ABSTRACT

XIONG, NIAN. Multicolored Pattern Segmentation and its Application in Color Quality Car(tyader
the direction of Dr. Renzo Shamey).

Color image segmentation is one of thestdifficult tasks in both the colorimage processing
area and computer vision area. When it is applied in color quality coitbelcomes an essential task since
proper pixels are supposed to be clustered together for their colors to be averaged. Tiedaoodon
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:Uiitomoity of a
specific color cluster could adde calculated and another evaluation of how homogeneous the colors are
printed on the target fabric can also be provided. Compared to the methed #thaatecolor quality
perceptually, this method advantaged at high efficiency, larger field of viales additional
homogeneity evaluation which is difficult to measure accuratethbhuman visual system. Color
gradient region separation, which is a challenging phsegmenting multicolored images, has been
explored by different segmentation algbms. In addition, various evaluation methods are applied to
compare segmentation results generated by different algorithms. Since the segmentation ground truth for
theimagess unknown, two empirical unsupervised methods are used for evaluatiegltrseparation
performance. In addition tmeasuringhe 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
areseparategwhich could be usefdibr futurestudiesTo 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 ofgraldients 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 appeain 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 laboconsuming. Photometric measurement technigues are commonly used for color quality
control of textile products. However, their apptice 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 irhagetdymethods haveen developed

and are being applied in some sec{ais].

In the field of imagingbased 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, fiazhyrs affect the accuracy of the color
segmentation process, including falgature, the presence of regions containing color gradients, and the
selection of a suitable color space.

Camouflage patterns are often developed to increase the ability wetrer to blend in with their
environment. They are designed to match the spectraland spatial properties of the background scenes, which
are often limited to subdued colors. The use of appropriate textures, gradients, and colors are important
factor whendesigning camouflage patterfis.

The main objective of this work is to develop an imagdieged technique for accurate color
measurement and color quality control of multicolored material that is sufficiently robust to the effect of
variation in thee 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 incompdiato an imagindpased 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. blis may

used to provide an overall pass/fail quality judgment for the appearance of such products.



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 b investigate the three different ways for color quality control of multicolored fahiiesature related
to human color vision, CIE colorimetry, color specification system, and color psychophysics, as well as the
literature on digital colorimaging armblor 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 fabricd. n Chapter 3, the expertsd pronmdi ded

two judgments are involved in this process. The assessorag$sssshe 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 semonsmooth color gradient/transitional regiahsitwill 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 ingrumental (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 betviee visual differences and the
instrument color differences, the instrumental threshold is inferred.

The calibration of the spectralimaging system is discussed in Chaptkichincludes thesystem
characterizatiopstability test and color calibrath accuracy determinatiohe segmentation of the
multicolored fabric sample images is discussed in Chaptaiénly discusses the newly developed
segmentation algorithms and the performanths ima@-based assessment of the color quality of
multicolored fabrics is described in Chaptemhich measures the intsemple color homogeneity and the
color difference between the instrumental way of measuring colors and irdzagiegl way of measuring
colors.The conclusion and future work are discussed ingéiQ 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 tHedseslge

color quality control system.
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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 physigical optics. It is now believed that the humarnsisystem is
composed of the eye and the brfgh

As shown in Figure 2.1 and Figure 2.2, the visual cortices in the occipital lobe at the back of the
headreceive the information transmitted from tbptical 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
leavetheretina and pass along the optical nerve. Both the left and the right hearésphceive 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 f&@ 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 brajiwhile images on the right halves ofthaetinas 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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When the light strikes the eyeball, it first reaches the cornea, which is a transparent bulge that
refracts or bends lightassing through it. When light hits the cornea, the propagation slows down, and the
path of the light is converged to the centerttd ye. The transparency and the spatial uniformity of the
cells in the cornea has made two things possibieinimal scattering of the incident light and continuing
transmission of the incident light in its original directif®}. As depicted in Figure.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, proteinsand other nutrients. It nourishes the cells in the cornea and the lens of the eyes, as wellas
maintairs the shape of the eyes. Behind agqueous humor, the light reaches the iris and its central opening
pupil, which are the two componentsthat regulate the amount of light that gets through. The iris controls the
pupil, which contracts when there is sufficidight and expands at low levels of ilumination. 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 musttieslens is flattenetb 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 humorthat fills the inside chambénetyeball which helps to maintain its shape.

Thedestinationof the photons is the retina, the curved surface at the back ef/#swhich is
covered by over 100 million photoreceptors.

Rods and cones are the two main classes of photoreceptor cells. Rods are sensitive thnlight in
lighting environments or scotopic conditions and only carry gray information. Cones are less sensitive to
light and oversee our visual experienioeluding color information undeéhenormal lighting environment
or the photopic conditions. These phmceptors convert light inteeural activity when they are excited and
pass on their signals through some neurmeduding horizontal, bipolar, amacrin@nd ganglion cells.

Figure 24 shows the nerve impulses are formed and carried out by the axgasglion cells to the visual

centers of the brain in the oppoditieection of the incident lighf6], [87 10].
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Figure 2.4 The crosssection of a human retinfa?2].

It can be observed from Figure 2.5 and Figure 2.6 that the distribution of the cones and rods are
spatially dependenThe cones have lower density compared with that of rotteeimetina from negative 60
degrees to 60 degrees away from the central line but are concentrated in a small rangeceetrathiee.

The number of rods (~120 milliorig approximately 20 times the number of cones (~65mill[@8). The



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 caothtaimghest 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 segmesrmenedntains 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 imithéle range of the spram and
transmits the shomvavelengh and the longvavelength ends dhespectrum of ligh{9]. It changes both
shape and color (from purple to transparent) during this process. In 1964, W.B. Marf$4tdidcovered
thatthere are three types of photopigments in human cones, ldmehmaximum absorption in the yellow,
green and violet regions. They are most sensitive in the shottiggjidle (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
10:5:1115], which indicates that the probability of absorption of light deperadonlyon the wavelength

but alsoonthe distribution of the S, M and L cones.

Blindspot

Figure 2.5 The blind spot and the ewtructue[16].
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Figure 2.6 The distribution of the rods and cones across the humaia f&6h

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 €@ype and Ltype. The formetype responds uniformly to
light of any wavelength andverseesoding 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 wavelengtidependent coding. After passing through horizontal cells, reggnals undergthe
significant modification of bipolar cells. Some signals undergo further encoding due to the lateral interaction
[17] of the amacrine cells. Itis thoughtthat separate sets of bipolar and amacrine cells maintain a distinction
betweerthe luminosity and color signals. The nerve signals from various photoreceptors converge on to a
single retinal ganglion celand the spatial extent of this neural convergence is defined as the receptive field
of the ganglion cell. The size of the receptfields is determined by the neural connections and could also
be affected by the size and the illumination level of the stimulus. Theéighillumination triggers the
inhibitory effects of the lateral interaction of the surroundiaceptive fields; hence the effective size of the
receptive field is reduced. The resolving power of the retirtaaeseforeincreased aa high level of
ilumination [9]. Receptive fields allow us to identify borders and edges based on the lumimdresstorhe

ganglion cell axons gather to forthe optic nervewhich is projected to the lateral geniculate nucleus



(LGN) in the thalamus. What the LGHceivedis projected to the visual area one (V1) in the occipital lobe

of the cortex, which is alsogarded 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 signhals are modulated and processed for object
and pattern recognition. There are many other visual cortex ar@harhinterchanging signals to form the

ultimate perception from the information netwgi8].

2.1.2 Color Vision Theories

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

appearto be coled, resulting in some people think that color is a physical propettich is, in fact, a

misunderstanding. Neither objects nor lights have colors themselves, but rather color is a psychological
property of our visual s yrestlteohthe infefacions hetovden physicaliglt er i enc e
in the environment, the optical property of the object that the light iluminates, and the response of our visual

nervous system. Our color vision is formed when the electromagnetic signals are trandignoes and

cones into electric signals, which are then transported thriheghptic 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 thenechanisms of color visigincluding trichromatic theorj19], opponent color theory

[20] and the Retinex theof21].

2.1.2.1 Trichromatic Theory

The trichromatic theory was developed based on the types of resf@biThe initial assumptio was that

there are three types of photoreceptors, approximately sensitive to the redageétue regions of the

spectrum. The theory proposed that these three receptors are resgfongitdelucinghe psychological

primary color sensations of regteen 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 norzero in the visible light range, any wavelength glfifiwould 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 wielown colormatching experiment involvingormal color

observer$l9]. This patterrbased 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 givervebdgre observer metamerism depicts

the phenomenon whereby two or more observers perceive the same object differently, du®bsartear

variability in the visual apparat{®2]. Based on the trichromatic theory, if the two stimuli produce the same
pattern in two observersé visual systems, they are fse
metamers, while the stimuli that have identical physical properties but may appear slightly different (mainly

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

isomers under the same color recipes.

2122 Heringds Opponent Colors Theory

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

color appearand@0], which includedheappearance of hues, simultaneous contrast, afterimages, and color

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

while other colors were frequently perceived to apsealfor instance, reddisgreen or blish yellow terms

are never used, whereas yellowrsldl or bluishgreen are common color descriptd@snilar observations

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

described asthedak of ability to discriminate between these 0@t
observations, he proposed that the presence of three types of receptors in the visual system that respond in

two opposite directions: red/green, blue/yellamd black/whiteThe opponent color theory provides

explanations for these observatipwhich could not be explained by the trichromatic theory.

2.1.2.3 Other Theories

In 1959, Edwin Land developed the Retinex Th¢aty, which is used to explain the conceptcofor

constancy. This theory proposed that the nervous system assigns a color to a given field of view by the
comparison of lightness of the surfaaich has various wavelengttependent properties rather than based
on the absolute energies present. Toimparison 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 idgntivadr 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 waveleelgtted ratios remain the same. The constant
ratios make the color cetancy possibleven thougtihe 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 dimengi@ntor appearance modd¢d.

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 mtddisombine the elements of these
theories. Thee models are regarded as fizone theorieso based
zoned according to their coding taskdich happen in different retinal neurofd8]. The dualprocess
theory[6], which is one of the composite color visiordels, 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 processroccuhe LMS
signals generated in the first stage to the opponent sjgrtsitch are constructed by regteen (-M+S) or

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

21.3 Perception Phenomena

The process of convertirgpticalsignals to electric signals that are processed at the visual cortex of the
human brairis a sensation process whereby a conscious awareness of mislading forms, colorsand

texture is formed. After the electric signals are received by the visuak¢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
characteristicanill affect our perception. In addition to color stimuli, other types of stinndiuding

oriented edges, various spatial frequencies, temporal frequencies, spatial locations also result in responses in
the primary visual cortef23]. Therefore, manyypes of color appearance phenomenaare involved when we
experience color. These include simultaneous contrast for lightness and chroma, adaptation to varying

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

2.1.3.1 ViewingField

To model various color appearance phenomena, Hunt specified a set of comjafhjhst are necessary

for the visual field, includingstimulus, proximal fieldbackground and surrounds shown in Fig.2.7
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The stimulus is defined @be color element of which the appearanceisto be meastigedsually
a patch with 2°subtense. The proximalfiled is the immmediate environment of the stimulus extending about
2%rom the stimulus edge. It is useful to model the local contrast effects such as lightness or chromatic
induction. The background ke environment of the stimulus, extending about 10%from the edge of the
stimulus in all directions. Thsurroundings the field outside the background could be as large as the
entire space of the viewing environmefihe viewing fieldis importantwhenmodeing longrange
induction such asflare and image contrast effd&astleson et gR5] conducted the study of theightness
perception icomplex stimuli such as photographic reproductions viewed with both illuminated and dark

surroundsThey found that brightness has a nlitear relationship withthe surroundinduminance.

Background

N\ Stimulus

< Proximal field

Figure 2.7 Set of components of the viewing fil§tB].
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2.1.3.2 Modes of Viewing

There are five modes @fewing color, as defined by OSA in 19¢25], including illuminant, ilumination,
surface, volumgand film.Different modes of viewing correlate with different combinations of perceptual

attributesand they define the modes of appearance of color.

2.1.3.2.1 llluminant

The iluminant(or selfluminous)modeof viewing is defined as the color perceived as belonging to a source
of light. The iluminant mode of viewing color correlates with perceptual attribinelading brightness,

colorfulness, saturationandhdeh e il 1l uminant mode is an fAodject modeod

2.1.3.2.2 lllumination

The ilumination mode of viewing is defined as color attributetheproperties of th@revailing

ilumination rather than objecThe presence in the field of illuminated objects which reflect light and cast
shadowsand sometimes the presence of the reflecting particles in the atmosphere, provide the perception of
color in the ilumination modd&his modeof perceptiorcorrelates with the same perceptual attributethef
iluminant modeThe iluminationcolor perceptions afi n eorb j e@erdeplionandit is mediated by the

presence of illuminated objects that reflect light.

2.1.3.2.3 Surface

The surface mode of viewingdefined as color perceived as belonging to a surfApdysical surface is

required for this mode, as well as the reflected light directed fromautiace. This mode isalsm& o b j e c t

mode ®he surface modef viewing corelates with lightness, saturation, chroma and fihe.surface

mode and the illumination mode could be transformed i
ringedshadow experimer27] presented an instance of a shift from illumination toshdace mode. The

shadow cast on the surface appears to be a matter of the illumination untilthe 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. Whehe 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 transparesubstance-or examplethe 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

threedimensional structurét correlates with the same perceptual attributiethe surbice mode.

2.1.3.25 Film

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

with the aperture small enough to mask off a limited area of the sutfattés mode, the perceived color is

in no connectiontoanobjeegtndhe f il m mode of wibegwnhodgWherotheor i s a fAnon
observer fails to focus on the plane of the surface, the aperture screen accatifdished the surface

mode is sifted 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 maale it is useful to separate color perception from

object perceptionThismodecorrelates withbrightness, lightness;olorfulness, saturation, chromend hue.

2.1.33 Related Colorsand Unrelated colors

The colorperceived to belongp an area or object seen in relatimthe surrounds known as aelated

color, whereas the colgrerceived to belontp an area or object seen in isolatismnunrelated colof28].
Unrelated colors only exhibit the perceptual attributes of hue, brightness, colorfulness, and safrayion.
cannot exhibit lightness since liglgss or chroma requisjudgment relative to other stimuli that are
similarly illuminated. Related colors exhibit all these perceptual propétdsBrown and grey cannot
exist as unrelated colors since they reqairelative judgment of lightness drchroma.

Color perception vagsfor related colosand unrelated colsrevenwhenthe two colors possess
the same colorimetric valugsor example, thBezold Bricke hue shiftaddressetheperceived hue change
which iscaused by the change of the luminance ledaht studiedheBezold Bricke hue shifton
unrelated colm®[29]. The study indicated thahe effect ofthis hue shifs on color perceptioiis more
prominent inthe case ofinrelated colathanfor therelated colos. Most of the color appearance models

however,deal withtherelated colors
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2.1.34 Simultaneous Contrast

Simultaneous contrastthe color appearance phenonoarthatgenerates from the spatial structure of the
stimuli [18]. As illustrated in Figure B (a), when the miegray patches are viewed under the same light gray
background, they look identical to each other, while in Figug(t?), the midgray patch under the black
background looks lighter than the rgday patch undehe white background. Simultaneous contrast cause
the stimuli to shift in appearance when the color of the background is changed. This follows the opponent
color theorywhere the color contrast is created in the direction of the opponent color paghs. A |
background induces a darker appearance, while a dark backgrowrednal lighter appearance. This also
applies to the redreen and yellovblue opponent color pairs. In terms of dark/light background,
simultaneous contrast varies according to tHettigsswhile for changes in the regleen/yellowblue
directions simultaneous contrast varies based on chroma. Chromatic simultaneous contrast includes many
complex effectssuch as Munkewhite Illusion[30].

The Munker illusion describes affect where the color contrast creates a eshoft illusion. The
balls shown in Figure 9.(a)and Figure A (b) are identical in terms of coloHowever,in Figure 29 (a),
the balls withstripesof different colors orthemappear differenin colors while the balls in Figure 2.(b)
appearto be the same. The Munker illusion indicates that the brain organizes colors based on the colors of

the surround.

@

Figure 2.8 lllustration ofsimultaneous contrafl8].
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@) (b)

Figure 2.9 lllustration of Munker illusion & Munker illusion with color strips on the top of ba(ty
Munker illusion with Color strips underneath of bddsiginal mages arérom Professor David Munk31]).

2.1.35 Lightness Crispening

Lightness crispening is another phenomenon toarelatesvith the spatial variation of the stimulit is the
change irtheperceived color differences of a pair of samples caused by the change in the lightness of the
backgroundAs illustrated in Figure 2(, the two achromatic color patches in the four-sunbges and the
measured color difference between them remain the sedoveeverwhen 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 2.10lllustration of lightness crispenind 8].

To furtherexplain these color perception phenomena, a dynamic mechanism called adaption must
be considered in the processing of caiignals. There are three types of adaptation: dark adaptatiich
refers to the decrease in visual sensitivity when the level of illumination is increased; light adaptsithn
refers to the increase of visual sensitivity when the level of illumamaisi decreased; and chromatic
adaptationwhich refers to the independent sensitivity regulation ofLtfi& cones.

The magnitude of the chromatic adaptation depends on the state of the adajtatiding local
state, temporalstate and spatial statlaptation 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, discountiig-illuminance, and object recognitiofihe fact that object
recognition is essentially generated by the spatial, temporal andlfghtproperties rather than chromatic
properties haprovided some insights to the methods to solve computer vision tasks, including detecting the

edge and contorinformation based on the grayscale imajdgey.

2.1.36 Other Phenomena

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

phenomenon. The Hunt effd8R], for example, explains the phenomenon that the perceived colorfulness of

18



a stimuusincreases with the luminance for a constant chromati€hg. stimuli of lower colorimetric purity
arerequired to view under a higher luminance environment to matcimalss 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 Steve[&3&ffect

which demonstrates increases in the perceived lightness contrast with increasing luminance. These
observations indicate tHeminancedependent nonlinearities of visual signal processing.

Based on Stevensd ef f §b6]provedhatrithte pesevenl nonteastih Br e n e ma n
images increases with increasing luminance from dark to dim to light conditions. The reason for the change
in the contrasis that the changes in luminance have a greater influence on darker colors rather than lighter
colors. This obsent#on has led to practical adjustments aqplications irtheprinting, TV, and imaging
industries.

Purkinje shift is another important color appearance phenomenon that describes theeshif¢iis 6
sensitivity toward the blue end of the color spectrum at low ilumination levels, which results in the effect
that in the low illuminance environmeméd colors look duller and darker and the blues look brighter. The
intrinsic reason for this shitb happen is the rod contribution starts to become significant at the low
luminance level34].

Anothertype ofsurroundthat influencscolorperceptioris the luminancgradier. The sensation
of brightness not only correlates with the luminancedlst the surroundt is known that rods are mostly
found in the peripheral regions of the retiaad theydominateour peripheral visioffi35].

Cornsweet 6s [36]iand Maoh banld effe¢B7] araconjecturedo be caused by the
retinal interactionVVan Den Brinket al. [38] conducted a studghat examineduminance gradient and edge
effectsin 1975 They proposed that the effects miag attributed tdigherneurallevelswherethe neuron
excitation patterns are recognized angkipreted. They found a perceptibility threshold for luminance
gradientandthata luminance gradient is perceived as homogenous when it is set under a threshold. This
study suggestdthatin addition tothe peripheravision mechanism, thestinal cels candetect whether
adjacent parts of the retiheellsaredifferently iluminated or natand thideads to the detection of

inhomogeneityAgostini and Galmontf89] observed that the size of the achromatic simultaneous contrast
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wasenlarged when peeiving two identical patches undiereargradiens of different lightnessThis study

indicated the luminance gradiersurroundhginfluencedightness 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, szed surface properties of the object, as well as surface
and the background in the viewiegvironment. These factors ma&eaccurate description of color

difficult. The International Commission on Illlumination (CIE) established a basic colorimetry based on the
triangle of object colgmwhich defines the light source, object, and the humaraVsystem. 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 llluminants

Since a light source is a form of radiant energy that is usetitallate 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
iluminants are generated to approximate corresponding light sources. These light sources include
incandescent, daylighand fluorescent lighting sours. The CIE also recently developed a series of
standard illuminants for LED40]. 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 lighte e 6 s
chromaticity coordinates to the blackbody locus. The most common current standard illuminant for

colorimetric applications is the Dg81], 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 meetsthe surface, some of the light is refracted. Part of the
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refracted beam is then absorbed acdlttered, and the total reflected energy is determined based on the final
radiant energy. Since the spectrophotometric measurement of the optical property of the materiabis based
the ratio of the amount of the reflected light to the amount of thdameilight, it is expressed eitheras

percentage ranging from 0% to 100%eadraction ranging from 0 to 1.

2.2.1.3 Standard Observer

Once the light from a light source is emitted toreachthtm b ser ver 6s eyes or the |light
suface reaches into observer 6s eapcklong(L)iwavelenfth sensitives t he s ho
cones according to their specific spectral sensitivity functions. Since the spectral sensitivity of the cones
cannot be easily directly measur®dright 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 gimug ofnormal colorobservers
[42].
Based on the three major components, the perceived color has been mathematically defined by the
tristimulus values X, Y, and Z igquation2.1.
©» B oYY 21) & B oYVceg o B &Y "V [9] (2.1)
where theal, ¢> andd™ are colormatching functions of the standard observers, andrthstands for the
reflectance of the surface of the object, and¥hstands for the spectral power distributionfgBf the light
sourceThe wavelengtte= 380 and o = 760 are thenbowmaydaries of t h

incremented by small wavelength intervalepending otheresolutiorsof 'Y , "V, af, & anddr.

2.2.2 ColorMeasurement

Since color is an experience in the mind of the observer, currently there is no method for direct measurement
of t hi s .Addoweverrin irdustia applications, color quality control is important for color
reproduction purposeswhetee reproduced colors are required to be #f

observers. In order to describe the methodology involved imi@surement of color, color measuring

instrumentsand color quantization methods are brigfiroduced in this section.
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Since the physical properties required to desaibelor, prior to its perception, could be
determined via the interaction of the light, the sanmatal the source, basic colmeasirement methods can
be divided into direct and indirect measurement techniques.

In direct measurements, spectral information is obtained using spectrophotom edelismieters.
Tristimulus valuesare 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 ugith 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 sti#3ii The tristimulus colorimeter

usually contains a light source and a light detector. It measures the caarajnof mimickingthehuman
visual system. After the light interacts with the target sample, the reflected light is filtered by aeskt of
green and blue filterghatapproximatelynatch the colomatching functions. The lighgensitive functions
of the filters employed in colorimeters areseed to match the X8egree standard observer functions of
the human visualsystem. Hence, tteda collected is combination of the colomatching 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 comparisansurately and quickly diregtl 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 stremgither can it be used to predict

color formulatons.

2.2.2.2 Spectrophotometry and spectrophotometers

Spectrophotometris a branch oélectromagnetic spectroscothatis concerned with the quantitative
measurement of the reflection or transmisgooperties of a material as a function of wavelerjgti.
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 thie sampertain illumination

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

by a diffraction grating. Aillustrated in Figure 2.1, the sample to be measured is placed on the
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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.

ref. spectrometer
mirror

a

~ _~reference beam

-

N 7
- \ specular port | computer [
———— :_ - ' » sample beam  _

transmission
sample cell

sample spectrometer

Figure 2.11 Structure of duabeam spectrophotometi@s].

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 tighie spit by the concave holographic diffraction grating into
spectral components, which range from 380 ni&80 nm. This range is wider than the visible light range to
include the UV and IR measurement ability. The resolution of the spectrum datarisheid by the diode
spacing of the diffraction gratingéhe photodiode arragensois a linear array of several hundred light
sensing diodewith a number of diodesangngfrom 128 to 102. When the light passes through the
sampleit hits the monochmmator ands then dispersed onto the photodiode arfBoybe consistent with the
resolution of CMF, which is in@nm or 5nmthe original data is interpolated into proper resolutsince
UV light is important when measuring fluorescent material, &filtdf is set between the light source and
the lamp port. The filter can be in the off,,@m calibrated mode. The specular port is designed to include or
exclude the mirrolike component of the reflected light and is located in the symmetric positidreof

sample beam collector, at about 8 degrees filo@normalWhen the specular port is closéde mirrorlike
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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 inaage 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 illuminatioandobserver functiondt also provides thepecula included/excluded

optionsby controlling the specular port in Fig.2.1th addition, these instruments are capable of

distinguishingmetamers, measuring colorant strength, and making predictions of dye recipes.

2.2.2.3 Spectroradiometry and spectraadiometers

Spectroradiometer @ 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 radfettiora light source and obtains light
dispersion using a diffraction grating. Light sources andlseiinous objects are measured by
spectroradiometers. The difference between the spectrophotometer and the spectroradiometer is that the
spectroradiometeneasures the absolute quantities while the spectrophotometer measures the quantities
related tahehuman observer. As depicted in Figure2 the radiant energy measured by the sensor is
determined by the fraction of the emitted energy that is captlitexlpower per angle in the direction of
measurement has determined the brightness of the light sednich hasa unit of watts per steradian

(W/sr) and is defined as the radiant intensity, denotdd ake power per unit area at a given wavelength is
defined as irradiant intensity, which has a unit of watts per square metef\V@ynweighting the radiant
intensity against the CIE luminous efficiency function, the luminous intensity is obtained in candela (cd),

denoted a&,. The iluminance is measutédn cd/n? [46].
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Figure 2.12 Measurement geometry for radiant enefy].

In contrast to the methods described above, indirect color measurements do not measure the optical
properties obbjects. Rather, they convert digital signals, such as those generated in digital RGB cameras or

multispectral imaging systemt® color information based on some estimation metljédsi8].

2.2.3 Color Space

Since color can be described byteeedimensional vector, several color spaces have been established in a
threedimensional space. These color spaces include CIELAB, CIELUV, RGBCYCMYK, HSV. The

color attributes of both CIELAB and CIELUV are derived from the tristimulus valued.&BEvas

originally developed to compensate for the perceptuailumiformity of the CIExyY color space and the
interpretability of the XYZ color systems. To solve the agoriform visual scale of the relative luminance of

the related colofl 3], CIE 1976lightness L* is defined as:

0 pp¢— po (22

where® is the relative luminance of the reference white, which in most cases is represented by a perfect
reflectingdiffuser butmay also be defined for a region showing the highest luminan@monitor, or the
best available reflecting white object, eawhite paper. In the CIE XYZ system, the,¥n, Z» of the

perfect reflecting diffuser are measured or calculated to ensure a1 00. This noHdinear transformation
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enables the increment of the perceived lightness to indicate the same step incretherif pa, and b
scale Accordingly, d and B values are defined as:

a’=50C @fd T - T T (2.3)

b* =200 &I T - ¢TI T ] (2.4)
whered® , & andd arethe tristimulus values of the reference white. E3jald Eq. 24 alsoneed to satisfy
the condition of Eq. 2.

Busin et al[53] propose&l grouping the most classical color spaces into four principal families that
are further divided into subfamilies. FiguBel 3 distinguishes these four main families by four main
rectanglesperceptual spaces, independent axis spaces, primary spacegnarahicechrominance spaces.
The primary color spaces agstablishean the trichromatic theonyfihese color spaces inclu@E(RGB)
color spacg54], sSRGB color spacfs5]. These color spacémve been widely used thevideo, image
acquisition, television display, and image printindusties Different TV signal transmission standards use
different RGB color spaces. For example, Negional Television Standards Committ&&l SC) standard
uses the'Y , 'O, 6 ) color spacéased on the Federal Communications Commis$@c) primaries; the
phase alternation by lin®AL) andSéquentiel Couleur A Ménoire BECAM) standards use th&/ (0,6 )
color space based on tBeropean Broadcasting UnioBBU) primaries, and SMPTE standard uses the
(Y, "0, 6 ) color space based on tBeciety of Motion Picture and Television Engine@MPTE
primaries.These real primary spaces are obtained from the gamma correction of the television signals,
which compensates forthe novdarity 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 cob#tteent
standards apply different gamma correction coefficigrasthe NTSC standd used in North America
televisions,the correction coefficierd i s s Ehese teal pribvan?2color spacssuld betransformed to
luminancechrominanceolor spaceby differert transformatiormatrixes.

Theluminancechrominance spaces separate the luminance component from the chrominance
component and include YC{€hrz[56], Y §5I7]fadbothersTheyhave a low level of dependency
between their color attributes. Perceptually uniform spaces such a&Bl&nd CIELUV belong to the

luminancechrominance family.
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The perceptual spacesdivide the color componentsinto luminosityahdsaturation and include
thelST, LCH,HSV, HSL, and other notations6, 58]and make the color bettsubjectively understood.
These color spaces have different degrees of releviagteesen their color attributes, compared to the
trichromatic color spaces.

Theluminancee hr omi nance color spaces (ILIA3PF9],isthevitya nc e,
color space thatas independent axes, where a priantg@mponent analysiPCA)method was used to

extract independent color attribste

Figure 2.13 Color spaces familf53].
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2.2.4 ColorDifference 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. | n 1AdahBE) it was foend itha eisually equal cdidifference
ellipsoids around different color centers vary greatly in size, sterpkorientation in the CIE xyY color
space. The inequality in mappingthe visual color difference to mathematical color space has caused trouble
in the color quality control processtheindustry. 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 (SN$&)] will be generated, regardless of color centemi@ctions.

Since CIELAB is a perceptually uniform color space, mamgstigations have focusedh models
in the CIELAB color space, including the CIEL*a*b* color difference expressed by Euclidean distance
between two colors, denoted YG . Based on this formula, proposed in 1976, CMC [8€) , 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 fosfe6ie68], it has

limitations in the blacK69] and bl [70] region.

2.2.5 Color Appearance Models

In Section 2.2.3, several perception phenomena were described that indicate several patfzahesed
influence the color appearance of a stinglincluding the stimulus itself, proximal field, background, and

the surround. The stimulus is the targetor, and it is usually withir2° field of viewing angle. The
proximalfield is the adjacent field which extends abolin2all directions of the stimulus. The background

is the outside environment of the stimulus which extends abduield of viewing angle. Thesurrounding

is the field outside the backgrourractically thesurroundingsould be the environment where the image

is viewed. Regardless of the temporal effects, these four elements are essential spatial consiguration
modeling the color appearanfds3, 7111 n 1 9 9 1,  Iirst showked that theredisya 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, uncoretddegrefer to

the colors that are viewed in isolani from other colors (such as solid colors or colors viewed in the aperture
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mode) There are no color appearaséer these colors since appearance could not be measured in isolation

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

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

CIE Technical Committeed4 [72] defined a color appearance model as any model that includes the
predicors 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 predictdiggbtness, chroma, and hugased on the physiological
fact of adaptationincluding pupil dilation/constriction, redone transition, receptor gain control,
subtractive mechanismand highlevel adaptatiofl8], any chromatic adaptation processasisidered as
the adjustment on cone response signals. Hence, the von Kries M8felhich haslaid the foundation for

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

Eq. 25:
0 KT | S |
b =m0 myp (2.5)
Y T om0y

where the L, Mand S are the cone respon{Qs0® and™© are the coefficients for adjusting the sensitivity
functions of conesandd FO Y are the adapted cone responses. The idea was proposed based on the
observations from a symmetric matching experiment depicted in FigudeThé experiment proceda

involved the observas asked to use each of their eyes to view a color stimulus under different adaptation
conditiors, generated by the two different illuminations on two different uniform surrimgadThe observer
was asked to view the color of temulié _) by theleft eye and match it by adjusting the red, green and
blue primaries on a spetewed by their right eyes. The result of the experiment is expres® _h

6 _)andd _)are known as corresponding colors. Based on thereation that th@

0 W& ® _) O hasthesame appearance, it was deduced that color change caused by adaptation could

be explained as the adjustment of the spectral sensitivities of the[@@hes
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under illuminant E?

Left eye

Adaptation Condition A®
under illuminant E°

Figure 2.14 The asymmetric matching experimgnig].

4

Since then, several color appearance models have been developed, including CIECANI97s

which can predict a wide range of adaptation, surroundJanghancedependent effest The CIECAMO02

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

found that the CIECAMO02 has some limitations in the image processing ofraedia color reproduction

applicaions,leading tothe evolution of the new model CAM16. To solve the problem caused by the

appearing negative values of achromatic signals in CAM02, CAM16 used aangtespace for color and

luminance adaptations rather than two spaces in CAM02. CAsTdBo proposed to be applied for

chromatic adaptatiofv6].

2.2.6 Psychophysical Assessmenif Color

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

ef fects.

Il n p oppychblaipale d b letcu rse o,f

fictoneo r O

S

assumed

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

factors. However, some sources extealdcpsychology to a branch of stuthatpostulatesthat color has a

range of psychological or behavioral respor3&$. Different psychophysical methods are applied in color

30

t

(0]

be



psychology studies to evaluate the performance of color difference and color appearance models. Moreover,
when evalating the cologuality of productsgspecially the color difference and color appearance
difference between the standard amlolatch various psychophysical assessment methods are involved.

Here we introduce two commonly used methtameasure quantitave perceptual color differences.

2.2.61 Gray ScaleMethod

The Gray Scale method uses a seriesobframatic sample paifer scaling the visual color difference. The
achromatigairs in thegrayscalemay beindexedfrom oneto a certainntegerto obtain a numerical scale
from the observerdhe color difference of thgrayscalepair variesaccording taher index When te
samplepairis presented to the obseryéne observer wilcompare the color difference between the sample
pair with that of the differengrayscaleairs andletermingheindexof the pairwhich hashe closestolor
difference with that othesample pair. If the perceived color difference of the sample pair falls in between
the two anchor pairs, the observer nigermineanappropriatelecimalvalue[78]. The numerical
grayscaledata can be converted into visual differeslog using linear or nofinear regression methed
depending on the color difference of traypairs.ASTM D261612 provides the procedure for visual
evaluation otthecolor difference osamples by grayscalg79]. In this method, the assumption is that the
total color difference could be evaluated in terms of an equivalent lightness differmweve, this

method is not applicable to the precise evaluation of thelightness, or chroma difference. The CIELAB
w 'O “between the grays for each of the anchor painichranges fronD to 13.6unit is scaled to integer
gray scale ratings from 5 th respectivelyThe larger the numerical value, the smaller the color difference
perceivedlt should be notechowever, thathe color differencés not linearly scaledmongthe nine gray
pairs, and it increases as the numerical value decreases. Lk B3616-12, the American Association of
Textile Chemist and Colorist (AATCC) evaluation procedure one (EP1)thegsay scalanethodto
evaluate the color fastness of textilBsay scale method is widely usedtiretextile 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 meth@cai®th
the referencgraycolorpairis presentedesidethe sample paiThe observer compaséhe color difference
of the sample pair with that d¢lie gray colopair andjudgesif it is smaller or large Thejudgmentcould be
consideredaspass/faikince the response is binaBased onhe binary responstgit or probit[80]
analysiscould be usetlo develop the color difference tolerance ellipg@i@]. Various studie$31]i [84]

haveused this methotb analyzehe experimerglresuls frompsychophysical 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 B,lthe digital image formation in a digital still camera could be modeled as
follows:

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

1 Thefitered energy goes through the Bayer color filter array;

1 The refiltered energy igeceived by the chargezbupled device (CCD) array;

1 The analogo-digital signal converter (ADC) quantizes the received energy according to

the bit specified; and

1 The scanned bitmap is recorded as the digital image.
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Figure 2.15Image acquisition process in a digital still campia].

After digitization, several processing steps are conducted to output an image for the user, involving
dark noise removal, neaniformity correctiondemosaicking, white balancing, appearance adjustment,
compressionand formatting. The general digital image processing pipeline is depicted in FigéreA2.1
demonstrated in Figure 25 nd Figure 2.6, the automatic control mechanisnteractswith theBayer
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 agposetr underexposed. The
exposure control relies on the chaex@ation 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 brightelst ptkéhe darkest pixel in the
image is also measured during the exposure control prgéé%sHigh dynamic range imaging techniques
are applied when capturing outdoor scenes to make the spatial details in
darker areas become distinguishable from blacid these in bright areas become distinguishable from

white [85]i [87].
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Figure 2.16 Digital still camera image processing pipeli8&].

Compress and Store

As depicted in Figure 26l the raw data obtained from teensor is being preprocessed to remove
the noise and other artifacts. Defective pixel correction is applied to prevent cdikéettrors, which may
appear after demosaickif@g]. These lost pixels are estimated by interpolation based on the neighboring
pixels. Spatial uniformity correction is applied to elimingbe noruniformity arises frontheillumination
geometry, camera operating conditipaed the measurement environmémtis impossible to anticipate

The human visual systeocanma p fiwhited colors to the sensation o
hasa different radiance when it is iluminated with different light sources. Cameras need to be trained to
mapthewhite point under the capture illuminant tbewhite under the viewing illuminant. One way of
performing white balanceis to assume that a white patch mustinduce maximalcamera responsesin the three
channelsThe whitebalanced image is formed by dividing thalwe of each pixel by the maximum in each
channelThe secon@pproach is tassume 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 pixadnpefficiens™Q andQ, where
=0 Y andQ ="0 /6  8Thethirdapproachisto correlate the problem with ilumination
estimation, once the illumination is estimated accurately, the mapping from the actualilumination to the

standard illumination in the color space will achievgroper white balancg6].
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Demosaiclng is the process thastimatesheunmeasured color componeanformationof the
pixelsin the neighborhood in the color space of the camigra.goal is to obtain color accuracy and high
spatial resolution by interpolation. Aftdemosaickingwo steps are involved in the color transformation
process:

1 Transforming from the camera color space (R@8}he unrendered color space (RGBjhich
mapsthe data captured by the sensor in the color space of the camer€lte @B color space;

(RGBY). represents theolor space othecamera and (RGB)epresents th€IE RGB color space;

1 Transforming from the unrendered CIEXYZ color space to the sRGB color spaces(RGB) is

an 8bit data defined by the ITHR BT.709.3standard89]; (RGB) 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, thetensity 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 CtBloAcalibration process is required to

map the colors obtained from the devibependent camera response to colorimetric values. To communicate
betweerdifferentdevicedependent color spaces, devisdependent spacgacludingCIERGB,CIEXYZ,

and CIELAB, are used. Major approaches used to transformorrect colors include matrizased
transformation and muidimensional lookup table (MLUT)based transformatiof®0]. The former

approach includes searching fothtaeex threetransfer marix or polynomialfunctions to obtaithebest fits

that generate the least square error. MLUT is anothertechnique whereby the colors are transformed based on
interpolation and extrapolatigd6]. Apart from these targdiased color calibration approaad) there are

some modebased approachgscludingthe Wiener Estimation methof®3] andthe pseudeinverse

estimation methoP4]. These models focus on estimating the speatfiectance of the colored objects.
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2.3.3 Multispectral Color Imaging

Spectral imaging, also called imaging spectrom&by, [96] or imaging spectroscod®7], captures images
in multiple wavebands across the electromagnetic spectrumdimensional spatial information and
spectral information are combindéto the output, commonly referréd asa spectral data cub88].
Consequently, a data cube can spdtimlap an object in the image as well as provide its spectra for further
analysis. Spectralimaging enables people to detect the spectral signals of an object that exceeds the
sensibility of the trichromatic camerahich senses the world in three channels

Multispectral imaging (MSI) and hyperspectralimaging (HSI) are two major implementations of
spectralimaging systems. The differenetvieen them is the number of wavebands thaspeetroscopic
imagingsystem can capture. Generally, there is no dedinition to categorize an imaging system iato
multispectral or hyperspectral imaging systétis widely known that a multispectral imaging system
acquires tens of wavebands of the electromagnetic spel@B],nM09], while a hyperspectral imagingstem
acquires hundreds of narrow waveba fid30]. Figure 2.7 illustratesthe imageacquiring process using
multispectral imaging and hyperspectralimaging on a camouflage fedsjectivelyThe number of image
frames ofthehyperspectral imaging siam is larger than that of the multispectral imaging system.
comparisonthemultispectral imaging system is more flexible and portable at the cost of low spectral
resolution while thehyperspectral imaging system gains higher spemslution. It serves as a commonly
accepted tool for colorimetric measurement in terms of color measuréh®dit[102] and color
reproduction102]. A recent papereported theeprodution of accurate colorimetric images usiagLED-
basel multispectralimaging systerfi03]. In their study, th@authorsdemonstrated an imaging system
consisting of a monochrome camesadmultiple LED illumination in a diffuse reflecting chamber that
produces good color captur eEo ThissysemscorepoddofddLEQsual ity me:e
andclaimed tooutperform thdrichromaticcamera systems.

Moreover multispectral imaging system is used in remote serj$ing], [105] medical imaging

[106], [107] food inspectiof108], culture and heritadd 09], agriculturgl05]and many other areas.
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Figure 2.17 Image formation process tfiemultispectral and hyperspectral imaging system

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

ilumination. The former splits light analcquiresmages under different filtering condition. The latter

creates a series of illumination conditions and amegumages under different illuminations.

1 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 fifE01, 110] As shown in Figure 28, the
optical sensor is installed behind the filter whaeld collectsheoptical signal in a time sequence.
Switching optical filtes either mechanically or optically requires a time span to finish the-time
sequentialacquisitigithereforethe 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 reseasdmMeatigated the possibility dhe
construction of the multispectral filter array (MSFA), as illustrated in Figut® g) In

comparison with the Bayer filter array of tR&B camera system shown in Figuré2(a) the
MSFA sensor hamore than three color filters with specific pattern. Each of the piselbtains the
fitered signal from a different color dhefilter. Although the MSFA camera requires a
reconstruction process to recover the degspatial resolution induced b sparsity of a single
color filter, it reduces the dimensionality and the weight of the traditional multispectral camera

[109].
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(@) (b)

Figure 2.19 Filter scheme (a)cheme of RGB color filter arrafp) scheme of a multispectral filter array

1 Tunable ilumination
Apart from creating variable light transmissions by optical filters, researchers also applied
similar principle to the illumination structure. Generally, a tunable iluminant createacent
light on the object waveband by wavebaAdegular monochromatic or trichromatic camera
captures a single frame tifeimage under each illumination, as illustrated in Figur®2/®ith
the wide range of wavelengtbs$ light-emitting diodes (LED)available a more flexible and
practical solution for implementing a tunable illuminant has been offered, whicthéas
advantages of convenience, higher brightness, higher energy efficiency;lbstgey emitting
lifetime, no requirement for warm staup, and being controllable in brightness and color. In
comparison with the optical filtering attachexthe camera sensor, the tunable illumination
technique reduces the requirementlodoptical configuration of the camera unit, and therefore
more approachable to most cameras. Meanwhiles@&vsitivity in the blue region of regular
cameras can be improgdy increasing the light intensity of individual light working in that
spectral region. This solution is more applicable thduse circumstansgsuch as light booth,
than outdoor measuremen®nedisadvantage of thieinable LED illuminatiorsystem $ that it

requiresa limited sample sizmside the ilumination chamber.
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Figure 2.20 Scheme othetunable ilumination system

1 Others
Apart from the two majorimplementation methsad multispectral imaging, other technologies are
alsoinvestigated by researchers, including tunable ssnusimga transverse field detect11],

singlebucket detectofl12], phasechange bangbass filter§113], micro-optical systenjl14].

2.4 Color Image Segmentation

2.4.1 Image Segmentation Methods

The history of segmenting digital images éstiack 54 years add 15]. Imageis a medium that carries the
information of realorld scenes andccelerates the speed for human beings to know about the world. To
achieve accurateetailsfrom images, researchers have developed many techniques. As depicted in Figure
2.21, these techniques haeenerged in general image engineeffibyy6]. This framewrk 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 bdivides the image into constituent parts and extractag¢lcessannformation from the

input image. Inreal image analysis applications, the accuracies of many other tasks depend on the accuracy
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of image segmentation resg/lincluding object represertian and description, feature measurement, object

classificationand scene interpretation.
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Figure 2.21Image engineering and image segmentd1iaf].

The first image segmentation technigugpeared in 1965, when the Roberts operator, which is used
for detecting edges between different parts of an image, was introfliLicEdDetectionis considered the
first step that decomposes the images into constitutional components. Many techniques havesinelved
then

The image segmentation problem could be stated as the partition of an image into reigjoirs
that share similar propegs, and the union of these regions could reproduce the originalimage. In 1976,

Zuckeret al. [114] proposed that under the definition that an image is represented by R ,avtteRi =1,

2, én ar e -ethptgregmnsoftR, tmesemegions muspexs the following conditions:
1.z Y WM
2. For all i Y is a donnecPed region; n
3. For i = 1, 2, "n,TRUEE must have P (

4. Foralltheiandjwherei j, P(Y " Y)=FALSE whenY and’Y 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 disj@dtThethird condition satisfies the criterion that the regions are
connected. PY is a logical uniformitybased predicate for allthe elements in"6eP (Y = TRUE fif all
the pixels in'Y have the same or similar values, andyP ( FALSE othewise. 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[E{@]sthe development of

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

review of the evaluation methoiihe first level focusson developing the algorithms that work for different

images. The second level fo@son evaluatingthe performance of these algorithongetermine if they are
appropriate in various applications. The third level fazon systematically studying different evaluation
criteria, procedures, advantages, and disadvantages of these evaiuettims. In the following sections,

only the first and second lewalf studies are discussed.

2.4.2 Classification of Segmentation Algorithms

The classification of the segmentation algorithms ¢teesngedas the number of algorithnig sincrease.
Therefore, a series of classification schemes of the segmentation algoritheesviodved. In 1981, F{119]

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

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

clustering technique is one of the region extractdgproaches. Afterward, in 1993, Rahl.[120] proposed
a scheme that classifies the imaggmentation algorithms into six groups
1 Thresholding;
1 Pixel classification (including relaxation, Markov random field and neural networks)
1 Range image segmentation
1 Color image segmentation
1 Edge detection
1 Methods based on fuzzy theory (including fuzhyesholding, fuzzy clustering, fuzzy edge
detection)
It is obvious that the above six groups still overlap with each other. In ZifiZzalezt al. [121]

proposed that discontinuity and similarity of the gray intensities are two complementary peopiettie
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gray images. Therefore, the traditional image segmentation schemesthat mainly investigate the discontinuity
property are classified into edf@sed onesnd the schemes that mainly investigate the similarity property

are classified into regichased ones, as shown in Table 2.1.

Table 2.1 Comparison ofthesegmentatiorscheme

Scheme Assumptions Extracted Characteristics

Edgebased Adjacent regions represent different objects pres The discontinuity of pixel intensities

analysis local discontinuities of pixel intensities at the in the spatial domain
boundaries

Regionbased The egion is a subset of pixels that share simile The similarity of pixel intensities in

analysis properties thespatial domain

Itis obviousthatthe above classification is condueteaitop group levebnd there should be sub
groups in each of the categer For example, the thresholds could be obtained both from the-point
dependent and regiethependent techiques,depending on the way of generating thresholds. It could also be
divided intotheglobal technique or local technigldepending on the application rang22]. In 2002,

Munozet al. proposed a thresholding method that combines regimhboundaninformation. In 2004,
Marcello[123] applied the thresholding techniques to the remote sensing imager. Based on these various
applications of the thresholding techniques, in 2006, ZHah@] divides the global thresholding techniques
(in the case that the thresholding is applied to the whole image) into the following categories:

1 Histogram shapbased methods (Peaks, valleys and curvatures are analyzed)

1 Clusteringbased methods (Background afiedeground are clustered into two parts)

1 Entropybased methods (Entropy of the foreground and background regions are calculated)

1 Object attributebased methods (Measure of similarity between dgagl images antheir

segmented images, includinilge number of objects, shape, edgetc.)
1 Spatial relatiodbased methods (Probability mass function models congiéeorrelation between

pixels on a global scale)
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Al't hough during the first three decades of the
algorithms, segmenting monochrome images have attracted much attention, there are few surveys conducted
on the colorimages. In 1994, Waseehal. [124] publisheda study about the colorimage segmentation
algorithms. In the study, there are pibelsed segmentation, regibased segmentation, and edgesed
segmentation. In the pixblased techniques, there are three main technojagidsding histograrrbased
techniques and data clustering techniques. In the rdgisedechniquesthere are region growing, split and
mergemethodsin the edgédased segmentation, there are local techniques and global techniques. In
comparison with thenonochrome 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, Soatam, e
2016 proposefll20]that the image segmentation approaches can be classified into classical approaches,
softcomputing approaches, and hybrid approaches. Classical approaches usually require some prior
knowledge regarding the image data to becpssed either in the format of the underlying intensity
distribution or gplyingappropriate parameters.

Unfortunately, the drawback of these classical approaches is that they are not able to handle
complex realife problems. Zadefi25]introduced fuzy mathematics as the first milestone to deal with the
nonexact situations, providing a method to address vagueness, uncertainty, and impsssohthe
problem source. Machine learning techniques convert the computing drewi@n intelligent erity.

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 basedhdIN, including Perceptron, Sedrganizing Neural Network

( SONN) , and Kargahizongy Map GOM)SApdrtffrom the neural network and fuzzy logic, the
Genetic Algorithm (GA) has been reported and found to function well in classification taskklitiom to

the evolutionary computation, fuzzy mathematics, and neural networks, Support Vector Machine (SVM) is
also regarded aswsefulclassifier[126].

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

limitationsin solving complex problems individually. Gradually, researchers found that the combination of

44

50



several segmentation techniques wopddform betten complex scenarios, thus evolving the hybrid

segmentation techniqugk20].

2.4.2.1 Classical Computing Techniques

The classical approach uses the filtering and statistical techniques mainly, which includes thresholding,
boundarybased techniquesgionbased techniques;tkeans clustering, edge detection technique,
morphological techniques, and grafiteoretic 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 Setting thresholding values to partitior  Overlook the spatial relationship, not
Thresholding pixels working for segmentation dfigh-

dimensional image or blurred image
Edge Detection Searching for the discontinuities in the Require edge closing step, could not fir
image intensities the solution when the same set of pixe

are not adjacent spatially, pronedeer

segmentation

K-means Clustering Classify pixels based cmgiven number Require the knowledge @fienumber of

Method of clusters and Euclidean distance clusters, sensitive to the shape of the d.
measure distribution, sensitive to noisy data

overlooksthe spatial separation

The following subsections will focus on the review of the thresholding, edlgsed, regiofbased

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

i. Threshold-based Methods

Thethresholding technique mainly assumes the pixel values within a specific range belong to the same class
[123]. Zhang122]and Saho¢123]found that thehresholding techniques could be classified based on the

determination method of the threshol881ce the threshold is a function in the formTof T [, y, f (X, Y),
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g (x, y)], where f (x, yrepresents the gray level of a point locate@ay), g(x, y) represents the local
properties of thipoint. Under the situation where T only dependg$(any), the technique is considered as
thepointdependent thresholding, while under the scenario whetepends on f (x, y) and g (x, yhe
technique is considered as the regimpendent thresholding. These local properties, denoted by g (X, y),
mainly includesimilarity 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 thair@ng are assigned to another segment

Thresholding techniques make decisions based on global or local pixel inform&tien.applied
to the monochrome images, they are useful when the intensity levels of the objects are distindguighable
those of the backgrounthisresults in a prominent bimodahedimensionhistogram. To color images,
they are often in thredimensional bands oiidgher dimensional banghence selection of a global threshold
is a difficult task. Researchers either combine the thresholding techniques with other teclri#ig@{j¢$28]
or transform the 3D histogram tdower-dimensional surfacf 29], 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 feature® dimwback of thresholding techniques is that it ignores
the spatial information, and it is prone to creegdundanpeaks in the histograms for separation of images

when there are some blurred region boundaries.

ii. Edgebased Methods

Edgebased methods assume that pixel intensities change dramaticaklyedgés 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 ogé@itpiBhrough detecting

edges, th@ixels of the images are categorized into the edge anekdge pixels. Afterward, a region

extraction process is conducted by the chaining scheme of edge pixels. This step assumes that the detected
edge pixelswhich represent the boundaries of the regiame wellconnected132]. The main drawback of

these methods is that the detected edge pixels do not enclosergX88ip which requires further edge
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closing step®eforeobtaining the closed region boundaries. It is difficult for blurred andynioiages to
form closed contours under edge detectors.

In the area otolorimage segmentation, edge detection has been applied to some existing image
segmentation approach@s4]i [136]. In thesestudies, researchers found that when dealing with ndtura
images, the spatial scale playsitalrole in detecting edgetowever, applyingmall scales generate edges
from noise and clutter of the images, which are not desirable. These redundant edges lead to over
segmentation. Baris Sumengetral. [134] proposed a multscale edge detection method to improve the
segmentation quality of naturalimages. Most color edge detection methods determine the coloratges
of three ways:

1 Fuse thébinary edgemages by the analysis of singlelor component images

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

91 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 Zen4&37]. In the literature, they used a variational function to represent the gradient
module, which is calculated based on the migsqdared mdule of the partial derivative of the singlelor
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 gradierdiasadoedge
detection are influenced by the color space |58d

Not only can the output of the edgased methods be used to segment the images, but the edg

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

iii. Regionbased Methods

The regiorbased technique classifies pixels into homogeneous re[diB8% There are mainly three
techniques used in this category: region growing, region splitting, and region merging. Like thmedde
methods, these methods assume that the adjacent pixels in the same region share similar features, including

gray intensitiesand color attributes. In regiegrowing and regiosplitting techniques, the original image is
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divided into a set of homogeneous selgions.The region growing is a process that sequentially merges
neighboring pixels of similar colors based on the featofehe initial seed pixe[@39]. 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 fuing $kig next pixel.
This repetitive process stops when some criteria are satisfiggeverthis process tends to be over
segmented140]. Therefore, region merging is applied afterward. If the colors of the two adjacent regions
are closeenough, then the two regions are merfjet1]. These merging techniques generallybased on
color homogeneity, while some othmethods aréased on color texturgst2].

In the color image segmentation where the RGB component is used, the smoptegieneity

criterion based on the Euclidean metric is describedyir?B:

YooY "0 O 6 o d (2.6)

where R, G, and B represent thdarattributes of each pixgV, ‘dhandé represents thaverage color
attributes of that region, d represents the thresholding distance. This rule coulé alsplied to various
other color spaces.

The region growing technique is categorized ititeseeded region growing and unseeded region
growing. The fomer starts with specifying the chosen pixalhich areregarded aseedseachseed
represents a different regipand all the pixels in the image are assigned to each region. The average colors
of each region are updated after a new pixel is assignadegion the unassigned pixels are compared with
them. Different algorithms have different criteria for assigning the pixels, and the seeds are manually chosen
in the interestdregions. In the 1990s, Adams and Bischof used the seeded region growiregsegom
methods in SRGB color spaf#43]. However, the selection of the location of the seguisportant to these
approaches, which will influence the segmentation result. Since choosing the seeds randomly is risky,
especially for a noisy image, sorsgidies suggest choosing the seeds based on some preprocessed features
of the image, including Voronoi imad#44], visual attention pointd45]and histogram analy<i&46].

In contrast, the unseeded region growing metioeks not requiramanualselection of the seeds. It
starts with random seed$47]and processby assigning each pixel its label and by scanning from top left
to bottom right. Then the pixels located in the fgonnectivity neighbors or eigitionnectivity neighbors

areexaminedf 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 pixelis included inr¢lg®n. This approach is often used as the pre
segmentation step in some tasks, and it hgts éfificiency in solving complete image segmentation tasks
when combined with edge and gradient information, such as watershed segmdt#&joactive contour
[149]and some existing hybrid approaclig36]. In 2010 Tandl150] proposed an autoatic 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. Healey151]proposed a weigetl average unseeded region growingthodto solve the problem

of undersegmentation.

The regionbased methods have incorporated sp§ti&9]interactions between pixels. They
require some prior knowledgmcluding global color feature extractipto obtain the appropriate
parameterdncluding initial seeds, growing thresholds, and stopping catérhe selection of the pre
defined parameters is important in these methods. Regarding colorimage segmentation, the selection of the
operational color spaceasvital factor to considrsince the distribution of the color features of the pixels,

for exanple, noted a¥d(x, y), "Q(x, y), 'Q(x, y), influence the growing procedure.

2.4.2.2 Pixebased Techniques

Pixetbased techniquesethe method that ignores the spatial information of the color images and uses data
clustering or classificatiorethniques based on the color featulf¥s, y), "Q(X, y), "Q(x, y). In this section, a

review of several commonly used pixs sed techniques is introduced.

i. K-means Clustering

One of the most commonly used pixel clustering techniquestieKn<lustering. It was proposed in the
1960$148], and the processf colorimage segmentation is described as falow
First, a cluster number K and the initial cluster centers are input, as std&iqda.
C1y, C2, & wiered = [YROM ] for Q= phgh8 hQ 2.7)
The initial selection of the number of cluster K regsiseme prior knowledge. Contrary to
supervised learningvhere we havée he ground truth to evaluate the model ¢
analysis does not havergliableevaluation metric. There is no ground truth K without prior knowledge. The

choice of K is usually dependent on the desired clustering resolution of theatalaa situation where K'is
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not apparent from prior knowledge, some evaluation methods could be used to select diffbeeseden
the segmentation resul®ne of the commonly used methods is the Elbow mefhs2)]. This method is
searching for th optimal K by minimizing the total withigluster sum of square (WCSS), which measures
the compactness of the clustering. The Elbow method requires conductingrkaks clustering by using
different Ks. The optimal K is determined when the WQB®snotdecrease too much.

During the clustering process, each pixelis allocatatieéclusterd with the closest cluster center
with a predefined metric. The predefinpdrametecan beheEuclidean metric and the citylock metric.
For each pixel x, theriteria of membership to the clust&rduring thet th iteration is stated in the ER.8.
wN 8 & v lQ pigB AQ phQ pMB Ath @ 6 ¢ A 6t E (2.8)

In the process of the iteration, the arithmeticalmeans of color attributes of the pixeldrizgiorige

cluster is calculated as folis:

6 ¢ p —B, (2.9)

where thd) £ is the number of pixels itheclusteré after n iterations) is the R, Gand B values of
each clusterp is the R, G, an® values of the pixels belonging to that clusier

The stopping criteoin is that the difference between the new cluster center and the old cluster
centeris smaller than some threshojdis stated in Eq. 201

I'Q piclBRQ A ¢ p 6 ¢ & (2.10)

This criterion indicates that theageno more possible changi® the clustering result, as well as
the withincluster variation. It could be deduced from the above process that the segmentation result of the
K-means clustering geends on the initializations of tloduster centers, which could be specified either
manually or randomly.

In colorimage segmentation, pixel clustering is usually conducted in thedmemsional color
features, for exampjeoted asQ(x, y), "Q(X, y), Q(x, y) if using the RGB color spac8me methods
modify the clustering techniqui$b3] by increasing the dimension of the feature space, introducing
geometrical coordinateandthe gradient of colar These methods either increase the dimensionality of

Qnp G oGy e GO in a multispectral imaging system with k spadtsands or add local features

"Qaf 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 distantemeangequires thatthe data poirftsseparale using the same distance
measure For example, Wen tre datadistributionis not inanequairadius sphericadhapeK-means
behavain a nonintuitive way, even when clusters are very cleaigually identifiable It should be noted
that Kmeans uses distance measures #ranot necessarily a sphere and candag; an ellipsoid instead.
The clusters do not have to have thesandeirai s but need to be fisepaMsabl ed usi
illustrated in Fig.2.2, the Kmeans clustering result does not correspond with what we eeghect

Considering the CMC color tolerance ellipsoids, the data distribution of two colors may tesemb
theyellow and orange data clusters' sh&pEig.2.22. In this case, eveif a perceptually uniform color
space is selected as the feature space to cotttestgmentation, 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 Clusteringresult obtained b¥X-means(right) for synthetic elliptical Gaussian data (I4f5y].

ii. K-Nearest Neighborhood Classification

In comparison with the unsuperviseenkeans clustering, Fag-C-Means clustering, earest neighbors is
a supervised clustering method that classifies new pixels based on #hbgexl data. The KNN algorithm

assumes similar data existgnoximity. The number K stands for tleenountof nearest neighbors to take
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vote from. For an unknown data point, it first finds out the k nearest data points from-tabglerl data set

in the specified feature space, then it votes for each class that has appearédriedinest data points and
assign the unknown data poio the class that has the highest vote. To specify the distance measured when
defining the ,dsswmalmetscscouldeée gsedbirzluding Euclidean distance, Manhattan
distance, and Mahalanobis distarjtg5]. The optimal K could bdetermined by segregagthe training

and validation data from the plebeled data by minimizing the validation error.

The selection of the feature spaceriscialsince it maps the features to the labels during the
training process. Guret al. propogd a KNNbased segmentation algorithm for segmenting flower images
and the texture feature of the flower images is seleld®@l]. They used a thresholding technique to obtain
the labels for the training image. Vroometral. [157] applied KNN in segranting the MR brain images by
training themodes$ by nonrigid registration. Both of these methods used agtassification algorithm for
generating labels on the selected feature space.

Aside from the feature spacelectinghe prelabeled data alsolgpys anessentiatole in the KNN

classification. The prabeled data sets should be carefully fitered to eliminaténtieefering data points.

2.4.2.3 Other Techniques

Other image segmentatid@achnologies are composed of AN olutionary computatiorand
hybrid methodsSeveral ANN networks have been built to solve classification problems: Percfg@6in
Hopfield network[161], Ko h o n-ergabizngmap (SOM)[162], Radial Basis Function (RBIF).63],
Self-organking Neural Network (SONN)andSupport Vector Machine (SVM164]. The neural network
has an input layer, one or more hidden layaml an output layewhichiscomposed of several neurons.
When it is applied to colorimage segmentation, the pixghefimage is input as the neuron in the input
layer,and the output layer is usually the predicted label of that pixel. Perceptron ngthackpropagation
networks, and selbrganizing maps are frequently used in image segmentation tasks. They have the
advantages of a high degree of parallelism and a good dfoilityhe approximation of the problem, good
robustnessandinsensitivity to data noise. However, they suffer from the problem of high computational

cost and overfitting of the training processhie data is trainetinproperly.
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Theegnetic algorithm (GA) is another evolutional

evolution. The three operations in GA, including selection, crossavelrmutationoperate togetherto offer
the phenomenon dheevolution 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 probite or difficulty to formulate a problem. When they are applied to image
segmentation tasks, the main application is that #treyused as function optimizers in existing segmentation
algorithmg[165].

Fuzzy Cmeans (FCM)157]is a popular clustering tdnique used in colorimage segmentation
tasks. Unlike the Kneans 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 noisg.58]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 palsh do not belong to any cluster,
and the membership functiai them to any cluster is small, the sum is still considered as 1, which leads to
the classification error.

Hybrid approachemke advantage of different segmentation techniques by combing thexi02,
Tobiaset 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 minimunich is a relative minimum within some
neighborhood. Their results have shown good performance for both bimodal and multimodal histograms.

In 2010, Yuet al. proposed a hybrid approh§l58]that combines the ant system (AS) algorithm
with the fuzzy emeans (FCM). This approach clustered the titieeensional data pieces in tR&B color

space. The ant system (AS) algorithi®6]is a naturdanspired algorithm to solvéheoptimization problem.

The artificial ifant so pefindecandngathes all pdssible sotutoms|andthpet | ma |

more fAantsodo |locate a b e tThiehybridappraathiisapplied forinteligent | at er
initialization of the cluster centroids. Thus, it endows the clustering adaptively. Thislmybthod 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

approachesincorporate spatial information, which considers the local texturelanfeaturesWanget al.
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[144] proposed a hybrid method that modified the FCM by incorporating spatial information with the gray
values of the pixal It utilizes the local contextual information attte high interpixel correlation inherent.
Firstly, they established a local spatial similarity measure model. Secondly, they used the model to
determine the initial clustering center and memberstop the weight function in the FCM algorithm, to
minimize the cost function, the membership funetihould 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 intpixel correlation inherent. This proposed mealhtas been
proven to be faster when segmenting thaisy images, have higher region consistency and region contrast,
andlower region ambiguity than the other methods.

In thearea offabric colorimage segmentation, the hybrid approaakapplied more thn ten
yearsago. In 2002, Xet.al.[167] proposed a fuzzpeural network to solve the color identification problem
in printed fabric. In their study, a salfganizing map (SOM) neural network is first introduced forimage
segmentation. However, thegdnd that the transitional color between multiple clusters may cause some
erross. Since the memberships of these pixelsardbiguousthey may not be properly classified using
fihardo boundaries. They proposed tdrilgméethod awoulddbea |l wit h t h
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
belongingnessThemenberships of those pixels whose resporese®n the output neurororrespondo
the Avalleysd on the density map. These pixels are the
Based on the information of the number of clusters and centemalf 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
imai nd c othadmay notfgrma peak on the density map, the concept of directional filtering may
also be hglful. This method achieved a better result by applying the FCM based on the density map
generatd by SOM. In the case of transitional colors that could not form a density peakin the SONhimap,

method may help identify the gradient color pixels
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2.4.3 Evaluation of Segmentation Accuracy

As discussed in Section 224extensive research has been conducted in developing algorithms for color
image segmentatiotdowever, 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 teahttigues
1970sIn 1978, Ohlandegt al. [168] and Ohteet al. [58] evaliated the quality of color image segmentation
visually, and the qualitative evaluation of the color imaggmentation is considered the most reliable for
natural scene image segmentation at thaétitiu and Yang proposed an evaluation function in 1994 t
gquantitatively evaluate the image segmentation accuracy without the requirement of any predefined
parametefl70]. Afterward, Zhang et al[171]conducted a survey and proposed a hierarchy of the current
segmentation evaluation methatgpicted inFig.2.23. They divided the current segmentation evaluation
method intathe subjective evaluation and objective evaluation. In the objective evaluation category, the
methods that are focused on system evaluaidistinguished from the direetvaluation 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 methagithe 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 methdepending on Wwether a groundruth reference image is required

or not.
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Figure 2.23 The hierarchy of the segmentation evaluation mettibds].

2.4.3.1 Quantitative Analysis of Segmentation

As it is shown inFig.2.2%5, direct evaluations are categorized into analytical methodearpirical methods.
Analytical methods focus on evaluating the segmentation strategies; hence they are more useful for
evaluating algorithmic and the implementatjpmoperties of segmentation algorithfi§9].

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 ealuation methods evaluate the segmentation algorithms by comparing thimgesult
segmented image againsta manually segmented image, which is referred to asrgtbuitlis category of
evaluations calculates the similarity between the maebdgmentedmages and the humasegmented
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 bof8%hages
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Unsupervised mébds have the advantage of convenience since it is unnecessary to obtain the
groundtruth labels of pixels in the imagBome unsupervised evaluation metrissch a®© [172] and
Zen[173], utilize color informatiorto evaluate the segmentatiftiv2, 173] The former metric uses the
squared color error or color differences for each segment and is established on lirtth-tkegion visual
error and the interegion visual error to avoid the unésggmentation and oveegmentation problems. The
intra-regionvisualerror is defined in EqR.11.

B B f i
0 s 2.11)

whereE £: : : denotes the color difference in the CIEL*a*b* spa€iito denotesthé 0
color image;Qafto denotes the segmented color imagfewhich each region is filed with the average
color of the regiondQdenotes the threshold fdrevisible color difference, and(.) denotes the step

function in Eq.2.12.

. . _ ph Om
00 = i OEAOX EOA (2.12)
The interregion visialerror is defined in EqR.13.
B B
0 rr (2.13)

where'Yis the number of segmented regiobis, is the joined length between Regi@and Region
"and is zero when thegion is not connected denotes the normalizatiqgrarameter that is determined
empirically, "Qdenotes th&egioni in the segmented image, aff2denotes Regionin the segmented
image.

Using the metrics above, for a segmented image, a large value ofagioa visual erroindicates
somepixels may béncorrectlymergedand theimagemaybe undeisegmented. On the other hand, a large
value of intefregion visual erroindicatesthatplenty of boundary pixels may be mistakenly generated and
the image could have been oxsagmentedf a segmentation algorithm mesgaore regions togethdased
on the parameter/threshold settitite intefregion error decreaseshereaghe intraregionerror increases.

On the contrary, the intreegion error decreases while the iategion error increases.

These metris could potentially.
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1) Identify the intraregion/intracluster variance in terms of visual error; this parameter could be
used to evalu&tthe color homogeneity within one clusiethe segmentation of solid color
regions in the multicolored pattern

2) Identify the intesregion/intercluster variance in terms efsual error; this parameter could be
used to prevent the ovsegmentation ofome gradient color regions or determine the optimal
number of color seeds for the gradient color segments;

3) Comparethe performance between different segmentation map by comparing thegiotna

inter-region curve

2.43.2 Qualitative Analysis of Segmetation

Qualitative evaluation of image segmentation is by far the most widely used mBslyoHophysical
assessmertf the segmentation result is considered the grauntth against the result of the segmentation
algorithms. Since it is highlgubjective, the inteobserver variability and intrabserver variability of the
evaluation result may beignificant Besidesthe order that the observers view the results influence the
result as wellReliable resultsequirewell-designed guidelines fe@onducting the psychophysical
experimen{l74]andenoughobservers.

Most of the subjective evaluation of the image segmentation résoisinly focused orsemantic
segmentation sindlnehuman visual system has some interpretations for objectaatudal scenes.

Themost intuitivemethod is to generate the groutrdth resultsThe Berkeley Segmentation
Datasefl175]has500 color images of naturalsceneith human annotations forboundari€s.e observers
segment each of the imadg®g using the interactive segmentation tool. The collected boundaries are
regarded athegroundtruth of the imageontour detectiomesultsThe advantage of this approach is that it
consumes much time to gathbetgroundruth, and it would be biasedifondyf ew observersédé dat a ¢
treated as ground truth.

Another method is to collect the subjective evaluation scores of the segmentation results. Chen and
Wang[176]applied a stimulusomparison method to cqmare all the combinations of any two of the
segmentation results in terms of the perceived segmentation qualitgctignizedlegree of missing

boundariesand the perceived degree of fake boundaries. Sgkeeahe scales with a set of categories are

58



usedthe range is from3 to 3, where each of thiiscreteintegesr e pr esent s0fifmbe ht bett er
fisl i ghtol yi shoentifiselm gt IAywd wd& ms € h dhe oorreda¢ion between the
segmentation quality and the degree of missingndary ad the correlation between the segmentation
quality and the degree of falmundary indicate the segmentation quality hasong correlation with the
lower degree of missing boundaries and fake boundaries. The averaged segmentation quality scotks are use
as a reference to compare the evaluation metrics. The conclusion is that their proposedimigtns the
sum of the interegion error and intraiegion error in terms of color differengese most comparable with
the subjective evaluation of the segmentation quality.

Gathering the grounttuth of segmentation is difficult and tirmnsumingUsing the method of
stimulus comparison or providiregranking score is more approachable. Modgtine relationship between
various subjective rankings with the quantitative measure seems an extensible direction. In the area of
multicolored complex pattern segmentation, sincecttemp | e x hpundaties arbuzzys designing an
experiment of drawig boundaries does not seem feasible. Instead, a subjective evaluation of the
segmentation results could beveédped. These evaluation metrics could include the overall segmentation
quality of the segmented image in comparison with the original imageobeneity of the solid color
regions in the segmented imagedaccuracy of the segmented gradient color region boundahes.
correlation between the unsupervised objective quantitetiaduationparameters and these subjective

parameters could also beodeled.
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CHAPTER 3 . OCP CAMOUFLAGE SAMP L E ¥ISUAL 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 sésamples, 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. Instrumentalcolor quality evaluations of the shipped OCP samplesmg@ieted, 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 analgsat North Carolina State University's Datacolor Color Science Laboratory. Since
repeated assessments of the same samples were not conducted it was not possible to analyirgriter
observer variability in judgments. A limited monitbased visual ag&ssment 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 whichngluded 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 ietrple variability and its effect on establishingiable

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 thielfl of color science. Studies show that a set of color stimuli,
indistinguishable or slightly different from a standard color stimulysan be represented within a
tolerance volume, described by an ellipsoid in the CIELAB color space. Discriminafi@miments include
those with light stimuli by MacAdarfiL77, 178], Brown[179,180], and Wyszecki and Fieldt81, 182).

Inthese experiments, a standard stimulus together with a comparison stimulus was simultaneously presented
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on an achromatic surroundarker 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 indistinguishahied.
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 s8m(li, 8 i that scatter properly around
the standard stimulis 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 couldimthleefirst 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 aandard color stimulus ds and a comparison stimulusasvhere’® 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 thasubjective criterion is a latent variable
and can only be inferred not observed. I n the first 1t
judgmentsisdenotedasPandtht81i s t he percentage of the Aindistingu
The seond 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 pairi(, i ) and the other one is the target pairi( ). The visual response of this type is "whether
the color difference of the target pairis larger than a given reference difference or not". The observer
determines whether the difference betwdeni() is larger than that betweei (i ). The percentage of the
judgments where fAthe difference between the target pai
P, and 1P represents the alternative judgments. This type of analysis was used in a study by Rich and
Billmeyer [183], and Witt and Doring184]. 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 GuilforddaWarren[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 fijust noticeabled | evel
perceived color differences based on this type of judgrfiedi 190].

I n the method of constant stimuli, the observerds
responses (either pass or fail) form a characteristic civ’¥, whereo is a scalarepresenting 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 observeY(d) coud be expressed as the integration of a-dimeensional normal distribution as

shown in Eqg. (3.1), whereis the mean ang is the standard deviatida91].

YUY — Qhi— Q0 @3.1)

It should be noted that in this mode@bhecomes the discrimination threshold wiériY is set to
0.5, which is the threshold determined based on the acefut/ 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 assessmefit92-196).

Bern et al192] 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 sampest andé was counted respectively. The color differences, in terms oY @emetric, were
then sorted in ascending order for each category. Finally, the cumulative percentages were calculated
according to Eq.3.2.
6040600 GO QXTI "B )
0064000 QOQUWIp T & ) (3.2)

where@ epresents ohkswdgvation 1,2, ¢é,
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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 fadgments, the tolerance could be defined as the color

difference at a specifid 6 & 6 & 0O ‘Mh#&s been pointed out that in the case of-rapeated single

observer data, both failand pass samples should be analyzed to produce hdtiter res

The more statistically rigorous analysis of such binary responses can be done using logit or probit

analysis to develop a color difference tolerance ellipEb®8]. In another study Berr{494], used a near

neutral anchor stimulus pairof 1.02cetbi f f er enc e

units.

The

observersbo

provided colodifference stimuli were larger than (reject) or smaller than (accept) the anchor stimulus. The

frequencyof-rejection data for the observations yielded a sigmoidal responsddnnA maximum

likelihood modelwas then used to relate the experimentalresponse 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 dhe 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 thatestiof uncertaintiegl95]. The

binary observational data in this case are converted to visual diffemrgpby the logit function and

correlated against the CIE color differenceQusing different color difference formulas by logistic

regressio [196]. Similarly, to assess the color quality of printed multicolored samglesf stimuli can be
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correlated against theio OEstablishing the tolerance ellipsoids for the pass/fail visual acceptability data can
faciltate the division of data inttwo 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 instrumentedeasurements 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 vigyrimithe psychophysical
responses that are obtained from observers over the assessment period. To quantify the variability in visual
assessments researchers have examined theangkintraobserver variability in repeated trigs97, 198].

It has been found that the intebserver variability is typically larger than the intsaserver variability, and

the variability for both naie and expert observers can be 1§i@s]. It has also been found that the
observer variability in the evaluiah of color differences of complex multicolored patternsis larger than that
for the evaluation of solid colofd99].

In the analysis of OCP samples the pass/fail assessments were based on a single, unrepeated,
observation. For batch samples that comtadth 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 againstthe standard. However, it was noted tloatt@emay 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 asmuing that the pass samples with the largest color differences are near the visual
acceptability tolerance. However, since the expert assessments were not repeated; dradifrttar
observer variability could not be analyzed. Moreover, the instrumemgakurement of individual colors in
multicolored camouflage samples was also influenced by several factors, including the instrumental
variability, the sample presentation, and irseemple 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 Pa{&8f]) This patternis designed to
blend people and the equipment that utilizes it into different naturalenvironments by mimicking the shades of
the colors in these environments. The patternis comprised of seven colors, namely, brown, dark green, dark
cream, bat 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 patterximaypgyro
16 x 17 inches (height »width). The fabric is first dyed to a base color and is then overprinted to create the
full design. Inthe process of manufacturingthe multicolored fabric samples, shade evaluation is an important
step to control the quayi 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 falpie iycluded a reference standard which was
distinguished by a specific serial number. Although the QC expert assessors primarily evaluate samplesthat
are sent to the laboratory by various manufacturers for Pass/Fail judgments, they are also taskadho esta
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 samplesthat are evaluated for Pasdifrgdlin 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 thattolerances 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 establislby the experts are nonetheless provided to fabric

production facilities and suppliers as guidelines for internal quality control purposes.
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Brown Dark Dark Bark Light Tan Olive
Green Cream Brown Sage

Figure 3.2 One repeat unit of the OCP camouflggetern.

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 speaipndrie 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 balesh samp
Evaluations received from army experts indicate that differences in texture may have also contributed to
variations in expertsd visual tolerances for different
are smoother, i.e. are less textutddn 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 aontai

opaque layer that nearly blocks all light transmission through the fabric.
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3937 3905 3914

Figure 3.3 Texture representations of different OCP series; top row: the face side textures of different series;
bottomrow: 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 théasthrA "too full*
evaluation means the expert believes the sample has a snialledér 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 larfganter 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 beerpreted 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 80 , aswell as component differences DIDa’, 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. Therefosejoesuittinclude 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. Tales 3.1 to 3.4 show that the maximum color difference tolerance based on experts' visual
assessmentis3.MD unit for the brown shade (series 3900) and
The minimum tolerance is 0.640  unit forthe Ilght sage shade (series 3928 and 3936) and was described
as fitoo redo. |t can be noted that while the majority

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 yu' vés Yas YO 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 3.1The total and component tolerances provided for OCP series 3900 (continued).

=

Shade ¥ Yés Y YO 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/greer
-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 totaland component tolerances provided for the OCP series 3905.

=

Shade 5 ves Yoy YO Evaluation
Dark Cream -2.85 0.69 0.47 151 Full and orange
Tan -2.3 0.19 -2.2 211 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 totaland component tolerances provided for the OCP series 3928.

=

Shade G5 yes vas YO 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 253 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 andyellow
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 totaland component tolerances provided for the OCP series 3936.

Shade 5 ys v YO 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 14 -0.44 152 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 foreach of the measured seven color standards of the OCP 3900 series based on
the provided visual tolerances. The arrows in red repreébentectors composed oflaunit color difference
in each of the three directions in % h'epaClidion8 space.
could be 1 of1, thus for the three directiong 2 8 vectors represent different orientasauf 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 thatwhile some of the provided color difference tolerances do not exceed the
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boundaries of thellipsoids, others exceed the boundaries. Fig.3.4 shows thatthe 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 assecid”, gdgaan d * fapthe visual evaluation of the

batch samples. Based on the |Iimited visual data avail
tolerancesfor the colors examined in different orientations seem to vary. The visual tolgfteneraks for

each of the colors and series were thus compared. Fig.3.5 and Fig.3.6 depict the CIE76 unit spheres with the
closeups of the vectors shown in Fig.3.4. It can be observed that the magnitudes of most of the visual

tolerances exceed the boumiga of the CIE76 unit tolerance sphere.

For the dark green color from the OCP 3900 series, three subjective evaluation tolerances were
provided includingYd he fit58) fwhiohtoseranger (than bott
toleranceYO =1.38) and the N® o20.99)Farééolite coloefrom theGCP 8900
series, for instance, differences in toYOerunith)ces incl ud

the fitoo yellowd OVOl enanhfreapwhithh ifig ob. BOulunand redo (

tolerance which all exceed the boundary of the unit C
Yo = 1.60) for olive is largemdtteado tthel dirtaoroc e.r aThhgeeroe
specified tolerances for dark cream, and they all exce
and redo tol ¥oannetsexaeddss2the largest. While the fta

tolerances are below 1380 unit, the other tolerances are larger. Bark brown from the same series has

three specified tolerances which exceed the unit spher
|l argest tolerance, &oHl dwddnbpnif blluedandLbgbedsage hac
where the Atoo blued tolerance is within the boundary
exceeds the sphereds boundary. Tan haebotindaryroftekepeci f i ed
sphere. For the brown which has six specified toleranc
tolerance do not exceed the boundary, while the others exceed the boundary. It should be noted that for

brown the frtaomogefoultlo!amrd ¥ie eunt)slthe largestiamongall tblérances

specified by the army visual assessment experts. This
YO  unit). Since the number of marginal/fail samples for each color varies, some colors do not have

specified visual/ t'ipd @edmmsaadayiiniuercée furthér arplysis of the degree
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of agreement between instrumental measuremards/sual tolerances. Different samples may exhibit
varying levels of shift in different directions of the color space againstthe standard. However, the agreement
between instrumental measurements and visual tolerances in each direction can only beetkiferm
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 bgtge. Except for light sage, the remaining

solid colors have the fitoo fulld evaluation comment . I
lighto tolerance specification. Other tolemance specif
too Ablue/ greenodo for six out of seven colors, and t
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Figure 3.4 The DECMC(2:1) ellipsoids with a volume of 1 unit for the seven OCP solid ¢oldsarrows:
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 TheCIEDEabunity sphere as well as vectiepicting visual tolerance specifications for each
color in the OCP 3900 series.
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Figure 3.6 The CIEDEabunity sphere as well as vector depicting visual tolerance specifications for light
sage in the OCB900 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 haVemba hdr ‘diregians, series 3928 hpte tolerancesgnl’ and
+pdirections, series 33M0d& "Hiragiaas, and deres 3936 have tolerances L
in N olamad “Miregians.In addition, tolerances for the same civan different series in the
same direction have different magnitudes. For example
orangeo direction for the 3900 seriesYO whisch is more t
compared to 18Y0 units for the latter. The light and red limit for brown for the 3905 series is 1.93
YO  units which is larger than that for the 3936 series (which is ¥@1 unit). The 3936 series is less
textured than the 3905 series. The coateseture substrate has a larger visual tolerance ifiuherange

orientation as well as light and red orientation for brown. For bark brown, the 3900 series has a larger

tolerance in the Aorangeod orient atownonatcdamsartettueat of t h
surface has larger tolerance in the Atoo orangeodo orier
tolerance in the Ayellow fulld orientation than that ¢
barkbrownm a coarser texture surface exhibits smaller tol
cream, the series 3900 has smaller tolerance in Afull

coarser than series 3900. In the case of olive, s&9i@68 and 3936 have nearly the same visual tolerance in
the Afull and redod orientation, although the componen:
and the 3936 has a larger lightness B83%28,8B&Gande in the 7
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3905 have specified tolerances for the firedd orientat.]
3905, 3900, and 3936, while the textures of these series become coarserfrom series 3928 to 3900, 3936, and
3905. The lightness tolenze 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 largertaderancn t he #Af ull and redo orie
smaller lightness tolerance |imit than that for series
violetdo orientation than that of series 3928 but a sm
Table 35 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 mosteodelies. 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 sanmplascurateldetermine the visual boundary. Table 3.6
and Table 3.7 furthesummarizeahe maximum and minimum visual tolerance of each color in each series.
For dark cream, the provided visualtolerancesine fAredder o6 direction are |l arger
direction for each series. For tan, most of the eval u:
the maximum and minimum tolerances increase as the texture gets coarser.igbt sagé, most of the
evaluations are associated with Aredod and the toleran
bark brown, and brown, the tolerances increase as the texture gets coarser. For green, there is not a clear
relationship betreen 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
differ in magnitude for different textures. Therefore, while tolerances may be established for different
substrates based on expertsd visual judgments, this wc
of marginal or fail samples. Based on the numifeOCP fail samples, the visual tolerances could not be
accurately determined using the single expertds | udgme
for the analysis of instrumental results, standard tolerance ellipsoids for differerst @ntbdifferent

substrates (OCP series) may be utilized.
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Table 3.5 Comparison of the minimum and maximum visual tolerances.

Series Maximum Color Evaluation Minimum Color Evaluation
o ) Yo )

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 andorange 0.61 Light Sage Red

Table 3.6 Summary of the maximum and minimum visualtolerances 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 117 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 visualtolerances 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 Darkcream  1.51 Full and orange 1.51 Full and orange
Tan 211 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 CIEDEabunity sphere with the tolerance vectors for the subjective evaluations of brown,
dark green, tan, and dark cream for the C8&Res 3900, 3928, 3905, and 3936.
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Figure 3.8 The CIEDEabunity sphere with the tolerance vectors for the subjective evaluations of bark
brown, olive, and light sage for the OCP Series 33028, 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 Stamtertlty. 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 commentsidfom vis

assessments conducted by the army experts. A basic analysis of submitted OCP samples shows that 9.61%

81



of samples failed the visual assessments. Only three out of the six represented substrate series, namely OCP
Series 3900, OCP Series 3937, and OCRS@&914 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 entaffior 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 OCPLaminate 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 sixseries, 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 celsusimarized 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 Greer 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 5.29 421
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 tdined. The colorimetric attributes of each color for the Standard and batch

samples were then calculated under the CIE standard iluminant D75 adebfe® standard observer
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conditions. The instrument was set to UV light excluded and specular includeel. Mlwe 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 tkeesamples 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 | oneasureneats. Whietdifferences in textuceo |l or o n
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.

3.41 Spectrophotometric/instrumental variability

As discussed in section 3.1, instrumental variability
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 tempembu 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 wdedezh ladhich are

shown in Figure 3. It can be concluded from Figure93hat the measurement variability of the
spectrophotometer employed is less than &4 unit which is considerably smaller than the acceptability
threshold commonly considered te between 0 unit. Since measuringanybatch 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 analysiseodolor 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
measurementariability for Datacolor 600 gectrophotometer.

3.4.2 Presentation of multicolored samples for measurement

A factorthatinfluences the measuremensamples 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 layeratgeevide 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 samplel§y 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 mageneraterror as different coloredestions 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 overldyring 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 varigion for color differences among measured layers are also shown in Tablé8tiy

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 numblernyafrs of the OCP
3900 series.

Number Dark Green Dark Cream  Olive Bark Brown Brown Light Sage Tan
of layers

4 0.43 0.21 0.73 0.71 0.71 0.23 0.3

6 0.33 0.41 0.26 0.93 0.77 0.13 O?.’G

8 0.49 0.57 0.19 0.91 1.00 0.61 0?2

10 0.50 0.22 0.22 0.50 0.71 0.17 03.,2

12 0.59 0.22 0.33 0.96 0.56 0.13 02.5

Mean 0.47 0.33 0.35 0.80 0.75 0.25 OE.;4

SD 0.10 0.16 0.22 0.20 0.16 0.20 01.2

CcVv 0.21 0.49 0.64 0.25 0.21 0.78 O].-S

1

Figure 3.D 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 standardawerearized, as shown in Table 3.9 and

Figure 3.1.
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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 8hbws 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 Series7 from 3905 Series, and 7 from 3914 Series. The histogram of color differences between the

measured standards and the provided values is shown in EigiBdse differences are not negligible (most

are larger than YO unit). Since measurements atmMoCarolina 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 tiqe &l of

the batch samples.
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Table 3.12 Measured values of each color from the standard OCP series.

Series Color Dark Tan Olive Light Dark Brown Bark
attributes Cream Sage Green 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 13.63 341

3905 L 6155 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
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Figure 3.11 Color difference between measured standards at NC State University versus values provided
with shipped standards.

Figure 3.2 shows the seven measured standard colors from five series (different substrates) in the
CIELAB color spaceVariationsin substrated,e., fabric texture, affect the colorimetric values of the
measured sampleBhereforejn the analysis of color toleraes 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 Figure3®.The boxplotsepresent color differences between two
standard colors among the five OCP series. The light sage olive has the smallest average color difference

(Vi =3.51), and dark crea#imark brown has the Iarges”f& =17.35). The OCP pattern also contains

color gadient regions between the dark grexdine ()“’i =7.76), browntan 6&:8.93), light sagelive
(&:3.51), and browsdark green color§’(i:12.45). Results indicate potential challenges in color
separation/segmentation, which is a step in amginggbased 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 imadmsed assessments. For example, if the measurement erritrephador

tolerance exceeds 3.5D , 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 thalike@ach other may pose

some challenges to the segniation proces&Chapter 6)
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Figure 3.12 Measured colors in each of the OCP standards from 5 Series forming seven clusters.
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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 investigateheintra-sample variabilityof 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

standardubstrate. Figure 34ishows an example of a mask for brown with the distributioloaztions used

for measurementon 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 i@gs 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 isanaple variability for each dar. Results for brown

(WO =0.73), and greerdO = 0.85) show the largest variabiliof the standard samplellowed by light

sage (O = 0.48), bark browngfO = 0.50), and dark creamQ = 0.42), while tanlO = 0.36), and

olive (WO = 0.34) show the least intisample variabilityof the standardabricsampleHere we measured
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the intrasample variability of the standard sample asfarence and assume the other batch samples share

similar intrasample variability.

Figure 3.14 lllustration of the spatial locations used for measurements to characterize thsaintpde
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 fbrown 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* DEcwmce:1) DEoo 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 0.76 040 0.33
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Table 3.14 Measured color attributes of bark brown in different spatial locations on the standard specimen
for theOCP 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* DEcmce:1) DEoo (2:1:1)
Bark Brown1l 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 0.70 041
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 spatiallocations on the standard specimen for
the OCP 3900 series.

Color attribute L* a’ b* Cc h

Average Light Sage 53.19 -0.12 13.63 13.83 90.47
DL* Da’ Db DC* DH" DEcwmc@:1) DEoo (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 coloattributes of dark cream in different spatial locations on the standard specimen
forthe OCP 3900 series.

Color attribute L” a b* Cc h

Average Dark Creanr 60.10 1.19 10.76 10.83 83.64
DL* Da" Db* DC* DH" DEcmc:1)  DEoo (2:1:1)
Dark Cream1 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 Cream3 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
DarkCream 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 Cream8 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:1) DEoo (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*  DEcmce:1) DEoo2:1:1)
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
Tan5 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 spltéaltions on the standard specimen
forthe OCP 3900 series.

Color attribute L* a’ b* (o h

Average Dark Greer 40.53 -3.67 13.01 13.52 105.83
DL* Da’ Db* DC DH" DEcmc(:1) DEoo (2:1:1)
Dark Green 1 -0.21 -0.16 -0.24 -0.19 0.24 0.29 0.32
DarkGreen 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 0.42 151 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
sSD 1.73 0.16 0.83 0.77 0.38 0.55 0.47

Figure 3.5 and Figure 3.6 shows that variations in lightne$4), are higher thaiy"Oand¥6 for
all colors (exceptfor tan), which indicates that lightness differences are the main contributing factor to intra

sample variabilityof the standard sample.
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Figure 3.15 Intra-samplevariability 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 componefastan on the OCP 3900 series

Theintrasampl e variability was also compared against
Table.3.20 and depicted in Fig.3.1t can be observed that for dark cream, olive, tan, dark green, light sage
and bark brown, the average ingsample variability is smaller than the lower bound of the visual tolerance
range. However, for brown, the intsample variability exceeds thener 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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Table3.20 Theintras ampl e variability and the expertds visual t ¢
3900

Color Brown Bark Light Dark Olive Tan Dark
Brown Sage Cream Green
Visual tolerance [0.71, [1.47, [0.86, [1.25, [1.00, [1.21, [0.9,
range(Y% ) 3.10] 2.15] 1.63] 2.14] 1.60] 1.87] 1.53
Mean intrasample 0.92 0.65 0.47 0.46 0.31 0.40 0.9z

variability (Y% )
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Figure 3.17 Comparison of the intraample 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 ahaiysal tolerances, the
asessment of instrumental variability, and variability in int@mple measurements was examined and
discussed in this chapter. Inthe case of the OCP pattern,the magnitude of visually determined tolerances for
each color is different and variations in ealifection (i.e. component differences) also contribute to

differences in overall padail judgments. The visual results were compared to instrumental readings at

North Carolina State University. A total of 801 OCP printed fabric samples comprisingffige=dt
substratesincluding five standards, one foreach 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 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 exinibb@distencies against

specified terms and colorimetric values provided where component differences were found to be in
disagreement with descriptions. Samples wemeasured by a Datacolor 600 spectrophotometer at North
Carolina State University. Thapectrophotometric 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 fakic 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 regardldss sifbstrate 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 usestandard backing tile or the back of the sample holder in the measurement port for
spectrophotometric readings of multicolored samples. In terms of thesmirgple variability, variations
(discrepancies) in the lightness component were found to conttibetmost to the overall variability of
sample measurements.

Several findings may be listed by comparing the visual tolerances provided by the army experts

against intrasample 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 strictlpw the standard protocols

resulting in norcontinuity 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 anqmarable level of intrample variability to its

established visualtolerances. 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 wthin complex multicolored patterns. Imagibgsed efforts should therefore consider these

issues in order to develop more reliable and consistent quality control methods.

By comparing the surface textureds 3900wasience on th
found to exhibit the largest visual tolerance, which is 300 units for brown. The tolerance for

brown from 3905 series was 2.#® units,from 3928 series 1.690 , units and from the3936

series was 2.26 unib¥0 . This tolerance diérencecaused by different texturgsould 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 geen and bark brown, the maximum tolerance differences between different textures are 0.52,
0.72,0.67,0.61 urstYO , respectivelyBesidesbrown, the visual tolerance differences of

different textureiavean associated color difference of under 1 ¥i@k . With some exceptions,

tolerances for the same color are generally larger for the coarser substrates.

The tolerances that are established for different
depend on the avalilability of a sufficient numbémarginal or fail sample®ased on the number

of the |imited OCP fail samples, the visual tolera
limited margin/fail samples could not be accurately established. For the analysis of instrumental

results in Gapter 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 PASSFAIL 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. Additionapdtiophotometric

methodology employed to measure the colorimetric attributes of samples and determine variability within
samples was also explained. In this chapter an analysis of the visudap&ssindaries, based on both

visual and instrumental vaés 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 asalgscarried out about the

comparisons of modeling the instrumental measurement with the visual tolerances by different color

difference equations.

42 Batch sample analysis based on expestjudgment

42.1 Analysis of the specimen of each series

The expertsdé judgments are presented and discussed
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 @mtlsmtly analyzed and discussed.
Although DECMC colowdifference formula was standardized by the ISO for textile applications, it
has problems with the blue and high chroma (>40) region. It is found2B&twhen L' < 60, DE2000
performed better thaBECMC. The chroma range of the colors on OCP pattern is (5, 18), while the
lightness range is (40, 60). It is also found th@22he ellipses of neareutral colors on tha'b” plane are
not oriented toward the origin but are vertically aligne@’taxis, and those DECMC ellipses in the blue
region are titled away from the radiant lines
However, none of these seven colors have a negatigerbponent, which indicates they dotno

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 findingsg@bmmetrical properties of thdligses of

DE2000 and DECMC are first examined angudlized in Figure 4.1. It is observed that the ellipses of

DE2000 and DECMC of all solid colors are oriented toward the origin of'tbeplane except for the

DE2000 ellipse of bark, which is tilted to be vertical foaxis. The potential reason is tithe 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 measurethta 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 colosn the db* plane (using the measured standard OCP 3900)

42.1.1 Aalysisof specimen fromOCP 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 4drk green and tan colors did not contain any failing samples.

Among colors with failing samples, bsm has the highest fail rate, at 25.5%. Part of the reason for this
observation may be because brown covers a large spatialratio of the OCP pattern, and this may have madeit
easier for the experts to assess any issues. In addition, as discussed im &hhptaverage intreample

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 nits of YO with the brown at the regiothey should target, which exceeds the lower
boundary of the visual tolerance (0.@tits of YO ) and the observer possibly fails the sampilshould

be noted that undéne 95% confidenclevel, the cafidenceintervalis (0.598, 1.242}hus the intresample
variabilty may notexceed the visual tolerance in some cald@seover, brown is one of the colors that is

also present in the gradient regions, and this may have also impacted the Pass/Faijadgm

100.00 98.50 100.00
100 97.00

84.00 80.50
80 75.50 73.00
60
40

20

PERCENTAGE OF PASS SAMPLE

Dark Green Olive Brown Bark  Light SageDark Cream Tan Overall

Figure 4.2 Pass rate for each of the colors of the OCP 3900 series.

42.1.1.1 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 fordark green and thus all samples
shown in Figure 4.3 represent visuagigss 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 si¥®of= 2 and an ellipsoid with a

size of YO ¢. 96% of pass samples fallinside the DE2000 ellipsdide 92% of pass samples fall

inside the DECMC ellipsoid, which indicates that the
assessment than DECMC for the dark green of OCP 3900. Figure 4.4 shows the distributio¥i®f tred

YO ofallthe dark green batch sampl&se mean color difference of the green samples against the

standard is 1.1¥O unit, with a median of 1.040 unit and a standard deviation of 0.40® unit. The
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mean color difference of the green samples agdiesstandard is 1.240  unit, with a median of 1.14
YO unitand a standard deviation of 0.¥® unit. The color difference tolerance range according to
the army expert visual judges for dark green is [0.99, I¥Y&8] unit, and tle measured mea¥0 and
YO of the dark green samples fall within the range. The 95% confidence intet¥® o&andYO  are
[1.05, 1.17] and [1.08, 1.21]. The |l ower bound of the
terms ofYO ) is smaller than the lower bound of the 95% confidence interval (Cl) of $0th and
YO and the upper bound dfis larger than the upper bound of b&%® andYO . The 95% CI of the
measured pass samples are wit hiTabletd.hmoviges@commmhesdn ex pert 6
bet ween the color tolerance wadges@andehmmeasuredgoioded by t he e
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 exp:
limited numker of sampleswhich do notinclude allthe samplesthat are being measured by the instrumental
method used here. It is also possible that the-instrumental variability between the instrument used by
the expert and that used in this study contributeb & 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 La", L"b" and db* planes also show that most of the passing green samplesthat are outside
of the ellipsoid have large variability in thé Hirection and bdirection than in th@" direction. This
possibly indicates a larger visual tolerance for green samples thegtaes 6r 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 tHedbection (Table 4.1).Fig.4.4 shows the histograms of

the distributionof 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 ofCIEDE2000= 2 andCIEDECMC= 2.
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Figure 4.4 CIEDE2000andCIEDECMC histograms for darlgreen batch samples

Table 4.1 Comparison of theolor attributes and color differencderance ranges for green batch samples.

Attributes Army Measured mear Measured max Measured min SD
assessors

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

YO - 1.11 2.38 0.24 0.40

YO [0.99, 1.53] 1.24 2.71 0.28 0.44

421.12Tan

For tan, there is no fail sample. Figighows the pass tan samples and an ellipsoid with a s¥@ of= 2
and an ellipsoid with a size &fO ¢. Figure 46 shows the distribution of théO andYO  of all
the tan batch sampleBhe mean difference of samples against the stechidd .78Y0 unit, the median is
1.90Y0 unit and the standard deviation is 0¥® unit. The mean difference of samples against the
standard is 2.2¥0  unit, the medianis 2.260  unit and the standard deviation is 0O¥8  unit.

The expertods tolerance8TY0r unitaependiigorBddférént fail easbres.sThei s 1. 21
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95% confidence intervals (Cl) 0 andYO are (1.78, 1.84) and (1.99, 2.13). For tan samies,
expert ds a craneegstclasertolthie 95 Ci &Q eBoth the lower bound and upper bound of
the 95% CI are within the provided visual tolerance range.

Some of the batctansamples are darker than the standdrkreforethe measured min of Dlis
smaller than thexpertspecifiedtoleranceas shown in Table 4. Zhemeanmeasured Dawas-0.85, which
indicates most samples are greener than the stantiaisdcould be seen in Figure 4.6, where most of the
green dots are spread on the negative side ofthgiacompared to the standaTfthemeanDb*is 1.12 and
this indicategshatmost ofthe batch tan samples are yellower than the standaisl could also be seen in

Figure 4.6 where the green dots are mostly spread on the positive side battie donpared to the

standard.
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Figure 4.5 Representation of tan batch samples in the CIELAB space against the tolerance ellipsoids with a
volume of CIEDE2000= 2 andCIEDECMC= 2.
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Figure 4.6 CIEDE2000andCIEDECMC histograms for tan batch samples

Table 4.2 Comparison othe color attributes and color differendeterance range of batch tan samples.

Attribute Army Measured Measured max Measured min SD
tolerances mean

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] 122 2.35 -1.23 0.64

yo - 1.78 2.38 0.24 0.41

Yo [1.21,1.87] 2.22 2.52 0.28 048

42.1.1.3Bark

There were only sixFALar kvad mpheecaontulaldgy evdbadioh indicatés
they were perceived as beitap orangeFigure 4.8 showthat although some of tHail samples
(represented by thred dot3fall within the DE2000 = 2 ellipsoidtheyform a separate clustBom the
green dotsindare placed othepositive side o&" and B axes whichindicateghat they are redder and
yellower. Thiscorresponds wellvith the visuakvaluation resultthatshowthe faiedbarksamples are too

orangeThe color difference tolerance provided by #reny 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
expertprovided tolerance (1.47, 2.15) corresponds well with the avéfige of the pass saples (which

is 1.50Y0 and the upper bound of it corresponds well with alverage/O  of the fail samples (which

is 2.15¥0 ). In addition, the difference between the averayjgd of the pass samples and fail samples is
around 1 urti Based on this comparison and Figuré, ¥O  separatesthe passand fail samples better the

YO . Part of the reason may be that the bark ellipsoid is not oriented to the origin based on Figure 4.1.
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Figure 4.7 The distribution of OCP 3900 bark samples in the CIELAB space against tolerance ellipsoids
with a volume of siz€ [EDE2000= 2 and a volme of sizecCIEDECMC= 2.
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Table 4.3 Comparison of the color difference tolerance of batch bark samples.

Color Army The measurec TheSD of The measurec TheSD of falil
difference tolerances mean of pass passsamples mean of falil samples
(lower/upper) samples 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

yo - 1.08 0.29 2.02 0.60

YO 1.47/2.15 1.50 046 2.15 054

42.1.1.40live

Figure 48 show olive samples distribution on the CIELAB space for set tolerandé® aandYO

(0]

f2

units and 1.5 units respectively. A comparison of the two figures indicates that wh¥® thie set to 2

units, most of the olive samples fall within thipsoid. When th& O 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, Figur® ghows the 2D planes for the samples undeteaadace 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 samplewhich are far away from the standard has a highearid a lower b, which corresponds to the

fitoo blued assessme

The army established tolerance for the olive samples which are too yellowishi® 1.6nit.

However, all the olive fail samples receé d

oranged samples to

difference tolerances is shown in Table 4.4, it is observed that neitheY@oesr YO

nt .

were regarded as being

measure t he

tolerance

n

to

(0]

blue v

t hat dire

separatesthe 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 me&© andYO

of the pass and fail samples are below 1 unit, where the mean
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Y@ ofthe fail samples are negativinis indicates that color difference with the standard smaller than a unit

could result in the rejection of olive samples if they
DE2000=2 DE2000=1.5
DECMC=2 DECMC=1.5
+ Standard 56 - 4 Standard
56 4 * Pass Batch + Pass Batch
54 * Fail Batch 54 * Fail Batch
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46 - 48 "
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18 0 18 0
1644 42 16 14 472
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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 sizé.
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Figure 4.9 The L'b" plane and La" plane of OCP 3900 olive samples in the CIELAB space against
tolerance ellipsoids with a volume of sizéb.
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Table 4.4 Comparison of the color difference tolerance of batch cammples.

Color Army The measurec The The measurec The measurec
difference tolerances mean of pass measure®&sD mean of falil SD of fail
(lower/upper) samples of pass samples samples
samples
Yo" -0.57/0.92 -099 0.88 -1.26 0.64
Yés -0.13/0.89 0.20 0.36 -0.06 0.28
yas -1.21/2.52 -001 0.88 -0.60 0.85
yo - 0.82 0.45 0.85 0.46
yo 1.00/1.60 0.85 0.47 0.85 0.55

42.1.15Light sage

Fig4.10 indicateghat the passing and failidight sagesamplesire mixed in the CIELAB spac&he blue

dotsshowthe faiing samples that are tddt o o

red dots show the failing

violeto

sampl es

(bluer

and

redder)

t hadaind L rpanefint o o

Fig.4.10 show thathefail samplesredand blue asteroidélavesmaller I than the standardhe overall

color tolerance for this color, as provided by the army visual assessment expertsYi®1.68r too red

samples, which is slightly larger than the tolerance ellipsoid shown in the figure. As shthenLim" plane,

the pass samples are distributed in the podifiviirection, which represents the directionyeflower than

comp

fullod

the standard, and some of the green dots reach the boundary of the 1.5 units ellipsoid. The color difference

tolerance of theblue di rection is

shown in the [b* plane.

0.

86,

and these

fitoo
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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 colatifference tolerance of batdight sagesamples.

Color Army Measured MeasuredSD Measured MeasuredSD of
difference tolerances mean of of pass mean of fail samples
(blue/red) pass samples fail
samples samples

yo* 1.09/0.81 -0.36 0.82 -1.79 1.29

yes -0.40/1.13 -0.03 0.25 -0.16 0.21

yas -0.79+0.97 0.99 0.59 0.56 0.69

Yo - 084 0.28 1.16 0.52

Yo 0.86/1.63 090 0.31 1.14 0.47

42.1.1.6Dark cream

In Figure 4.1, the reddots denote the three failed samples that are evaluated as being too dull. These falil
samples have smallef 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 pd $s8 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 expprovidedYO = 1.36 for samples that are too full. The meased

mean YO  of fail samples is 1.62 while theneasured meanYO  of pass samples is 0.71.
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Figure 4.11 The distribution of OCP 3900 dark cream basamples in the1a*b* space in comparison to
tolerance ellipsoids with a size of 2

Itis observed from Table 4.6 that the measured n¥@an of pass samples are smaller than the
lower bound of the provided tolerances, while the m¥&n of fail samples exceeds the lower bound of
the provided tolerances. In addition, both the m¥&h Y¢5 and¥dS 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 @dal

larger negative averagd)” compared to the averadf®” of the pass group.
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Table 4.6 Comparison of the color difference tolerance of batch dark cream samples.

Color Army Measured mear MeasuredSD Measured meano MeasuredsD

difference tolerances of pass sample: of pass failsamples of fail samples
(lowerupper) samples

yo* -3.04/4.75 -0.09 1.17 -1.29 2.35

") -0.42/1.16 -088 0.37 021 0.48

yés -1.79/1.97 -069 0.48 -1.19 0.41

yo - 1.38 0.35 140 0.46

yo 1.25/2.14 1.42 0.35 153 0.48

42.1.1.7Brown

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 Vetidesdgroups
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" &#ib"lcolor space would not
be simple since the pass and fail groups are overlappimgréason 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 YO , DL, Da" and DB, and thus the mean of these attributes of each group are shown in Table
4.8. Itis also observed that the largest average difflarences appearin group 3 and group 4. Both of them
exceed 3 units o0, 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 haveX&imiahich isaround-2.6. In
addition, failsamples in group1 have negative aver@evalue and are perceived greener than the

standard. Fail samples in group 2 have a posktievalue and they are perceived yellower than the
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standard. It should be noted thatrgales in Group 2 and Group 3 have positk@# 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 sampteettoo full YO  =1.97)but

the averag®{* of the three groups does not exceedYhe= 3.5 limit provided by expert. Although they
are not assess ¥ilexeesd th¥/c e 6.dldimitcprovidechbg éxpert, and both the negative

Y& andY0* contribute to theolor difference.

Table 4.7 Separation of the brown batch samples into Pass and Fail gréupaded on visuavaluation

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 Darker Darker Darker Redder Lighter Yellower Darker Darker No shade

comments & & & & & comments
greener yellower bluer orange greener
A standard
*  Groupt
*  Group2
a4 i gvoupi
w0 a W o Groups
| ™ (?roupﬁ
3 K o Groue
25 ," ': *# Group9
a8 | N 4
LA | a7y L L] 2‘ N
an Ld *
36 > ? ::
35 o
34
33
32
16 >
15
14 > e
k 9
13 ” 2 s
1 6
b* 4

Figure 4.12 The distribution of the OCP 3900 brown batch samples in th&l space. Groups-2 denote
failand groups @ represent pass samples.
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Table 4.8 Average color differencesnd color attributes differencagainst the standard brown color in
different groups based on measurements at North Carolina State University.

Average YO YO Yo ves 4]
Groupl 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 1.84 2.24 -2.77 0.72 -0.55
samples
Mean of falil 1.80 2.17 -2.65 0.81 -0.37
sample

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 aX®&'ia dgerger
than that of the group3. Group 5 contains samplesahelighter and bluer than the standard. Their average
Yb* is negative, in agreement with the comment, and Mi€iis negativei.e.,they are darker. Group 6
contains pass samples that are evaluated as yellower than the standard. However, the¥hVisrage
negative, which is notin accordance with the visual evaluation. Group 7 contains samplesthat are evaluated
to passwith comments as being darkerand orange compared to the standabi. Tia@iegative, thea"
is less than the red limit, but tih&b" 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
negativeYL" andYa" values. Group 9 samples have no shade comments, buteaytually darker, redder,

and bluer than the standard.
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It is noted that group 8 also receives an evaluati
as Afaild. Comparing the values in Tablkeradd 8 of group
greeneithan the samples in groupbutjudged as pass. They also have a larger average color difference than
that of group 1, which does not correspond well with t
in thesetwo groupsmaybethear gin sample and they are at the visual
greener 0. The provided visual tol er aMat=e04ovhichk he greener
has a larger magnitude than the aver#geof group 8.

The analysis adve shows that visual and instrumental judgméatsed on these samples received
associated witlbrowncolor are multidimensional and complex. In addition, the visual asses$roenthe
army experts notalways 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.

42.1.2 Analysisof specmen 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 thante standard, in agreemenith 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 tefi®  provided by the army expert for this

series, therefore we do not compare them against the instrumental measurement. The meas&d mean
andYO forthe passsamplesare 0.79 and 0.93 respectively, and thelfd'e¥id5- andYdS for the pass
samplesared.61, 0.36, and 0.18 respectivelihe measured meaf0 and YO for the failsamples are

2.82 and 3.46 respectively, and the m&h, ¥¢3- andYd for the fail samples are 4.8®.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 iridh& kpace in
comparison against tolerance ellipsoids of size 2.

42.1.3 AMalysisof specimen fromOCP 3937 series

For OCP 3937 series, six outof 173 samples fail for bark, fourteen samples fail for olive, light sage, and tan.

The visual assessment witheth r e j ect ed bark batch samples is evaluate
with rejected olive and |ight sage batch samples is ey
rejected tan samples is fAtoo fassdssmentassdcigthdtwithstteesapl es f ai |
samples is Afull and yellowo. Al t he dfherelaregor een and ¢

provided visual tolerances of this serigsthe expert, therefore in the following section, only the

instrumental masurements are analyzed.
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42.1.3.1 Bark

From Fig.4.4, it is observed that the fail batch samples are darker than the standard, which corresponds to
the fitoo full 0odtvaid uartd mae 0 | ev ¥d¢ afahspasssamplesBO& me a n
and the meal¢s of the fail samples is 0.08, which indicates that the fail samples are slightly redder than the
standard and pass samples. The m¥&of thefi F A Isaniples is3.48, which indicates that they are
darkerthan the standafthe pas sampleshave a mean of 0¥A8 and 1.26YO .Thefi F A |sanmyples

have a mean of 1.3¥0 and 2.3%0
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Figure 4.14 Distribution of bark batcBamples from the OCP 3937 series in tha'h* space in comparison
against a tolerance ellipsoid of siz€PEDE2000unitsand 2CIEDECMC units.
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42.1.3.20live

Olive fail samples are associated withgdibhthatassessment
these fail samples of olive are yellower than the standard. The pass samples have a mea¥if ared

0.97Y0 ,where théi F A |sandpleshavea meanof18¥@ and1.6QYO .The passsamples have a

mean of 1.1%d, while thefi F A Isanmiples have a mean of 2@, which corresponds with the

assessment that they are too yellow. It is also observed fronibhehd db* plane that these fail samples

fall outside the 1.5 uits ellipsoid ofYO  but some of them fall within the 1.5 units ellipsoid¥® .
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Figure 4.15 Distribution of olive batch samples from the OCP 388ifes in the 1a"b" space in comparison
against a tolerance ellipsoid of size CEEDE2000unitsand 1.5CIEDECMCunits.
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42.1.3.3 Light sage

The light sage fail samples are associ até6etlesdaill t h t he
samples have smallef Lsmaller &, and larger h The pass samples have a mean of 88 and 0.90

YO , where thdi F A Isamiples have a mean of 130 and 1.92Y0 .The pass samples have a

mean of 0.6 %G, while thefi F A | sanmipés have a mean of 2.%85, which corresponds with the

assessment that they are too yellow. It is also observed froni @hie” Iplot that these fail samples fall

outside the 1.5 units ellipsoid of bo#O andYO .
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Figure 4.16 Distribution of light sage batch samples from the OCP 3937 series irf éhlg"Ispace in
comparison against a tolerance ellipsoid of sizeCIIBDE2000units and 1.5CIEDECMCunits.
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42.1.3.4 Tan

The tan fail samples are associated with the
YO and 1.01YO .Thefi F A Isamiples have a mean of 130 and 1.730 . The pass samples
have a mean 00.84Y0", while thefi F A Isandples have a mean-df69Y0*, which corresponds with the
assessment that they are too full. It is also observed from the Fighafisome of these fail samples fall

outside the 1.5 unitslipsoid of bothYO andYO while the othersi FA|l L 6 msdenthd edipsoids.
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Figure 4.17 Distribution of tan batch samples from the OCP 398iies in the Lla*b* space in comparison
against a tolerance ellipsoid of size CEEDE2000units and 1.52IEDECMCunits.
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4.2.1.3.5Brown

The browni F Alsladbmp |l es are associated with the a8tkagssment ft
these fail samples fall outside the DECMC ellipsoid of size 1.5 units. The pass samples have a mean of 0.96

YO and 1.1&0 .Thefi F A Isamiples have a mean of 130 and 1.73¥0
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Figure 4.18 Distribution of brown batch samples from the OCP 3937 series in*#i®’Lspace in
comparison against a tolerance ellipsoid of sizeCIIBDE2000units and 1.82IEDECMCunits.
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42.1.4 Aalysisof specimen fromOCP 3928series

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 OCP3900 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¥O  unit. Olive, dark greerhrown, bark brown, and light sage have mean color
differencesbelow 1.0 unit. This corresponds well with the
which include no failing OCP 3928 samples. It is observed from Ethat most of the batctasnples of

series 3928 fall inside the ellipsoids. Comparing these values with the -@xpeided tolerances, of which

the dark cream has a tolerance of 1.62 unité®f , tan hasa tolerance range of (0.8, 14@)s ofYO

light sage has tolerance range of (0.61, 1.6@)its of YO , olive has a tolerance of 0.88 units¥® ,

dark green has a tolerance range of (0.97, 2.04) un¥©of , brown has a tolerance range of (0.86, 1.69)

units of YO , bark brown has a tatence range of (1.18, 1.54) units¥® . The measured meafO

of the dark green pass samples exceeds the lower bound of the visual tolerance of it, the measured mean
YO of theolive pass samplesis larger than the provided visuahtalerbut has a small¥es in terms of
fifull and yellowd, which is the aneasaredmaa¥d oofthef it
brown pass samples is within the range of the provided visual tolerances, as well as light sagesTan pa
sampleshave a similar me¥® to its lower bound of the visual tolerance, dark cream pass samples have

a smallermea¥O than its visual tolerance.
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Table 4.9 Average color differencesnd the color attributes differencagainst the standard colors of Series

3928.
The measured mean of pass samples

Mean Dark Olive Bark Light Brown Tan Dark
Green Brown Sage Cream

yo* 0.52 0.22 0.15 -1.32 -0.57 -0.97 -1.14
v 0.63 0.51 0.76 0.56 0.82 0.25 -0.18
yas 0.07 -0.08 0.47 -0.32 0.27 -0.26 -0.11
YO 0.92 0.84 1.21 1.07 1.02 0.69 0.66
YO 1.14 1.06 141 1.39 1.30 0.86 0.69

127



Dark green

Brown

38 A
36 -
“1134 4
32 A

30 A

DE2000=1.5
DECMC=1.5
Standard
Pass Batch

30

1:_'26‘

22

66 -
64 -
62 -
60 -
58 -
56 -

54 ~

Dark cream

Bark

-2

\\/4
o 2

0 .2

*

a

Figure 4.19 Distribution of batch samples from the OCP 3928 series in th#&bl space in comparison
against a tolerance ellipsoid of size CEEDE2000units and 1.52IEDECMCunits.
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Figure 4.19 Distribution of batch samples from the OCP 3928 series in thbl space in comparison
against a tolerance ellipsoid of size CEIDE2000units and 1.832IEDECMCunits (continued)

4215 Aalysisof specimen fromOCP 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 th&" in Table 4.10.
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Table 4.10 Average color differencesnd the color attributes differencagainst the standard colors of

Series 3905.
Measured mean values of pass samples

Mean Dark Olive Bark Light Sage Brown Tan Dark
Green Cream

Yo 0.73 -2.11 -0.76 -1.96 0.92 -0.0033 -0.29
v 0.87 0.14 -0.07 -0.18 0.34 0.86 0.33
yas 2.25 1.04 0.55 0.90 0.42 0.64 0.98
YO 1.71 1.29 0.98 1.23 0.79 1.07 0.98
YO 201 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 th&bl space in comparison

against a tolerance ellipsoid of size 1.5 C

IEDE206f@s and 1.5 CIEDECMC units.
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Figure 4.19 Distribution of batch samples from the OCP 3905 seé&e@sn the L'a*b* space in comparison
against a tolerance ellipsoid of size CEEDE2000units and 1.82IEDECMCunits

42.2 Conclusion of the aalysisof specimen

42.2.1 Pass/Fail overall analysis

Based on the above analysis that summarizes the instrumentalnereast of the five different OCP series,

the color difference tolerances are summarized in Table 4.11 and Table 4.12. It is observed from Bigure 4.2
thatthe corresponding avera®@ of is smaller thanthe averaf® for each of the standard colors for

all series. In addition, they are all below 1.5 units. Figl4t2ows that dark green, brown and tan have

larger standard deviations in different textures compared with the other balsesl on the samples we have
received Bark has the smallest deviation in different textimgfese sample&ig. 4.2 and Fig.4.23how

the comparison between the color differences of different textures. It could be seen that from the least
textured to the most textured OCP samplesn(f 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 frahitegd .2

is not a linear relationship between the average color difference and the adejreeoarseness of the

texture. A factor that may influence this result would be that there are not enough samples for some of the
substrates, which makesthe numberfor obtaining the average color differences not equal for each substrate.
For examplewe 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 soarser 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 thaine, 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 ¥Gts obetween

different textures. Brown and tan also have an instrumental color difference atounits ofYO

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 textes, which is around 1.4 units¥0 . Italso has the largest standard deviation
among the seven colots.is noted that the above analysis are based on the limited samples we have

received, and thus the conclusions may change as more samplesiatecu

Table 4.11 AverageCIEDE20000of pass samples against the standard color in diffeengsased on
measurements at North Carolina State University

Series Dark Olive Bark Light Sage Brown Tan Dark

Green 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 0.20 041 0.42 0.19
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Table 4.12 AverageCIEDECMC of pass samplesgainst the standard color in different series based on
measurements at North Carolina State University

Series Dark Olive Bark Light Sage Brown Tan Dark

Green Cream
3928 1.14 1.06 141 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 201 1.43 1.46 1.20 0.95 1.21 1.07
3914 0.93 1.26 131 1.14 1.38 1.50 0.50
Average 1.36 1.11 1.39 1.07 141 1.36 0.72
Max 201 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 041 0.24 0.10 0.27 0.49 0.54 0.21
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Table 4.13 Summary of the maximum visual tolerances of each shade of differentiseZiHSDECMC.

Series Dark Olive Bark Light Sage Brown Tan Dark
Green 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 2.11 151
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
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Figure 4.20 Comparison between the average color differences of each standard coldIEDER000

and CIEDECMC
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Figure 4.21 Comparison between the standard deviation of the colagréifftes of each standard color
usingCIEDE2000and 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 standarsirglor
CIEDECMC.

42.2.2 Color difference model analysis

From Fig. 4.2 to Fig. 427, the linear regression relationship between the color differences in terms of
DE2000(2:1:1)andDECMC( 2: 1) is shown. Pearis betwgenthesetwosetsaft i on coe
color differences are listed in Table 4.13. It is shown that for all the series, the aivedgel the colors

are equalto orabove 0.95. For allthe colors, the avéragtdifferent textures are allabove 0.90. Bark

and tan have the lowest in all colors. Brown, dark green, and dark cream have the higheBart 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 betw 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 tealor difference equations used in the above analysis, the
Standardized Residual Sum of Squares (STRESS) it3f (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 cthnpstiength
of the relationship between the two color differend&3,andYO, usually the visual difference¥¢® and
calculated instrumental color differen¥®© by one of the color difference formulas. Then the F value, which
represents theitical value of thetwet a i | e d S-digtrihian dor & givenFconfidence level and-(N
1, N-1) degrees of freedom. Since we do not ha¥éalue to the lack of repeated assessmentand more than
one observer, we can not convert the binary passisajudgment data t¥c (as discussed in Chapter 3),
we do not conduct antest here. Instegdve 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 rangedr@é600%, of
which 0 means perfect agreement and 100 the poorest. The higher STRESS value implies a poorer

agreementd04, 205, 206].

@

y
BY ¥

S
YYYOY¥g——— T where'0 4.1)

<

0 — 4.2)

The result in Table 4.14 shows thatdark 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 follewthat 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 highst STRESS value. On the contrary, series 3914 has the lowest STRESS value, and
series 3900 has the highest correlation coefficient.
the correlation of different color difference equations sifeesample 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 valueglod instrumental measurement of the OCP 3900

Series Parameter Dark Olive Bark Sage Brown Tan Dark Mean
Green Brown Cream
3928 i 0.98 0.98 0.95 0.90 0.93 0.87 0.97 0.94

STRESS 4.92 12.23 1041 11.00 10.96 16.44 14.22 11.45

3900 i 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 i 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 i 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 i 1.00 1.00 0.91 1.00 1.00 0.99 0.99 0.98

STRESS 181 1.81 17.02 1.81 481 7.10 5.46 5.69

Mean i 0.99 0.98 0.96 0.97 0.99 0.95 0.99 0.97

STRESS 4.14 7.03 11.06 7.37 481 9.22 7.28 7.27

The convex hulls oOCP 3900 series are constructed and shown in Z&.fhe 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 FAILOh e acmmprdvea (), | @ PAESs® noeo motf a it rh ef
sampleggreendots) r om t he observerd6s assessment are outside of
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.
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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
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Figure 428 The convex hull of the instrumental measurement of OCP 3900 series with CMC(2:1) of OCP
3914 seriegcontinued).

To further investigate the correlation between the visual tolerances and the instrumental
measurement, we calculate the agreementratio undertwo hard thresholds, 1.5 and 2DEBE28G0(2:1:1)

and CMC(2:1). The agreement ratio is calculadasdn Eq. 43.

v o 90 - L 90 4.3)

The results are shlwn in Table 4.15 and Table 4.18incethese sries has different numbers of

samples, harmonic meas usednstead ofarithmetic mearno awid theinfluence of the sample size.

Through comparison, tHeE2000 (2:1) has a higher overall agreement ratio than that of the CMC (2:1).

DE2000 (2:1) hasanoverallagreementrati®@® when t he instrumental fApasso th

Thenumbers n bold are the samples that have both fApasso ar
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 agreemsammtgpthe 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 o£IEDE200Q

Series Equation Dark Olive Bark Sage Brown Tan Dark  Mean
threshold Green Brown Cream
unit
3928 1.5 0.94 0.97 0.83 0.92 0.96 1.00 096 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 0.62 048
2.0 0.96 0.98 0.85 0.86 0.66 0.64 095 0.8
3937 1.5 0.60 0.89 0.88 0.88 0.87 0.89 098 084
2.0 0.92 0.92 0.96 0.92 0.94 0.91 099 094
3905 1.5 0.29 0.67 0.99 0.66 0.95 0.94 0.14 042
2.0 0.72 0.98 0.99 0.91 1.00 1.00 051 0.83
3914 1.5 1.00 0.53 1.00 0.88 0.88 0.47 1.00 075
2.0 1.00 0.76 1.00 1.00 1.00 0.71 1.00 091
Mean 1.5 0.60 0.76 073 0.83 0.78 0.48 042 062
2.0 0.90 0.91 0.95 0.93 0.90 0.82 0.83 089
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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 o€EIEDECMC.

Series Equation Dark Olive Bark Sage Brown Tan Dark Mean
threshold  Green Brown Cream
unit
3928 15 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 15 0.79 0.96 0.14 0.84 0.40 0.11 0.54 029
2.0 0.93 0.98 0.29 0.85 0.56 0.35 0.94 056
3937 15 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 0.99 089
3905 15 0.23 0.52 0.66 0.67 0.90 0.88 0.10 033
2.0 0.52 0.87 0.90 0.94 0.99 0.96 0.47 074
3914 15 0.94 0.53 0.65 0.76 0.53 0.47 1.00 065
2.0 1.00 0.76 0.88 1.00 0.94 0.65 1.00 0.87
Mean 15 0.50 0.71 0.39 0.72 0.63 0.34 0.33 047
2.0 0.79 0.89 063 0.93 0.83 0.66 0.80 078

43 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 torth 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/bluenesstépwisenanner was created. A monitbased

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 uniftke observers were asked to give a pass/fail judgment for each of

the test images and provide evaluation comments.

43.1 The experimental design

The visual assessment contained multiple sets of images for 63 pairs of standard versus batch palirings whic
were designed as followsar the batch image, the'La", and B values were changed over&to 3 unit
range, with an interval of “a 8 n dtmlptes (-3)Jh3r=r2Qseté or each
of images in each direction weresatted, 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 429illustrates the assessment interface, which was presented to the ob3JevedtsCP
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 undemieghe assessment area and a batch test
sample on the other side. The observerdéds task was to f
(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
also provide a reason or multiple reasons using the co
iToo greeno, iToo dd uleibghtidl,oodn Yy®d | diwmo, AMToo full d and
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 pprogress 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 Thecolor attributes differencesf various test images for each color in the OCP pattern against
the standard.

No. pl pa b No. pl pa @b No. pl pa @b
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 -15 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 15 0 0 35 0 15 0 55 0 0 15
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 24 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.

43.2 Dataanalysis

Visual assessment data from the three trained observers who have expernx@aaiimingthe physical

OCP samples were provided together with the samples as discussed in Ch@lpeem®nitorbased
assessment Table 4.18 shows that while all seteendard 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 tatakrown,
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 Observer 1 Observer 2 Observer 3
number
Tan 1 a a
2 a a
3 a a
Brown 1 a a
2 a a
3 a a
Dark green 1 a a
2 a a
3 a a
Dark cream 1 a a
2 a a
3 a a
Bark brown 1 a a
2 a a
3 a a
Olive 1 a a
2 a a
3 a a
Light sage 1 a a
2 a a
3 a a
Figures 48and43show the results of the visual assessment
responses contain more fAfailodo judgments (represented I

experts indicate that their tolerance for changes in lightness is largerigiatoterance for changes i a
andbdirections since on average t&edephirse tnhoafne ifinf aihled o
axis in Figures? 4 ggvdd” agomeithedsandeSange im theircpkis. It is also observed that
thpaBsd samples are not continuPBAWLSI| gadiipdtersi.butned didn ttit
from Fig.4.2 and Fig.4.3 it is shown that the intrebserver variability is not as large as that of the inter

observer variability since the distributiaf the green and red dots in Fig.@.&re similar to each other but

they have larger differences with those in Figl4.3
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Figure 4.30 Results of the three visual assessment trials for tan colorttrerfirst 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 Fi@4Since there areix responses for each
color, the average pass/fail judgment was determined. In the analysis of visual assessments, 1 represents a
iPAS®? judgment, aRAILOO jruedpgrmeesnetn.t sThaee fimet hod t o generate
judgment is as folls: if the sum of responses from the six trials was less than three the average response
was regacFAL®d jasgmemt, ot her wiPAS®, jitdgmesntregarded as a
Figure 4.2 shows that the assessment results of the six trials are differeadbrcolor. For olive,
the acceptabililt,y atnodireegidis are ambiguious, wheteas ingerms of lightness
negatiwal uul,s seem t o have beensihcetharerase fewal redrotsiethe han p o s
n e g a t i direeongpithich 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 gr édrectiod)ifr brown,ithe tightfepsaiffdrende ards shopas a
|l arger number of fApasso @a)aryeloa/bliel pld axeshThimindicdtes red/ gr ee
that for the brown color, observers seemed to address variations in lightness more than those in
chromnhance. For brown, the largest acceptability tolerance appears to be for an image that was darker than
st anda r af -0 ynitsq@ream samples show a relatively high tolerance to changes in the lightness in
the positive direction from experts with a ma mu mof @I 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 eiettigh\fiew to assess
bark batch samples as the other six colors.

Based on the above analysis, the moritased visual assessment of OCP samples, involving a
singlecolor change, does not present a clear boundary between pass and fail samples désyiegitines
of this experiment including that the experiment may not be conducted under controlled lighting
environment, the monitorused to experiment may not be color calibrated, the field of view may not be stable
due to the distance between the obsesnand 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 dataimedtom 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

singlecolor changetsidy conducted here.
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Figure 4.32 Average response results of the monliased assessment for six of the seven colors in the
OCP pattern

44 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 simptmkingle

156



change monitebased visual experiment wasnducted 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 ofiifetende ellipses were

used €.9.,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-repeated assessment of the expert. There are

several findings from thstudy that may be useful to future research:

1 For the seven different colors of OCP samples, the average color differences of the pass samples of
all texturesare all below 1.5 units &fO andYO . 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 Apasso color d
considered to be influenced by the texture the most in instrumem@sunement. 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.

1 Thereis notalnearel ati onship between the average fipasso coc
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 rdashitiof YO
(2:1:1)and 1.4 units fO  (2:1). In comparison, the maximum visual tolerance caused by the
dissimilarity of the textures of the samples is also 1.4 unid¥é®f .

f Two different color difference equations are used #redcorresponding averad® of is smaller
than the averagéO  for each of the standard colors for all series. all of the instrumental
differences o0 do not exceed 2 units. The two eqioas 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 lgeassthe highest
correlation in these twogelations. Bark and tan have the lowest correlations. Since we do not have
visual difference data, weannotcompare which equation performs better.

1 For the agreement between the visual assessment and the instrumental color differences by DE2000

and DECMCDE2000 performs better in the overallagreement 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 seevesusttpe best
agreement between the instrumental and visual color quality control.
The perception ofolor differences imulticolored sampless different fromthat fora single-colored
objectsince the surrounding colors influence the perception ofatget colorThe analysis of results shows
that some of the coleattribute 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 standardnd 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 experimesninvolving the assessment of colors in multicolored patternsdhake 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 controlis essential for color reproduction purposes where the
reproduced colors are required to be “correct” when viewed by the obs&igitedly 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 invedl 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 oron a
color-calibrated monitor. Another way to assess the color quality is through instrumental rmearsyire.,
by obtaining the spectral information of the color of interest in the visible light spectrunsp€etal
information is obtained using spectrophotometermdiometersThe physical properties required to
describe a color prior to its perd@m could bedetermined 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 Chdpé#ear 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 raaliometr
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 animagingbased approach can,laast theoretically, bring convenience and efficiency to the
measuring process. Trichromatic camera systems are fastomact image acquisition systems that may be
used to capture a scene, including colors in multicolored patfEmey.have been appdle¢o artworks
archiving[207], [208], and color quality control of textild209], [210]. Multispectral imaging systems have
better imagebased color measurement accuracy than the trichromatic imaging g<stgmit is well

known that more than digto 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 textile§214i 216], a multispectralimaging
system was applied for color measurement in the temtlestry, but most of these studies targeted yarn
dyed fabrics, and not digitally printed ones.

In this chapter, an LEflumination-based multispectral imaging system which was built and used
for the color measurement of multicolored printed fabrics &deed. 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, thmagingsystem is composed of a monochromatic camemaillumination
chamber (originally developdaly VeriVide, United Kingdomunder the tradenanigigiEye), and two LED
ilumination bars with one on each side of the chambdr.e c ha mber 6s i nopmvidespace
quasidiffuse 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/O.

The spectral power digbution of the LED light sourcesasmeasured 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.
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Figure 5.2 The spectral power distribution of the LED light sources housed in each LED fixture.
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As shown in Figure 5.3, Bandsil and 811 have narrow bandwidths while Bands 6, 7, and 12
have wider bandwidths. Bands 6 and 7 are thelights with the widest bandsthat span nearly 260and

may not be as suitable as other LED lights when used for accurate (re)production of colors.

Band 1
Band 2
Band 3
Band 4
Band 5
Band &
Band 7
Band &
Band 9
Band 10
Band 11
Band 12

1 .lnl m I{r,lll I{/- :

oo b (1 [
(] RN
B

Mormalized SPD

550 600 G50 00 750 800
Wavelength(nm)

Figure 5.3 The normalized spectral poweistribution 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 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 estasldED

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 monochrersensof211].

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 cadiimages of the whiteboard was also investigated. The consistency

and accuracy of the color calibration process in terms oftlewas then explored.

5.3.1 lllumination shift

5.3.1.1 Short time range stability

To test the shorterm temporal stailiy of the system, three sets of SPDs from the 12 Bands were recorded
over a twehour period. As shown in Fig.5.5, the SPDs of the three measurements nearly overlap, while the
peaks do not shiftonsiderably. Theistributions of the three sets of measments are consistent with each

other. Thus, the illuminations exhibit good stability over the-hwar period.
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Figure 5.5 Triplicated SPDs of 12 LED Bands over 120 minutes.

5.3.1.2 Long time rangestability

In order to test the lonrtime 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 thitymeasurements, 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 compareatieémther 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 thenera response for measurements of the whiteboard

iluminated 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 anintervalof 40-minutes. Variations in the intensity of the whiteboard were then examined for the

selected 100X1L00 segments in the middle (CO) and four corners (C1, C2, C3, C4) of the whiteboard image,

as shown in Fig.5.7 .The average values of the segmeatssed in the analysis.
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Figure 5.7 The selected segments in the center (CO) and four cornkr€2CC3,C4) of the whiteboard
used in the testing protocol.

As shown in Fig. 5.8, for allthe 1Rands, 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 thatthe light intensitiesped khelue 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 sostimes seen when the ilumination is on for a long time. To avoid this issue, the

iluminations should not be kept on for more than 120 minutes.
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Figure 5.8 Variations in light intensity in the middieegment CO of the whiteboard for each of the LED
light sources.
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Figure 5.9 Variations in light intensity in the selected four segments (C1, C2, C3, C4) of the whiteboard for
each of the LED lightources.
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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 iluminations. The upper and
lower bound of the boxplots represent ffieand 25 percentiles, respectively, the red line represents the
median, and the red '+' symbadpresents the outliers. Since itheerquartile rangélQR) 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 déeiatimme of the
boxesincluding band 1, band 2, hd 3, band 5hand 10 and band 1Both measurementsf the standar
deviatiors of the gray values of the whiteboard when iluminated with the LED Barshb® that
ilumination Band 12 is not stable comped to the otherdnds A comparison of Fig.5.10 and Fig.5.11,
shows thatthe standard deviation of Band 12 increases a lot from 120 min to 200 min. This corresponds well

with results shan in Figure 5.8 and Figure 5.9.
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Figure 5.10 Boxplots representingariability in intensity of each LED light source based on four
measurements at 120 min.
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Figure 5.11 Boxplots representingariability 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 whiteboasumeel over a 28ay 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 dw 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 hatsladged
deviations for measurements from C1 (top left corner) and Ciofmoright 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 exhibiiy gtia bili
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 discussediam$e8t2.1, 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 longe¢ime period (28 days) with measurements at én@dr interval, as shown in Figure

5.16.
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Figure 5.13 Boxplot of each LED light source of 28 continuous daythefselected 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

=65 | il
g : —t—502 —a—8602 —O0—728
[<53
E 6f -
< 0—94}&60\&@0—0 00000 4}9\9/9»0—9\6_0_0_0,0
585
a
5 - -
45 F g

4 WMW .
35 A A A \
0 5 10 15 20 25 30

Time(day)

Figure 5.15Boxplot 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 ofsilected four corner C4

1600
[ ] co
L] c1
.
1400 | c2
- c3
L ] L ] C4
1200
[ =
i=]
©
= 1000 | . E
35}
= -
- L ]
&
= soo - ' '
= s
&
600
400 -
s *® 8 9
ZDD i i i i i i i i i i i i
o 1 2 3 4 5 [+ 7 a8 9 10 11 12

LED Band Number
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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, wﬂm@resents the PXL camera responses,
represents the NXl reflectance vectyr, represents the N spectral power distribution matrix of the P

iIIuminants,-|| represents the NXN spectral sensitivities of the camerapresents the measurement noise.
b - )
Under the assumption thats negligible based on the previous findings that it follows Poiskstibution

[11], the reflectanca»could be reconstructed based {# =|D and-||.

The estimation of the reflectance using the minimum MSE for amexan process is
»=B {4, 4. {B,{4, B 4 (5.2)

Using a pseudoinverse methfid, the estimation of the covariance is approximated as

B 44 (5.3)

WhereR represents the NX matrix with K samples and reflectance dimensitincin be shown that

odBudlds B =4 B =8,

where =94 4 g, andH represents the measurement noise matrix. Since the measurement noise is

signaldependent, it is zero mean and uncorrelated with the measurement and ignored in the estimation

process. Therefore the estimation of Eq. (5.2) would be

1=44 s FFr FE4F FF FEdF R (5.4)

The estimated tristimulus values bassftlthe estimation is

m A (5.5)

whered represents the CIE color matching functions associated with the viewing iluminant. In the

following sections, the color calibration accuracy is calculated byte between the CIELAB values by
transformingthe tristimulus values obtained by the above method and the tristimulus values measured by the
spectroradiometer. These transformatiaes 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 f&iO are0 O 0 p8

The reflectance of the samples was measureth®yhotoResearch 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 illuaion 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 ima@ 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 ilumination was first located and the scaling fa¢tam Eq. (5.6) was then determined.

- i (5.6)

-
where® _ represents the maximum camera response of the whitebo&2dilbfmination where ranges

from 1 to 120 (X, y) represents the camera response of the pixel at the location (x, y) of the whiteboard
under theQ illumination if the dark currenof the camera is nearly zero. The uniformity correction is

defined by Eq. (5.7).

&) AN 1) (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 bluegreen 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 closerltBEhght source.
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Figure 5.18 The nonuniformity pattern of the intensity of pixels on the whiteboard under each LED
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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 sttekespec

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 varychwith time over the 200 min period, which indicates

relatively high stability of tk color calibration accuracy. Most of the average color differences are below
oneYO unit, which indicates a reasonably accurate color estimation. Figure 5.20 demonstrates that
calibration 2 has the highest calibration error at 120 min, which corresgoriie abnormalincrease 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 fluctuation®8&nd 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 cheatrarsg

samples and testing samples outputs the most stable calibration color errors. It is also observed that most of
the average col or c a lopubit vehichiisdower ¢harr tioeresors aepoeted basedem 1 E

the trichromatic camera system using the same set of calibration Haaejls

O min 40 min 80 min 120 min 160 min 200 min

Figure 5.19 Color calibration experimental protocol.
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Table 5.1 Color error statistics for various calibration methods.

Calibration method Trained Tested Time Mean Median Max Min ko ko
Sample Sample (min) @bo o plko mbo Range Var

1 CCSG CCsSG 0 0.84 0.73 224 0.07 2.16 0.29
40 0.82 0.72 224 0.04 2.20 0.27

80 0.83 0.76 224 0.04 2.20 0.28

120 0.85 0.77 2.19 0.07 2.12 0.30

160 0.83 0.75 223 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 0.73 268 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 0.47 241 0.22

160 0.77 0.71 247 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 0.88 252 0.14 2.38 0.20
40 0.83 0.66 2,57 0.09 2.48 0.23

80 0.80 0.63 252 0.07 2.45 0.23

120 1.16 1.13 3.17 0.14 3.03 0.28

160 0.97 0.92 254 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 differemtlibration 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 chartis a black patch
with a fluffytexture,am d it has an ooanite Tha gher pattheslthaBhavgé&olorerrors above 1
mpBounit are patch 2A (black fluffy textured), patch 2D (dark red), and patch 10C (dark blue). The textured

and darkpatchesave larger color errors than the otpatcheswhich increases the average color errors in

calibration.
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Figure 521T h e a v epsohtige240p&tches 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 usinthe 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 timgeastability 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.
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Figure 522T h e a v egobpgtehespler 28 measurements based on a) Calibration 1, b) Calibration 2,
¢) Calibration 3, and d) Calibration 4 methods.
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5.4 Discussion and conclusion

This chapter demonstrates the stability and a@cy of a multispectral LED imaging system. The
iluminants' stability, the light intensity of each band, and the color calibration accuracy were characterized
over short time range anangtimerange tests. Based on the results obtained, several findings can be noted.
The spectral power distribution of most LED light sourskewed similar stability. The SPDs show good
consistency over a twhour time range and for continuous measurements2®days with 24 hours
interval. The exception was Band 7 which had a 10 nm ahif$ 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 fomore than 120 min since Band 12 exhibits fluctuations after 120 min. llorigéime
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 lighsities over 200 minutes did not result in
significant variations in color calibration accuracy. The maximum variations were observed for some dark
samples and fluffyextured samples. Scattering of light and low signal to noise ratio may be the reason f
highervariability 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, valighin light intensity was found to be higher and this
influenced the color measurement, especially for the-fir&and light source. Usinga CCDT chart for
color calibration seems to be the best choice for further measurement of samples. Additicstelyidi 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 intensityariation with time was apparent in tests that were completed over
a 200-minuteperiod. 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 variatitmtdadact its color
differences vary after 120 min. Over a laimge,range, the color calibration accuracy of this imaging

system was found to be stable, and thepwaverage color
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CHAPTER 6 . MULTICOLORED PATTERN IMAGE SEGMENTATION

6.1 Introduction

The color quality control of fabrics containing multicolored patterns based on spectrophotometrc
measurements requires a significant amount of manual effort since the complex color distribution in the pattem
makes tle instrumental measurements tim@nsuming. Using an imagidgased method for color quality

control could savetime and generate details other than the colorimetric attributes of solid colors, such as the
spatial color inhomogeneity or streaky appeararfceator 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 descriteeotén &

the color images of several multicolored patterns were captured. This chapterdescribes 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¥Vl in a thredimensionalfeature spad@@Q=[0° h¢5 RS , wherei andj are the spatial
coordinates, wherebi@d pfes) ,"@ phasdd ,0°hdS & G are the components of the pix@iQin

the CIELAB color space. The aim is to segment the imagetinthusters such that each cluster represents
either a unique solid color or a transitionalcolor segment. The maximum number of solid colors in the target
image is given as S. The maximum nlbenof transitional color segments in the target image is given as G.
The goal is to generate a segmentation MaffiQ @Os®O'EQ 'Q such that each pixeliQhas a

cluster numbe®@QN { 1, 0¥andd Y "O(K varies accordingo different segmentation method

used). Her® represents the set of indices of pixels in cluiter
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6.2.2 Image Preprocessing

After the fabric image is captured, a felw-four average filter is applied to smooth the raw image and reduce
itsd sily-five mediarf fitev @&nd a gaussian filter of 1 sigma are then used to remove the noise and
texture. The segmentation proceduaeals with the remaining pixels in the target image, which form a non

edge pixel map "@QP "OGMB

6.2.3 Segmentation Procedure

The segmentation method deployed could be described aNdheest Color Neighborhood Clustering
(NCNC). In this segrantation method, no spatial information is used, and the image segmentation is
established on a coldmased data clustering process. Four algorithms, namely, NQiN@trated in Fig.6.1),
NCNC-2 (illustrated in Fig.6.2), NCN@ (illustrated in Fig.6.3)and NCNC4 (illustrated in Fig.6.4) are thus

proposed which are described below.

A. Algorithm 1: NCNG1

This approach only searches and clusters the pixels thatarein the solid color regions and does not search for
gradient/transitionalcolor pixels. Atbther 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 tioee®.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 serautomatic 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 numberwould refer to the nominal number
of standard colors that are used togerte a certain patternoFexample, 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 wagieamouflage patterns, including
MARPAT, UCS, and OCP. This seeding method may be regarded as an automatic method since it would not
require a manualselection of color seeds. Both of these approaches form thelN&Ijtithm and Fig.6.1

shows the steprvolved in this process. The left section of the flowchart includes the edge detection step in
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the preprocessing, and the right section illustrates the segmentation process. Various steps are described as
follows:
Step 1: Before starting the segmentatia set of color seeds are determinedgie. 0°hc¢Shos , sn
pheBHYdn the first seeding approach, the color seeds are the average of the-froogmized regions in
the target pattern to be segmented. In this case, the numberwo$eettsYequals the number of colors in the
pattern). Therefore in Fig.6.1, thik= L decision box always yields yes. In the second seeding approach, the
color seeds are preset, and the number of the color §eed& An initial color difference thresholdis set
to start the segmentation.
Step 2: Iterate over each pix&Qin § "@Q, computayO ®,"0BQ | OF pMB RY. IfMYO "O'GQ,
i)<ol Ov pfBAY, assign@Q i, otherwise, asgh ®'@Q 6 ¢ Q¢ &Ooaint the number of the
pixels in each clusters§ Ov pFB Y. Countthe number of clusters that have atleasty pixels. Y is set to 1%
of the totalnumber of pixels in the target image, ie5—. If K=L, go to step 3, otherwise increasky 0.1
unit per iteration nd repeat this step.
Step 3: Calculate the intreluster color homogeneity, i.€006 O B—, which is used to reflect the
homogeneityof thei color cluster, wherey is the index number of the pixel, aadrepresents the total
number of pixels in thé 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

B ‘B ‘B z
color seeds areb = , , ]. This is calculated based on the latest segmentation map.In the

meanwhile, théis readjusted and decreased by 0.1 unit per iteration to meet the color homogeneity criterion.
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Figure 6.1 Flowchart of NCNGL1.

B. Algorithm 2: NCNC-2

While NCNC-1 works for general multicolored patterns, NCI20s 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 celand four gradient color segments, thus in the dataBaseand

G = 4. Before segmentation, the solid color seds 0°hdShdS , sv phB3fi'Y are specified for the

camouflage fabricimages. In the first algorithm, each gradient cedgpnent is defined by the average of the

two solid color seeds that form that color gradient segment. The average gradient color seeds are
O’RhShSs , "N {S+1l, é, S +G

This method uses a single color difference threshold for the dmtefteach 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 "@Qis a gradient color pixel. For example, the threshioltbr » is min (WO @, ® ), WO @,

w )), wherew andw are the two solid colors thatform the color gradient with an average calor, of

"Qp, Qc v phB3iY8WO represents the computed color difference based on CIE DE2000. Efch co
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