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Abstract: Numerous imaging applications and analyses demand human perception, and color space
transformation of device-dependent tri-band color interpretation (RGB) to device-independent CIE
color space standards needs human intervention. The imaging acquisition environment, theoretical
conversion errors, viewing geometry, well-defined illumination uniformity, and calibration protocols
limit their precision and applicability. It is unfortunate that in most image processing applications,
the spectral data are either unavailable or immeasurable. This study is based on developing a
novel integrating sphere imaging system and experimentation with textiles’ controlled variation
of texture and color. It proposes a simple calibration technique and describes how unique digital
color signatures can be derived from calibrated RGB derivatives to extract the best features for color
and texture. Additionally, an alter-ego of reflectance function, missing in the imaging domain, is
suggested that could be helpful for visualization, identification, and application for qualitative and
quantitative color-texture analysis. Our further investigation revealed promising colorimetric results
while validating color characterization and different color combinations over three textures.

Keywords: computer vision; CIE color space; color image processing; radiance; tri-stimulus value;
d/80 geometry; integrating sphere imaging

1. Introduction

Materials and their surface textures show unique light absorption and reflection
spectra characteristics. These reflectance spectra over a wide range of wavelengths of light
are the fingerprints that tell their story and identify them and their families.

Over the last few decades, advancements in imaging systems have made significant
inroads in photogrammetry, remote sensing, real-time response, and ease of communication
at an affordable cost. It is rightly said that a picture is worth a thousand words. An image
contains details about texture, pattern, and appearance in addition to color information.
Multi-sample imaging is simple for imaging systems to perform, store, and communicate
in a real-time application. Although spectral reflectance is the distinctive fingerprint of
a material in spectroscopy and measurements are widely standardized, CIE color space
cannot convey the same information about texture or appearance as an image.

Spectrophotometers are being used extensively in surface color application and mea-
surement industries such as paints, textiles, dyestuffs, forensics, pharmaceuticals, agricul-
ture, ceramics, foodstuffs, and so on [1,2]. They are popular for well-defined standardiza-
tion of illumination, viewing, monochromator, photodetector, and calibration protocols to
provide robust readings day in and day out [2].

The fundamental idea of light reflection serves as the foundation for both the imag-
ing and spectral domains. Imaging triplets (device-dependent color systems) do not
see aswe do, but reflectance spectra that span the entire visible wavelength range are
device-independent, and color systems are minutely designed to imitate human vision.
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Additionally, their standard working mode is compressed-gamut color. In fact, a different
spectrophotometer with illumination and observation geometry is recommended for mea-
suring actual color and effects [1]. They differ significantly regarding CIE measurement
principles [2], and experimental results vary with visual assessment [1–3]. Spectral mea-
surements enjoy their domain of absolute and precise measurement of material surface
reflections, whereas the digital imaging domain, though device-dependent, has its bright
future in the path of development. It is becoming indispensable for faster performance,
ample data storage, media communication, displays, real-time visualization, and so on.

In fact, as of today, imaging is delving into various potential and amazing applica-
tions in science and engineering, including artificial intelligence [4–8]. The advancement
journey most likely actively began in the past3–4 decades, namely, medical imaging [9–12],
forensics [13,14], soil science and ecology [15–20], food science [21], detection of skin and
facial recognition [22,23], textiles [3,24], fire propagation [25], and so on. We can foresee
their profound application in real-time or near-real-time results, improved performance,
and added features with gradually falling costs.

An up-to-date review of the challenge of spectral reconstruction from RGB images,
in other words, the recovery of whole-scene hyperspectral (HS) information from a three-
channel RGB image, is reported by Boaz Arad et al. (2022).No doubt, hyperspectral imaging
evolved for spectral proximity only and is too expensive, just as their processing algorithms
are [26–32].

An article (Jingang Zhang etal.) published online on 13 July 2022 titled “A survey on
computational spectral reconstruction methods from RGB to hyperspectral
imaging” in the journal Nature Scientific Reports [31] stated in the abstract “We have identi-
fied current challenges faced by those methods (e.g., Information loss, spectral accuracy,
data generalization) and summarized a few trends for future work. ”A keyword search in
Google Scholarfor“ spectral reconstruction from RGB images impossible” resulted in about
22,200 results (0.04 s) [ISD 20:17pm, 27th Oct]. The fundamental causes had already been
investigated, and it can be concluded that imaging systems were and are being developed
for pleasant images, not for colorimetric accuracy [32]. However, digital imaging is only a
component of an imaging system. Its development pipeline was designed to reproduce
a visually pleasing photograph rather than a reasonably accurate colorimetric image that
needs to be characterized and/or color profiled [27–32].

2. Related Work

The published research on the color measurement of surfaces in natural scenes (grass,
soil, foliage, etc.) by Hendley and Hecht [33], photographic colorimetry by Burton and
Moorhead [34], and color statistics clearly show that there are an infinite number of different
colors present in nature across the spectrum of light. The existence of a superfluity gamut of
surface colors in nature was inferred by spatial-frequency content with extensive chromatic
diversity (Nascimento et al. [35]), consequences of various adaption processes (Webster and
Mollon [36]; Juricevic and Webster [37]), etc. [38]. Foster et al. [39,40] stated that “the ability
to perceptually identify distinct surfaces in natural scenes by virtue of their color depends
not only on the relative frequency of surface colors but also on the probabilistic nature of
observer judgments; not only do natural scenes contain color gamut very different from
those of typical laboratory stimuli, but also they contain very different spectral and spatial
structures. ”Mäenpää and Pietikäinen [1], of the machine vision group, stated that color and
texture are separate phenomena that should be treated individually. Surface texture and
color analysis have numerous fundamental and derived applications. Sharma and Eduardo
(2012) urged that fundamental new research is required to overcome the lesser-known
and poorly-appreciated limitations of the dark side of CIELAB. They demanded further
development of uniform and new color appearance spaces, which should be revisited
afresh following future, more modern devices and applications [41].
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The way digital color sensors sense color has four major concerns: white balance,
metameric samples, non-visible IRlight, and different color spaces [42–44]. One of the
major concerns is that it is irrelevant to profile surface spectral reflectance under spatially
varying illumination and viewing geometry. It is unclear what sets an observer’s white
point, even at its initial RAW image processing stage [42,45]. Other significant challenges
are the hardware for uniform illumination, well-defined geometry of viewing, inner coating,
and data acquisition in color-compressed gamut like sRGBs without a proper calibration
module [11,42,43,45].In the last few decades, many devices, calibrations, and color charac-
terization methods have been proposed to engineer the perfect original spectrum from its
reduced counterpart of color triplets; to recover the specific surface reflectance properties of
surfaces from digital imaging; and to reconstruct the exact spectrum of illuminating light;
but these could not be accomplished [46,47]. Until now, these real-world imaging strategies
provide only mediocre colorimetric accuracy, limiting their use for high-precision color
measurement devices on par with spectrophotometers.

Suppose image acquisition were standardized and characterized, ensuring calorimetric
accuracy. In that case, it could potentially be the most economic and flexible system for non-
invasive testing and color appearance analysis. Alternatively, we could opt for an alter-ego
of reflectance with a calibration protocol that safely verifies its usefulness by preserving
its imaging domain knowledge without color transformation error. It could be fairly
expensive regarding colorimetric accuracy. Even utilizing complex models like polynomial
regression and neural networks [45,46,48–57], some recent research has reported mediocre
color accuracy [26–30]. In particular, a recent thesis by Yao in 2022 disclosed the typical
color difference mistakes for various textile materials [58]. Complex models using spiking
neural network-based models [59] and probabilistic neural network-based classifiers [60]
reported reasonable spectral accuracy.

3. Background of the Study

This study applied a methodical approach for improving colorimetric accuracy by
creating a unique system with a highly diffused coating on an integrating sphere, with
controlled illumination, viewing, and calibration for image acquisition. Additionally, it
empirically confirms and proposes a new system and methodology that could ensure
the qualitative and quantitative analysis of color and texture inside its digital domain by
eradicating the aforementioned difficulties. The encouraging results in color spectral visu-
alization using RGB could prevent theoretical conversion mistakes from device-dependent
systems to device-independent color spaces. To extract the best features for color and
texture, we suggest a straightforward calibration technique and explain how distinctive
digital color signatures can be created from calibrated RGB derivatives. Additionally, a
substitute for the reflectance function that is absent from the imaging domain was proposed.
This function may be applied to both qualitative and quantitative color-texture analysis
and be useful for visualization and identification. Our continued research, which included
color characterization, color combinations over three textures, and validation in several
color spaces, yielded promising colorimetric results.

Integrating spheres with highly diffused coating have been extensively and explicitly
engineered to measure the color of materials. Figure 1 depicts the outline of our experi-
mental integrated sphere imaging system with remote shooting and illumination control
protocol. Its primary function, and the beauty of atheoretical integrating sphere, is that the
fractional energy leaving a unit area and arriving is independent of the viewing angle and
the distance between the regions [42].
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Figure 1. Integrated sphere imaging system with Illumination control.

4. Theoretical Treatment

A virtual light source is created by reflection when light falls on a highly diffused wall
coating or surface. The amount of radiance, i.e., the flux density per unit solid angle (Ri(λ))
for input flux (Φi), available for the optical system to be collected by viewing or sensing
the illuminated surface, is directly related to both surface reflection r(λ) and subsurface
scattering at (n) no. of reflections.

Ri(λ) =
Φi . r(λ)(1 − p f )

{
1 + r(λ)(1 − p f ) + . . . + rn−1(λ)(1 − p f )n−1

}
π As

(1)

=
Φi . r(λ)(1 − p f )

π As(1 − r(λ)(1 − p f ))
(2)

Here pf = the port fraction of the integrating sphere out of total area As.
In general, the reflectance phenomena of real-world surfaces comprise three significant

components: diffused lobe, specular lobe, and specular spikes. The diffused portion
is caused by incident light repeatedly reflected and refracted at surface boundaries in
multiple directions. The specular lobe is caused by light being reflected at the interface.
In contrast, the specular spikes are realized in a narrow range only in exceptional cases
for mirror-like surfaces. Most rough surfaces in the real world rarely exhibit specular
spikes. The Lambertian model, though simpler, assumes that all the refracted lights are
evenly distributed in all directions, which is often contradictory to real-world surface
reflections [43–45]. It suffers from more inaccuracies at lower magnifications of rough
surfaces, randomly distributed across them.

Furthermore, phenomena like shadowing, masking, and inter-reflection are preva-
lent when incident light and the predominant viewer angle increase. This fact has been
explained by Oren and Nayar [43,44]. The diffused reflection component has shown
that in surfaces with high macroscopic roughness, the diffuse reflection becomes view-
dependent [43,45]. Improper viewing and illumination cause masking, shadowing, and
inter-reflection complexities that create noise in an image [43–45].

This could lead to errors in estimating color and texture. In simple terms, for complete
vision, a viewer and a source direction should be in proximity, and the variation in image
magnification ensures changes in perceived surface reflectance characteristics [44,45].There
are two main advantages ofd/0 viewing geometry [2,61]:(i) flux density Φi is significantly
higher due to the integrating sphere’s light collection, and (ii) polychromatic irradiation
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stimulates photon-induced radiance, which often needs to be quantified in color and ap-
pearance measurements. The only concerning part is that the heating may produce thermo-
chromic effects. Hence, the system should be calibrated and frequently crosschecked to
ensure robustness and accuracy of the surface reflectance measurement.

Case I: For single reflection, the radiance of the sphere wall with a calibrated plate:

Rd (λ)w + c =
Φi . r(λ)w + c (1 − p f )

π A
(3)

Radiance of sphere wall with material:

Rd(λ)w + m =
Φi . r(λ)w + m (1 − p f )

π A
(4)

Rd (λ)w + m
Rd (λ)w + c

=
r (λ)w + m
r(λ)w + c

(5)

Here the material reflectance is directly proportional to the radiant flux available for
collection by the sensor.

Case II: For infinite reflection [44,61].
It is highly likely that light will undergo multiple reflections in an integrating sphere,

expanding to an infinite reflection, say, r(1 − f ) < 1:

Rd (λ)w + c =
Φi . r(λ)w + c (1 − p f )

π A(1 − r(λ)w + c (1 − p f ))
(6)

Rd (λ)w + m =
Φi . r(λ)w + m (1 − p f )

π A(1 − r(λ)w + m (1 − p f ))
(7)

Rd (λ) w + m
Rd (λ) w + c

=
r(λ)w + m (1 − p f )

(1 − r(λ)w + m (1 − p f ))
/

r(λ)w + c (1 − p f )
(1 − r(λ)w + c (1 − p f ))

(8)

Concerning imaging reflectance [43,44]:

Ir = ID + IS = KD,mcosθi +
Ks, m

COSθr
FG exp

(
−α2

2σ

)
(9)

where KD,m = diffused component color vector;
Ks,m = specular component color vector;
F = Fresnel’s coefficient;
G = geometrical attenuation factor;
θi = angle between the illumination direction and the normal surface;
θr = angle between the viewing direction and the normal surface;
α = angle between the normal surface and the bisector of the viewing direction and

the light source direction; and σ = represents the surface roughness.
In our experimental geometry (Figure 2), θi, θr, and α are almost tending to zero, and F

and G are constant for surfaces with the same roughness factor for a single type of material
surface. Here, the sphere is calibrated with an RGB histogram response and fine-tuned
with the image reading of a white calibrated plate. The sphere surface is constructed
with the same coating formulation used for the integrating sphere to ensure R (λ) w+c is
constant, and it gave a nearly flat reflectance response of 94% over visible wavelengths. The
reflectance factor henceforth could be related linearly to the complex reflectance function
of the material under uniform illumination:

Ir = ID + IS KD,m + KS,mFG (10)
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Thus, the color imaging vectors for reflection components described by Lambert and
Torrance–Sparrow may be roughly assumed to be linear additions when these following
conditions are met [44,61]. Additionally, the diffused and specular components are per-
ceived simultaneously by imaging sensors in this system. Their entity interpretation is
complicated, as the total reflection by a spherical wall and the material may be interde-

pendent. Hence theoretically, the terms (λ) w+m
Rd (λ) w+c or (KD,m+KS,m FG)w+m

(KD,m+KS,m FG)w+c
may uniquely

represent each material’s response and require rigorous empirical models to explain. In
the case of real substitution spheres, the diffused and specular components from image
color vectors would be more cumbersome to derive and treat separately than to explain
theoretically and verify experimentally [43–45,61].

In our experiment, we proposed an ideal integrating sphere geometry with concentric
illumination (Figure 2) and calibration protocol, which has been experimentally verified for
unique digital signatures in much simpler terms of ratios of RGB polynomials concerning
calibrated plate RGBs.

Spectrophotometers with an optical configuration of “Diffuse/8◦” (illumination/
measurement) are recommended to measure and analyze color and visual appearance
with reasonable accuracy. This motivated us to design an imaging system based on these
fundamental principles for diffused lighting environments. In addition, as the color-mixing
rule suggests that almost all of the color gamut can be produced by mixing primary shades
of red, green, and blue, we tried to explain the imaging digital color signature in terms of
their mixed response to the RGB triplets, such as r, g, b, rg, gb, rb, and rgb.

5. Materials and Methods

The same cotton fibers can be spun into yarn and then wovenin the pilot weaving
machine to create twenty different textures. They are similar in terms of weave, linear yarn
density (count), spacing (ends and picks per cm), and effects of texture variation. Swatches
of plain-weave cloth weighing 1 g each were dyed with red, blue, yellow, and cyan dyes at
various concentrations (0.25%, 0.5%, 0.75%, 1%, 1.5%, 2%, 3%, 4%, 5%, and 6%) to study
the effects of color variation. The commercial names of the reactive vinyl sulphone-based
dyes utilized are listed in Table 1. The dyeing procedure was followed in accordance with
the manufacturer’s instructions; Dystar China Ltd. Figure 3 shows a representation of
the workflow.
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Table 1. Dyes used for samples.

Dye CI Name Commercial Names CAS Number

1. Reactive Red124 Levafix Brilliant Red E-BA 51811-46-2
2. REACTIVE GREEN 21 Levafix Brilliant GreenE5BNA 61969-09-3
3. REACTIVE BLUE 166 Levafix Turquoise Blue E-BA 61969-03-7

4. REACTIVE YELLOW 160 Levafix Brilliant Yellow4GL 129898-77-7
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Figure 3. Workflow.

A white reference plate with a highly diffused coating applied in the integrating
sphere was prepared and used for calibration to ensure RGBs for a flat response; their
values are consistent with a tolerance of ±0.5% at any region. A light-calibration protocol
is depicted below (Figure 4) in real-time, showing that equal responses of red, green, and
blue components are usually fine-tuned by the image reading of the calibration plate using
image processing in MATLAB.

The specular component, including reflectance, was measured by aMinolta 2600D
spectrophotometer over 360 to 740 nm wavelength with a 10 nm gap. The average RGB
values of the images were acquired and computed in MATLAB once the diffused imaging
system had been calibrated, and the r, g, and b values represent the scaled values obtained
by dividing with the white calibration plate RGBs.
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6. Results and Discussion
6.1. Same Material with Close Texture Variations

The spectral readings spreading over the wavelength of light (400–700 nm at 10 nm
gap) and the scaled digital readings of calibrated r, g, b, rg, gb, rb, and rgb (described
as rgb polynomials) are shown in Figure 5. These twenty cotton fabric samples were
produced using proximity design parameters from the same cotton fibers (Table 2), and are
difficult to precisely judge visually and in the digital imaging domain to differentiate colors.
However, the spectral reflectance is unique and can easily be distinguished in spectroscopy.
20 samples were displayed by with varied default colors in both domains.

Table 2. 20 Fabric specifications produced from the same cotton fibers.

No. Design Warp Ne Weft Ne Wefts/cm Warps/cm GSM Thickness (mm)

1 Twill 1 × 29.5 1 × 29.5 30 31 189 0.65
2 Twill 1 × 29.5 1 × 29.5 30 37 207 0.69
3 Twill 1 × 29.5 2 × 13.1 30 33 173 0.63
4 Twill 1 × 29.5 2 × 13.1 30 38 196 0.66
5 Twill 1 × 29.5 1 × 29.5 31 33 197 0.88
6 Twill 1 × 29.5 1 × 29.5 31 35 221 0.91
7 Twill 1 × 29.5 2 × 13.1 30 31 181 0.85
8 Twill 1 × 29.5 2 × 13.1 31 35 201 0.82
9 Rib 1 × 29.5 1 × 29.5 28 35 190 0.64
10 Rib 2/2 1 × 29.5 1 × 29.5 29 40 210 0.62
11 Rib 2/2 1 × 29.5 2 × 13.1 28 34 175 0.63
12 Rib 2/2 1 × 29.5 2 × 13.1 28 40 194 0.6
13 Rib 4/4 1 × 29.5 1 × 29.5 28 35 189 0.91
14 Rib 4/4 1 × 29.5 1 × 29.5 27 42 204 0.83
15 Rib 4/4 1 × 29.5 2 × 13.1 27 35 174 0.87
16 Rib 4/4 1 × 29.5 2 × 13.1 27 42 191 0.81
17 Plain 1 × 29.5 1 × 29.5 28 22 159 0.6
18 Plain 1 × 29.5 1 × 29.5 29 29 179 0.57
19 Plain 1 × 29.5 2 × 13.1 28 21 148 0.55
20 Plain 1 × 29.5 2 × 13.1 30 29 164 0.51
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7 Twill 1 × 29.5 2 × 13.1 30 31 181 0.85 
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Figure 5. SCE (specular component exclusive) reflectance and r, g, b, rg, rb, gb, and rgb responses of
20 fabrics.

6.2. Same Texture with Incremental Color Variations

The incremental variance of color experiment was further analyzed in both domains.
It has been found that representation in the digital field can be treated as an alter ego of
reflectance in the spectral domain; the family of curves of red, cyan, blue, and yellow can
be qualitatively judged easily in both domains (Figure 6). The experimental RGB and the
spectral data are presented in a Supplementary Materials.

The image details, along with spectral and digital RGB polynomial data, of 20 kinds
of fabric from the same cotton fibers (texture was only slightly varied by spinning the
yarn and weaving the fabric) are given in the Supplementary Materials. The aim was to
verify the unique presence of colors with respect to their spectra in visible wavelengths,
which could further lead to ensuring the quantitative and qualitative analysis of color.
The experimental findings shown in Figures 5 and 6 confirm that the unique identity
of color and texture variation was observed in both spectral and calibrated integrated
sphere imaging domains. It is the texture variance that is responsible for shifts in their
family of spectral and digital color space (Figure 5). Interestingly, the intensity of an image
((R+G+B)/3) at such proximity follows a trend with the increase in color concentration; it is
evident that a decrease in reflectance was observed with the rise in color concentration. The
family of curves so obtained signifies a unique signature in the digital domain and could
potentially be used for qualitative and quantitative analysis of color. These experimental
results confirm that every texture or colorant has a distinct characteristic of reflection,
absorption, surface scattering, etc., and that these characteristics can be recognized in the
spectral and calibrated digital domains.

The proposed integrating sphere and optical geometry with a concentric lighting cali-
bration system ensure diffused and specular response almost uniformly over the sample.
These experimental analyses and validation with the proximity of dyes and texture com-
binations show their unique signatures in the imaging domain, and they can be strongly
related to the spectral domain. The calibrated r, g, b, rg, rb, gb, and rgb polynomial expan-
sion can be treated as an alter-ego of spectral responses. These are unique and can respond
to variations in texture and color concentration. Qualitative and quantitative evaluation is
possible in the digital domain by seeing the sensible variation trends, such as spectral ones,
for color and textural variations due to proximity.



Electronics 2022, 11, 3887 10 of 14

Electronics 2022, 11, x FOR PEER REVIEW 9 of 14 
 

 

11 Rib 2/2 1 × 29.5 2 × 13.1 28 34 175 0.63 
12 Rib 2/2 1 × 29.5 2 × 13.1 28 40 194 0.6 
13 Rib 4/4 1 × 29.5 1 × 29.5 28 35 189 0.91 
14 Rib 4/4 1 × 29.5 1 × 29.5 27 42 204 0.83 
15 Rib 4/4 1 × 29.5 2 × 13.1 27 35 174 0.87 
16 Rib 4/4 1 × 29.5 2 × 13.1 27 42 191 0.81 
17 Plain 1 × 29.5 1 × 29.5 28 22 159 0.6 
18 Plain 1 × 29.5 1 × 29.5 29 29 179 0.57 
19 Plain 1 × 29.5 2 × 13.1 28 21 148 0.55 
20 Plain 1 × 29.5 2 × 13.1 30 29 164 0.51 

6.2. Same Texture with Incremental Color Variations 
The incremental variance of color experiment was further analyzed in both domains. 

It has been found that representation in the digital field can be treated as an alter ego of 
reflectance in the spectral domain; the family of curves of red, cyan, blue, and yellow can 
be qualitatively judged easily in both domains (Figure 6). The experimental RGB and the 
spectral data are presented in a Supplementary File. 

The image details, along with spectral and digital RGB polynomial data, of 20 kinds 
of fabric from the same cotton fibers (texture was only slightly varied by spinning the yarn 
and weaving the fabric) are given in the Supplementary File. The aim was to verify the 
unique presence of colors with respect to their spectra in visible wavelengths, which could 
further lead to ensuring the quantitative and qualitative analysis of color. The experi-
mental findings shown in Figures 5 and 6 confirm that the unique identity of color and 
texture variation was observed in both spectral and calibrated integrated sphere imaging 
domains. It is the texture variance that is responsible for shifts in their family of spectral 
and digital color space (Figure 5). Interestingly, the intensity of an image ((R+G+B)/3) at 
such proximity follows a trend with the increase in color concentration; it is evident that 
a decrease in reflectance was observed with the rise in color concentration. The family of 
curves so obtained signifies a unique signature in the digital domain and could potentially 
be used for qualitative and quantitative analysis of color. These experimental results con-
firm that every texture or colorant has a distinct characteristic of reflection, absorption, 
surface scattering, etc., and that these characteristics can be recognized in the spectral and 
calibrated digital domains.  

 
(a) 

Electronics 2022, 11, x FOR PEER REVIEW 10 of 14 
 

 

 
(b) 

 
(c) 

 
(d) 

Figure 6. (a) r, g, b, rg, rb, gb, and rgb readings and SCE reflectance reading of red; (b) r, g, b, rg, 
rb, gb, and rgb readings and SCE reflectance reading of cyan; (c) r, g, b, rg, rb, gb, and rgb read-
ings and SCE reflectance reading of blue; (d) r, g, b, rg, rb, gb, and rgb readings and SCE reflec-
tance reading of yellow. 

The proposed integrating sphere and optical geometry with a concentric lighting cal-
ibration system ensure diffused and specular response almost uniformly over the sample. 
These experimental analyses and validation with the proximity of dyes and texture com-
binations show their unique signatures in the imaging domain, and they can be strongly 
related to the spectral domain. The calibrated r, g, b, rg, rb, gb, and rgb polynomial 

Figure 6. Cont.



Electronics 2022, 11, 3887 11 of 14

Electronics 2022, 11, x FOR PEER REVIEW 10 of 14 
 

 

 
(b) 

 
(c) 

 
(d) 

Figure 6. (a) r, g, b, rg, rb, gb, and rgb readings and SCE reflectance reading of red; (b) r, g, b, rg, 
rb, gb, and rgb readings and SCE reflectance reading of cyan; (c) r, g, b, rg, rb, gb, and rgb read-
ings and SCE reflectance reading of blue; (d) r, g, b, rg, rb, gb, and rgb readings and SCE reflec-
tance reading of yellow. 

The proposed integrating sphere and optical geometry with a concentric lighting cal-
ibration system ensure diffused and specular response almost uniformly over the sample. 
These experimental analyses and validation with the proximity of dyes and texture com-
binations show their unique signatures in the imaging domain, and they can be strongly 
related to the spectral domain. The calibrated r, g, b, rg, rb, gb, and rgb polynomial 

Figure 6. (a) r, g, b, rg, rb, gb, and rgb readings and SCE reflectance reading of red; (b) r, g, b, rg, rb,
gb, and rgb readings and SCE reflectance reading of cyan; (c) r, g, b, rg, rb, gb, and rgb readings and
SCE reflectance reading of blue; (d) r, g, b, rg, rb, gb, and rgb readings and SCE reflectance reading
of yellow.

7. Conclusions

These experimental findings demonstrated that digital RGB polynomial data with a
calibrated imaging sphere could be used in the same manner as spectral data for qualitative
analysis of color and texture. Thus, a new visualization in the calibrated imaging domain
is proposed here. In addition, this leads us to investigate further to improve quantitative
analysis of color and texture.

Firstly, it is important to take into account the underlying factors once more because
many studies have already looked into imaging systems and their performance for colori-
metric accuracy. It may be said that imaging technologies were initially built for pleasing
images rather than for colorimetric accuracy. Currently, the multispectral imaging domain
is struggling with complex algorithms and mediocre domain knowledge on established
human color perception.

Secondly, it is still debatable how strictly we can distinguish and represent a unique
color and up to what precision we can do so in a tone-compressed gamut like sRGB, or the
hyper-spectral domain as measured by a spectrophotometer, since a natural surface color
under spatially varied illumination exhibits a considerable range.

Thirdly, as a prerequisite for best practices, we encourage researchers to validate their
limitations on digital RGB responses, imaging metric performances, and theoretical and
computational assumptions. In addition, the robustness of the calibration with a white
reference standard under an illuminant and its repeatability could surely reduce errors and
ensure investigation accuracy. It may be quite possible that they can work in their own
color-compressed domain and avoid substantial theoretical errors in computing adapted
illuminants and observers or through empirical modeling. It is safe to choose a broader
color gamut where distinctions are demanded at the cost of ample data storage. However,
domain knowledge is an absolute necessity before pre- and post-processing of color im-
ages in compressed digital color space, as is the know-how for mapping specific RGBs to
one particular spectrophotometer or colorimetric reading under a specific illuminant and
observer. Interpretations of general color references should not be used in experimenta-
tion, computation, rendering, characterization, or profiling for real-world surface spectral
properties, where absolute and relative measurements are crucial.

We attempted to develop this fundamental concept incrementally through experimen-
tal validation. The proposed system is scalable, and the techniques are much simpler. They
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can be used as a tool for visualization, identification, and extraction of the best features for
color and texture patterns from a calibrated imaging system.

Our further investigations were based on experimentation and validation of these
fundamental concepts with varied textures and the same incremental color depth, color com-
binations, and color space transformations, which are frequently used for image processing
and computation without prior knowledge. The fundamental color-mixing principles and
their representation in various device-dependent color spaces were investigated further to
verify this concept and will be discussed next.

8. Patents

IN 202031018601, MULTI-RESOLUTION SPHERE IMAGING SYSTEM AND METHOD
FOR SPECTRAL CHARACTERIZATION, 30/04/2020.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/electronics11233887/s1; The images of the sample are provided
in the Supplementary File, captured by the said calibrated imaging system. They are titled Figure S1.
Proximity textures: 20 kinds of fabric from the same cotton fibers(texture was only slightly varied
by spinning the yarn and weaving the fabric); Figure S2: red, cyan, blue, yellow samples; Figure S3.
System set-up and calibrationThe corresponding experimental readings in the spectral and imaging
systems were provided as follows: Table S1. Calibrated RGB readings of 20 fabric samples; Table S2.
%R reflectance and CIE XYZ, L*a*,b* readings of 20 fabric samples; Table S3. Calibrated RGB readings
of red, cyan, blue, and yellow fabric samples; Table S4. %R reflectance readings of red, cyan, blue,
and yellow samples.
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