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Abstract

In the thesis we will investigate possibilities and limitations of
spectral imaging systems, mainly equipped with a spectral camera,
for spectral characterization of paper and print. Based on spectral
reflectance or spectral radiance data being the output of a spectral
imaging system, we will investigate possibilities of spectral imaging in
the field of printing industry and try to characterize the properties of
paper and print from spectral point of view.

The experimental part of the thesis is very extensive and can be
divided into three main parts: basic spectral characteristics of pa-
per and print, inverse color separation process of multicolor spectral
halftone images, and mottling characterization and its prediction.

The thesis itself has a experimental character. In particular, the
author is trying to investigate possibilities and accuracy of spectral
imaging systems for characterization of paper and print. This study
also tries to show the superiority of spectral imaging over colorimet-
ric imaging systems, i.e. the amount of additional color information
accompanying the spectral imaging can be used for better characteri-
zation of paper and print. All the conclusions contained in the thesis
are based on the results being the output of the experimental part,
where the assumptions of a specific spectral imaging system and its
setup were done.

The thesis also considers and discusses other equipment which can
be used for spectral characterization of paper and print, and which
probably would improve the results of the experimental part gained
so far.

Keywords: spectral characterization of paper, spectral charac-
terization of print, dot gain, mottling characterization, mottling pre-
diction, inverse color separation, Kubelka-Munk theory, ink concen-
tration prediction.
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1 Introduction

Paper and print are the most common ways of communication. Despite the in-
creasing amount of information available on the Internet, the amount of printed
products is not decreasing and is still a very important information media.

”Real world” color is a function of many factors including the spectral power
distribution of the illumination, the spectral reflectance or transmittance proper-
ties of an objects, and the spectral sensitivity of the observer. Due to the complex
nature of light and color there arises a need for better methods for investigating
the paper surface properties, and examining the print quality and print charac-
teristics. Accurate color measurements can be obtained by taking into account
all the factors which contribute to the physical nature of light and color appear-
ance. However, methods which rely on colorimetric reproductions of real objects,
i.e. methods which reduce all the color information to only three signals, are not
sufficient for accurate color measurements. The thesis considers and examines the
accuracy of using spectral imaging systems for spectral characterization of paper
and print. In particular, spectral color reproduction allows us to record and repro-
duce the true color (exact spectral reflectance properties) of imaged objects with
high spatial resolution, whereas the captured color information does not depend
on any particular illumination or observer. The thesis is organized as follows:

Chapter 2 introduces the light and color phenomena from physical and psy-
chological point of view, discusses the color formation process and different types
of interactions between light and objects. Later, the basis of colorimetry and two
main color reproduction types - colorimetric and spectral color reproductions are
explained. An extensive comparison of the color reproduction types is given, and
basis of spectral imaging systems and measurements are explained. The color
halftone printing process is discussed. The chapter finishes with descriptions of
samples and setups used in sample measurement phase.

Chapter 3 investigates basic spectral characteristics of paper and print includ-
ing examinations of average spectra and spectral variances of different kinds of
blank papers, spatial variation of blank paper surface, black color formations for
different kinds of paper, average spectra and spectral variances of printing inks,
and the characterization of the dot gain phenomena. Some theory related to men-
tioned issues will be given. All the results given in this chapter are based on the
experimental part related to the thesis.

In Chapter 4 we will examine whether we can predict some forms of mottling
based on spectral reflectance or spectral radiance data. The issue also involves de-
termining the spatial distribution of reflecting and fluorescent substances in paper
and print under different lightings and examining spatial variations of printing inks
and base paper. All the results given in this chapter are based on the experimental
part related to the thesis.

In Chapter 5 we will investigate if the inverse color separation process of mul-
ticolor printing inks is possible based on spectral reflectance data: given a spectral
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reflectance data of a printing dot image we will try to separate it into four RGB im-
ages, where each of them corresponds to one of the printing inks used and contains
only printed dots of the same color. In particular, this study will show whether
the concentration prediction (what printing inks and in what densities were used
to create a particular region) of printing inks is possible based on spectral re-
flectance data. We will also investigate if it is possible to determine missing or
partially missing printed dots in overlapping areas based on spectral reflectance.
This study will also show how much information we can get about the printed
dot pattern (also in overlapping regions) based on spectral information of printed
substrate. Some problems related to concentration prediction and inverse color
separation will be discussed and possible solutions will be explained.

Chapter 6 accumulates all conclusions given in Chapters 3 - 5 and gives some
hints for further work and investigation related to spectral characterization of
paper and print.
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Figure 1: The visible spectrum and its relation to other kinds of electromag-
netic radiation (Image taken from http://www.psych.ndsu.nodak.edu).

2 Background

In this chapter we will introduce fundamental concepts related to the nature of
light and color. Basis of colorimetry and the multicolor printing process will be
discussed. Theory related to colorimetric and spectral imaging systems and their
extensive comparison will be given. This chapter finishes with a description of
samples and imaging system setups used in the experimental part of the thesis.

2.1 Color and color spaces

2.1.1 Light and color

Visible radiation (spectrum) is a form of energy (part of electromagnetic radia-
tion) which causes a response in the human visual system. The portion of the
electromagnetic radiation which we can see is called light and covers a wavelength
range in approximately from 400 to 700 nm (1nm = 10−9m). The relation of the
visible spectrum to other kinds of electromagnetic radiation is shown in Figure 1
[1].
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Table 1: Regions and subregions of electromagnetic radiation.

Spectral region Wavelength range (nm) Subregion

Ultraviolet
100-280 UV-C
280-315 UV-B
315-380 UV-A

Visible

380-430 Violet
430-500 Blue
500-520 Cyan
520-565 Green
565-580 Yellow
580-625 Orange
625-740 Red

Infrared
740 - 1400 Near IR

1400 - 10000 Far IR

In particular, we can distinguish the following regions and subregions of the
electromagnetic spectrum (radiation) shown in Table 1 [25].

Color is the sensation of a visual system (for example the human visual sys-
tem) caused by a visible physical stimulus (light). Newton’s experiment with
day light and a prism proved that light can be decomposed into a spectrum of
monochromatic components and further decomposition can not be done. Accord-
ing to Newton’s experiment light can be characterized by its spectral components,
and usually it is done in the form of spectral power distribution which characterizes
light by the distribution of power as a function of wavelengths [16].

CIE1 defines color in the following way:

Attribute of visual perception consisting of any combination of chromatic and
achromatic content. This attribute can be described by chromatic color names such
as yellow, orange, brown, red, pink, green, blue, purple, etc., or by achromatic color
names such as white, grey, black, etc., and qualified by bright, dim, light, dark, etc.,
or by combinations of such names.

The CIE also adds the following note to the definition of color:

The perceived color depends on the spectral distribution of the color stimulus,

1Commission Internationale de l’Eclairage (the International Commission on Illumina-
tion - abbreviated as CIE) is the primary organization responsible for standardization of
color terminology and color metrics.
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the size, shape, structure and surround of the stimulus area, the state of adaptation
of the observer’s visual system, and the observer’s experience of the prevailing and
similar situations of observations.

2.1.2 The modification of light by objects

When light strikes an object, spreads in any medium, or interacts with materials,
the spectrum of the light can be altered through scattering, reflection, transmission
and absorption.

Refractive index The refractive index measures how much the speed of light
is reduced in an object (material) in comparison to its speed in the air (vacuum).

At every boundary between two object the speed of light is reduced, and a
small amount of the light is reflected or scattered. The direction and the amount
of the reflected light beam depends on the initial light beam and the change in the
refractive index between these two materials.

Spectral reflectance Spectral reflectance is defined as the ratio of the re-
flected light to the incident light under specified geometric conditions [12], and
usually it is denoted by:

R(λ) =
IR(λ)
II(λ)

(1)

, where IR(λ) is the portion of reflected light at wavelength λ, and II(λ) is the
portion of incident light at wavelength λ.

Spectral transmittance The ambient light can go through an object, and
then the light is said to be transmitted and the object is said to be transparent. In
the case of a colorless object almost the whole light beam is transmitted excepts
for a small part which is reflected from the two boundaries of the objects (due to
a change in the refractive index).

Spectral transmittance is defined as the ratio of the transmitted light to the
ratio of the incident light under specified geometric conditions [12], and is usually
denoted by:

T (λ) =
IT (λ)
II(λ)

(2)

, where IT (λ) is the portion of transmitted light at wavelength λ, and II(λ) is
the portion of incident light at wavelength λ.
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Absorption The ambient light can be absorbed by an object. If the object
absorbs a part of the light, then it is colored, but still transparent. On the other
hand, if the object absorbs the whole light, then it appears black and is said to be
opaque.

In particular, the knowledge about the absorption properties of an object as a
function of wavelengths can be used to predict its color.

Scattering Let us consider a homogenous medium with particles which have
different refractive indexes (in the case when the medium and the particles have
the same refractive indexes no scattering results). Due to the change in the refrac-
tive indexes, photons are moved away in different directions, what results in the
phenomenon called scattering. The extent of light scattering depends on the dif-
ference in the refractive indexes between the two materials and the size of particles
in the object.

An object is said to be translucent is some of the ambient light is absorbed,
and a part is scattered. If the scattering is so strong that no light can go through
an object (material), then the object is said to be opaque (nevertheless, in this
case some absorption may occur).

Different pigment sizes and various changes in refractive indexes between the
pigments and the resin with which are to be used can give us transparent or
opaque coatings. In particular, the knowledge about the scattering and absorption
coefficients of colorants as a function of wavelength enables us to predict their colors
(for example the Kubelka-Munk theory).

2.1.3 Color formation

There are two kinds of receptors, rods and cones, in the human eye. Rods detect
very small amounts of light and are responsible for seeing in the night. Because
there is one type of rods, we can only see objects as shades of gray. As the amount
of incident light increases rods become inactive and cones begin to send neural
signals to the brain. Our sensation of color is caused by three different types of
cones which respond differently to light at various wavelengths. The three differ-
ent types of cone are commonly denoted by L, M, S, and have different spectral
sensitivity in the visible spectrum. L cones respond mostly to long wavelength
region, M to middle wavelength region, and S to short wavelength region. The
spectral sensitivity function related to each type of the cones can be used together
with stimulus spectra to determine the response of the cones. The cones, similarly
to other detectors, integrate the incident light at all wavelengths, and finally the
entire spectrum of incident light is reduced to three cone signals resulting in what
is called a trichromacy.

Light coming into the eye can originate in different ways. The simple case
occurs when the observer is viewing a self-luminous object and in this situation the
light directly originates from the viewed object. More common situation is when
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Figure 2: Spectral sensitivity of cones (Image taken from [24]).

objects are illuminated by an external light source and the observer is viewing
the objects. In this case, if we assume that the spectral power distribution of the
illumination is given by l(λ) and an object reflectance is given by r(λ), then the
amount of light coming into the eye is the product of l(λ) and r(λ), i.e. l(λ)r(λ)
[16], where λ denotes wavelength. Then, the responses of the three types of cones
can be mathematically modelled as:

ci =
∫ λmax

λmin

si(λ)l(λ)r(λ)dλ (3)

, where si(λ) denotes the spectral sensitivity of ith type of cone at wavelength
λ, and λmin, λmax represent the range of wavelength outside of which all these
spectral sensitivities are equal to zero. Usually λmin = 360 and λmax = 830 [16].

Figure 2 represents spectral sensitivities of different types of cone. The spectral
sensitivity of cones L is maximal at 580 nm, for M cone at 545 nm and for S cone
at 440 nm. At these wavelengths the observer perceives the color as red, green
and blue, respectively [24].

Let us assume that the visible spectrum in the range from λmin to λmax is
uniformly spaced by N wavelength values denoted by {λi}N

i=1, i.e. λi = λ1 + (i−
1)∆λ, where ∆λ is the sampling interval between two successive wavelengths. For
computation purposes Equation (3) can be written as:

ci =
j=N∑
j=1

si(λj)l(λj)r(λj)∆λ = sT
i f (4)

, where i = {1, 2, 3}, T denotes vector transposition, f = [l(λ1)r(λ1), ..., l(λN )r(λN )],
si = ∆λ[si(λ1), ..., si(λN )]T . Let us rewrite Equation (4) as:
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c = ST f (5)

, where c = [c1, c2, c3], and S = [s1, s2, s3].
Let us now consider two N-vector spectra denoted by f and g. The two spectra

produce the same responses in the cones if:

ST f = ST g (6)

Let us notice that the above system of equations has multiple solutions. Fur-
thermore, based on this equation, we can deduce the phenomena called trichro-
macy: for a given stimulus (spectrum) it is possible to produce a color match
(the same response in cones under the same viewing conditions) by using light
being combinations of three colorimetrically independent (a set of spectra is said
to be colorimetrically independent if the color of any spectrum can not be visually
matched by a linear combinations of the other spectra) light sources (color pri-
maries). In other words, for any visible spectrum, there exists a linear combination
of three color primaries which visually matches the initial spectrum [16].

2.1.4 Basis of colorimetry

In this section we will introduce the standard CIE illuminants and observers, and
describe the way of calculating the tristimulus values from spectral reflectance data
of a material, a CIE standard illuminant and a CIE standard observer.

As it was mentioned earlier, the color of a visible spectrum can be specified
in terms of the tristimulus values. Let us notice that in order to have agreement
between different measurement types of color, it is necessary to define a set of
standard illuminants and color matching functions for observers with respect to
which the tristimulus values will be computed.

CIE standard observers In 1931, the CIE defined standard colorimetric ob-
servers by providing two different, but equivalent, sets of color-matching functions
(abbreviated as CMFs): the CIE RGB CMFs (r(λ), g(λ), b(λ)) and the CIE XYZ
CMFs (x(λ), y(λ), z(λ)).

The (r(λ), g(λ), b(λ)) set of CMFs defines the tristimulus values of the spectrum
colors for a fixed set of monochromatic primaries. The primaries were selected at
435.8 nm, 546.1 nm and 700 nm, and the corresponding tristimulus values define
the amounts of each of the primaries which will yield a color match to the initial
spectrum [12]. Because the CIE RGB CMFs have both positive and negative val-
ues, another set of CMFs only with positive values was required. Thus, the second
set of CIE XYZ color-matching functions was defined as a linear transformation
from CIE RGB CMFs.

Due to some requirements imposed on the new set of CMFs (in particular
the color-matching functions are to be all positive), the selected primaries are not
physically realizable. The system based on the primaries is called XYZ color system
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Figure 3: The CIE 1931 RGB
color matching functions.

Figure 4: The CIE 1931 XYZ
color matching functions (com-
monly called the 2o CIE 1931
Standard Colorimetric Observer).

with x(λ), y(λ), z(λ) as color-matching functions, and it is assumed to simulate the
color matching results of the average person with normal color vision.

Figure 3 and 4 show the CIE RGB and CIE XYZ color-matching functions,
respectively (images taken from [26]). Clearly, the two sets of CMFs are not the
cone spectral sensitivity functions, but linear transformations of them.

In particular, the CMFs were derived in such a way that they yield equal
tristimulus values for the equi-energy spectrum (equal amounts of X, Y and Z
produce white).

The two sets of observers defined in 1931 by the CIE are the 2o CIE standard
observers. Later, in 1964 CIE defined another set of color matching functions for
10o standard observer which will not be discussed here (see for example [16]).

CIE standard illuminants In addition to CMFs, the CIE also defined a
number of standard light sources. These are used in colorimetry of nonluminous
reflecting objects, and are known in the CIE terminology as illuminants. There
exist the following CIE standards of illuminants:

• CIE standard illuminant A represents the light coming from a blackbody
radiator at color temperature of 2856 K. It is used to represent incandescent
lighting such as a filament lamp [16];

• CIE Standard Illuminant B emulates noon sunlight at color temperature of
4874 K. The CIE standard illuminant B has been realized by putting double
liquid filter in front of light source A [25];

• CIE Standard Illuminant C emulates the average daylight of temperature
6750K, but real daylight contains more ultraviolet than illuminant C. The
illuminant has been realized by putting liquid filter in front of light source
A [25];
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Figure 5: Spectral power distribu-
tion of CIE A, B and C illuminants.

Figure 6: Spectral power distribu-
tion of CIE D50, D65 illuminants.

• the D series illuminants are used to represent natural daylight. In particular,
the D65 illuminant has the correlated color temperature of 6500 K, D50 of
5000 K and D75 of 7500. They were defined to replace illuminants B and
C [25];

• the F series illuminants are used to represent various types of fluorescent
lighting. For example, illuminant F2 represents cool white fluorescent, F11
represents narrow-band fluorescent, F7 and F8 represent daylight fluorescent
(often used as approximations of D65 and D50, respectively) [27].

Figures 5 and 6 shows spectral power distributions of a couple of CIE standard
illuminants.

In particular, the D65 illuminant is one of most important light sources used
in day light sample measurements . As mentioned earlier, it belongs to the D
series that try to simulate standard illuminating conditions at open air in different
parts of the world. The D65 illuminant corresponds roughly to a midday sun in
Western/Northern Europe. The CIE 1931 chromaticity coordinates of D65 are
x = 0.31271 and y = 0.32902, and the CIE 1964 chromaticity coordinates are
x = 0.31382 and y = 0.33100.

Calculating the XYZ tristimulus values The tristimulus values calcu-
lated with the CIE RGB CMFs are called CIE RGB tristimulus values. Similarly,
the tristimulus values calculated with the CIE XYZ CMFs are called CIE XYZ
tristimulus values.

Let us assume that S is the spectral power distribution of a light source, R
is the spectral reflectance of an object and x, y, z are the CIE observer color
matching functions. Then the tristimulus values calculations for reflecting objects
is as follows [12]:
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X = k
N∑

i=1

S(λi)R(λi)x(λi)∆λ (7)

Y = k

N∑
i=1

S(λi)R(λi)y(λi)∆λ (8)

Z = k
N∑

i=1

S(λi)R(λi)z(λi)∆λ (9)

k =
100∑N

i=1 S(λi)y(λi)∆λ
(10)

, where k is a normalizing factor. Let us notice that the normalizing factor has
the following implications on the value of Y :

• then dealing with reflecting objects, the value Y = 100 will be assigned to
ideally nonflorescent white which reflects 100% of the ambient light at all
wavelengths;

• then dealing with transparent objects, the value Y = 100 will be assigned
to perfect colorless materials which transmits 100% of the ambient light at
all wavelengths.

The Y value is called the luminance and correlates with the perceived bright-
ness of the radiant spectrum [16]. The CIE XYZ tristimulus values can be thought
to be three variables which define a three-dimensional space in which each axis cor-
responds to a primary, and a set of tristimulus values define a position within the
three-dimensional color space. The CIE XYZ color space is special because it is
based on experimental measurements of the human visual system, and it serves as
the basis from which other color spaces are derived (for example standard-RGB
(abbreviate as sRGB)).

Similar equations to Equations (7) - (10) can be defined for the CIE RGB
tristimulus values.

2.1.5 Additive and subtractive color mixing

The term additive color mixing refers to the mixing of lights, while subtractive
color mixing refers to the mixing of colorants.

It is obvious that different industrial processes (for example printing process
and textiles) or devices (for example CRT monitors) use primaries which vary a
lot in spectra. We will try to remove these ambiguity and define primaries by their
spectra based on theoretical backgrounds. We assume that the visible spectrum is
divided into three regions: light below 500 nm is of blue color, light between 500
nm and 600 nm is of green color, and light above 600 nm is of red color [12].
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Table 2: Additive color mixing of the theoretical additive primaries.

Primary on Color Primary on Color

No primary Black Red + Green Yellow
Red Red Red + Blue Magenta

Green Green Green + Blue Cyan
Blue Blue All White

Figure 7: Additive color mixing. Figure 8: Subtractive color mixing.

The theoretical red, green and blue additive primaries produce light only in
the spectral range which corresponds to their color name. Changing the amount
of a theoretical primary results in various amounts of light. The spectral shape of
the theoretical primary is independent of the current light intensity, and only the
amplitude of spectral power of the light changes. As the amount of a theoretical
primary increases (the amplitude increase), light is being added. In particular, 0%
of a theoretical primary corresponds to the lack of light (black color results), and
100% corresponds to the particular primary [12].

Table 2 contains colors resulting from lights being a combination of different
sets of the additive theoretical primaries. Colors which result from combining a
pair of primaries are called secondary colors (secondaries).

Figures 7 represents additive primaries and principle of additive color mixing.
The theoretical subtractive primaries are cyan, magenta, and yellow (the com-

plement of additive color mixing). Changing the amount of a theoretical subtrac-
tive primary from 100% to 0% results in colors between the particular primary
and white. The process of mixing two primaries results in a additive primary (see
Figure 8).

Subtractive color mixing can be defined a process of spectrally selective absorp-
tion of radiant power of an existing light (white light) by an object. The object
(for example ink) causes a light subtraction and the remaining radiant power is
reflected or transmitted. For example, cyan and yellow yield green color because
cyan absorbs red light, yellow absorbs blue light, and consequently the only not
absorbed light is green. Similar conclusions can be made for remaining subtractive
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Table 3: Subtractive color mixing of the theoretical additive primaries.

Primary on Color Primary on Color

No primary Black Cyan + Magenta Blue
Cyan Cyan Cyan + Yellow Green

Magenta Magenta Magenta + Yellow Red
Yellow Yellow All Black

primary combinations (see Table 3).
Additive color mixing is applied in coloration systems which are light emitters,

and subtractive color mixing is applied in coloration systems which combine un-
absorbed light. CRT monitor and televisions are examples of additive coloration
systems. Color printing and fiber blending have features of both, additive and sub-
tractive, coloration systems (for example an overprint of two subtractive primary
results in additive color primary).

2.1.6 RGB color model

The RGB color model is an additive model in which red, green and blue are the
primaries. The primaries are added together in various proportions of intensity
to create other colors of the visible radiation according to additive color mixing
model.

The RGB color model does not define the ”red”, ”green” and ”blue” colors,
and the results of mixing them in various intensities (only the additive color mixing
is assumed in the model). The color model becomes an absolute color space (such
as for example sRGB or AdobeRGB) when the three primaries are defined, i.e.
exact spectral make-up of the primaries is done.

The RGB color model is usually shown as a cube in Cartesian coordinate
system as presented in Figure 9. The diagonal of the cube going from (0, 0, 0) -
black color to (1, 1, 1) - white color corresponds to the gray scale.

Figure 10 shows a non-linear transformation of the RGB color cube into another
color system which is usually known as the HLS color system (stands for Hue,
Saturation, Lightness). The HSL color space gives us perceptual ordering of color
and can be represented graphically as double hexcone, where the distance along
the main axis corresponds to lightness (L) with the two apexes corresponding to
black and white colors, the distance from the axis to a particular point corresponds
to saturation (S), and the angular parameter corresponds to hue (H).

RGB color spaces are perceptually non-linear, i.e. equal differences in the
RGB values do not correspond to equal differences in the perceived color. RGB
color spaces are also device-dependent, i.e. the same RGB color values will give
different results when viewed on different devices. In particular, if we view the
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Figure 9: The RGB color model
mapped to a cube (Image taken from
[28]).

Figure 10: Double hexcone created
by rotating the RGB cube (Image
taken from [28]).

same RGB image on two different CRT monitors they will probably look different.
The difference is mainly caused by slightly various monitor gamut and different
monitor settings. Thus, RGB values can be treated a recipe given to a particular
device to display a particular color.

RGB color spaces are easy to implement, unintuitive and used for devices such
as digital cameras, color displays and scanners.

2.1.7 CMY color model

CMY (refers to cyan, magenta and yellow) is a subtractive color model used in
color printing process, where various colors are being created according to sub-
tractive color mixing. Similarly to RGB color model, CMY color model is device-
dependent, i.e. the output colors corresponding to particular CMY vales will vary
when sent to two different printers or applied to papers with various characteristics.

Theoretically, the relation between RGB values and CMY values in CMY color
model is as follows:

Cyan = 1−Red Magenta = 1−Green Y ellow = 1−Blue (11)

, where Red, Green, and Blue indicates intensities of RGB primaries which are
expressed as fractional values in the range from 0 to 1. In reality, the process of
calculating the cyan, magenta and yellow values from the RGB values is more com-
plex, and in particular it involves device-specific, ink-specific, and paper-specific
considerations.
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2.1.8 CIELAB color space

The CIE XYZ color space is not uniform2 in that sense that equal perceptual
differences in color do not correspond to equal distances in the color space [16]. In
1976 the CIE defined the CIE 1976 L∗a∗b∗ uniform color space (called also CIE Lab
or CIELAB color space). The color space were defined in terms of transformations
from the CIE XYZ color space.

The color space employs a lightness scale L∗ which depends only on the illu-
minance value Y of the CIE XYZ color space. L∗ = 0 corresponds to black and
L∗ = 100 indicates white (i.e. constant reflectance equal to one). Positive values
of a∗ represents the amount of purplish red, and negative values of a∗ indicates
the amount of green. Positive values of b∗ represents the amount of yellow, and
negative values of a∗ indicates the amount of blue.

The L∗, a∗ and b∗ values corresponding to X,Y,Z values from the CIE XYZ
system are given by:

L∗ = 116f(
Y

Yn
)− 16 (12)

a∗ = 500(f(
X

Xn
)− f(

Y

Yn
)) (13)

b∗ = 200(f(
Y

Yn
)− f(

Z

Zn
)) (14)

, where

f(x) =
{

3
√

x x > 0.008856
7, 787x + 16

116 x ≤ 0.008856
(15)

Xn, Yn, Zn correspond to CIE XYZ tristimulus values of the reference white
point (for example the CIE D65 standard illuminant).

Figure 11 shows a 3D representation for the CIE Lab color space, and Figure
12 shows the CIE Lab color space for L∗ = 25.

The CIE Lab is the fundamental color space in color management systems and
as a device-independent color space it is used for translations between different
device-dependent color spaces (a conversion of color data between the native color
space of one device and the native color space of another device, for example
between two different monitors). In particular, a device-independent color space
is not dependent on any particular device, and such a system is meant to be a true
representation of colors as perceived by the human visual system.

The reverse transformation i.e. from the CIE Lab color space to the CIE XYZ
color space will be skipped here and can be found for example in [12][16].

2As mentioned earlier, RGB and CMY systems are also examples of not uniform color
spaces.
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Figure 11: CIE Lab color space. Figure 12: CIE Lab color space at
L∗ = 25 (Image taken from [31]).

Color differences Let us suppose that we have two points (L∗meas, a
∗
meas, b

∗
meas)

and (L∗ref , a∗ref , b∗ref ) in CIE Lab color system which corresponds to a measured
and reference colors, respectively. Let us define the differences in lightness (∆L∗),
redness-greenness (∆a∗) and yellowness-blueness (∆b∗) as follows:

∆L∗ = L∗meas − L∗ref (16)

∆a∗ = a∗meas − a∗ref (17)

∆b∗ = b∗meas − b∗ref (18)

A positive value of ∆L∗ means that the measured sample is lighter than the
reference one. A negative value of ∆L∗ indicates that the measured sample is
darker than the reference one. A positive value of ∆a∗ means that the measured
sample is more reddish than the reference one. A negative value of ∆a∗ indicates
that the measured sample is more greenish than the reference one. Finally, a
positive value of ∆b∗ means that the measured sample is more yellowish than the
reference one, and a negative value of ∆b∗ indicates that the measured sample is
more bluish than the reference one.

The total color difference between the two samples is given by (Euclidean
distance between two colors in the CIE Lab color space):

∆E∗ab =
√

(∆L∗)2 + (∆a∗)2 + (∆b∗)2 (19)

There exist more sophisticated color difference formulas, in particular including
the CIEDE200 color difference formula [6].
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2.2 Color reproduction

Color reproduction can be broadly defined as acquisition and replication of color
information of a scene (object) on another media. [17] gives the following definition
of color reproduction process:

Color reproduction can be defined as an optical process of producing a close
color representation of some original scene or object. Photography, electronics,
and the physical transfer of a colorant to a substrate may each play a role in this
process, depending on the form of the reproduction. In a broad sense, the process
includes making photographic transparencies and prints, television images, and
printed reproductions.

We are especially interesting in two kinds of color reproduction: spectral and
colorimetric imaging.

Spectral color reproduction The objective of spectral color reproduction is
to achieve identical spectral power distribution between the reproduction and the
original object. In this case, the colors of the original and the reproduction will
match for all observers and for all illuminants (independence from any observer
and any illumination is achieved). Moreover spectral color reproduction is the only
way to diminish or eliminate the effect of metamerism.

Colorimetric color reproduction Colorimetric color reproduction is achieved
when the CIE tristimulus value (X, Y, Z) of the reproduction and the original are
the same. This kind of color reproduction does not guarantee that the spectra of
the original and the reproduction are the same (virtually it is almost impossible
to achieve the match in spectra). The reproduced colors fully depend on the illu-
mination and the observer used, and the image match the original as long as the
viewing conditions do not change. In the case, when the viewing condition are
changed, the color acquisition process and the calculation of the CIE tristimulus
values must be repeated to achieve colorimetric match to the original.

2.2.1 Colorimetric imaging

Traditional (colorimetric or metameric) imaging is based on the physiology of the
human eye.

In traditional imaging systems a limited number of channels is used (usually
three), but careful system design still enable us to reproduce images with sufficient
fidelity for most of applications. The phenomena of reducing all color information
to only three signals has been applied to many used in practice color reproduction
system including television, printing and photography. As described in Section
2.1.3, the human visual system can not sense the individual contributions each
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wavelength of a particular stimuli makes, but instead it can just sense the aggregate
effect.

Advantages Since traditional imaging quantizes the whole spectral information
into 3 channel color image, the amount of information in colorimetric imaging is
relatively small in comparison with the spectral information. Small amount of
data makes image data processing fast, and minimizes the storage requirements.
As mentioned earlier, careful colorimetric system design still enable us to reproduce
images with sufficient fidelity for most of applications.

Disadvantages The most important problem of colorimetric imaging systems
is metamerism. The phenomena is described in details in the next section. Col-
orimetric imaging systems make color reproductions which are metameric to the
originals. In particular, it means that color matching of the original and the re-
production is relative to the viewing conditions (illumination and observer). They
can much under one set of viewing conditions, but mismatch under another set of
viewing conditions. In particular the acquired color information about an object
is ”dirty”, i.e. the color information of the object is the color of the object un-
der specified light source and observer. It diminishes very much the possibilities
of faithful reproduction of the imaged object under different viewing conditions.
In particular two physical stimuli with different spectral compositions can look
identical under one set of viewing conditions and different under another set of
conditions.

Colorimetric systems quantize spectral data coming from physical stimuli to
produce three-color scene and therefore a large number of different spectral dis-
tributions in the scene can produce the same response (physically different color
stimuli are transformed to the same color information).

In particular, [18] enumerates the following limitations of RGB-based systems:

1. the RGB values obtained in conventional imaging systems can have different
meaning for different devices. The output values depend on the device char-
acteristics, illuminants, pre-processes involved in the imaging systems and
user preference settings. Therefore, RGB values do not give the objective
and correct color information;

2. the spectral sensitivity characteristics of conventional imaging systems are
different from the human vision system;

3. image retrieval based on color information in image archives and databases
is limited since RGB values depend on imaging devices and illuminants. In
particular, the target object could not be found in a databases, if the imaging
system or the illuminant has been changed;
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Figure 13: Two metameric spectra
that look the same in daylight, but
different under tungsten bulb illumi-
nation. (Figure taken from [22]).

Figure 14: Objects under daylight
and tungsten bulb.

4. calculating the color under different illuminant and for different observers is
impossible. Image acquisition phase under the specific viewing conditions
must be repeated.

2.2.2 Metamerism - the blessing and the curse

Metamerism is a phenomenon in which spectrally different stimuli match to a given
observer [12]. Stimuli do not have to have identical physical properties in order to
match in color. If two spectrally different stimuli match in color under specified
illumination and observer then they can mismatch due to change in light source
or observer.

A pair of objects which have different spectral reflectance curves, but the same
color coordinates for a specified illumination and a specified observer is called a
metameric pair or metameric objects [12]. The pair of objects is said to exhibit a
metamerism. If the pair exhibits metamerism upon a change in observer (illumi-
nation), then the pair is said to exhibit a observer (illuminant) metamerism.

A pair of objects, whose spectral reflectance curves differ in visible spectrum, is
a metameric match, if their colors match under specified illumination and viewing
condition. Similarly, a pair of objects, whose spectral reflectance curves are the
same in visible spectrum is a spectral match. Such a pair of objects match under
all illuminations and for all observers.

[22] proves the need for multispectral imaging by introducing the problem of
metamerism, and showing a clear example when traditional colorimetric imaging
systems fail.

Figure 13 shows two spectra from two different objects. Under daylight illumi-
nation the objects have the same CIE Lab values equal to L∗ = 66.90, a∗ = 11.94
and b∗ = −24.60. Under tungsten bulb illumination the two objects have different
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CIE Lab values. These are L∗ = 66.37, a∗ = 5.27 and b∗ = −24.16 for one object,
and L∗ = 66.51, a∗ = −5.80 and b∗ = −22.84 for another.

There are many examples of applications in which metamerism effect is em-
ployed and also many examples where the phenomenon is not desired. In partic-
ular, metamerism allows us for easy color reproduction and the phenomena has
enabled various color image technologies to exist. Most color reproduction sys-
tems including television, photography, movies and printing rely on three or four
primaries to represent our chromatic world [12]. For example, the three phos-
phors used in color CRT displays can generate a wide range of colors that match
many objects. On the other hand, the majority of color reproductions on paper
substrates utilize combinations of cyan, magenta, yellow and black inks (called
colorants). No combination of these inks can generate spectral matches to the
original scene. Therefore, a printed reproduction of an original scene is usually a
metameric match to the former, and accurate viewing is thus dependent upon a
specified illumination and upon a specified observer.

2.2.3 Spectral imaging

Since colorimetric imaging does not provide sufficient amount of information to
accurately reproduce color, another approach using more spectral dimensions is
needed. Spectral imaging allows us to record the true color (exact spectral re-
flectance) of imaged objects with high spatial resolution, whereas the color does
not depend on any particular illumination or observer.

Spectral imaging can be defined as acquiring, processing, displaying and inter-
pretation of images with a number of spectral channels exceeding three found in
colorimetric (traditional) color imaging. Thus, the key feature of spectral imaging
distinguishing it from colorimetric imaging is the number of sampled image dimen-
sions exceeding the 3-D color resolution of the human visual system [19]. Spectral
imaging systems, unlike to colorimetric imaging systems, are based on the physics
of light and its interaction with real-world objects. The range of wavelengths is
not necessary confined to the visible spectrum and mostly depends on a particular
application. Multispectral imaging allows us to determine (compute) the color of
a imaged object for any arbitrary observer and illumination.

Advantages Spectral imaging systems give us a possibility for acquiring more
information about color and thus allow us for high-fidelity color reproduction.

Spectral imaging systems are able to divide signals of imaged objects into two
categories: a category which is due to the object and a category which is due to
the illumination itself. Thus the spectral reflectance of the imaged objects can
be distinguished effectively from the other factors. Having reflectance spectra of
imaged objects gives us, in particular, the ability of reproducing the image under
different viewing conditions, i.e. for different illuminations and observers, without
repetition of the image acquiring stage. It should be also noticed that traditional

20



Table 4: Storage requirements for spectral image data

Image size Colorimetric imaging Spectral imaging

1024× 768 2,25 MB 91,1 MB

colorimetric imaging systems are not able to recognize which image signals are due
to the illumination and which are due to object itself.

Spectral imaging enables us to diminish or eliminate the effect of metamerism.
As the spectra of original and the reproduction become closer, the effect of metamerism
problem is reduced. Due to acquired spectral reflectance3 of imaged objects, the
original and the reproduction will match under any illumination and any observer
- about such pair of objects we say that they are isomers instead of metamers.

Responses of spectral imaging systems can also be used to estimate CIE tris-
timulus value more accurately (colorimetry-based reproduction on the basis of
multispectral data).

Spectral models for devices (such as printers), in principle, can achieve more
accurate characterizations of corresponding devices than corresponding colorimet-
ric models.

Disadvantages We can suspect that along with the large amount of additional
image data in a spectral imaging, the storage requirements for spectral images will
be considerably higher. Table 4 shows sample storage requirements of spectral
imaging in comparison with colorimetric imaging. It is assumed that the size of
sample image is 1024×768, colorimetric imaging uses three channels with 8 bits per
channel, and spectral imaging uses 81 channels (5 nm visible spectrum sampling
from 380 nm to 780 nm) with 12 bits per channel.

Another consequence of considerably larger amount of data in case of spectral
imaging is slower image data processing. In the case of colorimetric imaging, image
processing can be performed in real-time and does not require expensive hardware.
When the spatial size of sample scene and number of channels increases, then real-
time processing of spectral image data becomes impossible or significantly slower.

In general multispectral images produced by spectral imaging systems can not
be directly viewed, but they make up a base from which derivative images are
produced, and then displayed or printed.

Extensive usage of multispectral technology in color imaging is still dimin-
ished by high cost and usually is confined to applications which can not tolerate
metamerism phenomena and for which cost is not a crucial ingredient (for example
medical imaging, artwork reproduction and others).

3We can also say that an exact spectral match between original and reproduction is
achieved.
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2.3 Acquisition of spectral color information

Much of research has been done in investigating issues such as efficient spectral
representation of spectral images, the optimum number of spectral channels and
the optimum number of bits per channel. In this section we will try to address all
of the problems, answer the questions, and make explanations for our choice.

2.3.1 Spectral camera

Unlike to spectrometers and spectrophotometers, spectral camera images a line of
a sample (scene) at a time and disperses light to its spectral sensitive components
in each spatial location in the line. Thus, the output of a spectral camera is a
two dimensional image (image frame) with spatial axis in one direction (imaged
line sample) and spectral axis in another direction (spectral information in each
spatial location (pixel) of the line). Thus, the whole sample (scene) can be imaged
by moving either the camera relative to the sample or the sample relative to the
camera. After measuring the whole sample and joining together the acquired image
frames corresponding to line images, a three dimensional image will result with two
spatial axes (corresponding to the two dimensional nature of the sample), and one
spectral axis (corresponding to the spectral information in each spatial location of
the sample). Figure 15 shows main parts of a spectral camera and the underlying
operating principle of it [20].

Figure 15: Operating principle of a spectral camera (Image taken from [20]).

Figure 16 shows the intuitive structure of one line captured by a spectral cam-
era. As mentioned earlier, the line is internally represented by a two dimensional
image with a spectral axis in one and spatial axis in another direction. The de-
termination of spectral reflectance value for a particular spatial location (pixel) is
done on the basis of values which lie along the spectral axis corresponding to the
examined pixel.

Figure 17 shows spectral image formation by a spectral camera. As we can see,
the second spatial axis (determined by successive lines which are to be measured)
can be considered as the time axis. Nevertheless, the time axis corresponds to
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Figure 16: Spectral and spatial axes
and spectral reflectance formation.

Figure 17: Spectral image formation
by a spectral camera. (Figure taken
from [20]).

the total number of measured lines which have been measured by the spectral
camera. After the scene is imaged, a three dimensional image is the output of the
measurement phase.

Spatial resolution Spatial resolution of a spectral camera is determined by the
number of pixels which make one captured sample line. Usually spatial resolution
of spectral cameras is between 1200-1600 pixels per one imaged line.

The line width which is imaged by a spectral camera depends on several factors
including the distance of the spectral camera from the sample, the adjustment of
objective lens, and effective slit length. Let us notice that the line width and the
spatial resolution of a spectral camera affect the final spatial image quality. To
achieve high spatial image reproduction, the line width should be minimized. The
minimum line width is determined by optics elements of a spectral camera and
clearly it can not be smaller than the effective slit length. Since the effective slit
length is approximately equal to 9-10 mm. Thus, we can get a spatial accuracy
about 1200-1600 pixels per each 9-10 mm of the original sample.

Spectral resolution The optimal number of channels used can vary from
application to application, and usually it depends on the imaged object or scene,
illumination, imaging system, and techniques used for reconstructing the original
spectral image form the output values of the spectral camera.

Typically spectral cameras are able to give spectral responses in the visible
wavelength range, i.e. from 380 nm to 780 nm. Spectral cameras with broader
range exceeding the visible spectrum wavelengths are also available.

Spectral information sampling scheme can be usually controlled by software
managing the spectral camera. [21] reports that reflectance of natural objects
under illuminants which do not have sharp spectral peeks are smooth functions of
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wavelengths, and thus it suffices to sample spectral information with wavelength
intervals equal to 5, 10 or 20 nm. Number of bits per each channel, similarly
like in traditional imaging, is of big concern in spectral imaging as well. It has
been reported that 12 bits per channel is sufficient to achieve high-fidelity spectral
color reproduction. It should be also noticed that 12 bits per channel is the top
limitation of most of spectral cameras.

Spectral camera focusing [20] is a spectral camera user manual which intro-
duces the concept of spectral camera, its operating principle, and its advantages
and disadvantages. A mechanical construction and detailed specification of differ-
ent kinds of spectral cameras are given. The document describes also focusing and
spatial alignment principles of a spectral camera with respect to a sample.

As mentioned earlier, the spectral camera is a line-scan system, i.e. it measures
a line of a sample at a time. The goal of the spatial camera alignment with respect
to the sample is to ensure that:

• the imaged line is at desired position of the measured sample;

• the sample is evenly illuminated;

• the objective lens are focused properly.

These above goals can be achieved by using a special test target (see Figure
18) and then applying the alignment procedure described below. The test target
is placed on the same surface where the imaged object will be placed, and after
the alignment procedure is finished it is removed from the surface.

Figure 18: Test target for spectral camera alignment (Figure taken from
[20]).

Figure 18 shows a typical test target for spectral camera alignment procedure.
As already described, the spectral camera measures a single line of a sample at
a time, and the output is a two dimensional image with spatial axis in one and
spectral axis in another direction. Thus, a color image would be a bad candidate for
the test target due to spatial and spectral variations of the output image. Hence,
black-white image will be used as the target, where black areas correspond to the
lack of signal at all wavelengths, and white areas give signal at all wavelengths.

Figures 19 and 20 (Figures taken from [20]) show typical output images from a
spectral camera. The former image indicates a situation when the spectral camera
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Figure 19: Spectral
camera is out of focus.

Figure 20: Spectral
camera is in focus.

Figure 21: Spectral
camera alignments.

is out of focus, and the latter image indicates a situation when the configuration
of the spectra camera is right i.e. the spectral camera is in focus.

Figure 21 (Figure taken from [20]) shows a typical alignment errors and proper
configuration of the spectral camera. The line A-B shown in Figure 18 is the desired
measurement line and the goal of the alignment procedure (see [20] for detailed
description of the alignment procedure).

Data processing in spectral imaging In this paragraph we will explain
basic data processing steps for precise spectral color acquisition with a spectral
imaging system consisting of a light source (illuminant), lens or fiber optics con-
nected to a spectral camera, an imaged sample and a PC computer. The basic
camera preparation steps include the following:

1. spectral camera calibration and adjustment (see previous paragraph);

2. acquire and store black reference (typically by blocking the light which enters
the lens and then measuring the spectral radiance);

3. acquire and store white reference.

The basic steps of image acquisition and spectral reflectance calculations in-
volve [20]:

1. image acquisition;

2. averaging step (binning), optionally;

3. calculating spectral reflectance for pixels of interest based on the following
equation:

Rλ =
sampleλ − darkλ

whiteλ − darkλ
(20)
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, where sampleλ is the output value of the spectral camera for a particular
pixel p at wavelength λ, darkλ is the reflectance of black reference at wave-
length λ, whiteλ is the reflectance of white reference at wavelength λ, and
Rλ is reflectance value of pixel p at wavelength λ.

The formula corrects the output images of the spectral camera by separating
the sample reflectance (real reflectance of measured object) from the system
response and also compensates for the following attributes: offset due to
CCD dark current, light source color temperature drift, and lighting spatial
nonuniformity across the scene line.

[20] gives also a formula for CCD frame shift smear and optical stray light
compensations. These steps are rarely required and detailed description will be
skipped here.

[23] explains possible sources of errors in color measurements which can occur
using photometers. They also introduce and compare several calibration, and error
correction techniques to improve the accuracy of imaged samples. They explain
that the human eye can perceive color difference between two objects, if they differ
in color at least about 0.5 CIE Lab error. Thus the threshold should be an objec-
tive to achieve accurate color reproduction. In particular, they suggest that the
following errors can affect the final color of reproduction: wavelength error, pho-
tometric non-linearity, integrating sphere dark level error, and integrating sphere
error in both specular included and specular excluded modes. They explained
how to measure values corresponding to the errors and give correction equations
for them.

Spectral microscopy Undoubtedly, the best solution for spectral measuring
with high fidelity and high resolution (for example printing dots) is to employ
the spectral microscopy concept. Figure 22 shows an imaging system which is a
connection of a microscope and a spectral camera attached to it.

Figure 22: Spectral microscopy.

This kind of imaging system enables us to measure samples with microscopic
accuracy and, in particular it can be employed to measure printing dot structure.
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2.4 Color halftone printing

Printing is a reproduction of texts and images usually with inks on paper substrate.
Color printing employs usually cyan, magenta, yellow and black inks to produce
colors (four-color printing process), however, three-ink printing systems have also
been used with cyan, magenta and yellow inks. Theoretically, black color is not
needed (CMY color model), but when cyan, magenta and yellow inks at maxi-
mum densities are mixed together on paper, the result is not usually a black color.
Practically, dyes and printing inks have spectral absorption curves that overlap sig-
nificantly and are much different from the theoretical spectral absorption curves.
Due to the spectral overlap among the colorants (inks), converting RGB values
to CMY values using the one−minus−RGB method (see Equation (11)) works
in unacceptable way in reality. Mainly, the unwanted absorptions among printing
inks, optical processes in paper substrate (optical dot gain), and physical inter-
action between paper and ink (mechanical dot gain) introduce nonlinearity which
can not be easily analyzed or compensated.

Due to the large extent of literature about printing process and related phe-
nomena, in the remaining part of the section and next sections we will describe
only a couple of relevant concepts and problems which have direct connection to
the experimental part of the thesis. Readers interested in this topic are referred
to [1], [7], [33] and [34].

2.4.1 Image processing for color printing

Color printing process involves a sequence of steps and image transformations in
order to generate good quality color reproductions. The following are the main
steps when reproducing a color image in four-color (CMYK) printing [1]:

Color separation process The amounts of red, green and blue colors are
measured in each spatial location of the original image with the help of special
red, green and blue filters. Each of the filters sees its own color in the original
image as white and opposite color as black (for example blue filter sees all blue
regions of the original image as white and other regions with opposite color as
black). For subtractive color formation, the black filter values are taken into
account. The color separation for black ink is calculated based on the three color
signals resulting from the filters or by applying a yellow ”gold” filter.

[1] suggests that the result of color separation process depends on illumination
used to illuminate the original image, reflectance or transmission properties of the
original object, and transmission characteristics of the separation filters.

Color correction process Color correction process is performed due to non-
ideal light absorption characteristics of printing inks. The goal of the process
is to compensate for color distortions caused by insufficient and incorrect light
absorption properties of printing inks.
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If we assume that the paper surface reflects all the incoming light, each printing
ink absorbs one-third of the visible spectrum and totally transmits the remaining
two-thirds of the visible spectrum (the transmission spectra of printing inks do
not overlap), then the color correction process would not be needed. However, in
reality printing inks do not absorb a sufficient amount of desired parts of visible
spectrum and absorb some undesired parts of the spectrum.

The main criteria for successful color correction is to keep the gray tone of the
original image in the final reproduction. If the correction of color signals is not
done, then gray areas of the original image will result in brown and darker areas
in the reproduction than in the original. Thus, the main goal of color correction
process is to eliminate these deficiencies. The process is called gray balancing and
determines a equivalent neutral density (END) curve for each printing ink which
shows how much of a particular ink should be used to obtain neutral gray colors
of different darkness levels in the final print. As suggested by [1], in general cyan
dots should be bigger than magenta and yellow dots.

In a typical set of printing inks, yellow ink absorption is very close to the ideal.
Unfortunately, for magenta and cyan inks secondary absorption are considerable
(for a particular ink, secondary absorptions exist in the parts of the visible region
where the ink should be totally transparent for incoming light), and thus should
be compensated by the color correction process to achieve acceptable final results.
Let us consider for example a magenta ink which due to non-ideal light absorption
looks slightly yellowish and cyanic. To correct this color distortion, cyan and
yellow signals could be reduced locally by:

Y = Y −MY C = C −MC (21)

, where Y is the yellow separation signal, C - is the cyan separation signal, MC

- is the amount of cyan component in magenta signal and MY - is the amount of
yellow component in magenta signal [1].

Thus, in general case, three inks require correction with two secondary absorp-
tions, what suggests that six corrections are needed.

Screening (halftoning) Screen printers usually can not reproduce continuous
tone images4 due to the inability to lay down continuously variable densities of
inks. Halftoning (screening) is the process of conversion of continuous tone image
to a halftone image [1]. A halftone image is made of small dots of varying sizes
which simulate the original continuous tone image and which can be produced by
a screen printer.

Figure 23 shows an example of binary halftone process. The halftone process
usually creates patterns of small black printing dots of varying sizes on a white

4A continuous tone image is an image which contains smooth gradations of tone between
the lightest and the darkest image areas (for example photographs, artist’s paintings and
airbrush illustrations).
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Figure 23: Left: halftone dots.
Right: how the human eye sees
the halftone dots when viewed from
a sufficient distance (Image taken
from [30]).

Figure 24: Traditional screen angles
for color plates (Image taken from
[29]).

background (paper). When viewed from a sufficient distance, the human visual
system will not be able to see the printing dots structure, but instead the human
will have the illusion of a continuous tone gray image. The darkness of the image
will depend on the area coverage and the amount of black printing dots laid down
on the substrate, i.e. many black printing dots or black dots with high level of
area coverage will create the illusion of a darker gray, while few or small black dots
will create the illusion of a lighter gray [30].

In four-color printing process, the halftone pattern is generated for each print-
ing ink used (usually cyan, magenta, yellow and black). Then the halftone patterns
(color planes, screens) are superimposed and printed one over another.

The rows of printing dots on the screens used for each color separation must
be positioned at a specific angle [29]. As shown in Figure 24 the angles are as
follows: 45o for black dots, 75o for magenta dots, 90o for yellow dots and 105o for
cyan dots. The screens form a rosette pattern which is merged into one continuous
tone image by the human visual system. On the other hand, in the case when the
screen angles are wrong, the rosette pattern is not correct and a moiré pattern
appears which results in images having no more smooth gradations of color.

Figure 25 shows example of color halftoning process with CMYK separations.
The cyan, the magenta, the yellow and the black separations (color planes) are
combined together to form the halftone pattern (superimposition of the color
planes). The appearance of the combined halftone pattern when viewed by the
human eye from a sufficient distance is also shown.

[1] enumerates the following variables which control the halftoning process:
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Figure 25: Examples of color halftoning with CMYK separations. From left
to right: the cyan separation, the magenta separation, the yellow separation,
the black separation, the combined halftone pattern and the appearance of
the combined halftone pattern when viewed by the human eye from a suffi-
cient distance (Image taken from [30]).

1. halftone dot size - the minimum and maximum dot area coverage in a
halftone cell. Printing usually avoids having no dots (0% area coverage)
and solid areas (100% area coverage);

2. screen frequency (screen ruling, screen density) - is the measure of the fre-
quency (number) of the lines of dots per inch (or centimeter) on the halftone
screens. It directly affects the printing dot size i.e. the higher the screen
frequency the smaller and less visible the printing dots what, in particular,
gives more detailed and sharper prints with smoother tonal changes. On the
other hand, the following factors limit the screen density level: the type of
paper (smooth and coated paper can carry more information than newspa-
pers and uncoated paper), more advanced printing process, and smaller dots
are more susceptible to dot gain phenomena;

3. screen (halftone) angle - as mentioned earlier, it defines the angles of the
halftone screens;

4. halftone dot structure - defines the halftone dot shape inside a halftone
cell. When the halftone positives (halftone screens) are produced using the
optical screening process, then diamond dots will usually result with minor
possibilities to any modifications. Generating the halftone screens using the
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digital halftoning process enables us to choose the halftone dot structure
from several different dot shapes.

Nowadays, most of the print technologies are not limited to binary output (full
area coverage and no coverage), but have multilevel printing capabilities. It means
that the printer is capable of putting an intermediate amount of ink on the paper
surface, thus increasing the color gamut considerably.

Restoration and enhancement The operations are usually performed to
improve the final reproduction result. The image enhancement processes are at-
tended to improve the final reproduction to give better visual quality in the in-
tended use, for example they consider the preferences and properties of the final
viewers. The restoration processes, however, try to equalize the output reproduc-
tion to the original image [1].

2.4.2 Halftone dot placement techniques

Color printing process requires mixing three or four inks to make an output print.
Color gamut of a printing process and the output print are usually affected by
different dot placement techniques including dot-on-dot, dot-off-dot and rotated
dot schemes [7].

Color planes composed of printing dots of various sizes can be superimposed
in various ways:

1. dot-on-dot technique - dots of one printing ink are placed on the top of dots
of other printing inks, where the number of layers is limited by the number
of printing inks. In the dot-on-dot screen the cyan, magenta, yellow and
black dots are placed at the same screen angle usually equal to 45o;

2. dot-off-dot technique - the scheme places dots of one printing ink adjacent
to dots of other printing inks. This technique has limited applications in
color printing because of the existence of overlapping areas in the case of
dots at high densities;

3. rotated dot technique - the dots for each printing ink are arranged in a color
plane with different screen angles. Superimposition of the screens and their
different screen angles cause the printing dots to partially overlap.

Figure 26 - 28 show example of dot-on dot, dot-off-dot and rotated dot tech-
niques respectively.

The dot placement techniques affect the printer color gamut and in the case of
dot-on-dot and rotated-dot techniques the order in which the dots or screens are
superimposed has significant effect on the output print appearance.
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Figure 26: Dot-on-dot
model.

Figure 27: Dot-off-dot
model.

Figure 28: Rotated-dot
model.

2.5 Experimental part

In this section we will give a description of samples which have been used in the
experimental part of the thesis. The setups for the sample measurements will
be described and some applications for spectral data analyses will be discussed.
Based on the data coming from the experimental part we examined the following
aspects:

1. basic characterization of paper and print (Chapter 3);

2. mottling characterization and prediction (Chapter 4);

3. concentration prediction and inverse color separation process (Chapter 5).

2.5.1 Sample description

In the experimental part four types of paper were considered and measured:

1. paper type A;

2. paper type B;

3. paper type C;

4. paper type D;

For each type of paper, three sheets coming from different parts of the sheet
pile were considered: the first sheet of paper was taken from the top of the sheet
pile, the second sheet from the middle part, and the third from the bottom of the
pile. Thus, twelve sheets of papers constituted the input to the experimental part
of the thesis.

The measurement phase was divided into two turns:

1. blank paper turn - some areas of blank paper sheets were carefully chosen
and measured with the spectral imaging system described later;
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2. printed paper turn - papers were printed and the same areas as in the previ-
ous step were measured with the same settings of the spectral imaging sys-
tem (measuring the same areas of the papers before and after the printing
process has significant meaning to mottling prediction experiments). Other
areas were also measured in this phase and the spectral data were later used
as input for experiments concerning ink concentration prediction, printing
dot separation process, and basic characteristics of paper and print.

The samples were measured under two different illuminants. In the case of
measurements under D65 illumination, all the data have been collected and saved
in the form of spectral reflectance data files. In the case of measurements under
UVA illumination, all the data have been collected and saved in the form of spectral
radiance data files.

2.5.2 Setups for sample measurements

In the experimental part, three setups were used to acquire spectral and RGB
images of samples:

• spectral imaging system with ImSpector V8 as the spectral camera to acquire
spectral images of printing dots;

• spectral imaging system with ImSpector V10 as the spectral camera to ac-
quire spectral images of large sizes;

• Epson Perfection V700 scanner - high resolution scanner used to acquire
RGB images of printing dots. Its maximum optical resolution is 6400 dots
per inch (DPI).

Figure 29 shows the spectral imaging system at InFotonics Center which was
used to acquire spectral images. The imaging system consists of a spectral camera,
an illuminant, a PC computer and a sample mover with attached table. During
measurement phase a sample will be attached to the table.

Light sources GretagMacbeth SpectraLight III was used as the illumination
source (see Figure 29). It provides five selectable light sources:

• Simulated Daylight including D75, D65 or D50;

• Horizon (early morning sunrise/afternoon sunset simulation);

• Illuminant A (incandescent home lighting);

• Cool White Fluorescent;

• Custom Fluorescent (TL84 or U30);

• Ultraviolet (can be used in conjunction with another source).
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Figure 29: Spectral imaging system at InFotonics Center.

Sample mover Isel Automation C10C-E/A was used as the sample mover. As
mentioned earlier, a spectral camera is able to acquire only one line of a measured
sample at a time. Thus, the sample mover was used to assure continuous moving
of a sample while measuring. It enables 2D linear movements and is the place
where the sample is attached. During the measurement phase, it is used to adjust
the sample alignment with respect to the spectral camera.

Reference levels and geometry Before actual measuring of samples, it is
common to measure reference white and reference black spectra in the same am-
bient illumination as the samples will be measured (see Section 2.3.1). These
reference spectra are further used to diminish the influence of the ambient illumi-
nant on the measured samples in the final image data. Thus the final image data
is the reflectance image data in which the effect of the light source is eliminated
(see Equation (20)).

The standard imaging geometry was used to measure the sample i.e. the angle
of the spectral camera with respect to the sample is equal to 00 and the angle of
the light source with respect to the sample is equal to 450.

Spectral cameras The ImSpector V8 spectral camera was used to acquire
spectral images of printing dots with the help of a magnifying optics and lens
which give us the possibility to come very close to a sample. The ambient D65
illumination was artificially generated by a SpectraLight III illuminator. As men-
tioned earlier the spectral camera can measure one line of a sample at a time. The
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width of the line depends on the distance of the spectral camera from the sample
board and the adjustment of the camera lens. Nevertheless the optical parts of the
camera impose some limitations on the minimum line width. The minimum line
width is about 12 mm and the maximum spatial camera resolution is 1280 pixels.
It means that in the final spectral image we can got 1280-pixel resolution per each
12 mm of measured sample. The camera is able to give spectral responses in the
range between 380-780 nm, thus covering the whole visible spectrum.

The setup of the ImSpector V8 spectral camera used for measurements is as
follows:

• light source - D65 illumination generated by SpectraLight III illuminator;

• geometry - standard;

• spatial resolution - 1280 pixels;

• wavelength range - 380-780 nm;

• sampling interval - 5 nm;

• spectral resolution after spectrum quantization - 81 channels;

• bit per channel - 12;

• line width - 12 mm;

• output files - spectral reflectance values.

The ImSpector V10 spectral camera were used to acquire spectral images of the
samples under D65 and UVA illuminants depending on the current measurement
purpose. In this case, the line width was fixed to be 160 mm. The maximum
spatial camera resolution is 1600 pixels. It means that in the final spectral image
we got 1600-pixel resolution per each 160 mm of measured sample. The camera is
able to give spectral responses in the range between 400-1000 nm, thus exceeding
the visible spectrum range. The quality of spectral images captured with the
ImSpector V10 spectral camera is much better than with ImSpector V8 spectral
camera. Unfortunately, the ImSpector V10 spectral camera does not work properly
with the magnifying optics and lens which must be used to see and measure the
printing dot structure.

The setup of the ImSpector V10 spectral camera used for measurements under
D65 illumination is as follows:

• light source - D65 illumination generated by SpectraLight III illuminator;

• geometry - standard;

• spatial resolution - 1600 pixels;
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Table 5: Characterization of spectral cameras

Spectral camera Spectral range Spatial resolution Slit length

ImSpector V8 380 - 780 nm up to 1280 9.8 mm
ImSpector V10 400 - 1000 nm up to 1600 9.8 mm

• wavelength range - 400-1000 nm;

• sampling interval - 5 nm;

• bit per channel - 12;

• spectral resolution after spectrum quantization - 121 channels;

• line width - 160 mm;

• output files - spectral reflectance values.

The setup of the ImSpector V10 spectral camera used for measurements under
UV illumination is as follows:

• light source - UVA illumination generated by SpectraLight III illuminator;

• geometry - standard;

• spatial resolution - 1600 pixels;

• wavelength range - from 288 nm to 1181 nm (exceeding the visible spectrum
considerably);

• sampling interval - 0.7 nm;

• spectral resolution - 1200 (for each spatial location of the imaged line 1200
values constituting the color information are given);

• bit per channel - 12;

• line width - 160 mm;

• output files - spectral radiance values - raw data being the output of the
spectral camera (not corrected data).

Table 5 contains basic description of the spectral cameras used in the experi-
mental part (see www.specim.fi for more detailed description).
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Software managing the spectral imaging system The spectral camera
and the sample mover is fully controlled by special kind of software installed on
a PC computer to assure exact reconstruction of the acquired line-sliced spectral
images. In particular, the software is responsible for the following issues:

• the spectral camera and the sample mover synchronization during the mea-
surement phase;

• acquisition of reference white and reference black for current imaging system
adjustments;

• spectral image post-processing phase - image correction after the spectral
image is acquired (converting from spectral radiance to spectral reflectance
data according to Equation (20) using measured black and white levels);

• camera settings: exposure time settings (depends on the level of illumination
and spectral camera settings) and data depth (possibility to choose between
8 or 12 bit per each spectral channel);

• spectral image previewing in sRGB color space;

• raw data and corrected (spectral reflectance) data can be saved (the output
file consists of a simple header and raw data);

• possibility to select an area of interest which is to be measured. (the shape
of the area is always rectangular and given by start point, width, and height.
The route by which to scan the rectangular area of a sample can be selected);

• wavelength range and quantization step can be selected (it will directly af-
fects the spectral reflectance data file);

• hardware binning - combines pixel responses to give average response for
particular pixels. The higher the binning ratio, the less noise in the final
spectral image.

The software managing the spectral camera does not impose any fixed lim-
itations on the vertical resolution of the final spectral image. Nevertheless, the
vertical resolution is determined in the following way: suppose that the spectral
camera is adjusted in such a way that we can measure a line of a mm width at a
time, and suppose that the height of the final image is b mm. Then, the width of
one pixel in the final image will be a/res, where res is the current spatial reso-
lution of the spectral camera. The software makes the pixels in the final spectral
image to be squares, so the height of pixels in the final image is also a/res. This
implies that the vertical resolution of the final reproduction is b/(a/res) pixels.

The software also allows us to adjust the sampling step of the visible spectrum.
If for example the sampling step is equal to c, then we are examining the visible
spectrum of a measure sample in intervals of length c, starting from 380 nm and
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finishing at 780 nm. The less the sampling interval the bigger the output file size.
Thus, usually the sampling step is equal to 5 mm what was shown by researchers
to be a optimal choice between the image quality and the output file size [21].

Printing dot measurements The resolution of a spectral camera, and the
line width (which is dependent on the current spectral camera optic and setup)
impose some limitations on minimum sizes of printing dots which can be mea-
sured. As mentioned above the ImSpector V8 spectral camera was used to mea-
sure printing dot structure. The minimum line width is about 12 mm and the
spatial resolution is 1280 pixels. This implies in straightforward way that in the
final image a pixel will be a square with 0.0095 mm side length.

Usually a printed dot diameter size is between 10-30 microns (1 micron =
1/1000 mm) in good quality printing. If we assume for now that the diameter of a
printed dot is equal to 20 microns = 20/1000 mm and the length of a pixel side is
0.0095 mm, then in approximately one printed dot will be represented by 16 pixels
in the final image.

However, the main concern about printing dot measurement is the quality
of the acquired spectral images. In this situation, the ImSpector V8 spectral
camera was equipped with a magnification optics and lens and located at very
close distance to the imaged sample to be able to see the structure of printing
dots. Due to the fact that the spectral camera is very close to the sample the final
spectral images were very noisy and the color information (spectral reflectance)
is changed in comparison to the original images. In particular, the problem will
directly affect the concentration prediction and inverse color separation processes
and will make them hard to perform (see Chapter 5). A straightforward solution
to the problem of noisy spectral images of printing dots is the spectral microscopy
discussed in Section 2.3.1.

Figure 30 - 32 show black printing dots at different densities. We can see by
naked eye the color distortions in the RGB representations of spectral images.
In particular, the black color of the printing dots is lighter than it was intended
to be and the paper surface areas are much darker than they were intended to
be. Consequently, the spectral reflectance of the dots and the paper surface is
inaccurate and can influence the correctness of the concentration prediction and
color separation processes.

Spectral image post-processing phase For further analyses of acquired
spectral images a number of applications were used. Figure 33 shows an exam-
ple application which plays a significant role in post-processing phase of acquired
spectral images. The application enables us to select individual pixels of acquired
imaged and examine spectral reflectance or spectral transmittance of the pixel at
that spatial location (corresponding spectrum is drawn in the form of a plot). Sim-
ulations of the appearance of the imaged objects (spectral images) under different
illuminations (the CIE A, C, D50 and D65 standard illuminants) and observers
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Figure 30: Black dots at
10% density.

Figure 31: Black dots at
40% density.

Figure 32: Black dots at
80% density.

(the CIE 1931 standard observer and the CIE 1964 standard observer) can be done
and then spectrum investigation of each spatial location can be performed. The
application also allows the user for magnification options which enable detailed
view of the acquired spectral images.

Figure 33: An application for processing of spectral images.
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3 Basic spectral characteristics of paper and

print

In this chapter we will examine basic characteristics of paper and print. In particu-
lar, our investigation will include average spectra and spectral variances of different
kinds of blank paper, spatial variations of blank paper surface, black color forma-
tions for different kinds of paper, average spectra and spectral variances of printing
ink and dot gain characteristic. These basic characteristics will be examined for
each kind of paper used in the experimental part.

3.1 Average spectrum and spectral variance of blank
paper

The whiteness of a plain paper mainly depends on the amount and the distribution
of whitening agents in the paper structure. Thus, we suspect that the spectral
reflectance properties of different kinds of blank paper will vary. In this section we
will examine average reflectance spectrum and spectral variation of different kinds
of paper.

Figure 34 presents average spectral reflectance of four kinds of plain paper
under D65 illumination. For each kind of paper spectral reflectances of a region
of 45 mm by 45 mm were measured by the ImSpector V10 spectral camera in
the range from 400 nm to 1000 nm with 5 nm intervals. Then average spectrum
of the measured region was calculated5. It is clear that for a particular type of
paper there exist regions with higher spectral reflectance values and regions with
lower spectral reflectance values than the corresponding spectrum presented in
the figure. This is mainly due to uneven distribution of whitening agents in paper
surface, and in particular, it is connected with the print unevenness phenomena.

Figures 35 - 38 shows the corresponding RGB images for each type of paper.
Directly from the RGB representations of papers we can conclude some information
about the amount of whitening agents in paper and classify them according to their
whiteness.

Table 6 shows coordinates in RGB and CIE Lab color spaces of different kinds
of plain paper.

The X, Y, Z tristimulus values were calculated based on the average spectral
reflectance data of plain papers under the CIE D65 standard illuminant and with
the 1931 CIE Standard Observer (see Section 2.1.4). Then Equations (12), (13) and
(14) were used to calculate values in CIE Lab color space corresponding to a given
set of tristimulus values. Furthermore, the RGB values are actually coordinates in
the sRGB color space (standard-RGB color space - one of the absolute color space

5If not stated otherwise, the setup will be assumed for other measurements carried out
in the experimental part of the thesis.
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Figure 34: Average spectral reflectance of different kinds of paper under D65
illumination.

Figure 35: Paper type A under D65
illumination.

Figure 36: Paper type B under D65
illumination.
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Figure 37: Paper type C under D65
illumination.

Figure 38: Paper type D under D65
illumination.

for the RGB color model)6.

Table 6: Values in RGB and L*a*b* color spaces for different kinds of paper.

Color space RGB L*a*b*
Paper kind R G B L* a* b*

Paper type A 0.8130 0.8198 0.8027 83.6113 -1.2996 1.8222
Paper type B 0.8311 0.8322 0.8138 84.8427 -0.8545 2.1556
Paper type C 0.8548 0.8625 0.8561 87.5463 -0.8739 0.4265
Paper type D 0.9094 0.9181 0.9615 92.8609 1.3612 -5.7447

In the experimental part we were investigating three sheets of each kind of
paper - the first sheet was taken from the top of a paper pile, the second sheet was
taken from the middle region of the pile and the last one was taken from the bottom
of the pile. In this section we will examine if there are any differences in spectral
reflectance between these sheets for each kind of paper, i.e. we will try to estimate
the pressure magnitude on the middle sheet and bottom sheet in comparison to
the top one from spectral point of view. To carry out this experiment average
spectrum of a region of 45 mm by 45 mm was taken from each sheet of each kind
of paper. Then, for a particular kind of paper the average spectra of the sheets
were compared together.

6These scheme for calculating the CIE Lab values and RGB values will be employed
in the remain part of the thesis, if not stated otherwise. For simplicity, in the thesis we
will be using the expression ”values in RGB color space” to denote a set of values which
actually are from sRGB color space.
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Figure 39: Paper type A sheets under D65 illumination.

Figure 39 shows the spectral reflectances of three sheets of paper type A. The
top sheet denoted by green line is very similar from spectral point of view to the
middle sheet denoted by red line. The bottom sheet spectral reflectance curve goes
lower than the others, and thus we can conclude that the bottom sheet is darker
than the other sheets. In spite of this difference the sheets can not be visually
discriminated from each other.

Figure 40 shows the spectral reflectances of three sheets of paper type B. The
middle sheet denoted by red line is very similar from spectral point of view to
the bottom sheet denoted by blue line. The top sheet spectral reflectance curve
is going higher than the others, and thus we can conclude that the bottom and
middle sheets are darker than the top one. These results suggest that there can
exist minor difference in perceived brightness between the top sheet and the other
sheets.

Figure 41 shows the spectral reflectances of three sheets of paper type C with
the top sheet spectrum denoted by green line, middle sheet by red light and bottom
sheet by blue line. Spectral reflectance curves are very similar what suggests that
there is no pressure impact on bottom and middle sheets in comparison to the top
one.

Figure 42 shows the spectral reflectances of three sheets of paper type D with
the top sheet spectrum denoted by green line, middle sheet by red light and bottom
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Figure 40: Paper type B sheets under D65 illumination.
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Figure 41: Paper type C sheets under D65 illumination.
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Figure 42: Paper type D sheets under D65 illumination.

sheet by blue line. Spectral reflectance curves are identical what suggests that there
is no pressure impact on bottom and middle sheets in comparison to the top one.

Now we will investigate standard deviations of spectral planes for different
kinds of plain paper. To compute the standard deviations for a particular type of
paper the following procedure will be used:

1. let R be a spectral image of a region of plain paper;

2. for each spectral plane which corresponds to wavelength λ compute standard
deviation for the plane;

3. draw figure which presents standard deviations as a function of wavelengths.

In this case the size of the region was 30 mm by 30 mm, and we considered
wavelengths (planes) in the range from 400 nm to 780 nm.

Based on the results shown in this section we come to the following conclusions:

1. average spectral reflectance of different kinds of paper vary significantly;

2. pressure impact on bottom and middle sheets in comparison to top sheet is
visible for paper type B and paper type A (low quality papers);
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Figure 43: Standard deviations of spectral planes for different types of plain
paper

47



3. there is no pressure impact on bottom and middle sheets in comparison to
top sheet for paper type C and paper type D from spectral point of view
(good quality papers);

4. plane standard deviations for paper type D and paper type C (good qual-
ity papers) are much lower than for paper type A and paper type B (bad
quality paper). It means that for paper type D and paper type C values
corresponding to a particular spectral plane are not spread widely;

5. paper type D and paper type C have similar standard deviation curves. The
biggest standard deviations occur in paper type B and then in paper type
C. Let us notice that the shape of the standard deviation curves are similar
for all paper types.

In Section 3.3 we will analyse if spectral differences between plain paper sheets
(coming from different parts of a pile) for a particular kind of paper have some
influence on later prints on these sheets, i.e. ”Do prints on different sheets vary if
there are some variances in average spectral reflectance between plane sheets?”.

3.2 Unevenness of blank paper surface

Inhomogeneities in the paper surface are usually caused by unevenly spreading of
whitening agents in the paper structure. Thus, the spectral reflectance properties
of different spatial regions of a sheet of base paper can vary, and finally the printing
process can result in inhomogeneous distribution of ink and ink penetration into
the substrate due to the fact that the background of the ink varies in thickness and
lightness. Visually this inhomogeneity may be perceived as print mottle (optical
inhomogeneity due to varying light absorption over the printed surface - print
unevenness) especially visible in the presence of UV illumination [3].

Figures 44 - 47 shows paper surfaces for different kinds of paper. A 3D view
of a paper surface was created in the following way:

1. let R be a spectral image of a selected paper region;

2. for each spatial location (x, y) of image R let us denote by v = (v1, ..., vN )
the spectrum corresponding to the location and compute the mean value
(value) of vector v according to the following equation:

value =
∑N

i=1 vi

N
(22)

3. draw the computed values as a function of spatial locations of region R.

Based on contours depicted under Figures 44 - 47 we can come to the following
conclusions:

48



1. paper type A surface and paper type B have uneven surface structure from
spectral point of view (contours for Figure 44 and Figure 45 reveal many
large areas of cyan and red color what suggests high spectral variations
between these regions);

2. paper type C and paper type D have considerably more even surface struc-
ture than paper type A and paper type B (contour for Figure 46 and Figure
47 reveal lower spectral variations in comparison to paper type B and paper
type A);

3. finally, we come to the following conclusion: the better the paper quality
the lowest the spectral reflectance variations of the base paper.

3.3 Print variations between different sheets of the
same kind of paper

In this section we will analyse if spectral differences between plain sheets of the
kind of paper taken from different parts of a pile (see Section 3.1) have some
influence on later prints on these sheets, i.e. we pose the following question: ”do
the existence of spectral variations between plain sheets of the same kind of paper
causes any variations between later prints applied to the sheets?”.

To carry out this experiment, we calculated average spectra of a 45 mm by 45
mm region covered by cyan ink at 100% density for each sheet of a particular kind
of paper, and then we compared them. The procedure was carried out for each
type of paper.

Figures 48 - 51 present the results. Based on these figures we conclude that
there is no visible print variations between different sheets for a particular kind of
paper used in the experiment even though, there could exist some spectral varia-
tions between these sheets before the printing process (especially when considering
low quality papers).
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Figure 44: Paper type A surface.

50



Figure 45: Paper type B surface.
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Figure 46: Paper type C surface.
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Figure 47: Paper type D surface.
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Figure 48: Print variance between
different sheets of paper type A.

Figure 49: Print variance between
different sheets of paper type B.

Figure 50: Print variance between
different sheets of paper type C.

Figure 51: Print variance between
different sheets of paper type D.
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3.4 Black color formation for different kinds of paper

In Sections 2.1.7 and 2.4 we discussed CMY and CMYK subtractive color spaces
used in three-color and four-color printing, respectively. Traditionally, the three-
color printing process has used three inks (including cyan, magenta and yellow)
to reproduce images. In this case black ink was formed by a mixture of cyan,
magenta and yellow pigments. Additionally, in the four-color printing black ink
has been added. The reasons for the addition of the black ink in four-color printing
in comparison to three-color printing are the following [1][4]:

- a mixture of color inks (cyan, magenta and yellow) rarely produces pure
black ink (theoretical (ideal) and real (practical) light transmission spectra
for printing inks vary a lot - it is nearly impossible to create sufficiently pure
pigments);

- mixing all three color inks together merely to make black can make the paper
wet. In poor quality papers (such as newsprint) it can damage paper surface
and in high speed printing wet paper sheet can make some markings on the
next printed sheet;

- text is usually printed in black, and gray areas of an image can be printed
with the use of black ink instead of using three color inks;

- tonal density range of the print and color gamut will increase;

- using black ink to produce black rather than three color inks can lead to
cost savings (black ink amount on gray regions of images is only one-third
of total amount of color inks required for these regions).

The formation of black color can be carried out according to different scenarios:

- a mixture of cyan, magenta and yellow inks at 100% density (denoted by
CMY100);

- a mixture of cyan, magenta, yellow and black inks at some fixed densities
(for example cyan, magenta, yellow and black ink at 76%, 67%, 67%, 90%
densities, respectively, denoted by C76M67Y67K90);

- black ink at 100% density (denoted by B100);

- a mixture of cyan, magenta, yellow and black inks at 100% density (denoted
by CMYK100).

Now we will examine the average spectral reflectance curves for different kinds
of black color formation for each type of paper used in the experimental part.
The average spectral reflectances are the mean value of spectral reflectance values
taken from an area of 45 mm by 45 mm.
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Figure 52: Average spectral reflectance of different black color formations for
paper type A.
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Figure 53: Average spectral reflectance of different black color formations for
paper type B.
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Figure 54: Average spectral reflectance of different black color formations for
paper type C.
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Figure 55: Average spectral reflectance of different black color formations for
paper type D.
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Figures 52 - 55 present spectral reflectance curves for different black color
formations for various kinds of paper.

Based on the results of spectral differences between various black color forma-
tions for different kinds of paper we make the following observations:

1. CMYK100 (400% total density) and C76M67Y67K90 (300% total density)
black color formations have exactly the same spectral reflectance curves for
all kinds of paper, and their color will be perceived identical. There is no
need to use a set of inks at 400% total density, if another set of inks at 300%
total density gives the same result (from spectral point of view) for all kinds
of paper;

2. spectral reflectance curve of B100 black color formation is close to spectral
reflectance curves of CMYK100 and C76M67Y67K90 black color formations
for paper type C and paper type D. Nevertheless, there is visible difference in
color between B100 and CMYK100, and between B100 and C76M67Y67K90;

3. spectral reflectance curve of B100 black color formation is far from spectral
reflectance curves of CMYK100 and C76M67Y67K90 black color formations
for paper type A and paper type B in comparison to paper type C and
paper type D. There is significant visible difference in color between B100
and CMYK100, and between B100 and C76M67Y67K90;

4. spectral reflectance curve of CMY100 black color formation is far from spec-
tral reflectance curves of other black color formation methods, what suggests
very significant visible difference in color between CMY100 and other meth-
ods;

5. there exist big differences in spectral reflectance curves between CMY100
and other methods outside the visible spectrum range (CMY100 gives sig-
nificant spectral responses in the infrared region of the electromagnetic ra-
diation in comparison to other black formation methods).

Tables 7 and 8 show coordinates in RGB and CIE Lab color spaces for different
kinds of black color formations for paper type A and paper type D respectively.
These coordinates were calculated based on spectral reflectance values, the CIE
D65 standard illuminant and the 1931 CIE Standard Observer (see Section 3.1).

The results of representation of various black colors for different kinds of paper
in RGB and CIE Lab color spaces confirm the observations made based on results of
spectral reflectance differences between various black color formations for different
kinds of paper, and furthermore we come to the following conclusions:

1. black colors for paper type A (low quality paper) seem to be much brighter
than for paper type D (good quality paper)7;

7Let us remind that L parameter in the CIE Lab color space represents the lightness
of a color (L=0 yields black color and L=100 indicates white color).
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Table 7: Different black color formations for paper type A and their coordi-
nates in RGB and CIE Lab color spaces.

Color space RGB L*a*b*
Paper type A R G B L* a* b*

B100 0.3044 0.2985 0.2884 32.4242 0.1094 1.6873
CMY100 0.2420 0.2996 0.3646 31.8656 -1.2570 -11.6969

CMYK100 0.1990 0.1920 0.2061 20.6108 1.6602 -2.0542
C76M67Y67K90 0.2058 0.2013 0.2098 21.5804 1.0348 -1.2488

Table 8: Different black color formations for paper type D and their coordi-
nates in RGB and CIE Lab color spaces.

Color space RGB L*a*b*
Paper type D R G B L* a* b*

B100 0.1905 0.1837 0.1864 19.5282 0.9541 -0.2009
CMY100 0.1782 0.2317 0.3368 24.8671 2.6401 -17.9706

CMYK100 0.1399 0.1344 0.1500 13.6472 1.6738 -2.4688
C76M67Y67K90 0.1405 0.1373 0.1489 13.9054 1.1411 -1.8847

2. CMY100 black color is much more bluish in comparison to other blacks for
all kinds of paper (large value of blue channel in RGB color space, and
equivalently large negative value of b parameter in CIE Lab color space).

3.5 Average spectrum and spectral variance of print-
ing inks

Printing presses are usually able to deliver different amounts of printing ink on the
substrate. In this section we will examine spectral reflectance variance of printing
inks when applied to the substrate surface at different densities.

For each paper type, the spectral reflectance of each printing ink at a partic-
ular density was calculated as the average spectrum of a region of 10 mm by 10
mm. It must be noticed that the computed spectra do not correspond to spectral
reflectances of printing dots, but they are combinations of spectral reflectances of
particular printing dots and paper surface (the influence of paper surface is not
removed). Conversely, in Section 5.1.1 we will consider printing dot spectra, i.e.
the spectrum of a printing dot will be computed as the average spectrum over the
printing dot area.

Figures 56 - 59 show spectral reflectance variation of printing inks for paper
type A.

Figures 60 - 63 show spectral reflectance variation of printing inks for paper
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Figure 56: Yellow inks for paper
type A.

Figure 57: Magenta inks for paper
type A.

Figure 58: Cyan inks for paper type
A.

Figure 59: Black inks for paper type
A.
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Figure 60: Yellow inks for paper
type B.

Figure 61: Magenta inks for paper
type B.

Figure 62: Cyan inks for paper type
B.

Figure 63: Black inks for paper type
B.

type B.
Figures 64 - 67 show spectral reflectance variation of printing inks for paper

type C.
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Figure 64: Yellow inks for paper
type C.

Figure 65: Magenta inks for paper
type C.

Figure 66: Cyan inks for paper type
C.

Figure 67: Black inks for paper type
C.
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Figure 68: Yellow inks for paper
type D.

Figure 69: Magenta inks for paper
type D.

Figure 70: Cyan inks for paper type
D.

Figure 71: Black inks for paper type
D.

Figures 68 - 71 show spectral reflectance variations of printing inks for paper
type D.

Tables 9 and 10 show coordinates of yellow ink at different densities in RGB
and CIE Lab color spaces for paper type B and paper type D respectively.

An analysis of the results gives us the following conclusions:

1. R and G channel values do not have significant variations (σ(R) = 0.0053
and σ(G) = 0.0210 for paper type B, and σ(R) = 0.0027 and σ(G) = 0.0327
for paper type D, where σ(X) is the standard deviation of variable X);

2. B channel values decrease evenly with the increase of successive ink densities
with B = 0.0344 for paper type B, and B = 0.0614 for paper type D (where
X is the average decrease in B channel between successive ink densities
calculated from 10% to 100%);

3. L∗ values decrease evenly with the increase of successive ink densities (see
also Figure 72) with L

∗ = 0.5208 for paper type B, and L
∗ = 0.7011 for paper
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Table 9: Coordinates of yellow ink at different densities for paper type B in
RGB and CIE Lab color spaces.

Paper type B RGB L*a*b*
Yellow ink R G B L* a* b*

1% 0.8063 0.7959 0.7300 81.4564 -1.9302 8.5850
2% 0.8110 0.7994 0.7271 81.7675 -2.1013 9.4374
5% 0.8152 0.7991 0.7042 81.7003 -2.6115 12.4611
10% 0.8093 0.7896 0.6712 80.7648 -3.2084 15.6081
20% 0.8053 0.7778 0.6135 79.6022 -4.1831 21.8096
30% 0.8165 0.7805 0.5605 79.7726 -5.2568 29.1977
40% 0.8164 0.7738 0.5110 79.1171 -5.8846 34.8898
50% 0.8159 0.7680 0.4708 78.5641 -6.2929 39.4249
60% 0.8197 0.7671 0.4411 78.4845 -6.5507 43.1592
70% 0.8109 0.7537 0.3995 77.2613 -6.6750 46.8473
80% 0.8057 0.7462 0.3761 76.5789 -6.7486 48.8924
90% 0.8068 0.7452 0.3599 76.4919 -6.8364 50.7591
100% 0.8038 0.7397 0.3405 76.0052 -6.8138 52.4847

type D respectively (where X is the average decrease in L∗ values between
successive ink densities calculated from 10% to 100%). Nevertheless, paper
type D is much brighter than paper type B (see L∗ parameters);

4. a∗ and b∗ values increase evenly with the increase of successive ink densities
with b

∗ = 3.8298 for paper type B, and b
∗ = 6.6123 for paper type D

respectively. Paper type D is less yellowish than paper type B between
1% and 30% densities, and much more yellowish between 30% and 100%
densities (see b∗ parameter);

5. the span of spectral reflectance curves of printing inks for paper type D is
much bigger than for paper type B. This suggests that the gamut of colors
produced on paper type D is much bigger than on paper type B.

Figure 72 shows L∗ and b∗ parameter variations for different yellow ink densities
for paper type B and papers type D. As suggested earlier, paper type D (red-
squared curve) is less yellowish than paper type B (blue-squared curve) between
1% and 30% densities, and much more yellowish between 30% and 100% densities.
Let us notice that at 30% density of yellow ink both papers have the same amount
of yellow color (b* parameter).

Another property of printing inks which can be measured is their spectral
reflectance span (already mentioned earlier). For example, let us compare yellow
inks shown in Figures 60 and 68. We can easily see that the span (in spectral
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Table 10: Coordinates of yellow ink at different densities for paper type D
in RGB and CIE Lab color spaces.

Paper type D RGB L*a*b*
Yellow ink R G B L* a* b*

1% 0.9036 0.9057 0.8998 91.5479 -0.3631 0.5267
2% 0.8994 0.8996 0.8856 90.9867 -0.5732 1.6017
5% 0.8996 0.8950 0.8514 90.4761 -1.4535 5.4179
10% 0.8953 0.8851 0.8087 89.5051 -2.3627 9.7076
20% 0.8991 0.8773 0.7329 88.6560 -3.9955 18.6273
30% 0.9006 0.8672 0.6423 87.5933 -5.7233 29.1598
40% 0.9011 0.8571 0.5578 86.5938 -6.9351 38.8393
50% 0.9053 0.9053 0.4831 86.0585 -7.7379 47.6163
60% 0.9020 0.8405 0.4155 85.0610 -8.1323 54.6034
70% 0.9033 0.8331 0.3405 84.4128 -8.3990 62.3980
80% 0.9047 0.8297 0.2917 84.1265 -8.5374 67.1695
90% 0.9016 0.8220 0.2378 83.4653 -8.5327 71.5408
100% 0.9013 0.8193 0.2063 83.2343 -8.5292 73.9377

reflectance sense) for yellow inks for paper type B is much lower than for paper
type D - the difference between the top level spectrum and the low level spectrum
in Figure 60 is much smaller than for spectra in Figure 68. In this paragraph
we will investigate the differences in spectral reflectance span of printing inks for
different kinds of paper. The following scheme will be utilized to carry out the
experiment:

1. choose a printing ink;

2. calculate the spectral reflectance span of the printing ink for each paper of
interest in the following way:

(a) take reflectance spectra of the printing ink at 100% density and 1%
density denoted by R100% and R1%, respectively;

(b) calculate the difference spectrum as Rdiff,λ = R1%,λ−R100%,λ for each
wavelength λ of interest;

(c) plot a curve of the difference spectrum Rdiff as a function of wave-
length.

Figure 73 - 76 show the results of the above scheme applied to cyan, ma-
genta, yellow and black printing inks respectively. The spectral spans have been
calculated for all printing inks and all papers used in the experimental part.
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Figure 72: L* and b* parameter variations for different yellow ink densities
for paper type B and paper type D.

Figure 73: Spectral reflectance span
for cyan inks.

Figure 74: Spectral reflectance span
for magenta inks.

Figure 75: Spectral reflectance span
for yellow inks.

Figure 76: Spectral reflectance span
for black inks.
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The largest spectral reflectance spans correspond to the paper type D and paper
type C (good quality papers) in comparison to the remaining kinds of paper. We
also expect to get higher color gamut for papers with large spectral reflectance
spans than with small ones. Thus, good quality papers have higher color gamut
than low quality papers.

3.6 Dot gain characterization

Dot gain is a phenomenon associated with halftoning where printing dots can be
larger or lighter than initially intended, mainly due to the characteristics of paper,
inks, paper-ink interactions and printing process (including printing conditions
and halftone techniques used). The literature generally consider two kinds of dot
gain: physical and mechanical dot gain [5] [7].

Physical dot gain is actual growth in colorant area coverage (printing dot size)
mainly due to spreading of ink on the paper surface. The ink drop can spread
when applying to a substrate or due to ink penetration into the substrate surface
[5].

Optical dot gain (also known as the Yule-Nielsen effect) is defined as the in-
crease of dot size due to light scattering in the paper. Light that enters through
bare substrate (is not reflected) may be scattered and exit underneath a dot. Sim-
ilarly, light that enters through a dot surface may be scattered and exit through
bare surface. These scattering causes that the bare surface is visually darker than
expected and dots appear larger and lighter than intended. The overall scattering
effect result in darker final output [5].

The reflectance of a binary halftone pattern can be predicted by the Murray-
Davies equation [9] [5]:

Rλ = aRλ,ink + (1− a)Rλ,s (23)

, where the λ subscripts denote a wavelength, Rλ is predicted spectral re-
flectance, a is fractional dot area coverage of ink ink, Rλ,ink is the spectral re-
flectance of ink ink at full area coverage, and Rλ,s is the spectral reflectance of
the base substrate. This equation suggests that the measured spectral reflectance
of printed area, where a printing ink at fractional dot area coverage equal to a
has been applied should be equal to the predicted spectral reflectance of the area
using Equation (23) which bases on the spectral reflectance of the ink at full area
coverage, fractional dot area coverage a, and the spectral reflectance of plain paper
substrate.

The Murray-Davies equation assumes that the base substrate and the ink are of
uniform color (the spectral properties of ink and paper do not change throughout
the area of interest). Furthermore the area coverage denoted by a in Equation (23)
should be the effective dot area (denoted later by aeff ) to achieve better prediction
results, i.e. an estimated value which accurately predicts the spectral reflectance
R in Equation (23). On the other hand, the theoretical area (denoted later by
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Figure 77: Cyan inks for paper type
D at different densities.

Figure 78: Theoretical versus effec-
tive dot coverage area.

athe) is the actual value sent to the printer driver. The spectrum prediction based
on the theoretical area coverage is inaccurate due to the assumption of square
pixel shape, and the predicted reflectance of halftone images using Equation (23)
is much higher than measured reflectance.

In particular, the Murray-Davies equation can be transformed to predict the
effective dot area coverage [5]:

aeff =
Rλ=min −Rλ=min,s

Rλ=min,ink −Rλ=min,s
(24)

, where aeff is the effective dot area coverage, and Rλ is a measured spectral
reflectance of ink ink at a particular density. Let us notice that all spectral re-
flectance values are subscripted by λ = min to indicate that it is not a spectral
calculation, but one made at a single wavelength. [5] suggests that the choice of
min should be the minimum value of reflectance R (it varies the most when dot
area coverage is changed).

Furthermore, the dot gain can be calculated as a the difference between the
effective and theoretical dot area coverage, i.e.

dot gain = aeff − athe (25)

, where athe denotes theoretical dot area, and aeff can be calculated using
Equation (24). Using this equation we take into account both varieties of dot
gain.

Figure 77 shows example cyan ink at different densities for paper type D. Green
curve represents the plain paper reflectance. Figure 78 shows theoretical versus
effective dot area coverage for cyan ink from Figure 77. Equation (24) was used
to calculate the effective dot area coverage.

As mentioned earlier, the printing dots appear larger for two reasons: ink
spread out on the paper (physical dot gain), and the light scattering in the paper

70



Figure 79: Cyan dot at 20% density. Figure 80: Cyan dot at 40% density.

(optical dot gain). A real dot has a diameter depending on the printer resolution,
ink volume (density) and the ink spread characteristic on the paper. A dot irregular
shape depends mainly on the ink spread characteristic on the substrate, what in
particular causes that the dot color distribution is not uniform, especially when
comparing the middle region and the edge region of the dot [10]. Upon striking
the substrate, an ink must dry as quickly as possible to minimize the spread effect.
The extent to which spreading occurs depends mainly on the surface tension and
viscosity of the ink [11].

Now we will see how the ink spreading and light scattering affect the printing
ink density distribution and color variation throughout a dot area. To visualize
this we will utilize the following scheme to a spectral image of a printing dot:

1. let R be the spectral reflectance for a spatial location (x, y) of the spectral
image;

2. compute mean value R = 1
N

∑N
i=1 Ri;

3. compute final value for the spatial location as value = 1/R.

Figures 79 and 80 show 3D representations of two cyan dots at 20% and 40%
densities, respectively. Based on the images we clearly see the uneven distribution
(print density) of color throughout the dot area. In particular, the difference is
the most visible when comparing the edge region and the middle part of the dots.

The uneven distribution of color throughout a printing dot area will have some
unwanted implications on concentration prediction and color separation.
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4 Mottling characterization

In this chapter we will investigate if there exists any spatial correlation between the
spectral reflectance of plain paper and printed paper in exactly the same spatial
locations where different kinds of mottling have been applied. Next we will check
if there exist any differences between spatial correlation of prints to plain papers
for different types of mottling for a particular kind of paper. In particular we will
answer the following question: ”Does some type of mottling have better spatial
correlation to plain paper than the others”.

In the experimental part related to mottling, the papers will be measured under
D65 and UV illuminations, and in particular, we will try to check if UV illumina-
tion can be used for better characterization of paper and print in comparison to
measurements under D65.

4.1 Print unevenness

Mottling is an important printing defect in modern printing using coated papers.
Mottling can be defined as undesired unevenness in perceived print density espe-
cially visible in solid areas of a printed paper [2].

Uneven appearance (small dark and light areas appearing in the surface of
paper) in solid portions of a printed paper is mainly influenced by the type of
paper used. Spatial variations in the surface of paper (especially spatial variations
of absorption and smoothness parameters) play an important role in the mottle
characteristics. The mottling phenomena is also influenced by many parameters
during the printing process including the type of ink used, the color sequence, the
construction of printing press, faulty press adjustments, the selection of the wrong
ink for the particular type of paper, and press speed.

In this thesis we will divert our attention from these minor causes of mottling
phenomena, and we will focus our attention on spatial variation in the surface of
paper as the main cause of printing mottling.

Figure 82 shows the mottling phenomena. Visually, the printed image appears
non-uniform and it is the result of uneven ink distribution or non-uniform ink
absorption across the paper surface. It is mainly caused by spatial variations in
the paper surface showed on Figure 81.

As mentioned earlier, in our further investigation we will find out if there exists
any spatial correlation between the spectral reflectance of plain paper and printed
paper in exactly the same spatial areas for different kinds of mottling. We will
check if there exist any differences between spatial correlation of prints to plain
papers for different types of mottling. In particular, we will examine if some types
of mottling have better spatial correlation to plain paper than the others.

The spatial correlation of different kinds of mottling will be computed for
different types of papers used in the experiment measured under D65 illumination.
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4.2 Measurements under D65 illumination

In this section we will investigate the spatial correlation of prints to plain papers
measured for different kinds of mottling under D65 illumination.

The spatial correlation of a plain paper to its printed version will be computed
as follows:

1. let SBEFORE and SAFTER be spectral images of the same paper sheet before
(blank paper) and after printing process (printed paper). Select a region R
of interest from spectral image SAFTER, and for each spatial location (x, y)
of region R do:

(a) denote by x spectral reflectance in location (x, y) of image SAFTER;

(b) find the same spatial location corresponding to location (x, y) of image
SAFTER in image SBEFORE and denote its spectral reflectance by y;

(c) calculate the correlation between spectral reflectances x and y which
is the correlation for spatial location (x, y);

2. having correlation values for each spatial location draw a 3D surface which
a function from spatial locations to their corresponding correlation values.

The correlation between spectral reflectance vectors x and y will be computed
according to the following equation:

ρx,y =
cov(x, y)

σxσy
(26)

, where x = (x1, ..., xN ), y = (y1, ..., yN ), and cov(x, y) is the covariance be-
tween two vectors x and y, σx is the standard deviation of vector x, and σy is the
standard deviation of vector y. Furthermore we define covariance cov(x, y) as:

cov(x, y) =
∑N

i=1(xi − x)(yi − y)
N

(27)

, and standard deviation σx as:

σx =

√√√√ 1
N

N∑
i=1

(xi − x)2 (28)

, where x and y are the mean values of vector x and y respectively.
The measurements of blank papers and their printed counterparts were done

by the ImSpector V10 spectral camera under D65 illumination. Each region of
interest was measured in the range from 400 nm to 1000 nm with 5 nm quantization
step, what gave 121 values for each spectral reflectance value. However, in the
spatial correlation scheme described above we took into account only the first 71
values corresponding to range from 400 nm to 780 nm. The values were limited
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to the visible spectrum due to very high correlation between spectra x and y
outside the visible range in comparison to their correlation in the range from
400 nm to 780 nm. Taking into account the infrared region would give higher
spatial correlation between vectors x and y, what could diminish the ”real” spatial
correlation accuracy in the visible spectrum.

In particular, the 3D surfaces showing the spatial correlations for different
types of mottling and papers do not correspond to real ones. For better result
visualization the Gaussian smoothing has been applied to the original 3D surfaces.
The following discrete approximation of 2D Gaussian function with Σ = 1.4 has
been used as the pixel filter (mask) [32]:

mask =
1

115

∣∣∣∣∣∣∣∣∣∣
2 4 5 4 2
4 9 12 9 4
5 12 15 12 5
4 9 12 9 4
2 4 5 4 2

∣∣∣∣∣∣∣∣∣∣
.

Since the smoothing operation has been applied to all 3D surfaces, the results
coming from visual assessments are valid and correct. The mean, variance, and
standard deviation values presented for each type of paper and mottling kind are
computed based on the original spatial correlations and do not correspond to the
smoothed versions of the original images.

The smoothing operation has been applied for all 3D surfaces showing the
spatial correlations under D65 illuminant. The operation has not been applied to
3D images showing paper surface before or after printing process under D65 and
UV illuminants.

4.2.1 Paper type B

In this section we will investigate spatial correlation of paper type B for different
types of mottling to their corresponding plain papers under D65 illumination.

Figure 81 shows paper type B before printing process, and Figure 82 shows
the same paper area as in Figure 81 after the printing process has been applied.

Figure 83 shows 3D representation of paper type B surface corresponding to
Figure 81, and Figure 84 presents 3D representation of paper type B surface which
corresponds to Figure 82.

Figures 85 - 88 show correlations of plain paper type B to their corresponding
printed papers under D65 illumination.

Figure 85 shows 3D representation of spatial correlation of paper type B in
the case when water-ink-BT-BT printing process has been applied to plain paper
area. Similarly, Figure 86 shows 3D representation of spatial correlation of paper
type B in the case when dry-ink-BT-BT printing process has been applied, Figure
87 when dry-ink-dry-dry printing process has been applied, and Figure 88 when
water-ink-dry-dry printing process has been applied.
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Figure 81: Blank paper type B un-
der D65 illumination.

Figure 82: Printed paper type B un-
der D65 illumination.

Figure 83: Paper type B surface before printing process. Water-ink-BT-BT
printing process will be applied to the paper area.
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Figure 84: Paper type B surface after water-ink-BT-BT printing process has
been applied.

Figure 85: Spatial correlation for paper type B in the case when water-ink-
BT-BT printing process has been applied.
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Figure 86: Spatial correlation for paper type B in the case when dry-ink-BT-
BT printing process has been applied.

Figure 87: Spatial correlation for paper type B in the case when dry-ink-dry-
dry printing process has been applied.
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Figure 88: Spatial correlation for paper type B in the case when water-ink-
dry-dry printing process has been applied.

Table 11 is a summary of spatial correlations for different types of mottling to
their corresponding plain paper areas for paper type B. Based on Figures 85 - 88
and results contained in Table 11 we come to the following conclusions:

- there is no noticeable difference in spatial correlations between various kinds
of mottling applied to paper type B. 3D surfaces of spatial correlations seem
to be very similar, and no apparent differences between them exist;

- mottling type prediction based on mean value, variance or standard de-
viation is rather not possible. The only significant difference is visible in
standard deviation value between dry-ink-dry-dry mottling and other kinds
of mottling (see Table 11). However, small values of standard deviation for
all spatial correlations for different types of mottling suggest that it can not
be reliable way for mottling kind prediction;

- none of considered types of mottling has better or worse spatial correlation
to plain paper than other types of mottling.

4.2.2 Paper type D

In this section we will investigate spatial correlation of paper type D for different
types of mottling to their corresponding plain papers under D65 illumination.
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Table 11: Spatial correlation summary for different kinds of mottling for
paper type B.

Mottling kind Mean Variance Standard deviation

water-ink-BT-BT 0.1099 0.0012 0.0353
dry-ink-BT-BT 0.1086 0.0014 0.0373
dry-ink-dry-dry 0.1080 0.0011 0.0326

water-ink-dry-dry 0.1102 0.0013 0.0358

Figure 89: Blank paper type D un-
der D65 illumination.

Figure 90: Printed paper type D un-
der D65 illumination.

Figure 89 shows paper type D before printing process, and Figure 90 shows
the same paper area as in Figure 89 after the printing process has been applied.

Figure 91 shows 3D representation of paper type D surface corresponding to
Figure 89, and Figure 92 shows 3D representation of paper type D surface which
corresponds to Figure 90.

Figures 93 - 96 show correlations of plain papers type D to their corresponding
printed papers under D65 illumination.

Figure 93 shows 3D representation of spatial correlation of paper type D in
the case when water-ink-BT-BT printing process has been applied to plain paper
area, Figure 94 when dry-ink-BT-BT printing process has been applied, Figure
95 when dry-ink-dry-dry printing process has been applied, and Figure 96 when
water-ink-dry-dry printing process has been applied.

Table 12 is a summary of spatial correlations for different types of mottling to
their corresponding plain paper areas for paper type D. Based on Figures 93 - 96
and results contained in Table 12 we come to the following conclusions:

- there are no noticeable differences in spatial correlation between various
kinds of mottling applied to paper type D - 3D surfaces of spatial correlations
seem to be very similar;

79



Figure 91: Paper type D surface before printing process. Water-ink-BT-BT
printing process will be applied to the paper area.

Figure 92: Paper type D surface after water-ink-BT-BT printing process has
been applied.
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Figure 93: Spatial correlation for paper type D in the case when water-ink-
BT-BT printing process has been applied.

Figure 94: Spatial correlation for paper type D in the case when dry-ink-
BT-BT printing process has been applied.
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Figure 95: Spatial correlation for paper type D in the case when dry-ink-
dry-dry printing process has been applied.

Figure 96: Spatial correlation for paper type D in the case when water-ink-
dry-dry printing process has been applied.
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- similarly like for paper type B, mottling type prediction based on mean
value, variance or standard deviation is rather not possible. The standard
deviations of spatial correlations for different types of mottling for paper
type D are much more closer (almost identical) to each other than in the
case of paper type B (the same conclusion applies for variances and mean
values);

- none of considered types of mottling has better or worse spatial correlation
to plain paper than other types of mottling.

Table 12: Spatial correlation summary for different kinds of mottling for
paper type D.

Mottling kind Mean Variance Standard deviation

water-ink-BT-BT 0.5152 0.0013 0.0359
dry-ink-BT-BT 0.5145 0.0013 0.0363
dry-ink-dry-dry 0.5128 0.0013 0.0363

water-ink-dry-dry 0.5145 0.0014 0.0368

Now we will investigate the mean differences between various wavelength planes
for different types of mottling for paper type D under D65 illumination. Strictly
speaking, for each pair of mottling type (corresponding spectral images are denoted
by M1 and M2) we will perform the following procedure (the scheme must be
repeated for each spectral reflectance plane of interest):

1. take a spectral reflectance plane for mottling M1 and M2 at wavelength λ
denoted by PM1,λ and PM2,λ, respectively.

2. calculate the difference spectral image DI = |PM1,λ − PM2,λ|;

3. calculate mean value DI of the difference spectral image DI, which is the
mean difference between wavelength planes PM1,λ and PM2,λ for mottling
types denoted by M1 and M2.

Figure 97 shows the above procedure applied for paper type D under D65
illumination for wavelength planes in the range between 400 nm and 580 nm with
5 nm sampling step. Each kind of mottling versus all other kinds of mottling was
considered.

Based on the results shown in Figure 97 we can conclude that there exist
some differences between mean differences of wavelength planes for various kinds
of mottling. In particular we can see that:

1. there are big differences between D-I-BT-BT and D-I-D-D mottling kinds
(cyan curve) especially in the range from 400 nm to 520 nm. In this case,
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Figure 97: Mean difference analysis of various wavelength planes for different
kinds of mottling for paper type D. Short cuts: D = dry, W = water, I =
ink, BT = back-trap.

84



the wavelength range can be divided into two regions: the first from 400
nm to 520 nm with big differences, and the second from 520 nm to 580 nm
with small differences. Similar observations can be made for D-I-D-D and
W-I-D-D mottling pair (black curve);

2. similar observations (concerning the uneven distribution of differences be-
tween the region from 400 nm to 520 nm and the region from 520 nm to
580 nm) can be made for W-I-BT-BT and W-I-D-D mottling pair (magenta
curve), and W-I-BT-BT and D-I-D-D mottling pair (green curve). However,
for these mottling pairs the differences in the region from 400 nm to 520 nm
are smaller in comparison to mottling pairs pointed out in point 1;

3. two remaining pairs of mottling, namely D-I-BT-BT and W-I-D-D pair (yel-
low curve), and D-I-D-D and W-I-D-D pair (black curve), have much more
even distribution of the differences between planes than other pairs.

The aim for this study was to examine how much different types of mottling
differ one from another when the mean differences between corresponding spectral
reflectance planes of a mottling pair will be considered.

4.3 Measurements under UVA illumination

In Section 4.2 we introduced a procedure to compute the correlation between two
reflectance spectra under D65 illumination, and we mentioned that the spectral
reflectance vectors are 71 dimensional what corresponds to wavelengths from 400
nm to 780 nm with 5 nm step. In the case of measurements under UV illumination
the setup for measurements under UV illuminant introduced in Section 2.5.2 was
used. In particular, the values coming from the ImSpector V10 spectral camera
were not corrected after the image acquiring phase, and these are actually the
spectral radiance values in the range from 288 nm to 1181 nm with 0.7 nm sampling
step.

To show 3D representations of the paper surface under UV illumination the
radiance data were quantized into the region from 380 nm to 780 nm with 5 nm
step. Then the same procedure as described in Section 3.2 was used to generate
the 3D images, where the input values to the procedure were spectral radiance
vectors instead of spectral reflectance vectors.

To show the RGB representations of the samples measured under UV illumina-
tion the radiance data were quantized into the region from 380 nm to 780 nm with
5 nm step. Then the quantized data were assumed to be the spectral reflectance
data, and the X, Y, Z tristimulus values were calculated under the assumption of
the CIE D65 standard illuminant and with the 1931 CIE Standard Observer. The
RGB values were calculated on basis of the tristimulus values (see Section 2.1.4).
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Figure 98: Blank paper type D un-
der UVA illumination.

Figure 99: Printed paper type D un-
der UVA illumination.

4.3.1 Papers under UV illumination

In this section we will investigate the surface of paper type D before and after
printing process under UVA illumination.

Figure 98 shows paper type D before printing process, and Figure 99 the same
paper area as in Figure 99 after the printing process has been applied, both under
UV illuminant.

Figure 100 shows 3D representation of paper type D surface corresponding to
Figure 98, and Figure 101 presents 3D representation of paper type D surface after
printing process which corresponds to Figure 99.

Figures 102 - 107 show remaining kinds of paper under UV illumination. Due
to low content of fluorescent and whitening agents in the paper surfaces the spec-
tral radiance values under UV illumination are extremely small, and finally the
RGB representations of the spectral radiance images are very dark. In particu-
lar, the selection of a particular region from the spectral radiance images becomes
impossible, and thus further processing of these images is difficult.

4.3.2 Spectral variation of different kinds of mottling under D65
and UVA illuminants.

In this section we will examine average spectral reflectance of different kinds of
mottling for different kinds of paper under D65 and UV illuminants. In particular,
this study will show if we can distinguish between different kinds of mottling based
on average spectral reflectance values. Next we will examine average spectra of
different kinds of plain and printed papers under UVA illumination.

The average spectrum was calculated as mean value of spectral reflectance
values (for measurements under D65 illumination) or spectral radiance values (for
measurements under UV illumination) over a region of size 45 mm by 45 mm. In
the case of measurements under D65 illumination the spectral reflectance values
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Figure 100: Paper type D surface before printing process. Water-ink- BT-BT
printing process will be applied to the paper area.

Figure 101: Paper type D surface after water-ink-BT-BT printing process
has been applied.
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Figure 102: Blank pa-
per type B under UVA
illumination.

Figure 103: Printed pa-
per type B under UVA
illumination.

Figure 104: Blank pa-
per type A under UVA
illumination.

Figure 105: Printed pa-
per type A under UVA
illumination.

Figure 106: Blank pa-
per type C under UVA
illumination.

Figure 107: Printed pa-
per type C under UVA
illumination.

88



Figure 108: Average spectra of dif-
ferent kinds of mottling for paper
type D under D65 illumination.

Figure 109: Average spectra of dif-
ferent kinds of mottling for paper
type D under UVA illumination.

in the range from 400 nm to 1000 nm with 5 nm step were used. In the of
measurements under UV illumination the spectral radiance values in the range
from 288 nm to 1181 nm with 0.7 nm step were used 8. All the spectral images
were acquired with the ImSpector V10 spectral camera.

Figure 108 shows average spectra of different kinds of mottling (including
water-ink-BT-BT, dry-ink-BT-BT, dry-ink-dry-dry and water-ink-dry-dry) for pa-
per type D under D65 illumination.

Figure 109 shows average spectra of different kinds of mottling for paper type
D under UV illumination.

Figure 110 presents average spectra of different kinds of plain papers under UV
illumination, and Figure 111 shows average spectra of different kinds of printed
paper under UV illumination.

Based on the results shown in Figures 108 - 111 we come to the following
conclusions:

1. there is no difference in average reflectance spectra between various kinds
of mottling (water-ink-BT-BT, dry-ink-BT-BT, dry-ink-dry-dry and water-
ink-dry-dry) under D65 illumination. The type of mottling can not be rec-
ognized based on the average reflectance spectra.

2. there is no difference in average spectral radiance between various kinds
of mottling (water-ink-BT-BT, dry-ink-BT-BT, dry-ink-dry-dry and water-
ink-dry-dry) under UV illumination. The type of mottling can not be rec-
ognized based on the average spectral radiance;

8In the plots of spectral radiance values contained in the thesis the Y axis is named
”Reflectance”. In reality, these are spectral radiance values, i.e. spectral reflectance values
where the influence of the ambient illumination was not removed.
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Figure 110: Average spectra of dif-
ferent kinds of plain paper under
UVA illumination.

Figure 111: Average spectra of dif-
ferent kinds of printed paper under
UVA illumination.

3. paper type D contains much more fluorescent and whitening agents than
the other papers (gives much higher spectral radiance responses than other
kinds of paper). It is the only paper which can be easily post-processed when
measured under UV illumination (the RGB representation of the images are
not black or very dark).
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Figure 112: Examples of inverse color separation process (Image taken from
[30]).

5 Printing dot separation

In this chapter we will examine whether the inverse color separation process of
multicolor printing inks is possible based on spectral reflectance data, i.e. given
a spectral reflectance data of a printing dot image we will try to separate it into
four RGB images, where each of them corresponds to one of the printing inks
used and contains only printed dots of the same color9. In particular, this study
will show whether concentration prediction (what printing inks and in what den-
sities were used to create a particular region) of printing inks is possible based
on spectral reflectance data. We will also investigate if it is possible to determine
missing or partially missing printed dots in dot overlapping areas based on spectral
reflectance.

Figure 112 shows examples of inverse color separation process. From left to
right: the printed image when view by the human eye from a sufficient distance,
the halftone dot pattern at high magnification, the cyan separation, the magenta
separation, the yellow separation and the black separation (these separations are
the four RGB images which are the output of the inverse color separation process).

5.1 Concentration prediction of overprinted inks

In this section we will study whether the concentration prediction process (what
printing inks and in what densities) of printing inks is possible based on spectral
reflectance data. Firstly, we will discuss some problems related to the concen-
tration prediction, and then we will use the Kubelka-Munk theory to predict ink
concentrations in dot overlapping areas.

The ImSpector V8 spectral camera was used to acquire spectral images of

9In this thesis the inverse color separation process will be also called color separation
process if it does not cause any misunderstandings.
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Figure 113: Cyan printing dots at
30% density.

Figure 114: Average paper and dot
spectral reflectance variations.

printing dots. The description of its setup and the justification for using the
spectral camera for printing dot measurements were given in Section 2.5.2.

5.1.1 Printing dot spectrum

In Section 3.6 we introduced the dot gain phenomena, and we explained that the
dot color (amount of ink applied to the substrate) is spread out very unevenly
throughout the dot area. Figures 79 and 80 suggest that the highest amount
of ink (print density) is located in the middle part of the dot with decreasing
tendency towards the outer boundary of the dot. Now we will show how these
color (spectral reflectance) variations affect ink concentration prediction and color
separation processes.

Figure 113 shows a cyan printing ink at 30% density. We can see by naked eye
that the highest amount of cyan ink is located in the middle part of the dots, and
it decreases continuously to the edges of the dots. Let us also notice that there
exist significant variations of paper reflectance. Especially spaces between dots in
horizontal direction are more whitish in comparison to spaces in vertical direction
(which are more bluish).

Figure 114 shows several example spectra of paper and dots taken from Figure
113. Magenta and black curves correspond to spectral reflectances of paper, and
red, blue and green curves correspond to spectra in different locations of a single
printing dot. In particular, these spectral variations can cause some problems
related to ink concentration prediction of overprinted areas and color separation
including:

- where the spectrum of a dot at particular density should be taken from?
(possibly it can be the average spectrum taken throughout the whole dot
area);
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- where the paper spectrum should be taken from? (both whitish and bluish
regions between printing dots shown in Figure 113 should be predicted as
paper in color separation process. Possibly the best choice is the average
spectrum of the whitish and bluish regions of paper surface);

- concentration prediction will give various values for different pixels belonging
to a printing dot due to significant spectral variations of color within the
dot area;

- inability to distinguish between paper surface and dot areas due to spectral
variations of paper located between dots (whitish and bluish regions), and
the closeness of paper spectral reflectance (in bluish areas) to spectral re-
flectance of inks at low densities or outer areas of dots. As the result, the
paper surface will be considered as a dot area, or the outer regions of dots
will be considered as paper surface, what finally will lead to wrong color
separation.

Now we will investigate how the selection of spectral reflectance for paper
surface influences the ability to recognize paper and dot areas. Algorithm 1 is a
simple sketch of a procedure which we will help us to evaluate the color separation
of cyan dots at different densities from the paper areas.

Algorithm 1 considers each spatial location (i, j) of spectral image SI. Based
on the comparison of the spectral reflectance ri,j of spatial location (i, j) with
a fixed set of spectra R, it decides whether the spatial location (i, j) should be
classified as a paper area or dot area. The result of the algorithm is a black-white
image I, where white areas denote paper (regions of spectral image SI which were
classified as paper areas) and black parts denote dot areas (regions of spectral
image SI which were classified as dot areas).

For clarity, the fixed set of spectra R consists of the spectral reflectance RS

of paper surface and cyan dot spectra at different densities, where Cdens denotes
average cyan dot spectrum at density dens. The classification of each spatial
location as paper or dot area is based on the Root Mean Square Error (abbreviated
as RMSE) computed as follows:

RMSE(r1, r2) =

√∑N
i=1(r1(i)− r2(i))2

N
(29)

, where r1 and r2 are two reflectance spectra which are to be compared, and
N is the dimensionality of a spectrum.

For each spatial location (i, j) the algorithm chooses spectrum bestSpectrum
which fits the best spectrum ri,j according to RMSE error (bestSpectrum mini-
mizes the RMSE error for spectrum ri,j).

For simplicity, the fixed set R of spectral reflectances in Algorithm 1 includes
only paper spectral reflectance and cyan dot spectral reflectances at different den-
sities. In general case, however, we assume that the set R contains also magenta,
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Alg. 1 Simple recognition of spectral reflectances.
Input: SI, R = {RS, RC10 , RC20 , ..., RC100}.
Output: Black-white image I.

1 begin
2 for each spatial location (i, j) in image SI
3 error = ∞;
4 ri,j = SI(i, j);
5 bestSpectrum = RS;
6 for all reflectance spectra r ∈ R
7 temp = RMSE(r, ri,j);
8 if (temp ≤ error) then
9 error = temp;
10 bestSpectrum = r;
11 if (bestSpectrum == RS) then I(i, j) = 1;
12 else I(i, j) = 0;
13 end

yellow and black dot spectral reflectances at different densities. Algorithm 2 is
a sketch of a procedure which employs extended set R. Variables IC , IM , IY and
IK are black-white images for cyan, magenta, yellow and black dots respectively,
which are assumed to be white when the algorithm starts.

Alg. 2 Simple recognition of spectral reflectances with extended set R.
Input: SI, R.
Output: Black-white images IC , IM , IY , IK .

1 begin
2 for each spatial location (i, j) in image SI
3 ri,j = SI(i, j);
4 find r ∈ R such that RMSE(r, ri,j) is minimal
5 if (r == reflectanceOfCyanInk) then IC(i, j) = 0;
6 elseif (r == reflectanceOfMagentaInk) then IM(i, j) = 0;
7 elseif (r == reflectanceOfY ellowInk) then IY (i, j) = 0;
8 else (r == reflectanceOfBlackInk) then IK(i, j) = 0;
9 end

94



Figure 115: Cyan
dots at 20% den-
sity.

Figure 116: Sep-
aration result for
whitish spectrum.

Figure 117: Sep-
aration result for
cyanic spectrum.

Figure 118: Sep-
aration result for
cyanic-whitish
spectrum.

The result of Algorithm 2 are four black-white images IC , IM , IY and IK . For
each image Iink ( where ink denote a color of a printing ink) the following condi-
tions are satisfied:

1. white areas correspond to spatial locations of spectral image SI which were
classified as paper or areas coved by an ink which is different from ink;

2. black areas which correspond to spatial locations of spectral image SI which
were classified as coved by ink ink.

It is easy to notice that Algorithm 2 does not work for dot overlapping areas
(appropriate algorithm will be presented later).

Now we will employ Algorithm 2 to perform a simple color separation. For a
given spectral image three different spectra will be considered as paper spectral
reflectances:

• whitish spectrum - average spectrum was taken form a white-looking region
which should be considered as paper area in the separation process;

• cyanic spectrum - average spectrum was taken form a cyan-looking region
which should be considered as paper area in the separation process;

• cyanic-whitish spectrum - average spectrum was taken simultaneously form a
white-looking and cyan-looking regions which should be considered as paper
area in the separation process.

In particular, this experiment will show how the choice of paper reflectance
spectrum influences the color separation process. We will also discuss some limi-
tations which can be imposed on the set R to improve the separation results.

Figure 115 shows cyan dot image at 20% density. We will try to separate the
cyan dots from the paper areas using Algorithm 2 with three different spectra as
paper reflectances. The reflectance spectra of printing dots at different densities
are the average spectra taken throughout the dot areas.
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Figures 116 - 118 show the separation results for cyan dots at 20% density,
where different spectra were considered as paper spectrum. In all three cases we
can distinguish the shape of the dots and:

• separation result with whitish spectrum produces dots which are joined to-
gether (interconnections between dots in vertical direction). Dots seem to
be bigger than their actual sizes are;

• separation result with cyanic spectrum produces dots which are not joined
together. Dots are smaller than their actual sizes are;

• separation result with cyanic-whitish spectrum produces dots which are not
joined together. Printing dots are about right sizes and the separation pro-
cess seems to be correct.

Figure 119 shows cyan dot image at 40% density. We will try to separate the
cyan dots from the paper areas using Algorithm 2 with three different spectra as
paper reflectances. Figures 120 - 122 show the separation results for cyan dots at
40% density, where different spectra were considered as paper spectrum. Based
on the results we make the following observations:

• the separation process with whitish and cyanic spectra as paper spectrum
produces images with dots which are joined together. Interconnections be-
tween dots in all directions give unacceptable separation. Dots are much
bigger than their actual sizes are and we can not clearly distinguish the
shapes and locations of printing dots;

• the separation process with cyanic-whitish spectrum produces dots which
are joined together. Interconnections between dots exist mainly in horizontal
direction and do not exclude the possibility to distinguish the shapes and
ranges of dots. Printing dots are about their right sizes.

Figures 123 - 134 present RGB representations of spectral images of cyan print-
ing dots at different densities.

Based on Figures 123 - 134 we come to the following conclusions:

• Figures 123 - 127 should be a good subject for color separation process due
to low distortion of paper spectral reflectance (there are no paper regions
with intensive cyan color which should be considered as paper in the color
separation process);

• Figure 128 can be also a subject for color separation process if the paper
reflectance is chosen carefully. Due to high degree of distortion of paper
spectral reflectance (cyanic interconnections between dots mainly in vertical
direction) the separation process can result in unacceptable output if the
paper reflectance is not selected correctly;
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Figure 119: Cyan
dots at 40% den-
sity.

Figure 120: Sep-
aration result for
whitish spectrum.

Figure 121: Sep-
aration result for
cyanic spectrum.

Figure 122: Sep-
aration result for
whitish-cyanic
spectrum.

Figure 123: Cyan
dots at 2%.

Figure 124: Cyan
dots at 5%.

Figure 125: Cyan
dots at 10%.

Figure 126: Cyan
dots at 20%.

Figure 127: Cyan
dots at 30%.

Figure 128: Cyan
dots at 40%.

Figure 129: Cyan
dots at 50%.

Figure 130: Cyan
dots at 60%.

Figure 131: Cyan
dots at 70%.

Figure 132: Cyan
dots at 80%.

Figure 133: Cyan
dots at 90%.

Figure 134: Cyan
dots at 100%.
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• color separation for printing dots shown in Figures 129 - 134 is not possible
due to high distortion of paper reflectance.

Let us now to sum up the main conclusions derived from examples and results
presented in this section:

1. the color separation process is significantly influenced by the selection of
current paper reflectance spectrum and spectra of printing dots at different
densities;

2. inappropriate selections of paper reflectance spectrum or printing dot spec-
tra can cause additional interconnections between printing dots resulting in
distortion of their shapes and real sizes in the final outcome (inability to
distinguish between paper surface and dot areas);

3. with the increase of dot density, the difficulty with appropriate selection
of paper reflectance increases (for example with the increase of cyan dot
density the distortion of plain paper areas by cyan color increases and makes
it harder to appropriately select paper reflectance);

4. the ability for correct color separation decreases when the dot density in-
creases (more areas with spectral reflectance distortion occur);

5. distinction between paper area and dot at very low densities or outer regions
of printing dots at low densities can be impossible or difficult to carry out;

6. what is the best reflectance spectrum of a printing dot at particular density?
(possibly the average spectra of the whole dot area);

7. how to make the best selection of paper reflectance spectrum? (how to find
the best area for spectrum selection automatically?).

5.1.2 Kubelka-Munk theory and concentration prediction

The Kubelka-Munk (KM) theory has been mainly used to predict the reflectance
of translucent colorants. However, it can also model transparent and opaque col-
orants as special cases. In particular, the Kubelka-Munk theory has been used to
predict the reflectance of textiles, plastics, paints, inks and other materials [12].
The KM theory has been also used for prediction of reflectance of printing inks.
However, one of the difficulties in applying the theory for printer characterization
is in determining the scattering and absorption coefficients for each printing ink
used (two-constant Kubelka-Munk theory). [13] suggests some methods to de-
termine the coefficients, but unfortunately the methods can not be applied in our
case. Therefore, we will employ a variation of the KM theory called single-constant
Kubelka-Munk theory in which only ratios of absorption by scattering coefficients
for each colorant are known.
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Originally, Kubelka and Munk considered a translucent colorant layer on top of
an opaque background. Within the colorant layer both scattering and absorption
occur. They also assumed that the light flux travels either up or down, and the light
inside the colorant layer is completely diffuse. Therefore, the reflected light from
the surface of the material depends on the scattering and absorption coefficients of
the colored materials, the background reflectance, and the thickness of the colorant
layer [15][12].

For opaque color materials (the colorant layer is sufficiently thick that the re-
flectance of background has no effect on the colorant layer reflectance), the theory
transforms the spectral reflectance factor Rλ into an approximately linear space
defined as (K/S)λ, where K denotes the absorption and S the scattering coeffi-
cients respectively [14]. Equations (30) and (31) give the relationships between Rλ

and (K/S)λ:

(K/S)λ = (1−Rλ)2/2Rλ (30)

Rλ = 1 + (K/S)λ −
√

(K/S)2λ + 2(K/S)λ (31)

In order to predict the reflectance Rλ for a mixture of colorants with spec-
tral reflectances R1, ..., Rk and effective concentrations c1, ..., ck we perform the
following steps [12]:

1. compute (K/S)λ,i for each colorant according to Equation (30), where i
denotes the i-th colorant;

2. compute the spectral reflectance of unit concentration (k/s)λ,i for each col-
orant based on already computed (K/S)λ,i;

3. compute (K/S)λ for the mixture (denoted by (K/S)λ,mix) according to the
following equation:

(K/S)λ,mix = c1(k/s)λ,1 + c2(k/s)λ,2 + ... + ck(k/s)λ,k; (32)

4. compute spectral reflectance Rλ of the mixture according to Equation (31).

Let us notice that in order to predict the reflectance of a mixture of colorants,
the (k/s)λ coefficients are determined for each mixture component. Then under
the assumption of linearity of the (k/s)λ coefficients, the value (K/S)λ for the
mixture is computed. The last step is to transform the (K/S)λ value for the
mixture to its spectral reflectance using Equation (31).

In our algorithms for concentration prediction we will use the single-constant
Kubelka-Munk theory for opaque materials. The use of the double-constant Kubelka-
Munk theory and other versions of single-constant Kubelka-Munk theory can not
be applied in our case.
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Based on the Kubelka-Munk theory we will now introduce an algorithm for
concentration prediction of overprinted areas where two inks were used. Algorithm
3 depicts the procedure, where R is a spectral reflectance of an overprinted area for
which colorants are to be found, and X and Y are two lists of reflectance spectra
such that:

1. the list X corresponds to spectra of one ink denoted by ink1 and the set Y
corresponds to spectra of another ink denoted by ink2, where ink1 6= ink2;

2. the list X contains spectra of different printing dot densities of ink ink1;

3. the list Y contains spectra of different printing dot densities of ink ink2.

Alg. 3 Two-ink concentration prediction of overprinted areas.
Input: R, X = {X1, ..., Xk}, Y = {Y1, ..., Yl}.
Output: error, indexX , indexY .

1 begin
2 error = 1; indexX = −1; indexY = −1;
3 for each spectrum Xi in set X
4 for each spectrum Yj in set Y
5 ksX = KS(Xi);
6 ksY = KS(Yj);
7 ksmix = ksX + ksY ;
8 Rmix = R(ksmix);
9 temp = RMSE(Rmix, R);
10 if temp ≤ error then
11 error = temp;
12 indexX = i;
13 indexY = j;
14 return [error, indexX , indexY ]
15 end

The algorithm uses the Kubelka-Munk theory to find two spectra which after
mixing fit the best the initial spectrum R according to root mean square error.
It must be noted here that the found spectra are from different lists (X and Y ),
and the algorithm returns the following values: error - the RMSE error of the two
found spectra and the initial spectrum R, indexX - index of the chosen spectrum
from list X, and indexY - index of the chosen spectrum from list Y .
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The algorithm implicitly computes three functions: RMSE() - computes root
mean square error between two spectra, KS() - computes (K/S) coefficient for a
given spectrum (see Equation (30)), and R() - computes spectral reflectance for a
given (K/S) coefficient (see Equation (31)).

In the case of the four-color printing process Algorithm 3 must be executed
for each pair of printing inks, i.e. C2

4 =
(
4
2

)
= 6 times to find two spectra which

after mixing fit the best the initial spectrum R. The procedure is depicted in the
form of Algorithm 4. The input to the algorithm are: R - spectrum for which
colorants are to be found, C - set of cyan dot spectra at different densities, M -
set of magenta dot spectra at different densities, Y - set of yellow dot spectra at
different densities and K - set of black dot spectra at different densities.

Alg. 4 Full two-ink concentration prediction of overprinted areas.
Input: R, C, M, Y, K.
Output: error, indexX , indexY , indexPAIR.

1 begin
2 CM = KM2(C, M); indexPAIR = 1
3 CY = KM2(C, Y ); indexPAIR = 2
4 CK = KM2(C, K); indexPAIR = 3
5 MY = KM2(M, Y ); indexPAIR = 4
6 MK = KM2(M, K); indexPAIR = 5
7 Y K = KM2(Y, K); indexPAIR = 6
8 S = solution with minimum error among {CM,CY, CK,MY,MK, Y K};
9 return [S, indexPAIR]
10 end

The algorithm considers all pairs of printing inks and for each ink pair it
examines all possible combinations of spectra corresponding to different densities.
KM2 denotes the procedure depicted by Algorithm 3. The best pair of inks is
denoted by indexPAIR and their corresponding concentrations and their error are
stored in S. Thus, the algorithm returns two spectra of two different inks at
particular densities which after mixing process fit the best spectrum R.

Algorithm 5 is a straightforward extension of Algorithm 3 for three-ink concen-
tration prediction of overprinted areas. R is a spectral reflectance of an overprinted
area for which colorants are to be found. X, Y and Z are three lists of printing
dot spectra at different densities such that:

1. the list X corresponds to spectra of one ink denoted by ink1, the list Y
corresponds to spectra of the second ink denoted by ink2 and the set Z
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corresponds to spectra of the third ink denoted by ink3, where ink1 6= ink2 6=
ink3;

2. the list X contains spectra of different printing dot densities of ink ink1;

3. the list Y contains spectra of different printing dot densities of ink ink2;

4. the list Z contains spectra of different printing dot densities of ink ink3.

Alg. 5 Three-ink concentration prediction of overprinted areas.
Input: R, X = {X1, ..., Xl}, Y = {Y1, ..., Ym}, Z = {Z1, ..., Zn}.
Output: error, indexX , indexY , indexZ .

1 begin
2 error = 1; indexX = −1; indexY = −1; indexZ = −1;
3 for each spectrum Xi in set X
4 for each spectrum Yj in set Y
5 for each spectrum Zk in set Z
6 ksX = KS(Xi);
7 ksY = KS(Yj);
8 ksZ = KS(Zk);
9 ksmix = ksX + ksY + ksZ ;
10 Rmix = R(ksmix);
11 temp = RMSE(Rmix, R);
12 if temp ≤ error then
13 error = temp;
14 indexX = i;
15 indexY = j;
16 indexZ = k;
17 return [error, indexX , indexY , indexZ ]
18 end

The algorithm looks for three spectra which after mixing fit the best the initial
spectrum R according to root mean square error. It must be noted here that
the found spectra are taken from different lists, i.e. they correspond to different
printing inks at particular densities.

In the case of the four-color printing process then Algorithm 5 must be executed
for each triple of printing inks, i.e. C3

4 =
(
4
3

)
= 4 times to find tree spectra which

after mixing fit the best the initial spectrum. The overall procedure is depicted
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Alg. 6 Full three-ink concentration prediction of overprinted areas.
Input: R, C, M, Y, K.
Output: error, indexX , indexY , indexZ , indexTRIPLE.

1 begin
2 CMY = KM3(C, M, Y ); indexTRIPLE = 1
3 CMK = KM3(C, M, K); indexTRIPLE = 2
4 MY K = KM3(M, Y,K); indexTRIPLE = 3
5 CY K = KM3(C, Y, K); indexTRIPLE = 4
6 S = solution with minimum error among {CMY,CMK, MY K, CY K};
7 return [S, indexTRIPLE]
8 end

in the form of Algorithm 6. The input to the algorithm is exactly the same as for
Algorithm 4.

Algorithm 6 assumes that spectrum R is a mixture of three inks and searches all
triples of inks and for each ink triple it examines all spectra corresponding to vari-
ous dot densities to find out what the best colors of the inks and their densities are.
The algorithm returns three spectra of three different inks at particular densities
which after mixing process fit the best spectrum R. KM3 denotes the procedure
depicted by Algorithm 5. The best triple of inks is denoted by indexTRIPLE , and
their corresponding concentrations and their error are stored in S.

Algorithm 7 is a straightforward extension of previous algorithms presented
in this section to four-ink concentration prediction of overprinted areas. R is a
spectral reflectance of an overprinted area for which colorants are to be found.
X, Y , Z and W are four lists of spectra which definitions are similar to these
introduced earlier.

The algorithm considers the only quartette of printing inks (in the case of
the four-color printing process), and for each printing ink it examines all possible
spectra corresponding to its different dot densities. The Algorithm assumes that
spectrum R is a mixture of four inks and for each ink it searches all spectra at
various densities to find out what the best density for the ink is. The algorithm
returns one spectrum for each printing ink which corresponds to a particular den-
sity of the ink. After mixing, the selected spectra give a spectrum which fits the
best spectrum R.

Let us now to combine Algorithms 4, 6, and 7 into one algorithm which predicts
number of inks, their colors and concentrations which were probably used to create
a particular spectrum. Algorithm 8 depicts the procedure.

The input values to the algorithm are: R - spectral reflectance of an overprinted
area for which colorants are to be found, C - spectral reflectances of cyan ink at
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Alg. 7 Full four-ink concentration prediction of overprinted areas.
Input: R, X, Y, Z, W .
Output: error, indexX , indexY , indexZ , indexW .

1 begin
2 error = 1; indexX = −1; indexY = −1; indexZ = −1;
3 for each spectrum Xi in set X
4 for each spectrum Yj in set Y
5 for each spectrum Zk in set Z
6 for each spectrum Wl in set W
7 ksX = KS(Xi);
8 ksY = KS(Yj);
9 ksZ = KS(Zk);
10 ksW = KS(Wl);
11 ksmix = ksX + ksY + ksZ + ksW ;
12 Rmix = R(ksmix);
13 temp = RMSE(Rmix, R);
14 if temp ≤ error then
15 error = temp;
16 indexX = i;
17 indexY = j;
18 indexZ = k;
19 indexW = l;
20 return [error, indexX , indexY , indexZ , indexW ]
21 end

different dot densities, M - spectral reflectances of magenta ink at different dot
densities, Y - spectral reflectances of yellow ink at different dot densities, and K
- spectral reflectances of black ink at different dot densities. The output values of
the algorithms are: numberOfInks - number of inks probably used to create the
overprinted area, and S which gives information about the color of the inks and
their densities. KM2FULL denotes Algorithm 4, KM3FULL refers to Algorithm 6
and KM4FULL corresponds to Algorithm 7.

Algorithm 8 starts to search the best colorant selection within two-ink combi-
nations. The best found solution is stored in KM2R, and then it starts to look
for the best colorants within three-ink combinations. The best solution is saved in
KM3R, and next it examines the best density combinations for all printing inks
which possibly were used to create the overprinted area. The result is stored in
KM4R, and the algorithm chooses the best solution among KM2R, KM3R and
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Alg. 8 Concentration prediction of overprinted areas.
Input: R, C, M, Y, K.
Output: S, numberOfInks.

1 begin
2 KM2R = KM2FULL(C, M, Y, K);
3 KM3R = KM3FULL(C, M, Y, K);
4 KM4R = KM4FULL(C, M, Y, K);
5 S = solution with minimum error among {KM2R, KM3R, KM4R};
6 numberOfInks =number of selected inks;
7 return [S, numberOfInks]
8 end

Figure 135: Cyan and magenta dots
at 30% density.

Figure 136: Spectral variations in
dot overlapping regions.

KM4R based on the root mean square error values. The optimal combination of
inks which yields the minimum error is returned as the output of the algorithm.

Now we will apply Algorithm 8 for concentration prediction of a couple of exam-
ple spectra. Figure 135 shows cyan and magenta dots at 30% density, and Figure
136 depicts some spectral reflectance curves of some overprinted areas of magenta
and cyan inks. In particular, let us notice that spectral reflectance curves vary a
lot even though, they were taken from overprinted areas of cyan and magenta inks
at 30% density. Clearly, it has a very close connection with the issues described in
Section 5.1.1 concerning uneven distribution of color (spectral reflectance) within
printing dots. In particular, uneven distribution of color within printing dot area
can be caused by uneven structure of the substrate and non-uniform distribution
of whitening agents in the paper surface.
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Figure 137: Concentration prediction example for a spectrum (blue curve)
taken from an overlapping area where magenta and cyan at 30% density were
applied. Results: magenta at 50% density (spectrum denoted by magenta
curve), cyan at 30% density (spectrum denoted by cyan curve), RMSE =
0.0392, and the predicted reflectance of the mixture denoted by red line.

Figure 137 shows an output of an application performing concentration pre-
diction. The figure presents the result of the application when applied for spectral
reflectance curve denoted by spectrum 1 in Figure 136. The input spectrum is
shown by blue curve, and the result of the application are magenta at 50% density
and cyan at 30% density denoted by magenta and cyan curves respectively. The
reflectance of the mixture of magenta at 50% density and cyan at 30% predicted
based on the Kubelka-Munk theory is shown by red line.

Table 13 contains results of employing Algorithm 8 for spectra shown in Figure
136. Even though, these example spectra were taken from overprinted regions of
magenta and cyan inks at 30% density the predicted concentrations vary a lot. It
must be also noticed that the spectral variations in dot overlapping regions did not
result in bad colorant predictions, i.e. for all example spectra cyan and magenta
inks were predicted.

Figure 138 shows cyan and yellow dots at 30% density, and Figure 136 depicts
some spectral reflectance curves of some overprinted areas of yellow and cyan inks.
Let us notice that the spectral reflectance curves vary a lot even though, they were
taken from overprinted areas of cyan and yellow inks at 30% density. We will now
apply Algorithm 8 to see what inks and what densities possibly were used to create
the spectra.

Table 14 contains results of employing Algorithm 8 for spectra shown in Figure
139. Even though, these example spectra were taken from overprinted regions of
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Table 13: Influence of spectral variations in dot overlapping regions on con-
centration prediction for cyan and magenta inks at 30% density.

Sample Magenta conc. Cyan conc. RMSE

spectrum 1 50% 30% 0.0392
spectrum 2 40% 30% 0.0353
spectrum 3 50% 20% 0.0321
spectrum 4 30% 30% 0.0285

Figure 138: Cyan and yellow dots at
30% density.

Figure 139: Spectral variations in
dot overlapping regions.

yellow and cyan inks at 30% density the predicted concentrations vary. In the
table, there is no result for spectrum 4, because the application did not predict
right ink colors for this spectrum.

Table 14: Influence of spectral variations in dot overlapping regions on con-
centration prediction for cyan and yellow inks at 30% density.

Sample Yellow conc. Cyan conc. RMSE

spectrum 1 40% 30% 0.0457
spectrum 2 30% 30% 0.0364
spectrum 3 40% 20% 0.0421
spectrum 4 - - -

Figure 140 shows the output of the prediction process for spectrum 4. The in-
put spectrum is denoted by blue curve, and the algorithm resulted in the following
output: cyan at 20%, magenta at 10% and yellow at 30% densities shown by cyan,
magenta and yellow curves respectively. The mixture of cyan at 20%, magenta
at 10% and yellow at 30% densities predicted by Kubelka-Munk theory is shown
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Figure 140: Concentration prediction example for a spectrum taken form
cyan and yellow overlapping area at 30% density (an example of wrong ink
colors prediction).

by red line. On the other hand, if Algorithm 4 is applied to the spectrum, then
the results are as follows: cyan ink at 20% and yellow ink at 40% densities, and
their predicted mixture is shown by green line. In this case the colors of the inks
were predicted correctly, but the number of inks in any combinations was limited
to two by Algorithm 4 in comparison with Algorithm 8.

Table 15 shows results of concentration prediction of Algorithms 8 and 4 ap-
plied to spectrum 4. Algorithm 8 did not predict the right number of colorants
used to create spectrum spectrum 4. If Algorithm 4 is used, then ink colors are
predicted correctly. However, it must be noted that Algorithm 4 limits the number
of inks which can be used in any combination to two. Let us also notice that the
difference between errors computed by Algorithm 8 and Algorithm 4 is relatively
small (RMSE error ∈ [0, ..., 1]).

Table 15: Concentration prediction of spectrum 4 using two different
schemes.

Scheme Cyan conc. Magenta conc. Yellow conc. Black conc. RMSE

Alg. 8 20 10 30 - 0.0415
Alg. 4 20 - 40 - 0.0551

Figure 141 shows magenta and yellow dots at 30% density, and Figure 142
depicts some spectral reflectance curves of some overprinted areas of yellow and
magenta inks at 30% density.

108



Figure 141: Magenta and yellow
dots at 30% density.

Figure 142: Spectral variations in
dot overlapping regions.

Table 16 contains results of employing Algorithm 8 for spectra shown in Figure
142. Even though, these example spectra were taken from overprinted regions of
magenta and yellow inks at 30% density, the predicted concentrations vary a lot.
It must be also noticed that the spectral variations in dot overlapping regions did
not result in bad colorant predictions, i.e. for all spectra cyan and magenta inks
were predicted. Let us notice also that the predicted concentrations of yellow ink
do not vary unlike to concentrations of magenta ink.

Table 16: Influence of spectral variations in dot overlapping regions on con-
centration prediction for magenta and yellow inks at 30% density.

Sample Magenta conc. Yellow conc. RMSE

spectrum 1 50% 30% 0.0427
spectrum 2 40% 30% 0.0477
spectrum 3 30% 30% 0.0447
spectrum 4 20% 30% 0.0525

Figure 143 shows magenta, cyan and yellow dots at 30% density, and Figure
144 depicts some spectral reflectance curves of some overprinted areas of yellow,
cyan and magenta inks at 30% density.

Table 17 contains results of employing Algorithm 8 for spectra shown in Figure
144. The spectral variations in dot overlapping regions did not result in bad
colorant predictions. Let us notice that the concentrations of a particular ink do
not vary a lot.

Based on the results presented above we can come to the following conclusions:

1. spectral reflectance variations in dot overlapping areas are significant, what
makes exact concentration prediction impossible. Usually the colors of inks
used to create the overlapping areas can be predicted correctly;
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Figure 143: Magenta, cyan and yel-
low dots at 30% density.

Figure 144: Spectral variations in
dot overlapping regions where three
inks were used.

Table 17: Influence of spectral variations in dot overlapping regions on con-
centration prediction for magenta, cyan and yellow inks at 30% density.

Sample Magenta conc. Yellow conc. Cyan conc. RMSE

spectrum 1 50% 30% 30% 0.0386
spectrum 2 40% 30% 20% 0.0262
spectrum 3 50% 30% 20% 0.0354
spectrum 4 40% 30% 30% 0.0309

2. spectral reflectance variations in dot overlapping areas can make correct col-
orant prediction impossible (for example three instead of two inks can be
predicted). This is mainly caused by some distortion of spectral information
made by the spectral camera during the measurement phase and the inaccu-
racy of the opaque version of the single-constant Kubelka-Munk theory for
prediction of spectral reflectance of printing inks.

These results suggest problems in color separation process. It must be noticed
that probably most of these problems are caused by incorrect color information
coming from the spectral camera (see ”Printing dot measurements” in Section
2.5.2 ). In particular, the distortion of spectra and spectral noise makes it difficult
to evaluate the correctness and accuracy of presented algorithms. Nevertheless,
later we will gives some possible improvements for concentration prediction process
which can make it be more accurate.
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5.2 Color separation based on spectra comparison

In this section we will utilize algorithms presented in Sections 5.1.1 and 5.1.2 to
design an algorithm for printing dot separation process.

Algorithm 9 is a simple extension of Algorithm 2 presented in Section 5.1.1.
The input of the algorithm has the same meaning as for previous algorithms.

Alg. 9 Full one-ink concentration prediction.
Input: R, C, M, Y, K.
Output: S

1 begin
2 error = 1; index = 1; ink = 1
3 for each spectrum Ci in set C
4 temp = RMSE(R,Ci);
5 if (temp ≤ error) then
6 error = temp;
7 index = i;
8 for each spectrum Mi in set M
9 temp = RMSE(R,Mi);
10 if (temp ≤ error) then
11 error = temp;
12 index = i;
13 ink = 2;
14 for each spectrum Yi in set Y
15 temp = RMSE(R, Yi);
16 if (temp ≤ error) then
17 error = temp;
18 index = i;
19 ink = 3;
20 for each spectrum Ki in set K
21 temp = RMSE(R,Ki);
22 if (temp ≤ error) then
23 error = temp;
24 index = i;
25 ink = 4;
26 return [error, ink, index]
27 end

For each printing ink the algorithm goes through all spectra corresponding to
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various densities of printing dots, and for each spectrum it computes the root mean
square error between the current processed spectrum and the input spectrum R.
A spectrum which fits the best the input spectrum R is saved in the form of two
identifiers (ink, index) and spectra for the next printing ink are processed. The
output of the algorithm is the spectrum which corresponds to a printing ink of
color ink at density index. The spectrum yields the minimum error among all
other considered spectra for all printing inks.

Algorithm 10 is a straightforward scheme which combines Algorithms 8 and 9
to perform concentration prediction based on spectra comparison. R is a spectral
reflectance of an area where single ink was applied, an overprinted area where
various inks were applied, or the paper surface. The input values to the algorithm
also are sets of spectra C, M , Y and K, where spectra contained in each of the
sets correspond to a particular printing ink at various densities.

Alg. 10 Concentration prediction based on spectra comparison.
Input: R, C, M, Y, K, P .
Output: S, numberOfInks.

1 begin
2 KM1R = KM1FULL(R,C, M, Y, K);
3 KMR = PREDFULL(R,C, M, Y, K);
4 PR = RMSE(R,P );
5 S = solution with minimum error among {KM1R, KMR, PR};
6 numberOfInks =number of selected inks;
7 return [S, numberOfInks]
8 end

After the algorithm is done it returns the number of inks stored in numberOfInks
which probably were used to create the input spectrum R. Furthermore, it gives
information about which inks and what density for each of the inks were used to
create the input spectrum R. In the case when R corresponds to the paper surface,
the number of inks numberOfInks is equal to zero.

Let us also notice that the color separation process is usually performed on a
spectral image of printing dots. In this case, the procedure described by Algorithm
10 must be executed for each spatial location of the spectral image. The extension
is straightforward and we will be skipped here.

Now we will assess how well Algorithm 10 performs color separation process.
Figure 145 shows cyan and magenta dots which are to be separated. Figures 146
and 147 represent the separation result.

Figures 146 and 147 suggest that the separation process for Figure 145 failed.
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Figure 145: Cyan and
magenta dots which are
to be separated.

Figure 146: Cyan dot
separation.

Figure 147: Magenta
dot separation.

In particular, the cyan and magenta dot separation became impossible for overlap-
ping and nonoverlapping regions (where one ink was applied). The paper surface
was recognized properly, but it must be noticed that the paper spectrum was
selected manually and passed to Algorithm 10 (the influence of paper spectrum
selection on color separation was discussed in Section 5.1.1).

The color separation process for spectral images of printing dots failed. We
strongly believed that it is mainly caused by problems discussed in Sections 5.1.1
and 5.1.2 which are directly caused by the color noise which exist in the acquired
spectral images. In particular, we think that the color separation results can be
considerably improved when working with spectral images of good quality. Fur-
thermore, the correctness and accuracy of presented algorithms can not be properly
evaluated due to noisy spectral images. Nevertheless, we strongly believe that the
proposed algorithms using the Kubelka-Munk theory can be used successfully to
solve the color separation problem.

Time complexity considerations Let us now analyse the time complexity
of Algorithm 10 when applied to a spectral image S of size n × m with spectral
dimension d. The number of known spectra passed to the algorithm is denoted by
k (usually k = 41, what means that for each printing ink there are 10 spectra which
correspond to densities from 10% to 100% with 10% step, and the paper surface
spectrum). For each pixel p with spectral reflectance r the algorithm performs the
following steps:

1. step KM1 - RMSE error is calculated k times;

2. step KM2 - RMSE error is calculated
(
inks=4
pair=2

)
(k−1

4 )2 times;

3. step KM3 - RMSE error is calculated
(

inks=4
triple=3

)
(k−1

4 )3 times;

4. step KM4 - RMSE error is calculated
(

inks=4
quartette=4

)
(k−1

4 )4 times.

The above steps must be done for each of n×m pixels in the spectral image,
and these steps contain mainly matrix calculations. This suggests that any color
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separation scheme based the proposed scheme may be computationally demanding,
and causing the color separation process to be impractical.

Table 18 presents some time complexity requirements of Algorithm 10 for color
separation process when applied to spectral images of different spatial sizes.

Table 18: Time complexity of Algorithm 10 for spectral images of different
sizes.

Spectral image size Time in sec.

6× 6 28.7
11× 11 95.0
21× 21 345.1

Each of the spectral images is 75 dimensional, and the measurements were
done on a computer working under Windows XP with 512 MB of RAM memory
and AMD Athlon 64-bit 3200+ processor. For comparison, let us notice that the
spectral image shown in Figure 145 has 84× 47 spatial size, and in this situation
the required time would be considerably longer.

Thus, another approach is needed to deal with the low accuracy of spectral
images and time complexity problems of the inverse color separation process.

Possible improvements in the color separation algorithm In Sec-
tion 5.1.2 we introduced Kubelka-Munk theory known as single-constant Kubelka-
Munk theory. In this case, we know the (K/S) ratios for each colorant at each
wavelength λ computed by using Equation (30) based on spectral reflectance of
the colorant.

Unlike to single-constant Kubelka-Munk theory, in two-constant Kubelka-Munk
theory the scattering S and absorption K coefficients are know for each colorant.
Similarly to single-constant Kubelka-Munk theory, double-constant Kubelka-Munk
theory assumes that the additivity is valid for the scattering S and absorption K
coefficients [15]:

Kλ,mix = c1kλ,1 + c2kλ,2 + ... + ckkλ,k (33)

Sλ,mix = c1sλ,1 + c2sλ,2 + ... + cksλ,k (34)

Dividing Equation (33) by Equation (34) we will get the K
S ratio for a mixture:

K

S λ
=

c1kλ,1 + c2kλ,2 + ... + ckkλ,k

c1sλ,1 + c2sλ,2 + ... + cksλ,k
(35)

Then Equation (31) is used to calculate the spectral reflectance of the mixture.
Let us notice that the single-constant Kubelka-Munk theory makes a simplifying
assumption that the scattering coefficient in Equation (35) is constant yielding
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Equation (30). The single-constant version is usually used for materials where the
colorants have negligible scattering coefficients in comparison to the background
support (for example paper) [12].

A comparison of single and double constant Kubelka-Munk theories to predict
mixtures of acrylic paints was made by [15] with noticeable superiority of double-
constant Kubelka-Munk theory. [13] explains that for translucent printing inks
printed on paper, the reflectance of the paper substrate makes a contribution to
the reflectance of the system and therefore Equation (31) should be replaced by:

R =
(Rg −R∞)/R∞ − (R∞Rg − 1) exp ((1/R∞ −R∞)Sx)

(Rg −R∞)− (Rg − 1/R∞) exp ((1/R∞ −R∞)Sx)
(36)

, where Rg is the spectral reflectance of the substrate, the coefficient S is
defined for a unit thickness of the colorant layer, x is the thickness of the colorant
layer, and R∞ is defined as in Equation (31).

In our case, the difficulties in applying the two-constant Kubelka-Munk theory
and Equation (36) lie in determining the K and S coefficient for each colorant
(printing ink) and colorant thickness. [13] suggests the following methods for
determining the S and K coefficients for printing inks:

1. print each colorant of interest over two different kinds of paper or substrates,
for example over white and black paper at a particular thickness;

2. based on Equation (36) make a set of two simultaneous equations with two
variables S and K;

3. solve the system of two simultaneous equations.

Due to the failure of color separation process based on spectra comparisons,
we will try to overcome problems presented in Section 5.1.1 and 5.1.2, and in the
next section we will try to develop an alternative method for color separation. The
proposed method is based on plane selections of a spectral image to perform color
separation process.

5.3 Color separation based on by plane selection

In Section 2.3.1 we introduced spectral images and spectral imaging systems, and
in Section 2.1.7 we described the subtractive color mixing model. In this section
we will utilize this information for printing dot color separation.

A spectral image can be represented as ordered sequence of planes. Each plane
corresponds to a sampled wavelength of the visible spectrum and contains spectral
reflectance values at the wavelength for each spatial location of imaged scene.
Furthermore, if we take a particular plane p corresponding to wavelength λ and
color c, then high spectral reflectance values of plane p corresponds to regions of
the spectral image which possess significant amount of color c. For example, if we
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take a plane corresponding to wavelength 650 nm (red color), then high spectral
reflectance values will correspond to these regions of the spectral image which
possess significant amount of reddish.

Let us now consider four inks of the four-color printing process: cyan, magenta,
yellow and black. Figures 56 - 71 show spectral reflectance curves for different inks
and different kinds of paper. To make color separation possible we will utilize the
theory underlying spectral imaging and ink properties.

Let us choose a particular ink color (except for black) and denote the ink by
c. We are looking for plane p (corresponding to wavelength λ) with the following
properties (from now we consider plane p as gray color image):

- all regions corresponding to printing dots of color c will be shown in dark
color;

- all other regions (corresponding to paper and printing dots of color different
from c) will be shown in white color;

- overlapping areas where printing ink of color c has been applied will be
shown in dark color;

- missing parts of printing dots of color c in overlapping areas will not be
shown in dark color (missing dots in overlapping areas will be detected).

At this point the main question is: ”What plane should be selected to see
printing dots of a particular ink?”. It is clear that the selected plane should satisfy
properties given above. Furthermore, the experimental study showed that:

- plane corresponding to wavelength 435 nm should be selected to see yellow
printing dots;

- plane corresponding to wavelength 510 nm should be selected to see magenta
printing dots;

- plane corresponding to wavelength 635 nm should be selected to see cyan
printing dots;

Figure 148 presents cyan and yellow dots at 30% density. According to the
above procedure to see cyan and yellow printing dots the planes at 635 nm and
435 nm should be selected respectively. The result of color separation is shown in
Figures 149 and 150 for cyan and yellow dots respectively.

Figure 151 presents cyan and magenta dots at 30% density. According to the
given procedure to make the color separation of cyan and magenta printing dots,
the planes at 635 nm and 510 nm should be selected respectively. The result
of color separation is shown in Figures 152 and 153 for cyan and magenta dots
respectively.
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Figure 148: Cyan and yellow dots at
30% density.

Figure 149: Cyan dot separation.

Figure 150: Yellow dot separation.
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Figure 151: Cyan and magenta dots
at 30% density.

Figure 152: Cyan dot separation.

Figure 153: Magenta dot separation.
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Figure 154: Yellow and magenta
dots at 30% density.

Figure 155: Magenta dot separation.

Figure 154 shows yellow and magenta dots at 30% density. According to our
scheme to make the color separation of yellow and magenta printing dots, the
planes at 435 nm and 510 nm should be selected respectively. The result of color
separation is shown in Figures 156 and 155 for yellow and magenta dots respec-
tively.

Figure 157 shows a little bit more complicated example of printing for color
separation process. Magenta, cyan and yellow dots were applied at 30% density
to create this output. Let us notice that there exist some regions where three
inks were overprinted. According to our scheme to make the color separation for
magenta, cyan and yellow printing inks, the planes at 510 nm, 635 nm and 435 nm
should be selected respectively. The result of color separation is shown in Figures
158, 159 and 160 for cyan, magenta and yellow dots respectively.

Figure 161 shows a printing output where yellow and black inks were applied at
30% density. According to our scheme to make the color separation for yellow ink
the plane at 435 nm should be selected. Unfortunately, there is no plane selection
for black ink. The result of color separation is shown in Figure 162.

Let us notice that Figure 162 contains yellow and black printing dots causing
the color separation process to fail. It is easy to see that the problem lies in the
black ink - the regions with black printing dots will appear in each selected plane
making the separation impossible. This is the only reason why the above color
separation procedure excludes the black ink. Nevertheless, the exclusion does not
solve the problem and another scheme for dealing with prints containing black ink
is needed.

Let us now assume that we have a spectral image S of printing dots where at
least 3 printing inks were used including black ink. In this situation the problem
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Figure 156: Yellow dot separation.

Figure 157: Yellow, cyan and ma-
genta dots at 30% density.

Figure 158: Cyan dot separation.
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Figure 159: Magenta dot separation. Figure 160: Yellow dot separation.

Figure 161: Yellow and black dots at
30% density.

Figure 162: Yellow dot separation.
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with prints containing black ink can be easily solved according to the following
procedure:

1. make color separation of all inks used in the image S according to the plane
selection scheme;

2. choose any two gray color images (denoted by I1 and I2) produced by the
separation process. Let us noticed that the black dots exist in images I1
and I2;

3. find locations of black dots based on images I1 and I2. Remove the locations
corresponding to black dots from images I1 and I2;

4. create black dot separation image based on locations of black dots computed
in the previous step.

In this situation, when two inks where used to create a spectral image S in-
cluding black ink, we can use the algorithms proposed in Section 5.1.2. In the case
of two-ink spectral images including black ink the algorithms should work well and
should separate the dots of different colors correctly.

Let us now to sum up the scheme for color separation based on plane selection
in the form of Algorithm 11. The input values to the algorithm are:

1. R is a spectral image for which color separation process is to be performed;

2. INKS is a set of colors of printing inks which were used to create image R.

The output of the algorithm are gray color images which represent color sep-
aration result. Each of the images corresponds to an ink (let us say ink) of the
input set INKS and contains all printing dots of color ink which exist in the
input spectral image S. It must be also noticed that the algorithm requires the
user to give the inks of interest for which the color separation must be done. The
set INKS should not contain any printing inks which were not used to create the
input image R. The output images can be further post-processed, for example
they can be converted to black-white images.

122



Alg. 11 Color separation based on plane selection.
Input: S, INKS.
Output: gray-color images representing color separation

1 begin
2 for each ink ink in set INKS
3 if (ink == cyan) then
4 show plane at 435 nm as gray color image
5 ifelseif (ink == magenta) then
6 show plane 510 nm as gray color image
7 ifelseif (ink == yellow) then
8 show plane 635 nm as gray color image
9 else return;
10 return;
11 end

6 Conclusions

In this thesis, a detailed study concerning spectral imaging and spectral measure-
ment of paper and print was done. We investigated the pros and cons of spectral
imaging on the example of spectral characterization of paper and print and showed
how the spectral imaging can be used in the field of paper and color printing in-
dustries. This final chapter briefly reviews the main results coming from the ex-
perimental part of the thesis, our contributions to the thesis and discusses possible
future research concerning this area. The research done in the thesis consists of
the following parts:

• Basic spectral characterization for paper and print. We investigated
and showed how spectral imaging can be used for basic spectral characteri-
zation of paper and print including the determination of average spectra and
spectral variances of different kinds of blank paper, spatial variation of blank
paper surface, black color formations for different kinds of paper, average
spectra and spectral variances of printing inks and dot gain characteristic.
Each of these issues has been studied deeply and some applications and pro-
cedures were developed to visualize the results coming from the experimental
part.

• Mottling characterization and prediction. In part we investigated if
there exists any spatial correlation between the spectral reflectance of plain
paper and printed paper in exactly the same spatial areas where different
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kinds of mottling have been applied. We also examined if there exist any
differences between spatial correlation of prints to plain papers for different
types of mottling.

The conclusions concerning these issues were done on the basis of data com-
ing from sample measurements under D65 illumination. The derived con-
clusions are the same for different kinds of mottling for different types of
paper. A number of applications were developed to visualize the spatial
correlation results, and special schemes to treat and visualize the spectral
radiance values (being output of measurements under UV illuminant) have
been proposed.

In this part we also examined average spectral reflectance of different kinds
of mottling for different kinds of paper under D65 and UV illuminants. We
investigated if we can distinguish different kinds of mottling based on average
spectral reflectance values.

We also encountered some problems concerning measurements under UV
illumination. The power of the UV light turned out to be too weak to
successfully measure papers with small amount of fluorescent and whitening
agents including paper type B, paper type A and paper type C. Nevertheless,
on the basis of other measurements and derived results, we believe that the
conclusions for these papers are the same as for paper type D. The simplest
solution to the problem is to employ stronger UV illuminant and repeat the
sample measurement phase.

• Inverse color separation process. We studied whether the concentration
prediction process of printing inks is possible based on spectral reflectance
data with the use of the Kubelka-Munk theory to predict ink concentra-
tions in dot overlapping areas. Next we developed an algorithm for color
separation process based on spectra comparison.

In the sample measurement phase, we also encountered some problems re-
lated to the quality of spectral images. We tried to acquire spectral images
of printing dots with our spectral imaging system. In this situation, the Im-
Spector V8 spectral camera was equipped with a magnification optics and
lens and located at very close distance to the imaged sample to be able to
see the structure of printing dots. This causes some noise and distortion of
spectral reflectance data and consequently the resulting spectral images were
not very accurate and of bad quality. The implications of these problems on
the color separation process were deeply discussed in the thesis.

The concentration prediction process in dot overlapping areas based on the
Kubelka-Munk theory encountered some problems - inaccurate predictions
of printing inks and their concentrations. We strongly believe that this inac-
curacy of concentration prediction is related to the noise in acquired spectral
images and our algorithms can perform better if applied to spectral images
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of good quality. The direct consequence of the inaccuracy of concentration
prediction process is the inaccuracy of color separation process based on
spectra comparison.

The thesis also suggested some improvements for higher accuracy of the
concentration prediction process including:

– hardware improvements - the concept of spectral microscopy would
be a excellent solution for the problem of noisy spectral images. The
connection of spectral camera and a microscope will result in high
quality and high resolution spectral images;

– software improvements - the double constant Kubelka-Munk theory
could be used to get better prediction accuracy. This involves de-
termining the absorption and scattering coefficients for each printing
ink (some numerical methods for determining the coefficients were de-
scribed in the thesis and in particular, they required each ink to be
printed on carefully selected two different substrates). Furthermore,
the equation for translucent materials instead of opaque materials could
be used to improve the prediction accuracy. In this case, however, some
methods for determining the thickness of the colorant layer must be
developed.

Due to the inaccuracy of color separation process based on spectra compari-
son and its high computational cost, an alternative method for color separa-
tion process has been developed. This method is based on plane selections
of a spectral image which reveal some information about the placement and
structure of printing dots.

Future research concerning spectral characterization of paper and print should
mainly done in the field of color separation process. Firstly, some spectral images
should be taken with the help of spectral camera attached to a microscope, and
then the real accuracy of proposed algorithms should be evaluated. Secondly, some
new samples should be prepared in a special way (described in the thesis) which
allows for determining the absorption and scattering coefficient for each colorant.
Also some methods for determining the colorant thickness or overprinted area
thickness should be developed. Then, the double constant Kubelka-Munk theory
for translucent inks could be applied for concentration prediction process and for
inverse color separation process.
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A RGB images of printing dots

Figures 163 - 174 show RGB images of printing dots taken by Epson Perfection
V700 scanner.

Figure 163: Cyan
dots at 2%.

Figure 164: Cyan
dots at 5%.

Figure 165: Cyan
dots at 10%.

Figure 166: Cyan
dots at 20%.

Figure 167: Cyan
dots at 30%.

Figure 168: Cyan
dots at 40%.

Figure 169: Cyan
dots at 50%.

Figure 170: Cyan
dots at 60%.

Figure 171: Cyan
dots at 70%.

Figure 172: Cyan
dots at 80%.

Figure 173: Cyan
dots at 90%.

Figure 174: Cyan
dots at 100%.
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