dark 

Cream 

Mean 

3928 1.5 0.84 0.94 0.73 0.56 0.80 1.00 0.95 0.81 

 2.0 0.97 0.97 0.95 0.95 0.96 1.00 0.98 0.97 

3900 1.5 0.79 0.96 0.14 0.84 0.40 0.11 0.54 0.29 

 2.0 0.93 0.98 0.29 0.85 0.56 0.35 0.94 0.56 

3937 1.5 0.47 0.88 0.72 0.86 0.84 0.86 0.97 0.76 

 2.0 0.79 0.91 0.82 0.92 0.89 0.91 0.99 0.89 

3905 1.5 0.23 0.52 0.66 0.67 0.90 0.88 0.10 0.33 

 2.0 0.52 0.87 0.90 0.94 0.99 0.96 0.47 0.74 

3914 1.5 0.94 0.53 0.65 0.76 0.53 0.47 1.00 0.65 

 2.0 1.00 0.76 0.88 1.00 0.94 0.65 1.00 0.87 

Mean 1.5 0.50 0.71 0.39 0.72 0.63 0.34 0.33 0.47 

 2.0 0.79  0.89 0.63 0.93 0.83 0.66 0.80 0.78 

4.3    Single-color change visual experiments 

To construct a practical and viable model for quality control of OCP camouflage substrates a sufficient 

number of pass and fail samples is needed. However, only a limited number of printed OCP samples that 

failed visual color evaluations were provided to North Carolina State University. To compensate for this 

shortcoming a series of image pairs comprising a constant standard image and a test image that varied in 

lightness, redness/greenness, or yellowness/blueness in a stepwise manner was created. A monitor-based 

visual experiment was designed, and several trained observers completed the assessments. In this visual 

assessment, one solid color was changed in one direction for a given color attribute. For example, brown 
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was changed in lightness by +0.3 units. The observers were asked to give a pass/fail judgment for each of 

the test images and provide evaluation comments. 

4.3.1    The experimental design  

The visual assessment contained multiple sets of images for 63 pairs of standard versus batch pairings which 

were designed as follows. For the batch image, the L* , a* , and b*  values were changed over a -3 to 3 unit 

range, with an interval of 0.3 units. Thus, for each of the ȹL*, ȹa*, and ȹb*  attributes, (3-(-3))/0.3 = 20 sets 

of images in each direction were created, resulting in a total of 60 images for each pair, as listed in Table 

4.17. An additional set of three images, which are standard versus standard fabric images, were used to 

randomize the display order of the images.  

Figure 4.29 illustrates the assessment interface, which was presented to the observers. Two OCP 

images were shown side by side, including the standard fabric image which was randomly placed either on 

the left or the right side of the screen with an indicator underneath in the assessment area and a batch test 

sample on the other side. The observerôs task was to first determine for each pair whether the target color 

(which is the only changed color in the multicolored fabric image) of the test image would pass or fail 

against the standard in terms of color quality and if the sample was evaluated as ñrejectò, the observer should 

also provide a reason or multiple reasons using the comments box. These comments box include ñToo redò, 

ñToo greenò, ñToo blueò, ñToo yellowò, ñToo lightò, ñToo dimò, ñToo fullò and ñToo thinò. A button is 

included to enable the user to return to the previous image pair, a button to proceed to the next image, and a 

button to save their progress. In addition, on the right bottom side of the page, a progress indicator displays 

the number of image pairs assessed at any point during the assessments. The users were asked to save their 

data before exiting each session. 
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Table 4.17 The color attributes differences of various test images for each color in the OCP pattern against 

the standard. 

No. ȹL*  ȹa*  ȹb*  No. ȹL*  ȹa*  ȹb*  No. ȹL*  ȹa*  ȹb*  

1 -3.0 0 0 21 0 -3.0 0 41 0 0 -3.0 

2 -2.7 0 0 22 0 -2.7 0 42 0 0 -2.7 

3 -2.4 0 0 23 0 -2.4 0 43 0 0 -2.4 

4 -2.1 0 0 24 0 -2.1 0 44 0 0 -2.1 

5 -1.8 0 0 25 0 -1.8 0 45 0 0 -1.8 

6 -1.5 0 0 26 0 -1.5 0 46 0 0 -1.5 

7 -1.2 0 0 27 0 -1.2 0 47 0 0 -1.2 

8 -0.9 0 0 28 0 -0.9 0 48 0 0 -0.9 

9 -0.6 0 0 29 0 -0.6 0 49 0 0 -0.6 

10 -0.3 0 0 30 0 -0.3 0 50 0 0 -0.3 

11 0.3 0 0 31 0 0.3 0 51 0 0 0.3 

12 0.6 0 0 32 0 0.6 0 52 0 0 0.6 

13 0.9 0 0 33 0 0.9 0 53 0 0 0.9 

14 1.2 0 0 34 0 1.2 0 54 0 0 1.2 

15 1.5 0 0 35 0 1.5 0 55 0 0 1.5 

16 1.8 0 0 36 0 1.8 0 56 0 0 1.8 

17 2.1 0 0 37 0 2.1 0 57 0 0 2.1 

18 2.4 0 0 38 0 2.4 0 58 0 0 2.4 

19 2.7 0 0 39 0 2.7 0 59 0 0 2.7 

20 3.0 0 0 40 0 3.0 0 60 0 0 3.0 
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Figure 4.29 The user interface developed for the visual assessment of OCP images. 

4.3.2    Data analysis 

Visual assessment data from the three trained observers who have experience in examining the physical 

OCP samples were provided together with the samples as discussed in Chapter 3. The monitor-based 

assessment Table 4.18 shows that while all seven standard colors were examined, some were assessed by 

Observer 1 and Observer 2, while the others were assessed by Observer 2 and Observer 3. Observer 2 

assessed all seven colors in three separate trials, while Observer 1 assessed all trials of tan, brown, dark 

green, and one trial of dark cream. Observer 3 has completed bark brown, olive, light sage, and 2 trials of 

dark cream. Therefore, for each color, assessment results from six trials were obtained.  
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Table 4.18 Completion details of the visual assessments by trained observers. 

Color Trial 

number 

Observer 1 Observer 2 Observer 3 

Tan 1 ã ã  

2 ã ã  

3 ã ã  

Brown 1 ã ã  

2 ã ã  

3 ã ã  

Dark green 1 ã ã  

2 ã ã  

3 ã ã  

Dark cream 1 ã ã  

2  ã ã 

3  ã ã 

Bark brown 1  ã ã 

2  ã ã 

3  ã ã 

Olive 1  ã ã 

2  ã ã 

3  ã ã 

Light sage 1  ã ã 

2  ã ã 

3  ã ã 

 

Figures 4.30 and 4.31 show the results of the visual assessment of two experts.  Observer 2ôs 

responses contain more ñfailò judgments (represented by the red dots). However, the responses from both 

experts indicate that their tolerance for changes in lightness is larger than their tolerance for changes in a*  

and b*  directions since on average there are more ñfailò judgments in the ȹa*  and ȹb*  axis than in the ȹL*  

axis in Figures 4.34 and 4.35 and ȹL*, ȹa*  and ȹb*  have the same range in their axis. It is also observed that 

the ñpassò samples are not continuously distributed in the axis, nor are the ñFAILò samples. In addition, 

from Fig.4.30 and Fig.4.31 it is shown that the intra-observer variability is not as large as that of the inter-

observer variability since the distribution of the green and red dots in Fig.4.30 are similar to each other but 

they have larger differences with those in Fig.4.31. 
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Figure 4.30 Results of the three visual assessment trials for tan color from the first observer. 
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Figure 4.31 Results of the three visual assessment trials for tan color from the second observer. 

The results for the other six colors are plotted in Fig.4.32. Since there are six responses for each 

color, the average pass/fail judgment was determined. In the analysis of visual assessments, 1 represents a 

ñPASSò judgment, and 0 represents a ñFAILò judgment. The method to generate the average pass/fail binary 

judgment is as follows: if the sum of responses from the six trials was less than three the average response 

was regarded as a ñFAILò judgment, otherwise, it was regarded as a ñPASSò judgment.  

Figure 4.32 shows that the assessment results of the six trials are different for each color. For olive, 

the acceptability tolerances in the ȹa*, and ȹb*  directions are ambiguous, whereas in terms of lightness 

negative ȹL*  values seem to have been tolerated more than positive ȹL*  since there are fewer red dots in the 

negative ȹL*  direction, which indicates the observers were more accepting of darker olive samples than the 

lighter olive samples. In the case of light sage, the responses indicate higher sensitivity in all directions 
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except for the green direction (positive ȹa*  direction). For brown, the lightness difference axis shows a 

larger number of ñpassò evaluations than the red/green (ȹa* ) or yellow/blue ( ȹb* ) axes. This indicates 

that for the brown color, observers seemed to address variations in lightness more than those in 

chrominance. For brown, the largest acceptability tolerance appears to be for an image that was darker than 

standard by ȹL*  of -0.9 units. Cream samples show a relatively high tolerance to changes in the lightness in 

the positive direction from experts with a maximum ȹL*  of 2.7 units. For bark brown, there are fewer red 

dots (fails) on the plot than the other five colors. A possible reason may be that the bark brown accounts for 

a small spatial portion of the test image, which does not give the observers enough field of view to assess 

bark batch samples as the other six colors. 

Based on the above analysis, the monitor-based visual assessment of OCP samples, involving a 

single-color change, does not present a clear boundary between pass and fail samples despite the limitations 

of this experiment including that the experiment may not be conducted under controlled lighting 

environment, the monitor used to experiment may not be color calibrated, the field of view may not be stable 

due to the distance between the observers and the monitor is not kept constant. In addition to that, the 

simultaneous effect is not accounted for in the design of this experiment, given that the background color is 

not the same when different color is assessed. Based on the limited data we obtained from this experiment, 

we are enlightened that the complex judgment criteria may be involved in the visual assessment process of 

the physical multicolored material, which requires a more complex experimental design other than the 

single-color change study conducted here. 
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Figure 4.32 Average response results of the monitor-based assessment for six of the seven colors in the 

OCP pattern. 

4.4     Conclusion 

In this chapter, the color quality evaluations of OCP samples based on visual assessments were analyzed 

with reference to the measurement results obtained at North Carolina State University. A simple single-color 
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change monitor-based visual experiment was conducted to help collect more visual judgment data. We first 

analyze the instrumental measurement of each color of different textures and observe the distribution of the 

pass and fail samples in the color difference ellipses. The standard units of color difference ellipses were 

used (e.g., 1.0, 1.5, 2.0 units) to separate the visual pass and fail samples. Then we also compare these 

results with the visual judgment which comes from a non-repeated assessment of the expert. There are 

several findings from the study that may be useful to future research: 

¶ For the seven different colors of OCP samples, the average color differences of the pass samples of 

all textures are all below 1.5 units of ЎὉ  and ЎὉ . Dark green, brown and tan have larger 

standard deviations in different textures compared with the other colors. They have larger 

differences in terms of the average ñpassò color differences between different textures and are 

considered to be influenced by the texture the most in instrumental measurement. Bark has the 

smallest deviation in different textures and is considered to be influenced by the texture the least in 

the instrumental measurement. Brown has the largest standard deviation of the provided visual 

tolerances. 

¶ There is not a linear relationship between the average ñpassò color differences and the degree of the 

coarseness of the textures based on the limited samples, but the maximum instrumental color 

difference caused by the dissimilarity of the textures of the samples could reach 1.1 unit of ЎὉ  

(2:1:1) and 1.4 units of ЎὉ  (2:1). In comparison, the maximum visual tolerance caused by the 

dissimilarity of the textures of the samples is also 1.4 units of ЎὉ .  

¶ Two different color difference equations are used and the corresponding average ЎὉ  of is smaller 

than the average ЎὉ  for each of the standard colors for all series. all of the instrumental 

differences of ЎὉ  do not exceed 2 units. The two equations have a correlation coefficient of 0.97, 

which indicates they have a good correlation in measuring the instrumental color difference. 

According to the correlation coefficients and STRESS, brown and dark green have the highest 

correlation in these two equations. Bark and tan have the lowest correlations. Since we do not have 

visual difference data, we cannot compare which equation performs better.  

¶ For the agreement between the visual assessment and the instrumental color differences by DE2000 

and DECMC, DE2000 performs better in the overall agreement ratio and has an overall 90% 
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agreement ratio averaging all the colors and substrates when the threshold is set to 2 units. DECMC 

has an agreement of 85%. Setting the threshold to 2 units of DE2000 seems to give us the best 

agreement between the instrumental and visual color quality control. 

The perception of color differences in multicolored samples is different from that for a single-colored 

object since the surrounding colors influence the perception of the target color. The analysis of results shows 

that some of the color-attribute limits based on the measurement data are in accordance with the visual 

assessment results provided by the experts, while others are not. Thus, the acceptability tolerance for the 

color quality of solid colors when viewed in a multicolored setting does not solely depend on the magnitude 

of the color difference between the batch and the standard for each color. The specified color tolerances 

should contain multiple judgment standards, and a model that describes the complex pass/fail criteria 

including the role of the surround (simultaneous contrast) and the interaction of colors. The design of 

psychophysical experiments involving the assessment of colors in multicolored patterns should take these 

findings into consideration.  
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CHAPTER 5 . MULTI -LED BASED COLOR MEASUREMENT  SYSTEM AND THE  EVALUATION  

OF ACCURACY AND STABILITY  

5.1    Introduction 

In industrial applications, color quality control is essential for color reproduction purposes where the 

reproduced colors are required to be "correct" when viewed by the observers. Digitally printed textiles suffer 

from printing defects in the process of manufacture. Improper ink viscosity, irregular substrate surface, and 

other factors could make the color quality fail to match the standard.  

Subjective evaluations are usually involved in the process of color quality control. The most 

intuitive way is to ask a human observer to view the physical samples inside the viewing chamber or on a 

color-calibrated monitor. Another way to assess the color quality is through instrumental measurement, i.e., 

by obtaining the spectral information of the color of interest in the visible light spectrum. The spectral 

information is obtained using spectrophotometers or radiometers. The physical properties required to 

describe a color prior to its perception could be determined via the analysis of the interaction of the light, the 

sample, and the light source.  

The analysis of instrumental measurement results against the subjective evaluation of OCP 

camouflage substrates is given in Chapter 3 and Chapter 4. An effort was extended to correlate the visual 

assessment results with the measured color attributes. It was pointed out that in the case of multicolored 

complex patterns associating the visual evaluation results with the spectrophotometric or radiometric 

measurement is not a trivial undertaking. The limited aperture size required for instruments makes it 

inefficient and tedious to measure each of the colors in different spatial locations of multicolored patterns. 

Using an imaging-based approach can, at least theoretically, bring convenience and efficiency to the 

measuring process. Trichromatic camera systems are fast non-contact image acquisition systems that may be 

used to capture a scene, including colors in multicolored patterns. They have been applied to artworks 

archiving [207], [208], and color quality control of textiles [209], [210]. Multispectral imaging systems have 

better image-based color measurement accuracy than the trichromatic imaging system [211]. It is well 

known that more than eight to ten spectral measurements are required to accurately measure color under 
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arbitrary illumination [212-213]. In prior work in the field of textiles [214ï216], a multispectral-imaging 

system was applied for color measurement in the textile industry, but most of these studies targeted yarn-

dyed fabrics, and not digitally printed ones. 

In this chapter, an LED-illumination-based multispectral imaging system which was built and used 

for the color measurement of multicolored printed fabrics is described. The temporal stability of the system 

over a short and longer time range and the accuracy of the color calibration was also investigated. 

5.2    Characterization of Imaging System 

5.2.1    LED illumination 

As shown in Figure 5.1, the imaging system is composed of a monochromatic camera, an illumination 

chamber (originally developed by VeriVide, United Kingdom, under the tradename DigiEye), and two LED 

illumination bars with one on each side of the chamber. The chamberôs inner space is shaped to provide 

quasi diffuse illumination. A monochromatic camera (Thorlabs, USA) is placed on top of the chamber with 

the lens pointing to the center of the sample holder. The illuminating and viewing geometry is thus 

approximately D/0.  

The spectral power distribution of the LED light sources was measured by a PR670 

spectroradiometer (Photo Research, CA, USA) at a 2 nm interval. As shown in Figure 5.2, the LED bars 

have 12 separate light sources which are named Band 1 to Band 12. The normalized spectral power 

distribution of the light sources is shown in Figure 5.3.   
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Figure 5.1 The multispectral imaging system employed. 

    

Figure 5.2 The spectral power distribution of the LED light sources housed in each LED fixture. 

Illumination 

chamber 
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As shown in Figure 5.3, Bands 1-5, and 8-11 have narrow bandwidths while Bands 6, 7, and 12 

have wider bandwidths. Bands 6 and 7 are the two lights with the widest bands that span nearly 200 nm and 

may not be as suitable as other LED lights when used for accurate (re)production of colors. 

 

Figure 5.3 The normalized spectral power distribution of LED light sources. 

5.2.2    Monochromatic camera characterization 

The spectral sensitivity of the monochrome sensor was obtained from the manufacturer, which is shown in 

Figure 5.4. The sensitivity function increases rapidly around 380 nm and rapidly decreases to 0 at around 

700 nm. This range excludes UV radiation < 380 nm or IR radiation >700 nm. Figure 5.3, however, shows 

that the peak of Band 12 LED light source exceeds 700 nm. Therefore, only a part of the photons in this 

range can be detected by the camera sensor. In the following experiment, the intensity ratios of each LED 

Band and the camera's aperture size were adjusted so that the camera responses for the whiteboard were 

neither underexposed nor overexposed.  
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Figure 5.4 The spectral sensitivity of the monochrome sensor [211]. 

5.3     Imaging System Stability 

In this section the temporal stability of the imaging system over short and relatively longer time periods is 

demonstrated. The stability of the LED illuminations in terms of the intensity shifts in SPDs and the 

differences in the intensities of the captured images of the whiteboard was also investigated. The consistency 

and accuracy of the color calibration process in terms of the ȹE00 was then explored.  

5.3.1    Illumination shift 

5.3.1.1    Short time range stability 

To test the short-term temporal stability of the system, three sets of SPDs from the 12 Bands were recorded 

over a two-hour period. As shown in Fig.5.5, the SPDs of the three measurements nearly overlap, while the 

peaks do not shift considerably. The distributions of the three sets of measurements are consistent with each 

other. Thus, the illuminations exhibit good stability over the two-hour period.  
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Figure 5.5 Triplicated SPDs of 12 LED Bands over 120 minutes. 

5.3.1.2    Long time range stability  

In order to test the long-time range temporal stability of the LED light sources, their spectral power 

distribution and intensity was examined over a 28 day period. Band 7 (peak at 542 nm) shows a noticeable 

shift in two out of thirty measurements, and the peaks of these two measurements shift from 542 nm to 518 

nm and 520 nm. For the other 11 Bands, the differences in the peak positions of the SPD over the 28 days 

are within 5 nm. Band 7 exhibited relatively poor stability compared to the other 11 Bands. 
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Figure 5.6 Triplicated SPDs of 12 LED Bands over 28 days. 

5.3.2    Whiteboard intensity shift 

5.3.2.1   Short time range stability 

In this section, the accuracy and variation of the camera response for measurements of the whiteboard 

illuminated by each of the LED lights over 200 minutes were examined. Six sets of images from the 

standard whiteboard, the CCSG and CCDT color checkers were captured under each of the 12 LED Bands 

with an interval of 40-minutes. Variations in the intensity of the whiteboard were then examined for the 

selected 100×100 segments in the middle (C0) and four corners (C1, C2, C3, C4) of the whiteboard image, 

as shown in Fig.5.7 .The average values of the segments are used in the analysis.  
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Figure 5.7 The selected segments in the center (C0) and four corners (C1, C2, C3, C4) of the whiteboard 

used in the testing protocol. 

As shown in Fig. 5.8, for all the 12 Bands, the average intensity of the camera response begins to 

vary after 120 min, especially for the Band 12 light source whose peak is at 728 nm and whose intensity 

increases around 15% from 120 to 160 min. Fig.5.9 shows that the light intensities, at the peak value of each 

light source, at the four corners of the whiteboard also show a rapid change around 120 min. Band 12 

exhibits a rapid increase in intensity starting from 120 min, which corresponds well an observation whereby 

a stronger red light is sometimes seen when the illumination is on for a long time. To avoid this issue, the 

illuminations should not be kept on for more than 120 minutes. 
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Figure 5.8 Variations in light intensity in the middle segment C0 of the whiteboard for each of the LED 

light sources. 

 

 

Figure 5.9 Variations in light intensity in the selected four segments (C1, C2, C3, C4) of the whiteboard for 

each of the LED light sources. 
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The variability in the intensity of light reflected from the whiteboard was further investigated. 

Fig.5.10 and Fig.5.11 show the boxplots of the intensities of the 12 LED Band illuminations. The upper and 

lower bound of the boxplots represent the 75 and 25 percentiles, respectively, the red line represents the 

median, and the red '+' symbol represents the outliers. Since the interquartile range (IQR) is determined by 

the 75 and 25 percentiles, and the IQR is proportional to the standard deviation if the data is normally 

distributed. Thus, the length of the box may be used to estimate the standard deviation for some of the 

boxes, including band 1, band 2, band 3, band 5, band 10 and band 11. Both measurements of the standard 

deviations of the gray values of the whiteboard when illuminated with the LED Band 12 show that 

illumination Band 12 is not stable compared to the other bands. A comparison of Fig.5.10 and Fig.5.11, 

shows that the standard deviation of Band 12 increases a lot from 120 min to 200 min. This corresponds well 

with results shown in Figure 5.8 and Figure 5.9.  

 

Figure 5.10 Boxplots representing variability in intensity of each LED light source based on four 

measurements at 120 min. 
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Figure 5.11 Boxplots representing variability in intensity of each LED light source based on four 

measurements at 200 min. 

5.3.2.2   Long time range stability 

The average pixel intensity values of the same location of the whiteboard measured over a 28-day period, are 

shown in Figure 5.12 to Figure 5.16. These results show there is not much variation in light intensity of the 

12 bands during the measurement period. The standard deviations of measurements, obtained over a 

continuous 28 day period, are visualized in Figure 5.17. It can be observed that Band 3 has higher variation 

among the standard deviations of measurements from different segments. It also has larger standard 

deviations for measurements from C1 (top left corner) and C3 (bottom right corner) than the other segments. 

The other 11 Bands have similar standard deviations for different segments of the whiteboard. Thus, the 

stability of these Bands to the influence of spatial variations is higher. Most of the Bands exhibit stability (in 

terms of standard deviations) within the camera's field of view.  

Bands 1, 4, 5, 6, and 12 have low standard deviations, while Bands 3, 7, 8, 9, and 11 have higher 

standard deviations for the pixel intensities of the whiteboard. As discussed in section 5.3.2.1, Band 12 

exhibits a larger standard deviation after being on for over 120 min, but it was found to be stable when 

examined over a longer-time period (28 days) with measurements at a 24-hour interval, as shown in Figure 

5.16.  



   

170 

 

 

Figure 5.12 Boxplot of each LED light source of 28 continuous days of the middle segment C0. 

 

Figure 5.13 Boxplot of each LED light source of 28 continuous days of the selected four corner C1. 
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Figure 5.14 Boxplot of each LED light source of 28 continuous days of the selected four corner C2. 

 

Figure 5.15 Boxplot of each LED light source of 28 continuous days of the selected four corner C3. 
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Figure 5.16 Boxplot of each LED light source of 28 continuous days of the selected four corner C4. 

 

Figure 5.17 Standard deviations of each LED light source over 28 continuous days of measuring four 

segments of the whiteboard. 
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5.3.3    Color calibration accuracy 

5.3.3.1    Color estimation method 

A multiband imaging system could be modeled in Eq.5.1, where ╬ represents the P×1 camera responses, ► 

represents the N×1 reflectance vector, ╛□ represents the N×P spectral power distribution matrix of the P 

illuminants, ╢ represents the N×N spectral sensitivities of the camera, – represents the measurement noise.  

 ╬ ╛□╢►  –                                                                                                                                             (5.1)  

Under the assumption that – is negligible based on the previous findings that it follows Poisson distribution 

[11], the reflectance ► could be reconstructed based on ╬, ╛□ and ╢.  

The estimation of the reflectance using the minimum MSE for a zero-mean process is  

► = В ╢╛□ ╛□╢В ╢► ╛□ В ╬                                                                                                 (5.2) 

Using a pseudoinverse method [5], the estimation of the covariance is approximated as 

 В ╡╡                                                                                                                                                     (5.3)            

Where R represents the N×K matrix with K samples and reflectance dimension N. It can be shown that 

╛□╢В ╢► ╛□ В  = ╛□╢╡╡╢╛□ В  = ╒ὅ ,  

where ╒ = ╛□╢╡ ╗, and H represents the measurement noise matrix. Since the measurement noise is 

signal-dependent, it is zero mean and uncorrelated with the measurement and ignored in the estimation 

process. Therefore the estimation of Eq. (5.2) would be 

 ╡ = ╡╡ ╢╛□ ╒╒ ╒ = ╡╒ ╒╒  ╒ = ╡╒╒.                                                                                    (5.4)                 

The estimated tristimulus values based-off the estimation is  

 ▄ ╜ ╡                                                                                                                                                      (5.5) 

where ╜  represents the CIE color matching functions associated with the viewing illuminant. In the 

following sections, the color calibration accuracy is calculated by the ЎὉ  between the CIELAB values by 

transforming the tristimulus values obtained by the above method and the tristimulus values measured by the 

spectroradiometer. These transformations use the same white point, which is the reflectance of the 
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whiteboard used for calibration under the viewing illuminant of interest, usually D65. The scaling 

parameters used for ЎὉ  are ὑ ὑ ὑ ρȢ   

The reflectance of the samples was measured by the PhotoResearch PR670 spectroradiometer. The 

reflectance of each color patch was obtained by dividing the measured radiance under the same illumination 

by the radiance of the white standard.   

 The positions of the LED light sources vary along the illumination bars, and this results in a 

different reflective geometry and nonuniform irradiance on the surface of the objects being captured. In 

addition, the camera lens produces nonuniform exposure on the sensor. These factors produce nonuniformity 

in the image capturing process. A whiteboard with a uniform reflectance was used to characterize the 

nonuniformity of the system. To correct the nonuniformity, the brightest pixel on the whiteboard under each 

LED illumination was first located and the scaling factor ‎ in Eq. (5.6) was then determined. 

 ‎ͅὭὼȟώ  
 ͅ

ͺ ȟ
                                                                                                                                     (5.6) 

where ὧ  ͅ  represents the maximum camera response of the whiteboard of Ὥ  illumination where i  ranges 

from 1 to 12. ᾧὭ (x, y) represents the camera response of the pixel at the location (x, y) of the whiteboard 

under the Ὥ  illumination if the dark current of the camera is nearly zero. The uniformity correction is 

defined by Eq. (5.7). 

ὧ
ȟ

ὧ ȟ ‎ὼȟώ                                                                                                                       (5.7) 

Figure 5.18 shows the nonuniformity pattern for each LED Band. Results show that the nonuniformity is 

different from one light source to the other due to their different spatial locations on the illumination bars. 

The pixel intensities increase from blue to green to yellow in these nonuniformity maps. The plots indicate 

that the outmost regions in the camera's field of view (FOV) have the lowest light intensities, while the light 

intensities become higher when the pixel's spatial location gets closer to the LED light source. 
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Figure 5.18 The nonuniformity pattern of the intensity of pixels on the whiteboard under each LED 

illumination. 
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5.3.3.2    Short time range stability 

In this section, the stability of the color calibration accuracy of the system within a short time range was 

examined. The CCSG and CCDT color charts were used as the training and testing data sets respectively. 

The experiment protocol is shown in Figure 5.19, and the results are given in Table 5.1. It can be observed 

that the mean color differences do not vary much with time over the 200 min period, which indicates 

relatively high stability of the color calibration accuracy. Most of the average color differences are below 

one ЎὉ  unit, which indicates a reasonably accurate color estimation. Figure 5.20 demonstrates that 

calibration 2 has the highest calibration error at 120 min, which corresponds to the abnormal increase in 

intensity of Band 12 at the time. Starting from 120 min, calibrations 2 and 4 (which use different data sets 

for training and testing) exhibit increased calibration errors. However, the color errors of calibration 1 and 

calibration 3 (which use the same data set for training and testing) stay almost constant. A comparison of 

these four sets of calibrations over 200 min shows that calibration 3 (using CCDT for training and testing) 

has the lowest color error. The fluctuations in Band 12 after 120 min seem to significantly influence the 

calibration consistency when using different datasets for training and testing. The color error under 

calibration 3 (training by CCDT, testing by CCDT) is almost constant. Using the CCDT chart as training 

samples and testing samples outputs the most stable calibration color errors. It is also observed that most of 

the average color calibration errors are under 1 ȹE00 unit, which is lower than the errors reported based on 

the trichromatic camera system using the same set of calibration boards [210]. 

 

Figure 5.19 Color calibration experimental protocol. 
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Table 5.1 Color error statistics for various calibration methods. 

Calibration method Trained 

Sample 

Tested 

Sample 

Time 

(min) 

Mean 

ȹE00 

Median 

ȹE00 

Max 

ȹE00 

Min 

ȹE00 

ȹE00 

Range 

ȹE00 

Var 

1 CCSG CCSG 0 0.84 0.73 2.24 0.07 2.16 0.29 

40 0.82 0.72 2.24 0.04 2.20 0.27 

80 0.83 0.76 2.24 0.04 2.20 0.28 

120 0.85 0.77 2.19 0.07 2.12 0.30 

160 0.83 0.75 2.23 0.12 2.11 0.27 

200 0.82 0.73 2.22 0.05 2.17 0.27 

2 CCSG CCDT 0 0.80 0.73 2.68 0.11 2.57 0.15 

40 0.70 0.59 2.66 0.06 2.60 0.15 

80 0.66 0.55 2.60 0.10 2.50 0.17 

120 1.27 1.19 2.88 0.47 2.41 0.22 

160 0.77 0.71 2.47 0.11 2.36 0.13 

200 1.00 0.96 2.46 0.09 2.37 0.18 

3 CCDT CCDT 0 0.36 0.25 1.78 0.02 1.76 0.08 

40 0.36 0.26 1.78 0.02 1.76 0.07 

80 0.36 0.24 1.81 0.01 1.80 0.08 

120 0.36 0.26 1.72 0.03 1.68 0.07 

160 0.36 0.25 1.72 0.01 1.71 0.08 

200 0.35 0.27 1.79 0.02 1.77 0.07 

4 CCDT CCSG 0 0.95 0.88 2.52 0.14 2.38 0.20 

   40 0.83 0.66 2.57 0.09 2.48 0.23 

   80 0.80 0.63 2.52 0.07 2.45 0.23 

   120 1.16 1.13 3.17 0.14 3.03 0.28 

   160 0.97 0.92 2.54 0.17 2.37 0.20 

   200 1.13 1.16 2.35 0.08 2.27 0.19 
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Figure 5.20 Average color errors for different calibration methods over time. 

The color patches that caused considerable color differences compared to the other patches in 

calibration 3 were further examined. As shown in Figure 5.21, patch 11A in the CCDT chart is a black patch 

with a fluffy texture, and it has an average of 1.8 ȹE00 units. The other patches that have color errors above 1 

ȹE00 unit are patch 2A (black fluffy textured), patch 2D (dark red), and patch 10C (dark blue). The textured 

and dark patches have larger color errors than the other patches, which increases the average color errors in 

calibration. 

 

Figure 5.21 The average ȹE00 of the 240 patches for the six measurements within 200 min (training CCDT, 

testing CCDT). 
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5.3.3.3    Long time range stability 

The calibration errors of the color patches are shown in Figure 5.22. It can be noted that training and testing 

the system using the same set of samples generates the smallest errors than when different sets of samples 

are used. Using the CCDT chart as the training and testing set gives the most negligible errors in the four 

experiments. This corresponds well with the short time range stability test results (section 5.3.3.2). It can 

also be observed that the curves in the figure nearly overlap with each other, which demonstrates a good 

consistency of the calibration accuracy.  

 
                                          a)                                                                           b) 

 
                                          c)                                                                                 d) 

Figure 5.22 The average ȹE00 of patches over 28 measurements based on a) Calibration 1, b) Calibration 2, 

c) Calibration 3, and d) Calibration 4 methods. 
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5.4    Discussion and conclusion 

This chapter demonstrates the stability and accuracy of a multispectral LED imaging system. The 

illuminants' stability, the light intensity of each band, and the color calibration accuracy were characterized 

over short time range and longtime range tests.  Based on the results obtained, several findings can be noted. 

The spectral power distribution of most LED light sources showed similar stability. The SPDs show good 

consistency over a two-hour time range and for continuous measurements over 28 days with 24 hours 

interval. The exception was Band 7 which had a 10 nm shift at its peak. The light intensity of the system 

does show different levels of stability for different light sources. Results show it is not recommended to keep 

the LEDs on for more than 120 min since Band 12 exhibits fluctuations after 120 min. In the long-time 

range, Bands 1, 4, 5, 6, and 12 show minor standard deviations, while Bands 3, 7, 8, 9, and 11 have higher 

standard deviations. The variations in measurements of light intensities over 200 minutes did not result in 

significant variations in color calibration accuracy. The maximum variations were observed for some dark 

samples and fluffy-textured samples. Scattering of light and low signal to noise ratio may be the reason for 

higher variability observed when measuring these samples. When the training sample set and the testing 

sample set were identical, color measurements were not influenced by the variation of light intensity. 

However, when different sets were used, variability in light intensity was found to be higher and this 

influenced the color measurement, especially for the near-IR Band light source. Using a CCDT chart for 

color calibration seems to be the best choice for further measurement of samples. Additionally, it should be 

noticed that the variation of light intensity due to variations of hardware may not be the only reason that 

caused the variation, and temporal noise effect may have also contributed to the overall variability. 

In conclusion, the light intensity variation with time was apparent in tests that were completed over 

a 200-minute period. The color calibration process was influenced by changing the training and testing 

sample sets. The IR Band #12 has an influence on the color calibration variation due to the fact its color 

differences vary after 120 min. Over a long time, range, the color calibration accuracy of this imaging 

system was found to be stable, and the average color error was calculated to be around 1 ȹE00.  
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CHAPTER 6 . MULTICOLORED  PATTERN  IMAGE  SEGMENTATION  

6.1    Introduction 

The color quality control of fabrics containing multicolored patterns based on spectrophotometric 

measurements requires a significant amount of manual effort since the complex color distribution in the pattern 

makes the instrumental measurements time-consuming. Using an imaging-based method for color quality 

control could save time and generate details other than the colorimetric attributes of solid colors, such as the 

spatial color inhomogeneity or streaky appearance of color transitions. To that end and to obtain such 

information, accurate color image segmentation is required to cluster the pixels that share similar color 

properties on the multicolored target pattern together. Based on the imaging system described in Chapter 5, 

the color images of several multicolored patterns were captured. This chapter describes several methods that 

can be utilized to segment the multicolored patterns and discusses an objective evaluation of the segmentation 

results. 

6.2    Method Description 

6.2.1    Definitions and Notation 

Before describing the segmentation process, it is useful to formulate the problem description. Given a color 

image of a size N×M in a three-dimensional feature space, ὍὭȟὮ = [ὒᶻȟ ὥᶻ ȟὦᶻ , where i  and j  are the spatial 

coordinates, whereby Ὥɴ ρȟȢȢȢȟὔ , Ὦɴ ρȟȢȢȢȟὓ , ὒᶻȟὥᶻ ὥὲὨ ὦᶻ are the components of the pixel ὭȟὮ in 

the CIELAB color space. The aim is to segment the image into ὑ clusters such that each cluster represents 

either a unique solid color or a transitional color segment. The maximum number of solid colors in the target 

image is given as S. The maximum number of transitional color segments in the target image is given as G. 

The goal is to generate a segmentation map ὅ ὭȟὮ ὭȟὮȿ ὧὭȟὮ Ὧ such that each pixel ὭȟὮ has a 

cluster number ὧὭȟὮ ɴ  {1, é, ὑ}, and ὑ Ὓ  Ὃ (K varies according to different segmentation method 

used). Here ὅ  represents the set of indices of pixels in cluster K.  
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6.2.2    Image Pre-processing 

After the fabric image is captured, a four-by-four average filter is applied to smooth the raw image and reduce 

itsô size. A five-by-five median filter and a gaussian filter of 1 sigma are then used to remove the noise and 

texture. The segmentation procedure deals with the remaining pixels in the target image, which form a non-

edge pixel map ὔὭȟὮṖὍὭȟὮȢ 

6.2.3    Segmentation Procedure 

The segmentation method deployed could be described as the Nearest Color Neighborhood Clustering 

(NCNC). In this segmentation method, no spatial information is used, and the image segmentation is 

established on a color-based data clustering process. Four algorithms, namely, NCNC-1(illustrated in Fig.6.1), 

NCNC-2 (illustrated in Fig.6.2), NCNC-3 (illustrated in Fig.6.3), and NCNC-4 (illustrated in Fig.6.4) are thus 

proposed which are described below. 

A. Algorithm 1: NCNC-1 

This approach only searches and clusters the pixels that are in the solid color regions and does not search for 

gradient/transitional color pixels. All other pixels are considered unknown and are not used for color quality 

control purposes. Thus, the number of gradient colors, or transitional colors as defined in section 6.2.1, equals 

zero, i.e. G = 0. The maximum number of solid colors, S. defined in section 6.2.1, can be seeded according to 

two approaches. The first method involves the use of a visual approach to determine the number of recognized 

color regions in the pattern and averages the pixels' color values in those regions. This seeding method is 

regarded as a semi-automatic method. The second method involves the use of a preset number of colors to 

seed the target pattern. In digital printing of textile substrates this number would refer to the nominal number 

of standard colors that are used to generate a certain pattern. For example, the number of preset colors for use 

in the segmentation of the operational camouflage pattern (OCP) could be established based on the preset solid 

colors used in its printing (e.g. 7) which would be different for various camouflage patterns, including 

MARPAT, UCS, and OCP. This seeding method may be regarded as an automatic method since it would not 

require a manual selection of color seeds. Both of these approaches form the NCNC-1 algorithm and Fig.6.1  

shows the steps involved in this process. The left section of the flowchart includes the edge detection step in 
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the pre-processing, and the right section illustrates the segmentation process. Various steps are described as 

follows:  

Step 1: Before starting the segmentation, a set of color seeds are determined, i.e. ὼ  ὒᶻȟὥᶻȟὦᶻ ,  s ɴ

ρȟȢȢȢȟὛȢ In the first seeding approach, the color seeds are the average of the human-recognized regions in 

the target pattern to be segmented. In this case, the number of color seeds Ὓ equals the number of colors in the 

pattern ὒ. Therefore in Fig.6.1, the K= L decision box always yields yes. In the second seeding approach, the 

color seeds are preset, and the number of the color seeds L  K. An initial color difference threshold ὸ is set 

to start the segmentation.  

Step 2: Iterate over each pixel ὭȟὮ in ὔὭȟὮ, compute ῳὉ ὼ, ὍὭȟὮ  ᶅ Ó ɴ ρȟȣȟὛ. If ɱ  ЎὉ Ὅ ὭȟὮ , 

ί) < ὸ  ᶅÓɴ ρȟȣȟὛ, assign ὧὭȟὮ ί, otherwise, assign ὧὭȟὮ όὲὯὲέύὲȢ Count the number of the 

pixels in each cluster s  ᶅ Óɴ ρȟȣȟὛ. Count the number of clusters that have at least y pixels. Y is set to 1% 

of the total number of pixels in the target image, i.e.,  
  
. If K=L, go to step 3, otherwise increase ὸ by 0.1 

unit per iteration nd repeat this step. 

Step 3: Calculate the intra-cluster color homogeneity, i.e., ὍὅὌ  
В  

 , which is used to reflect the 

homogeneity of the ί  color cluster, where, ὺ is the index number of the pixel, and ά represents the total 

number of pixels in the ί  cluster. If the ICH satisfies the criteria and indicates a good color homogeneity, 

the segmentation ends. Otherwise, the color seeds are regenerated and repeated from Step 2. The regenerated 

color seeds are: ὼ = 
В ᶻ

 , 
В ᶻ

, 
В ᶻ

]. This is calculated based on the latest segmentation map. In the 

meanwhile, the ὸ is readjusted and decreased by 0.1 unit per iteration to meet the color homogeneity criterion. 
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Figure 6.1 Flowchart of NCNC-1. 

B. Algorithm 2: NCNC-2 

While NCNC-1 works for general multicolored patterns, NCNC-2 is designed for multicolored patterns that 

have color transitional regions. In this section, OCP is used as an example of such a pattern to describe the 

algorithms. OCP contains seven solid colors and four gradient color segments, thus in the database, S = 7 and 

G = 4. Before segmentation, the solid color seeds ὼ  ὒᶻȟὥᶻȟὦᶻ ,  s ɴ ρȟȢȢȢȟὛ  are specified for the 

camouflage fabric images. In the first algorithm, each gradient color segment is defined by the average of the 

two solid color seeds that form that color gradient segment. The average gradient color seeds are ὼ

 ὒᶻȟὥᶻȟ ὦᶻ ,  Ὣ  ɴ{S +1,é, S +G} . 

This method uses a single color difference threshold for the detection of each color gradient segment. A set of 

color difference thresholds, generated from the solid color seed pairs, is used to test against the hypothesis that 

the pixel ὭȟὮ is a gradient color pixel. For example, the threshold ὸ for ὼ is min (ῳὉ ὼ, ὼ ), ῳὉ ὼ, 

ὼ )), where ὼ  and ὼ  are the two solid colors that form the color gradient with an average color of ὼ , 

Ὣίρ, Ὣίς ɴ ρȟȢȢȢȟὛȢ ῳὉ  represents the computed color difference based on CIE DE2000. Each color 
























































































































































































































