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ABSTRACT

Color prediction models describe the relationship between the colorant 
combination and the resulting color after printing, under a specific set of 
printing conditions. Color separation models describe the inverse process, i.e. 
giving the ink combination required to reproduce a specific target color, under 
certain printing conditions. The two models are essential for print device 
characterization and calibration, from which the profiles used in color 
management systems are built up. 

Dot gain refers to an important phenomenon in printing causing the printed 
ink dots appear bigger than their reference size in the original bitmap. It is 
necessary and crucial to characterize dot gain correctly in color prediction 
models. Dot gain characterization for color printing is commonly presented by 
characterization curves for the primary inks, showing the reference coverage 
and the corresponding amount of dot gain. Most color prediction and 
separation models use a single characterization curve for each primary ink. 
Few researchers applied different curves taking into account the effect of ink 
superposition, but still, only one curve for each ink in a specific situation.

In this thesis, the dot gain behavior of each ink is characterized using multiple 
characterization curves based on CIEXYZ tri-stimulus, without employing the 
n-factor that is used within the popular Yule-Nielsen model. Additionally, it is 
noticed from the experiments that the dot gain of a certain amount of ink is 
varying irregularly when ink superposition occurs. For higher color prediction 
accuracy, an effective coverage map is created to characterize dot gain based 
on CIEXYZ tri-stimulus values. With this map, given any reference ink 
combination, the effective coverage values of the involved inks are calculated 
by cubic interpolation, and then used to predict the tri-stimulus values of the 
printed colors. Experiments confirm that the prediction accuracy is improved 
significantly by using this effective coverage map in our basic color prediction 
model. Further investigation on the modified model is carried out in the aspect 
of training samples selection. Experiments show that using suitable training 
samples according to the dot gain characteristic of each ink can reduce the 
number of training samples that are required for the effective coverage map, 
without losing prediction accuracy. 

To fulfill the requirement of a spectral match in printing, the color prediction 
model based on CIEXYZ values is further extended to predict the spectral 



iv

reflectance of the prints. The extension is simple and results in satisfying 
spectral prediction, which is verified by experiments. 

Based on this color prediction model (forward model), a simple color 
separation model (inverse model), minimizing the colorimetric and spectral 
differences, is also presented. The presented color separation model shows 
favorable stability while giving accurate color reproduction. Ink saving is 
feasible during the color separation by setting tolerances in colorimetric 

E94). The simplicity and high accuracy of the proposed color 
prediction and separation models prove their potential to be applied in color 
management in practical printing systems.

In order to investigate the possibility of applying these models to multi-
channel printing, color prediction for CMYLcLm prints, i.e. with the 
additional colorants light cyan and light magenta, is carried out using the 
forward model. The color prediction is implemented by treating the 
combination of C and Lc (M and Lm) as a new ink coordinate to replace the 
ink coordinate C (M) in our three-channel color prediction model. The 
corresponding prediction results are acceptable.  Suggestions are also given 
for future work to simplify and modify the approach based on our simple color 
prediction model for CMYLmLc prints. 
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1.1 Introduction
This thesis focuses on color prediction and separation models in color 
printing. Dot gain characterization and effective coverage estimation for the 
process inks, which greatly affect the color prediction accuracy, have formed 
the base for our simple color prediction model, as well as the aspects to 
develop our basic model. Driven by a number of experiments, using different 
printing conditions, our basic model is modified for higher accuracy and 
extended to include spectral predictions, multiple colorants and to require less 
training samples. Based on the proposed color prediction model, a model for 
colorant separation, i.e. the inverse model giving the optimal colorant 
combination required to reproduce a specific target color, is developed. The 
aim of these models is to minimize the color reproduction errors in printing, in 
terms of both colorimetric and spectral differences. 

1.2 Background
Color prediction and color separation are essential parts of profile making 
within the color management systems. Color prediction models describe the 
relationship between the colorant combination and the resulting color after 
printing, under a specific set of printing conditions such as print device, 
substrates, halftoning pattern, illuminant, etc. Color separation is the inverse 
process to determine the best colorant combinations to reproduce the desired 
colors within a certain printing system. The two models function together to 
instruct the print device reproducing colors as identical as possible with the 
desired ones. 

As Wyble and Berns (2000) summarized, the development of color prediction 
models in printing has a long history.  For an ideal color prediction model, 
simplicity and high accuracy are expected. To develop a simple color 
prediction model giving accurate color prediction is one of the main goals of 
this thesis. 

Among the two general types of color prediction models, i.e. first-principals
and regression-based color prediction models,  the former models are based 
on physical light reflection and scattering theories, and therefore are delicate 
in explaining the physical processes that result in the color after printing.  
However, when facing color printing that involves different inks and 
substrates, they are not always able to correctly predict the color. Instead, 
regression-based color prediction models with parameters fitting to a set of 
measurement data may be more preferable when simplicity and accuracy are 
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required. The Murray-Davies model (1936) and the Neugebauer model (1937) 
are the earliest and most famous basic models of this type. Although the 
proposed color prediction model in this thesis belongs to the family of 
regression-based models, it differs from the existing models in dot gain 
characterization and the determination of the effective coverages of the 
involved inks. 

Dot gain, which plays an important role in color prediction models, is the 
phenomenon referring to the fact that the printed dots appear bigger than their 
reference size in the original bitmap. Dot gain generally composes of physical 
dot gain, which refers to ink spreading on the print surface, and optical dot 
gain that is due to light scattering in the substrate (Namedanian and Gooran, 
2011). The optical dot gain is often approximated using the n-factor proposed 
in the popular Yule-Nielsen model (1951). Although the physical meaning of 
the n-factor is controversial, it is widely accepted due to its simplicity and 
accuracy, especially when strategies such as the cellular model, ink spreading 
and ink superposition, etc. are applied simultaneously. 

To estimate dot gain, Murray-Davies equation is commonly employed, 
resulting in an effective ink coverage correlated with the reference ink 
coverage by using the measured data. Since the measurements of prints are
usually carried out using optical devices, the effect of the optical dot gain is 
also included in the measurement results. Therefore, the effective coverage 
approximated by Murray-Davies equation includes both physical and optical 
dot gain. In order to take into account the effect of dot gain, most color 
prediction and separation models only use one single characterization curve 
for each primary ink. By using three characterization curves based on 
CIEXYZ directly obtained using the Murray-Davies equation, a simple color 
prediction model was proposed by Gooran, et al. (2009), without employing 
the n-factor. This basic model gave satisfying color prediction accuracy when 
two colorants were involved, and also showed great opportunity to be 
improved.  Therefore, the main part of this thesis commences with the 
proposed basic color prediction model and ends with a modified and extended 
color prediction model providing satisfying prediction accuracy, and also a 
color separation model giving correct ink combinations for any target color 
inside the color gamut of the printing system. 

The proposed models in this thesis are evaluated by a number of experiments 
carried out using different halftoning methods and print devices such as inkjet, 
laser printer and offset press. Because of the lack of full control over the 
printers in our lab, to avoid possible miss-registration occurring for the black 
ink (K) within the printers, we mainly concentrated on CMY printing in most 
experiments, without using the black ink.
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1.3 Overview
This dissertation is written as a monograph composed of 9 chapters. Chapter 2 
embodies the common essential fundamentals in color research and 
application. Chapter 3 introduces print production, which includes different 
technologies through the entire procedure. At the end of Chapter 3, the 
characterization of print devices is briefly introduced as one of the main 
practical domains where our researches on color prediction and separation 
models have great potential to be applied.   

Chapter 4 explains the ideas behind color prediction by introducing several 
famous and popular regression-based color prediction models. Examples are 
given during the explanation, showing that the characterization of the effective 
coverage (dot gain) is crucial in the regression-based color prediction models. 

Our color prediction model based on CIEXYZ values is thoroughly introduced 
in Chapter 5. The three sections in Chapter 5 present the modification and 
development of our model from a basic novel model to a simple and stable 
model based on CIEXYZ values for the color prediction in CMY printing. For 
higher prediction accuracy, an effective coverage map based on CIEXYZ is 
proposed in Section 5.2, followed by the evaluation through experiments using 
a large number of test color patches. Chapter 5 ends with a discussion on 
reducing the number of the training samples required in our model, while 
keeping satisfying prediction performances. 

In Chapter 6, our color prediction model is extended from using CIEXYZ 
values to using spectral reflectance values, without additional complicated 
optimization. 

Chapter 7 describes how the forward color prediction model can be applied to 
colorant separation, i.e. the inverse model, computing the colorant separation 
required to produce a specific color. Discussions on the experimental results 
are given at the end of Chapter 7.

Chapter 8 presents our investigation and experiments on applying the color 
prediction model in CMYLmLc printing (Lc-light cyan; Lm-light magenta). 
Reducing the number of training samples is discussed and carried out at a 
preliminary stage in Chapter 8. 

A summary and discussion for the entire thesis is provided in Chapter 9. The 
interesting future work relevant to this thesis is also briefly discussed in this 
chapter.
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The human visual system is constantly adapting to the changing environment 
and compares the various colors in a scene to reduce the effects of the 
illumination. If a scene is illuminated with one light, and then with another, as 
long as the difference between two light sources stays within a reasonable 
range, the colors in the scene appear relatively constant to us (Land, 1974).

2.1 Color Vision
Light was identified as the source of the color sensation when Isaac Newton 
found out that white light could decompose into light of different wavelength.
For a spectrophotometer, the color of a target is the received spectrum that 
reflects, emits or transmits from the target; while human’s color perception of 
an object is a subjective process whereby our brain responds to the incoming 
light from the object.

Human eyes’ retina contains spectral sensitive pigments known as cone cells. 
There are three types of cones showing distinct sensitivity to light. As shown 
in Figure 2.1, the peaks of the normalized sensitivity spectra of different cones 
obviously locate at different wavelength bands. Therefore, the cones are 
classified into S (short), M (medium), and L (long) cones, resulting in tri-
chromatic color vision (Stockman, et al., 1993). The spectral response of 
human cones varies even among individuals and this sort of polymorphic 
variation is different between species (Neitz and Jacobs, 1986; Jacobs, 1996).

Figure 2.1: Normalized sensitivity spectra of S, M, and L cones.
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Another type of photoreceptor on retina is the rods. Unlike the cones being 
responsible for the sensation of color, the rods are responsible for dark-
adapted or scotopic vision (Hecht, 1987).

Another color vision theory is the color opponent process theory, which states 
that the human brain interprets color by processing signals from the cones in 
an antagonistic manner (Solomon, 1980). Considering the fact that the three 
types of cones have some overlap along their sensitivity spectra, it is more 
efficient for the human visual system to process the differences between the 
responses of cones, rather than each type of cone’s individual response. The 
opponent color theory suggests three opponent channels: red versus green, 
blue versus yellow, and black versus white (Michael, 1891). The last type, 
black versus white, is achromatic and varies along light to dark, or luminance.

Human’s desire to explain, classify and quantify the color stimuli prompts the 
exploration in color science. As the knowledge in color science accumulates, 
color appearance has been described and interpreted according to their 
attributes such as hue, saturation, chroma, lightness or brightness, etc. The 
following sections introduce the most common and essential fundamentals of 
color appearance and colorimetry.

2.2 Color Attributes
The word color is ambiguous. To define color is difficult despite the fact that 
most of us know what color is. Nevertheless, the various attributes of color 
could be defined more precisely, and therefore are used widely and of utmost 
importance in color appearance research and application (Fairchild, 1998). In 
this section, the common color attributes such as hue, brightness and lightness, 
chroma and saturation are introduced. The Munsell color system is applied to 
give a better explanation of these attributes because the definition of the three 
Munsell attributes: value, hue and chroma match the corresponding mentioned 
color appearance attributes: lightness, hue and chroma, respectively 
(Fairchild, 1998).

The Munsell color system was named after Albert Henry Munsell who 
conceived this color system in 1898 with the desire to create a “rational way 
to describe color” using clear decimal notation instead of numerous color 
names (Cleland, 1912). The system consists of three independent dimensions 
that can be represented cylindrically in space as an irregular color solid: hue, 
chroma and value (illustrated in Figure 2.2). The scaling of colors along these 
dimensions was determined by measurements of human visual responses. 
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Hue, scaled by degrees around horizontal circles, is defined as “the quality by 
which we distinguish one color from another”. Munsell selected five principle 
colors: red, yellow, green, blue, and purple; and five intermediate colors: 
yellow-red, green-yellow, blue-green, purple-blue, and red-purple.  

Chroma represents the “purity” of a color; it was measured radially outward 
from the neutral vertical axis (Value). Lower chroma means less pure, and 
vice versa. There is no intrinsic upper limit to chroma. Different Chroma color 
paths would not be of the same length nor would they all be fit within a sphere 
(Cleland, 1912).  For instance yellow has considerably more potential chroma 
than purple, based on the nature properties of the color and its appearance 
(Cleland, 1912).  

Saturation is a unique perceptual experience different from chroma. Saturation 
is the colorfulness of a color perception relative to its own brightness, while 
chroma is the colorfulness relative to the brightness of a similarly illuminated 
area that appears white (Fairchild, 1998).   

 

 

 

 

 

 

 

 

 

 

 
Figure 2.2: Munsell color system. 

 

Value, or Lightness, is the brightness of an area judged relative to the 
brightness of a similarly illuminated area that appears to be white or highly 
transmitting. Brightness is a visual sensation according to which an area 
appears to emit more or less light (Fairchild, 1998). For example, a bare paper 
looks brighter in sun light than under office illumination, but has 
approximately the same lightness under the two kinds of illuminations. Value 



2.2 Color Attributes 

12 

is measured vertically along the axis of the color orb. It presents gray levels 
from black at the bottom valuing 0 to white on the top valuing 1. 

2.3 Additive and Subtractive Color Mixing  
As introduced in Section 2.1, the three types of cones effectively divide the 
visible light wavelength into three bands. By mixing lights from each of these 
bands, light stimuli invoking different signals, and thus different colors could 
be produced. This process of “mixing color” by combining colored lights is 
called additive color mixing and the colors of the lights used to create such 
mixtures are called additive primaries (Briggs, 2012). The colored lights red 
(R), green (G) and blue (B) are a set of additive primaries which is widely 
used because the RGB additive color mixing works similar to the S, M and L 
cones in human visual system. 

As shown in Figure 2.3a, the combination of red, green, and blue at full 
intensities makes white. One of the usages of RGB color mixing is at 
television screens or monitors where colored pixels are produced by firing red, 
green, and blue electron guns at phosphors. The idiosyncrasies of the devices 
results in different R, G, and B levels as responses, and therefore the color 
appearances using RGB primaries are device-dependent. 

 

 

 

 

 

 
                                   ( a )                                           ( b ) 

Figure 2.3: (a) RGB color mixing.  (b) CMY color mixing. 

 

Contrary to additive color mixing, subtractive color mixing produces light 
stimuli by subtracting parts of the spectrum from white light. The most 
common usages of subtractive color mixing are in color printing and painting, 
where inks or pigments are used to absorb certain wavelengths of white light 
(Briggs, 2012). In color printing, the usual subtractive primaries are cyan, 
magenta and yellow (CMY). Cyan is the complement of red, meaning that 
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cyan serves as a filter that absorbs red. The amount of cyan applied to a white 
sheet of paper controls how much of the red in white light will be reflected 
back from the paper. Magenta is the complement of green, and yellow the 
complement of blue. Combinations of different amounts of the three can 
produce a wide range of colors. As shown in Figure 2.3b, subtracting all lights 
by printing the CMY at full saturation should render black in theory. 
However, it is hard to get pigments or inks of full and equal saturation. Then a 
muddy brown color may be produced instead of black. Therefore, the black 
ink (K) is usually added to CMY in the color printing.

2.4 Color Matching Functions
In the color mixing involving three primaries, the amounts of the primaries 
required to match the color are called tri-stimulus values (Fairchild, 1998).
The obtained spectral tri-stimulus values for the complete spectrum are called 
color matching functions, or color mixture functions. Figure 2.4 illustrates a 
set of spectral tri-stimulus values for the monochromatic RGB primaries at 
645.16nm (R), 526.32nm (G) and 444.44nm (B), respectively (Stiles and 
Burch, 1955). The color matching functions shown in Figure 2.4 indicates the 
amount of the primaries required to match unit amounts of power at each 
wavelength. Notice that some of these tri-stimulus values are negative, which 
were obtained by adding the primary to the given light to desaturate the light 
and make it physically realizable by mixing the primaries (Fairchild, 1998).  

Figure 2.4: Color mixture functions for RGB primaries.
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In the late 1920s both William David Wright and John Guild did a series of 
experiments to estimate color matching functions by using monochromatic 
primaries and broadband primaries respectively (Green and MacDonald,
2002). Based on the results of their experiments, the CIE (International 
Commission on Illumination) established a set of standard color matching 
functions (see )(x , )(y and )(z in Figure 2.5) that were transformed from 
the color matching functions for RGB primaries (Fairchild, 1998).  

The transformation was intended to eliminate the negative values in the color 
matching functions shown in Figure 2.4 and to force one of the color matching 
functions, y , to be identical to the CIE1924 photopic luminous efficiency 
function, i.e. the human eye’s spectral response to a standard light source 
(Green and MacDonald, 2002; Fairchild, 1998). The standardized color 
matching functions by CIE are shown in Figure 2.5.

Figure 2.5: Color matching functions of the CIE1931 standard colorimetric observer.

It is important to be aware that light sources and observer are important 
factors in the color modeling from CIE. The CIE has defined several standard 
light sources such as CIE sources A, B, C and a series of daylight illuminants 
called the Daylight D series. Those illuminants are lights defined by spectral 
distribution rather than physical sources. Regarding the observers, since the 
tri-stimulus values depend on the observer's field of view, the CIE defined the 
2° Standard Observer in 1931 and 10° Standard Observer in 1964 (Shevell, 
2003). The color matching functions shown in Figure 2.5 are called the color 
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matching functions of the CIE1931 standard colorimetric observer and are
given the symbols x , y and z or )(x , )(y and )(z (Smith and Guild, 
1931).

2.5 Colorimetry and CIE Color Spaces
Colorimetry is the science and technology used to quantify and physically 
describe the human color perception (Yoshihiro, 2000). Distinguished from 
describing colors in spectra, colorimetry is interested in reducing spectra to 
the psychophysical correlates of color perception, such as the RGB tri-
stimulus values or the XYZ tri-stimulus values (Sharma and Bala, 2002). By 
fully collecting the tri-stimulus triplets of a certain model (such as RGB or 
CIE1931 XYZ), a wide range of colors can be mapped, which then define a 
specific color space, for example, the RGB and the CIEXYZ color space. CIE 
color spaces are spaces proposed by the CIE and some of them have properties 
of high importance like device-independency and perceptual linearity (

). 

2.5.1 CIEXYZ 

As the earliest CIE color modeling, CIEXYZ gives a unique set of XYZ tri-
stimulus values of the object by multiplying the color matching functions with 
the spectral power of the illuminant of the 

over the visible wavelength band from l to u (usually from 380nm 
to 780nm), as shown in Equation 2.1.

(2.1)

where k is a normalizing factor. The stimulus value Y is a measure of the 
brightness or luminance of the color. A completely white surface (which 
means its reflectance R 1 ) always give the highest brightness Y=100. 
Therefore k is fixed by Equation 2.2. 
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The chromaticity of a color was specified by the two derived parameters x and 
y as shown in Equation 2.3. A third co-ordinate, z, can also be defined but is 
redundant since x+y+z =1 for all colors. This system is referred to as xyY in 
which a color can be uniquely specified by giving the x, y chromaticity 
together with the Y tri-stimulus value. 

 

 

    (2.3) 

 

 

The x-y diagram is called the CIE chromaticity diagram which represents all 
the chromaticity that is visible to most humans. It also represents a projection 
of the CIEXYZ color space to a 2-D diagram. Figure 2.6 roughly illustrates 
the perceptible colors of human vision on the x-y diagram.  

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2.6: CIE x-y chromaticity diagram. 

As shown in Figure 2.6, the region on the x-y diagram having a tongue or 
horseshoe shape, together with the luminance Y, present the gamut of human 
color vision. The curved edge of this gamut corresponds to monochromatic 
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color. The straight edge on the lower part of the gamut is called the line of 
purples on which the colors have no counterpart in monochromatic light 
(Žukauskas, 2002; Nyström, 2009). Less saturated colors locate at the interior 
part of the region and the white point lies at the centre.

2.5.2 CIELUV (L* u* v*)

The chromaticity coordinates in the x-y diagram, alone, cannot provide 
information about the color appearance of stimuli, since they include no 
luminance (or lightness) information and do not account for chromatic 
adaptation (Fairchild, 1998). In order to make the chromaticity diagram more 
perceptually uniform, several uniform chromaticity scale (UCS) diagrams 
were mathematically transformed from the x and y coordinates and the X, Y, 
and Z tri-stimulus. The u - v chromaticity diagram is one of those, and is 
shown in Equation 2.4.

(2.4)

Additionally, the lightness Y in CIEXYZ was rescaled and transformed to L*,
which is uniformly spaced brightness close to the scale of color attribute 
“Value” in the Munsell system. The transformation from Y to L* is under the 
consideration that people have much less ability to differentiate in lower 
lightness than in middle and higher lightness, see Equation 2.5.

(2.5)

The corresponding space CIELUV (L* u* v*) was adopted in 1976 in attempt 
to achieve perceptual uniformity. The transformation from CIEXYZ to 
CIELUV is carried out by Equation 2.5 where u v
2.4. The u n and v n are the chromaticity coordinates (u v ) of the reference 
white with luminance equal to Yn. As shown in Equation 2.5, the 
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transformation is different for tri-stimulus values with normalized white 
( nYY ) lower than 3

29
6 )( or 0.008856, which corresponds to scotopic vision.

2.5.3 CIELAB (L* a* b*)

In 1976, two color spaces were recommended for use, one is CIELUV
introduced in Section 2.5.2, the other one is CIELAB. These recommended 
color spaces extend tri-stimulus colorimetry (such as XYZ tri-stimulus) to 
three dimensional spaces with dimensions that approximately correlate with 
the perceived lightness, chroma and hue of a stimulus (Fairchild, 1998). In 
CIELAB, the three dimensions L*, a* and b* are combined to translate color 
stimuli into distinctions between light and dark, red and green, blue and 
yellow, as illustrated in Figure 2.7.

Figure 2.7: Interpretation of the L*, a* and b* in CIELAB space.

The vertical axis L* in Figure 2.7 is the same L* as used in CIELUV, which 
represents lightness values uniformly ranging from 0 (black) to 100 (white). 
On the other two axes the values can be positive as well as negative. On axis
a*, positive values indicate amounts of red while negative values indicate 
amounts of green. On the axis b*, yellow is positive and blue is negative. For 
both axes, zero is neutral gray. The CIELAB is defined by Equation 2.6.
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where Xn, Yn and Zn are the CIEXYZ tri-stimulus values of the reference 
white point. The f(t) in Equation 2.6 is defined by Equation 2.7.

(2.7)

The CIELAB is created to be more perceptually uniform than the CIE1931 
XYZ (Fairchild, 2005). It is device independent, so that one of its important 
applications is in color management as the model of the ICC (International 
Color Consortium) profiles.  

2.6 Color Difference 
Once it is standardized to specify a particular color, a straight forward 
question may be asked: how different are two colors? The difference or 
distance between two colors allows people to quantify a notion that would 
otherwise be described by adjectives.

2.6.1 CIE1976

If the color space is perceptually uniform and its dimensions orthogonal, the 
difference between two colors can be represented as the Euclidean distance 
between their coordinates. The 1976 uniform color spaces CLELAB and 
CIELUV were intended to provide such perceptually uniform color spaces. 
Color difference in CLELAB and CIELUV were thus defined as follows:

(2.8)

L* a* is the 
difference of the a* values of the two colors, and b* is the difference of the 
b* values of the two colors.

However, there remains considerable perceptual non-uniformity in both 
CLELAB and CIELUV (Mahy, et al., 1994). If a color space has perfect 
perceptual uniformity, the locus of colors that are not perceptibly different 
from a given sample forms a sphere around that color’s coordinates in the 
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space, and such spheres would have constant radius in all regions of color
space (Green and MacDonald, 2002). In practice, the locus of discrimination 
for a reference color in CLELAB can be better represented by an ellipsoid. 
The problem can be addressed either by modifying the color space to make its 
perceptual uniformity adequate, or by weighting color difference equations to 
overcome the limitations, and to correct the principal sources of non-
uniformity. 

2.6.2 CIE94

In the colorimetry, even if the effects of viewer individuality and viewing 
conditions are ignored, the human eye does not detect differences in hue, 
chroma, or lightness equally (X-Rite, 1997). Thus, the color difference 
equations were corrected by applying weighting parameters based on 
experiments. Some of the resulted color difference equations are those like 
ANLAB, CIEL*C*H*, CMC and BFD correlated with various industry 
requirements (Green and MacDonald, 2002). These improved equations are 
also the basic versions that the later color difference equations like CIE94 and 
CIEDE2000 were developed from.

The CIE94 has been commonly used since it was published and recommended 
by a technical committee of the CIE after years of studying industrial color 
difference evaluation. Equation 2.9 presents the CIE94 color difference 
formula.

(2.9)

where L* has the same meaning as Cab
* is the chroma 

difference between the two colors. The chroma of a color is defined by 
Equation 2.10.

(2.10)

Hab
* in Equation 2.9 is the hue difference which is given by Equation 2.11 

a* b* have the same meaning as in Equation 2.8.

(2.11)
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SL, SC and SH in Equation 2.9 are the weightings used to adjust the sizes of the 
semi-axes of the ellipsoids defining the perceptible difference volume around 
the reference color in CIELAB. They are given in Equation 2.12 for the 
application of graphic arts. In other applications they may have different 
values and formulas.

(2.12)

If either of the two colors (color #1 and #2, also refer to the subscripts 1 and 2 
in Equation 2.12) is the reference color, Cx

* is calculated as shown in Equation 
2.12.

The factors kL , kC , kH are introduced to enable the sensitivity of the equation 
to lightness, chroma and hue components to be adjustable. Therefore the 
evaluation tasks are allowed when the conditions from which CIE94 was 
derived are changed. Usually kL = kC = kH =1 for a group of reference samples, 
viewing and illuminating conditions, but they can be set differently according 
to the context of use.

The CIE proposed that the equation should continue to evolve as new 
experimental data became available. It was also anticipated that the basic 
structure of the equation and its weighting functions would undergo revision 
in the light of experience. The first major revision to CIE94 is the 
CIEDE2000, in which a hue-chroma interaction term was introduced and 
adjustments were made to the weighting functions kL, and kH (Sharma, 2005).
In this thesis the CIE94 is used to quantify the color differences between 
printed colors. The readers who are interested in the CIEDE2000 are referred 
to the reference (Green and MacDonald, 2002).

2.6.3 Color difference tolerance

In a certain color space, the ellipsoidal contour of the region around a color
(central color), from which the color differences are not perceptible, is 
referred to as the just noticeable differences (JND). The colors outside this 
region are then considered to be distinguishable from the central color, thus 
the color difference tolerance around the color can be estimated.
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To derive the color difference tolerance for a certain color in a certain media, 
three main phases in the experiment are needed. Firstly, large number of color 
samples need to be prepared in the media that is studied. Secondly, a 
psychophysical experiment needs to be performed in which the color 
difference of each pair of samples is assessed by a panel of observers. Finally 
the visual differences between the samples need to be compared with the 
corresponding colorimetric differences to compute the tolerance (Green and 
MacDonald, 2002).

The calculation of color tolerance may be determing the ellipsoids that 
represent the locus of discrimination for a given color centre; or the 
parametric factors that can be used to account for media or viewing 
conditions; or certain acceptable thresholds (Green and MacDonald, 2002).
Further analysis probably takes place according to the requirements, for 
example in return to derive weighting functions that fit the experimental data; 
to test how well a color difference metric predicts the experimental data; or to 
compare different experimental data sets in order to explore the effect of 
varying parameters.

The tolerant color differences for different media using certain color 
difference metric are investigated by researchers. For example, based on the 

Eab
*, Kang (1997) stated that the JND in electronic imaging devices is 

commonly equal to 1 while Eab
*=2.3. 

Abrardo (1996) classified the mean errors of Eab
* = 1~3 as “very good 

quality”; while Eab
* = 3~6 as “perceptible, but acceptable” in their evaluation 

of scanners. The counterparts using E94
* Eab

*

values are always lower in magnitude according to Equations 2.8 and 2.9. The 
E94

* was defined primarily better in uniformity compared with CIE76 
Eab

*. The disagreement between these classifications Eab
* color 

difference underlines the fact that the evaluation of quality and acceptability is 
highly subjective and depends on the application (Hardeberg, 1999).

2.7 Color Management
In imaging media systems, there are various devices such as digital cameras, 
monitors, scanners, TV screens, film printers, printers, offset presses and so 
on. Different color models are applied to devices feeding various application 
requirements. The limitations in corresponding color spaces are also different 
from one device to another. For instance, the RGB color space is widely used 
on monitors and displays and the reproducible colors are standardized inside 
the sRGB color space. A printer usually uses the CMYK space, which is 
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device dependent.  Color transformations or communications between those 
devices are not simply conducted by using a general formulation.  

Color management plays the role to communicate colors between devices and 
control the conversion of color representations. The aim of the color 
management is to provide predictable and consistent colors with maximum 
throughput and minimum operating skill levels. Figure 2.8 shows a simple 
multimedia workflow in which color management is indispensable.  

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2.8: Color management in multimedia workflow. 

 

For devices such as scanners and digital cameras, color management means 
color adjusting so that each device will produce near-identical image 
representation. For devices like displays, hard-copy proofers and printing 
presses, color management means processing color images to give near-
identical output. Device independent color spaces are therefore needed in 
color management.  

To build the color management system, several critical tasks must be 
performed (Green and MacDonald, 2002): 

 Provide calibration and characterization of input devices, such as 
scanners, so that image data can be interpreted in terms of a 
colorimetric reference space. 
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Provide calibration and characterization of output devices, such as 
displays, proofers and printing processes, so that the appropriate 
device signals can be generated to produce any desired color within 
the gamut.

Provide an efficient means for processing images along the chain from 
input device to output device, together with a convenient user 
interface for setting up and control the process.

The common color management framework requires agreement on data 
structure for devices. It regards the probably different color modeling in the 
characterizations, gamut mapping between devices and a definition of the 
intermediate device-independent color space. The ICC profile (standardized 
by the International Color Consortium) and CMM (Color Management 
Module) are such a data package and a performer respectively in color 
management to accomplish any required data transformation. 

A typical ICC color management architecture consists of four main elements:

A standard management framework at the level of the computer 
operating system, which serves as a ‘connect and dispatch’ 
mechanism, enabling applications to access profiles and CMMs.

The profile defines the device model by providing the relationship 
between the device’s coordinates and those of the reference color 
space. A translation between two color spaces can go through a 
profile connect

The CMM connects together profiles to produce transformation 
between source and destination device color spaces.

The application program can then make calls to the operating system 
to handle color transformations as required by the user.

Except for ICC profiles, 3-D LUTs (lookup table) is also used in some fields, 
for instance film industry, to represent a complete color transformation (Green
and MacDonald, 2002). Color management may damage the color accuracy 
and image details especially when the producible colors are limited.
Professional digital devices and software tools are developed aiming to 
minimize such damages.
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The print production can be described as a sort of information-processing 
system involving various specifications and information carriers. The chain of 
printing production usually include three parts: pre-press, printing (press), and 
post-press (Kipphan, 2001). Computer and information technologies have had 
great impact on the print production in recent years and this trend continues.

Pre-press are the processes before the printing, usually including: 

Composition, which deals with recording text, formatting text, and 
pagination; 

Reproduction of pictures and graphics, and particularly color 
separations for multicolor printing; 

Assembly and plate making. i.e., the assembly of text, picture, and 
graphic elements into complete pages (page layout/make-up). Also the 
printing plate making, if necessary. 

The printing plays a central role in the print production, which transfers ink to 
the various substrates applying different printing technologies based on a 
wealth of inventions related to engineering sciences, information technology, 
physics, and chemistry. Post-press includes the steps after printing. This part 
is different for different products ranging from books and newspapers to boxes 
and labels. The common processes are cutting, folding, gathering, and binding 
etc (Kipphan, 2001). 

3.1 Printing Technology and Devices
Based on whether the printing procedure requires a master (printing plate or 
image carrier), printing technology is divided into conventional printing and 
so-called non-impact printing (NIP) technologies. Printing technologies like 
lithography (offset), gravure, letterpress, and screen-printing require a printing 
plate and are considered to be conventional while the most common NIP 
technologies are electrophotography and ink jet (Kipphan, 2001).

3.1.1 Conventional Printing technologies

Lithography printing 

Lithography originally used lithographic stone coated by wax or oily 
substance (a flexible aluminium plate in modern litho) as the medium to 
transfer ink. The flat surface of the plate is roughened and etched with an 
image drawn. Then the plate is divided into hydrophilic regions that accept 
water, and thereby repel the greasy ink; and hydrophobic regions that repel 
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water but accept ink (Meggs, 1998). When the hydrophobic image is loaded 
with ink, the stone and paper go through an even pressure and transfer the ink.

Offset printing is an indirect lithographic printing technology in which the 
inked image is first transferred from a plate onto a flexible sheet (rubber), and 
then transferred to the paper or sheet. 

Gravure or Intaglio printing

The distinctive feature of gravure printing technology is that the image is 
engraved into the surface of a cylinder. Prior to printing, the entire printing 
plate is flooded with ink. The surplus ink over the non-image area is removed 
by a wiper or blade to make sure ink remains only in the cells. The ink is 
transferred by a high pressure and the adhesive forces between printing 
substrate and ink. Since the cylinder contains the image to be printed, it is 
very expensive to produce (Kipphan, 2001).

Letterpress printing

Letterpress printing is a mechanical technology in which a relatively high 
pressure is required to transfer the highly viscous, pasty ink to the paper via 
the hard printing elements. It is one of the oldest printing technologies, which 
was used in newspapers production for many years. To a degree this process 
still exists in the security printing (Kipphan, 2001).

Flexographic printing works similarly and uses fast-drying inks and flexible 
printing plates made of rubber or plastic. It is a high-speed printing process, 
which can print using many types of absorbent and non-absorbent materials.

Screen-printing 

Screen printing uses a woven mesh to support an ink-blocking stencil which 
opens area of mesh that transfer ink or other printable materials through the
mesh as a sharp-edged image onto a substrate. Screen-printing is versatile and 
has a benefit to carry heavy weight of ink. It can be used to print on paper, 
textiles, ceramics, and plastics, and also on objects of the most varying nature 
and shape, such as glasses, mugs, and control panels (Kipphan, 2001).
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3.1.2 General NIP technologies

Electrophotography

Electrophotography is based on two natural phenomena: materials of opposite 
electrical charge attract, and the electrical conductivity of some materials
becomes stronger when exposed to light. There is no traditional hydro-ink to 
form the image, but a sort of fine particles called toner which is a kind of 
charged powder that fuses to the substrate. A medium carrier is adopted to 
carry electrostatic latent image, which attracts the toner particles to become a 
visible printed image (Kipphan, 2001). Electrophotography is also known as 
xerography. A common electrophotography processes is laser printing.

Ionography

In ionography, the charge pattern is generated on the image carrier directly by 
the imaging unit; therefore a previously generated redistributed homogeneous 
charge on the imaging surface is not required. The processes of charging and 
imaging are combined (Kipphan, 2001).

Magnetography

A printing technology that is similar to ionography except that the imaging 
drum is magnetic. The electronic image is converted to a magnetic charge on 
the drum, which attracts the toner containing iron particles. The toners are 
very opaque so the process is suited for spot colors rather than process 
printing that require transparent colors (Kipphan, 2001).

Ink jet

There are two main technologies used in contemporary inkjet printers: 
continuous inkjet (CIJ) and Drop-on-demand (DOD).

CIJ directs liquid ink through a gun body and a microscopic nozzle, creating a 
continuous stream of ink droplets. These droplets are charged, and therefore 
deflectable onto the substrate in the electrostatic field. The major advantages 
of CIJ are the high velocity of the ink droplets, which allows for a relatively 
long distance between the print head and the substrate; and the high drop 
ejection frequency, allowing for high speed printing (Kipphan, 2001).

In DOD, the print cartridges contain a series of tiny ink-filled chambers. In the 
chamber, a bubble is created to cause a large pressure pulse inside the tiny 
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space and propel a droplet of ink onto the substrate. The bubble could be 
formed thermally or by the piezoelectric effect (Kipphan, 2001).

Inkjets have a number of advantages. They are quiet in operation. They can 
print fine, smooth details by applying high print head resolution. In 
comparison to laser printing, inkjets have the advantage of practically no 
warm up time (Singh, et al., 2010). Professional inkjet printers enable the 
format printing with wide size range. Another application for inkjets is 
producing pre-press color proofs before printing.

There are other NIP technologies such as Thermography, Photography and 
“X”-Graphy technologies besides the ones that have been introduced above. 
More explanations about these technologies can be found in (Kipphan, 2001).  

3.2 Halftoning
Most printing devices are restricted to few inks while the print products 
usually involve a large number of colors. Even for grayscale printing, in which 
normally only black ink is used, the image generally consist of different 
shades of gray. To simulate these different gray shadows using only the black 
ink and the white substrate, the original continuous tone gray image is 
transformed into a binary image consisting of black dots and white area, i.e. a 
bitmap composed of ones and zeros.  In the binary image, the black dots are 
filled with ones, which means this area should be printed and the white part is 
filled with zeros, showing that the corresponding area should remain blank. If 
these printed dots are small enough, the eye cannot detect the dot patterns,
instead it integrates the black dots and the non-printed areas as varying shades 
of gray (Gooran, 2013). The transition that simulates a continuous tone image 
by using dots with varying size or spatial frequency is called halftoning, which 
is also referred to as screening.

Most halftoning technologies can be classified into two main types (Lau and 
Arce, 2001):

Amplitude modulation (AM): produce a regular grid of dots that vary 
in size depending on the gray level of the underlying image, while 
their spatial frequency is constant.  The bigger the dots, the darker the 
tone gets.

Frequency modulation (FM) or also called the first generation FM 
halftoning: the dot size and shape is constant while the dots’ 
frequency varies.
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AM and FM halftoning have their own advantages and disadvantages. FM 
techniques, such as dispersed dot dithering and error diffusion, are superior 
when reproducing the details in the image. However, early FM halftoning, 
such as Bayer’s dither array, may result in halftoned images that suffer from a 
periodic structure which causes an unnatural appearance (Ulichney, 1988; Lau 
and Arce, 2001). On the other hand, the small isolated dots created by better 
FM halftoning such as error diffusion have been employed to improve the 
print quality, but they are limited by the printer’s ability to precisely print tiny 
dots (Lau and Arce, 2001). 

AM methods, such as clustered dot dithering, are on the other hand better for 
areas where the tones vary slowly. AM methods usually have low 
computational requirements and give good print stability. However AM 
methods suffer from low spatial resolution and Moiré artifacts in multiple 
layers printing (Lau and Arce, 2001).

AM-FM hybrids later emerged based on the well investigated knowledge 
about both AM and FM halftoning. One simple AM-FM hybrid halftoning is 
to apply AM and FM for different parts of the image, taking advantage of both 
types of halftoning (Gooran, 2005). An advanced solution is to produce 
clustered dot varying in both size and spacing according to the underlying 
gray level. This type of halftoning is also referred to as the second generation 
FM halftoning.

Figure 3.1 shows four images to illustrate the resulted halftoned images using 
different methods. Figure 3.1a shows a FM halftoned image printed at 150dpi.
Figure 3.1b illustrates an AM halftoned image using 150dpi and 50lpi. The 
terms dpi and lpi will be explained in Section 3.2.1.

Figure 3.1c employs the simple AM-FM hybrid method which uses AM 
(150dpi and 50lpi) for the parts where the tone varies smoothly while using 
FM (150dpi) for the rest. However, it is an abrupt hybrid halftoning as shown 
in Figure 3.1c in which the transition between AM and FM parts are clearly 
visible (Gooran, 2005). Figure 3.1d illustrates another type of AM-FM hybrid 
halftoning, known as the FM 2nd generation halftoning, employing clustered 
dots with adjustable size, shape and spatial frequency (Gooran, 2013). The 
pictures in Figure 3.1 are just for illustration in principle, and they are not the 
optimal results based on each halftoning method.

Generally speaking, clustered dots with adjustable size increase the printing 
stability while providing higher spatial resolution. New halftoning techniques 
are being developed based on this principle (Lau and Arce, 2001). Typical 
halftoning concepts are introduced briefly in the following sections.
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Figure 3.1: Halftoned images. (a) FM. (b) AM. (c) Simple AM-FM hybrid: AM for 
area with slowly varying tones, FM for the rest. (d) AM-FM hybrid using dots with 

varying size, shape and frequency according to the underlying tone.

3.2.1 Screen frequency and print resolution

On the original grayscale image, a tiny area at certain gray level (average 
tone) is represented using a so-called halftone cell. Each halftone cell is built 
of smaller dots, called microdots. The fractional dot coverage on the halftone 
cell represents the average tone of the corresponding area. The screen 
frequency, which is denoted by lpi, is the number of halftone cells per inch. 
The number of the microdots per inch is called print resolution and is denoted 

(a) (b)

(c) (d)
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by dpi. Therefore the number of gray levels of the halftoned image is 
determined by the ratio dpi/lpi, as in Equation 3.1.  

(3.1)

The higher the lpi, the more difficult to detect the halftone dots. However, 
higher lpi decreases the number of gray tones if the dpi is constant. 
Nevertheless, in some halftone technologies, such as most FM methods where 
halftone cells are not used, the term lpi loses its importance (Gooran, 2013). 

3.2.2 Table halftoning and Threshold halftoning

The simplest halftoning probably is to replace different areas in the original 
image by halftone cells. The used halftone cell in each replacement could be 
chosen from a set of pre-decided ones according to the current gray level, 
which is called table halftoning; or the resulted matrix from the comparison 
between the matrix at current area and a threshold matrix of the same size, 
which is referred to as threshold halftoning. 

For table halftoning, the cells listed in Figure 3.2a are examples of a set of 
pre-decided 3×3 halftone cells representing 10 different gray levels (0 to 1, 
step by 1/(3×3)). Recall that a “halftone dot” is different from a “microdot” in 
halftoning. The halftone dot is formed by connected microdots or single 
microdot in the cell, resulting in clustered dot or dispersed dot. 

(a) Gray levels:
0 1            2           3 4            5            6           7            8           9

Figure 3.2: Halftone cells: (a) A set of 3×3 halftone cells representing 10 different 
gray levels. (b) Clustered dot and dispersed dots.

1)lpi
dpi( 2

(b)

Clustered dots      

Dispersed dots  
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The shape of the halftone dots may be different in different halftoning 
processes (round, ellipse, line, etc.). The four pairs of cells in Figure 3.2b 
show that clustered dot differs from dispersed dot while representing the same 
gray level. 

As mentioned, threshold halftoning is performed by comparison between pixel 
values in the original image and the threshold values in the threshold matrix. 
The comparison and resulted bitmap is obtained by Equation 3.2 where h
denotes the final halftoned image, g, the original image, t, the threshold matrix 
and (i, j) the position of the current pixel. 1 means black while 0 means white. 
The design of the threshold matrix t has a great impact on the characteristics 
of the final halftoned image. 

(3.2)

Ordered dithering is a popular threshold halftoning method using specific 
threshold matrices. Figure 3.3 shows two examples of threshold matrices that 
are used in ordered dithering (Gooran, 2013). 

Figure 3.3: Two threshold matrices used in ordered dithering halftoning, both 
representing 33 gray levels. (a) Dispersed ordered dithering. (b) Clustered ordered 

dithering.

The values 1 to 32 in the matrices are the index of the gray levels, and the 
intended number of gray levels in this case is 33. Divided by the number 33, 
each value in the matrices corresponds to a threshold gray value. Notice that 
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the values in the matrices are repeated and range from 1 to 32 although the 
matrix size is 8×8 which usually implies 8×8+1=65 gray levels. This is 
arranged on purpose to make a raster angle of 45 degrees. For example, by 
using the threshold matrices in Figure 3.3, the representation of a square area 
having constant gray level of 10/33 are shown in Figure 3.4. The patterns of 
the halftone dots in Figure 3.4 show that the matrix in Figure 3.3a produces 
dispersed dot while the matrix in Figure 3.3b produces clustered dot. Notice 
that the raster is at 45 degrees especially visible in Figure 3.4b.

Figure 3.4: Halftoned results.  (a) Dispersed dots. (b) Clustered dots.

Figure 3.5 illustrates a pair of images halftoned by ordered dithering using the 
two threshold matrices in Figure 3.3, respectively.

Figure 3.5: Images halftoned by ordered dithering using two threshold matrices.  (a)
Dispersed dots. (b) Clustered dots.

(a) (b)

(a) (b)
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3.2.3 Error diffusion

As mentioned before, some halftone conversions are conducted without using 
halftone cells. The error diffusion method is one of those. Proposed by Floyd 
and Steinberg, unlike the ordered dithering methods which operate point by 
point, error diffusion operates on a neighborhood of the currently processed 
pixel (Floyd and Steinberg, 1976). The error that is created by setting 1 or 0 
on current pixel is distributed to its neighboring pixels by using an error filter. 
Figure 3.6 illustrates the process of error diffusion (Floyd and Steinberg, 
1976; Lau and Arce, 2001). 

Figure 3.6: The structure of error diffusion halftoning.

Floyd and Steinberg (1976) applied a simple error filter as shown in Equation 
3.3.

(3.3)

where “#” refers to the current pixel being processed and “-” denotes the pixel 
that has already been processed. The same original gray image used in Figure 
3.1 is processed at 150dpi based on error diffusion using the error filter in 
Equation 3.3 and a left-to-right and up-to-down raster scan. The resulted 
halftoned image is shown in Figure 3.7.

It is hard to judge the performance of the error diffusion method by a single 
image such as Figure 3.7. However, according to the researches by Knox 
(1994), Lau and Arce (2001), Floyd and Steinberg’s error filter produces 
disturbing artifacts at certain gray levels. Modifications of the error filter 
together with creative scanning paths were proposed to improve the 
performance of error diffusion halftoning, which on the other hand, made the 
algorithm more complex and demanded more computational time especially 
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when producing homogeneous halftone results for images having great size 
(Wong, 1994; Shiau and Fan, 1996; Lau and Arce, 2001). However, 
considering its concept and diversity, the error diffusion is a competitive 
halftoning method, which is widely used in digital color halftoning.

Figure 3.7: Image halftoned by error diffusion using Floyd and Steinberg’s error 
filter.

3.2.4 Iterative halftoning

Iterative halftoning methods usually do an optimization over the entire image 
to produce different shades while preserving the details of the original image. 
Different strategies are used in algorithms to fulfill human visual preferences 
(Makur and Kumar, 1997; Gooran, 2001; Analoui and Allebach, 1992). 
Iterative methods produce high quality halftoned images, but on the other 
hand, they are more complicated and time consuming. However, due to the 
high developing computer technologies, this type of halftoning scheme 
becomes more and more popular (Gooran, 2001a).

To give an example, the iterative FM halftoning proposed in (Gooran, 2001a,
2004) is used to represent the same original image that was used in Figures 
3.1, 3.5 and 3.7. The halftoned image printed at 150dpi is shown in Figure 3.8. 
The dots in Figure 3.8 are more homogeneous compared with those in the 
Figure 3.7, especially in the texture of the sky in the picture. Further 
evaluation of the mentioned iterative halftoning is not included here; more 
details about the mentioned halftoning method can be found in (Gooran, 
2001a, 2004).
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Figure 3.8: Image halftoned by an iterative halftoning method.

3.2.5 Blue noise and green noise in halftoning

In halftoning, noise is used to express the statistical state about the spatial and 
spectral characteristics of the periodical dispersed dot patterns. White noise is 
referred to when there is no major frequency of distances between dots in any 
direction, i.e. all frequencies exist equally. 

As the blue light corresponds to the higher frequency component in visible 
light, a blue noise halftoning scheme means a halftoning method that produces 
quantization noise at high frequencies. The discontinuity of the resulted dots 
is then hard to detect, because the quantization noise is in the frequencies less 
visible to the human viewer. Comparing with periodical clustered dot 
halftoning scheme, blue noise is an alternative scheme to avoid visually 
disturbing texture. However, blue noise also makes the dot patterns more 
sensitive to distortions from print devices and become unachievable for some 
devices which are unable to reproduce dots consistently (Lau, et al., 2003; 
2006).

The green noise halftoning scheme produces patterns with mid frequency (Lau 
and Arce, 2001). Therefore the ideal green noise patterns should be composed 
of homogeneously distributed clustered dots that vary in both size and spacing 
for varying shades of gray. Blue and Green noise schemes are applied 
particularly in different halftoning methods to achieve visually pleasant 
halftoned images.



Color Printing

39

3.3 Dot Gain
Even having a perfect halftoned image in hand, the expected printed image is 
hard to obtain. The printed dots usually appear bigger and darker than they are 
in the bitmap before print. This phenomenon is called dot gain, which is also 
referred to as tonal value increase in the literatures. Figure 3.9 shows a pair of 
images before and after print using coated paper and offset press.   

Obviously, the printed dots become physically bigger, which is because of the 
ink spreading and penetration, together with other distortions caused by print 
devices. This is called physical or mechanical dot gain in the literatures. 
Additionally, the effect of light scattering and absorption shouldn’t be ignored 
as it also contributes to make the dots appear darker, thus is referred to as 
optical dot gain. 

Figure 3.9: (a) Bitmap before print. (b) The printed dots including dot gain.

Dot gain occurs in every printing process and at all tonal values, but usually 
more evident in certain tones (Lawler, 1995). It is hard to estimate and 
compensate the dot gain. However, if the printing process is repeatable, dot 
gain can be anticipated and therefore a possible compensation could be 
conducted prior to printing. The simplest way to test the dot gain in certain 
printing condition (certain printing device, halftoning pattern, paper, etc) is to 
measure the real prints with as many tones as possible. Usually a reflection 
densitometer or spectrophotometer or microscopic image analysis system is 
used to find out how much reflectance percentage a certain printed patch 
actually produces (Kipphan, 2001). For example, a patch with 25% reference 
coverage in the digital bitmap may actually present a tone at 41% after print. 

(a) (b)
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Such measurement and analysis over a number of printed patches lead to a 
corrective curve. Figure 3.10 shows the corrective curves for an offset press 
with AM1200dpi-150lpi on coated paper. The horizontal axis in Figure 3.10 
refers to the designed tones (reference ink coverage) while the vertical axis 
refers to the corrective tones (effective coverage). The corrective curve 
presented in Figure 3.10 was found by Murray-Davies equation (1936).

(3.4)

where is the measured total spectral reflectance of the printed patch. a is 
the fractional area of the ink. Ri is the spectral reflectance of the solid ink, 
and Rp is the spectral reflectance of the substrate. Notice that this model 
neglects the optical dot gain, which will be discussed further in following 
chapters. As soon as a corrective curve is obtained, compensation or tonal 
adjustment could be performed. As indicated by the arrows in Figure 3.10, in 
order to represent tone at 50% and 70% using an offset device with 
AM1200dpi-150lpi on coated paper, the corresponding reference ink coverage 
should be around 40% and 58% respectively. In print production, the best 
location for tonal adjustment (compensation) is probably on the print page 
make-up stage, which is prior to halftoning (Kipphan, 2001).  

Figure 3.10: Dot gain corrective curve (offset, AM 1200dpi-150lpi, cyan, coated 
paper).
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The property of the paper or other substrate definitely affects the dot gain. 
Besides that, the amount of dot gain seems to be affected by the halftone 
patterns, to be specific, the ratio of perimeter to area of the printed dots. The 
halftone screen having greater ratio of perimeter to area is likely to experience 
more dot gain (Namedanian and Gooran, 2013; Nyström, 2008). FM halftone 
dots usually have a higher ratio compared with those of AM, and therefore 
they commonly present more dot gain after print (Lau and Arce, 2001). Many 
research works have been done to investigate dot gain correction since it has 
great impact on the print quality. More details will be discussed in the 
following chapters. Notice that so far we have only discussed monochromatic 
printing. Dot gain is even more complicated to quantify and characterize in the 
cases of color printing, which will also be discussed further in the following 
chapters. 

3.4 Color Separation
To print a color image, the original image needs to be translated into forms 
that can be used on a printing press. In general printing technologies, a multi-
colorant print is produced by the superimposed printing of several halftone 
color separations. The color separation and halftoning are managed in pre-
press. In a printing press with CMYK ink-set, four separated color layers are 
obtained to be printed consecutively in one sheet pass (Kipphan, 2001).  

Figure 3.11 illustrates the information flow and the basic steps in the image 
reproduction for offset printing. Through “color separation” and “halftoning”, 
printing plates are created to transfer inks to paper. Color proofing might be 
carried out prior to printing to check the printed colors and registration, etc, to 
ensure the printing accuracy. Registration is the action to correlate 
overlapping color separations on one single sheet, which is usually carried out 
by employing an alignment of specific marks (Kipphan, 2001).  

Color can be reproduced alternatively by spot color printing, which uses 
specific inks other than the primary inks such as CMYK. A spot color is any 
color generated by an ink (pure or compound) and is printed using a single 
run. Generally, spot color inks are specific formulations which are designed to 
print alone, rather than to mix with other inks to produce various hues and 
shades (Gable, 2007). The range of available spot color inks, much like paint, 
is nearly unlimited. 
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Figure 3.11: Framework of a four-color offset printing of a color image. 

 

3.4.1 Color halftoning 

Compared with monochromatic printing, color halftoning is more complicated 
and it is hard to achieve accurate color appearance in color printing because of 
dot gain and registration, etc. Let us forget about dot gain for a while and only 
focus on the registration of the halftone color separations. First of all, position 
error of the separations can cause color shift. Secondly, miss-registration in 
the raster angle of the color separations can produce a visible and unpleasant 
pattern called Moiré.  

For color separations using AM halftoning, setting different raster angle on 
each halftone color separation is believed to improve color fidelity after print. 
For example, rotating the screens with respect to each other by 30° is usually 
applied to reduce Moiré (Amidror, 2009). Overlapping two or more halftone 
grids with different raster angles may form a pattern called rosette which is 
more pleasant than Moiré (Lau, et al., 2000; Pritchard, 2009; Gooran, 2013).  
The problems of Moiré and screen angles can be avoided by applying 
independent color separations resulted from FM halftoning (Lau, et al., 2000).  

Other creative halftoning strategies have also been designed especially for 
color reproduction, for example, the spectral vector error diffusion explained 
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by Gerhardt (2007) for spectral color reproduction, and some dependent color 
halftoning methods introduced by Fan (1993) and Gooran (2001c), etc. 

3.4.2 Characterizing print devices

Theoretically, a wide range of colors can be reproduced by printing. However, 
it is not easy to reproduce a specific color accurately in practical color 
printing. To characterize or calibrate a certain print device, there are at least 
two main aspects one should pay attention to (Green and MacDonald, 2002):

The color gamut of the print device, i.e. its capability of representing 
colors.

A printer model for the device, which presents the relationship 
between the printed colors and corresponding digital inputs 
(separations).

The gamut determines whether a given set of colors can be reproduced by the 
used printer. If the target colors are out of the gamut, appropriate color gamut 

2008; Zolliker and Simon, 2007). The description of the gamut of a device 
could be created in two ways. In one way, a large number of print samples 
spanning the printable range are measured and empirical methods are used to 
estimate the gamut boundaries. In the other way, a printer model that describes 
the behavior of the print device is used to create the whole color gamut of the 
device.

A printer model expresses the relationship between the printer color space and 
the input color space, and enables the data exchange in between. This 
relationship is possible to define by modeling the physical properties of the 
printer or through a numerical model determined from measurement of a 
number of color samples produced by the printer (Green and MacDonald,
2002). In the literature, the mentioned printer model is also referred to as color 
prediction model, which is the term used in this dissertation. Specific 
introductions about color prediction models will be presented in following 
chapters, including existing popular color prediction models (Chapter 4) and 
the author’s research and investigation on a novel color prediction model
(Chapters 5 and 6).
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Color prediction models describe the relationship between printing conditions 
(printer, substrates, halftoning pattern, reference ink combination, illuminant 
etc) and the color after print, and thereby support the color printer 
characterization and calibration. To predict the color after print, the straight 
forward way is to deduce the reflected spectrum from the print surface since 
color is the perception of a specific reflected spectrum. Therefore the classical 
models such as Beer's absorption law, the Fresnel reflection and the 
Saunderson correction for multiple internal reflections, which explain the 
physical phenomena involved in light reflection, were applied to color 
prediction for printing (Emmel and Hersch, 1999a). Wyble and Berns (2000) 
classified these models that attempt to predict printed colors by simulating the 
physical reflection process based on light reflection theories as first-
principals.

Several first-principals models have been studied and developed in the past 
decades. For example, the Kubelka-Munk model (1931), in which a pair of 
light fluxes formulated by light absorption and scattering coefficients are the 
main variables, was originally developed to approximate the light reflection of 
bare paper. This model has been introduced to predict the reflectance of 
printed color by considering the print as a compound substrate (inked layer 
and substrate layer; inked area and bare substrate area) (Emmel and Hersch,
1999b, 2000). 

The Clapper-Yule model (1953) has been applied to reflectional prediction for 
the halftone prints by counting the multiple internal reflections between the 
print-air interface and the lateral light scattering within the paper bulk. In 
order to simulate the light reflection, the point spread function or probability 
functions have also been utilized to take into account the overall effect of light 
scattering (Yang, et al., 2001; Gustavason, 1997).

In pursuit of less prediction errors, several basic physical models might be 
applied simultaneously. Emmel and Hersch (2000) presented a unified model
mainly using Kubelka-Munk theory and Saunderson correction. In the same 
literature the classical formulas such as the Murray-Davis, the Williams-
Clapper and the Clapper-Yule were also discussed correlated with particular 
physical conditions.

However, although these color prediction models based on physical simulation 
introduce light reflection process well, they may suffer in terms of absolute 
accuracy of printer output prediction (Wyble and Berns, 2000). Therefore 
relatively simple color prediction models with parameters fitting to a set of 
measurement data tend to be more attractive. These models are classified as 
regression-based models and are considered to be useful for modeling printer 
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output due to their simplicity and reasonable accuracy. The Murray-Davies 
model (1936), Neugebauer model (1937) and Yule-Nielsen model (1951) are 
the most well known and basic models of this type (Ruckdeschel and Hauser,
1978; Arney, et al., 1998). To achieve higher prediction accuracy based on 
these models, many strategies have been proposed and investigated to develop 
color prediction models.

In this chapter, these basic color prediction models are introduced in detail. 
These models introduced in the following sections are of the regression-based
type. The color prediction model developed by the author, presented in 
Chapter 5, also belongs to the regression-based model.

It has to be noticed that the phrases “reference coverage”, “effective 
coverage” and “fractional coverage” are mentioned frequently in the 
explanation of the color prediction models. Recall that the reference coverage 
refer to the ink coverage designed in the digital bitmap; The effective 
coverage is the coverage of a certain ink after print, including dot gain effect; 
The fractional coverage is introduced for the involved primaries on the print. 
If the print contains only one ink, the fractional coverage of this ink equals to 
its effective coverage. If the print contains more than one ink, say cyan and 
magenta, the effective coverage of each primary (cyan, magenta, bare paper 
and blue which is produced by combining cyan and magenta) is estimated by 
using the effective coverages of cyan and magenta based on the pattern of the 
dot placement, which would be discussed specifically in the following 
sections. All the calculations and measurement results in this chapter are 
based on prints by a Laser printer on uncoated paper using AM600dpi-100lpi.
The measurements were operated using a Spectrophotometer (BARBIERI 
electronic Spectro LFP RT).

4.1 Murray-Davies Model
The Murray–Davies (MD) model (1936) assumes that the total light reflection 
from a print surface equals to the sum of light reflection of each involved 
component on the surface, i.e. the inked and non-inked area, as presented in 
Equation 4.1.

(4.1)

where R( ) is the spectral reflectance of the print, Ri( ) is the spectral 
reflectance of the solid ink, Rp( ) is the spectral reflectance of the bare 
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substrate (usually paper), and a is the inked area over the print. For 
illustration, three magenta samples with reference coverages of 0, 25% and 
100% are printed and measured. In Figure 4.1, the black curve is the measured 
spectral reflectance of paper (0% magenta), Rp(λ). The solid curve in magenta 
is the measured spectral reflectance of full tone magenta, Ri(λ). According to 
the MD model, the predicted spectral reflectance of the patch containing 25% 
magenta should be: 0.25 Ri(λ) + (1-0.25) Rp(λ), which is the dashed blue curve 
in Figure 4.1.  However, the measured R(λ) of 25% magenta is shown as the 
dashed magenta curve, from which the predicted  R(λ), the dashed blue curve, 
unacceptably diverges. 

The difference between the predicted and measured R(λ) in this case is 
expectable because the original MD model doesn’t consider dot gain. To 
approximately include the dot gain effect, the inked area a has to be increased. 
The solid blue curve in Figure 4.1 is the closest curve which matches the 
measured R(λ) found by increasing a from 0 to 1. Although the solid blue 
curve looks close to the dashed magenta curve, according to the experiments, 
the curves will hardly coincide no matter what the value of a between 0 and 1.    

 

 

Figure 4.1: Measured spectra and calculated spectra by MD model. 

 

Nevertheless, Equation 4.1 is widely used to estimate the effective coverage of 
certain ink when it is printed on bare paper. Usually the estimation of the 
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effective coverage is done by searching the best value for a using the 
measured R( ), Ri( ) and Rp( ) in Equation 4.1. By repeatedly operating the 
process over a group of single inked patches whose ink coverage ranging from 
0 to 100%, the characterized dot gain curve for the used ink is obtained. Then 
given any reference ink coverage, the effective coverage of the used ink could 
be obtained by interpolation through the characterized dot gain curve.

To give an example, the dot gain characterization is carried out over a group 
of single inked training samples with reference coverages of magenta at [0, 
0.25, 0.5, 0.75, 1]. The correlated effective coverages are [0, 0.41, 0.75, 0.92, 
1]. Beside the training samples, two magenta test samples with 33% and 66%
reference coverage are printed and measured. The effective coverages of the 
test patches are obtained by cubic interpolation over the characterized curve, 
i.e. [0, 0.41, 0.75, 0.92, 1] against the reference coverages [0, 0.25, 0.5, 0.75, 
1]. Then the spectra of test patches with 33% and 66% magenta, respectively, 
are predicted using Equation 4.1, in which the value of a for magenta is set to 
the obtained effective coverages correlated with 33% and 66%, respectively. 
The predicted and measured spectra are presented in Figure 4.2.

Figure 4.2: Predicted and measured spectra of samples, MD model.

Since dot gain is complicated to characterize, it is expectable that the 
predicted spectra using MD model would not completely overlap the 
measured ones, as illustrated by the two pairs of spectra in Figure 4.2. Despite 
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that, the simplicity of the MD model is impressive and makes it one of the 
basic regression- based models.

4.2 Yule-Nielsen Model
Yule and Nielsen (1951) proposed a momentous reform of MD model 
according to their studies on light penetration and scattering. The theoretical 
analysis in their publications supported the conclusion that the relationship 
between the spectral reflectance of the printed color and that of the involved 
paper and ink is actually not linear as assumed in Equation 4.1. They claimed 
that the nonlinear relationship could be well described with a power function 
using exponent 1/n to the reflection values. Equation 4.2 presents the Yule-
Nielsen (YN) model. Recall that Equation 4.2 is also dealing with single inked
prints.

(4.2)

where R( ), Ri( ) and Rp( ) have the same meaning as in Equation 4.1. n,
which is also called the n-factor or n-value, is a parameter that accounts for 
the effect of light scattering. As shown in Figure 4.1, there is a difference 
between the predicted and measured R( ) even when the dot gain is considered 
by increasing the value of inked area a. In addition, as introduced in Chapter 
3, there are both physical dot gain and optical dot gain involved in the printing 
process. The n-factor therefore is proposed and believed to account for the 
optical dot gain effect, thus to decrease the difference between predicted and 
measured spectra of the color patch.

Fitting the n-factor

Fitting the n-factor requires nonlinear optimization (Wyble and Berns, 2000). 
To give a simple interpretation, the samples with 0%, 25% and 100% magenta 
are taken as example to illustrate the process. Suppose that R( ), Ri( ) and
Rp( ) in Equation 4.2 are known by the measurements of 25%, 100% and 0% 
magenta, respectively. Then the values of both a and the n-factor are unknown 
and therefore need to be determined by the optimization process. 

The process begins by setting the n-factor equal to 1, leading to the optimal 
inked area a1. The resulted spectral difference between the calculated and 
measured spectrum for the 25% magenta patch ( RMS1) is recorded for the 
current iteration. Then a1 is put back into Equation 4.2, and the value of n is 
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changed step by step to get closer prediction to the measured reflectance R(λ). 
This spectral difference is recorded as △RMS2. Make sure that △RMS2 is less 
than the previously recorded △RMS1, otherwise change the initial n value and 
restart the iteration. The value of a needs to be updated with each change of 
the n-factor during the iteration, as shown in Figure 4.3. The iterations 
proceed while the errors △RMS correlated with the n-factor are recorded. In 
an ideal case, the spectral error △RMS becomes smaller and stable, leading to 
the optimal n-factor and inked area a. However, there is no guarantee that the 
optimal values of the n-factor and a are found.  

 
 
 
 
 

 

 

 

 

 

 

 

 

 
Figure 4.3: A theoretical n-factor fitting for a magenta sample. 

 

Alternatively, the n-factor can be chosen by simple iteration, which is shown 
in Figure 4.4 (Wyble and Berns, 2000). Note that the process shown in Figure 
4.3 is fitting the n-factor and a by using one training sample: the 25% magenta. 
To find out the general n-factor for magenta, more training samples such as 
50% and 75% magenta may also be used. In Figure 4.4, the operation is 
carried out over a group of training samples repeatedly in each iteration circle. 
The checked residual during the iteration would change to be the mean value 
of the group of recorded △RMS obtained from each sample. By plotting an 
error metric against the n-factor, a reasonable value for the n-factor together 
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with a group of characterized inked area a could be determined. The chosen n-
factor should give the smallest average spectral difference through all the used 
training samples. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.4: A simple n-factor fitting for a group of magenta samples. 

 

Many investigations on the n-factor were carried out to study the YN model 
(Pearson, 1980; Lewandowski, et al., 2006). According to the researches from 
Yule (1951), Ruckdeschel and Hauser (1978), n =2 corresponds to highly 
scattering substrates. The value of n between 1 and 2 are all physically 
meaningful, while values greater than 2 represent other effects, such as 
variations in dot density (Wyble and Berns, 2000). In some literatures, the n-
factor is even allowed to vary along wavelength and becomes the spectral 
variable n(λ) (Iino and Berns, 1997, 1998). However, n(λ) is just a fitted 
parameter without convincible physical meaning (Wyble and Berns, 2000).  

The physical meaning of the n-factor has been debated in many researches 
(Wyble and Berns, 2000). One argument is that the Yule-Nielsen model is 
inherently nonphysical (Arney, et al., 1995). The reflected light from various 
areas of the patch are added to predict overall reflection. Once a nonlinear 
transform has been applied to the reflection values, the elegance of the 
conservation of energy has been lost.  
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On the other hand, the Yule-Nielsen model predicts printer output better than 
the Murray-Davies model. To give an example, the process in Figure 4.4 is 
carried out using the measured spectra of a group of magenta samples with 
reference coverages of [0, 0.25, 0.5, 0.75, 1]. The obtained n-factor for 
magenta based on these samples are found to be 1.6, and the corresponding 
effective coverage values are [0, 0.34, 0.67, 0.88, 1]. The spectra of test 
samples containing 33% and 66% magenta are predicted by cubic 
interpolation to get the inked area a, based on the Yule-Nielsen model with n
= 1.6. The predicted and measured spectra are presented in Figure 4.5.

Figure 4.5: Predicted and measured spectra of samples, YN model.

Figure 4.5 shows the better performance of the YN model applied to single 
inked prints compared with the MD model (see Figure 4.4, especially for the 
test sample with 33% magenta). The YN model is popular and has become 
one of the basic models from which more complicated models for multi-ink 
prints are derived. Although there are arguments about the meaning of the n-
factor, when the goal is to achieve an accurate printer model, an improved 
performance is preferred to physically reasonable transformation. 
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4.3 Neugebauer Model
As discussed in Section 4.1 the Murray-Davies model is for single inked
prints. Neugebauer (1937) extended Equation 4.1 (the MD model) to an 
equation for halftone prints with multiple colorants, which is shown in 
Equation 4.3. The Neugebauer equation sums the reflection contribution of 
each component (paper and different combinations of the printed inks) 
weighted by their fractional coverage:

(4.3)

where i presents the i-th component on the print surface. For CMY printing, 
the following eight combinations occur: white (bare paper), cyan, magenta, 
yellow, red (magenta and yellow), green (cyan and yellow), blue (cyan and 
magenta) and black (cyan, magenta and yellow). These eight combinations are 
also called the Neugebauer primaries. ai and Ri( ) are the fractional coverage 
and spectral reflectance of each component, respectively.

Because of the linear relationship between CIEXYZ values and the spectral 
reflectance, Equation 4.3 can be extended to Equation 4.4 based on CIEXYZ 
values.    

(4.4) 

where (Xi, Yi, Zi) denote the CIEXYZ values for a component i, and ai has the 
same meaning introduced above for Equation 4.3. The fractional coverage of 
each component ai is estimated using different strategies according to the 
halftone pattern of the involved ink dots. 

4.3.1 Demichel equations for random dot placement

One common assumption is that the ink dots for the different ink channels 
(CMY) are placed independently on the substrate. This implies that the 
fractional coverages could be estimated by probability equations, i.e. the 
Demichel equations (Demichel, 1924; Rogers, 1998):
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(4.5)

where ac , am , ay etc are the fractional coverages of the eight Neugebauer 
primaries in CMY printing.  ceff , meff , yeff are the effective coverages of the ink 
cyan, magenta and yellow, respectively, which are estimated by the 
characterized dot gain curve for each ink as discussed in Section 4.1 and 4.2 . 
Demichel equations can be used in the case of FM when the separations are 
halftoned independently.  For AM using suitable angles for different color 
separations, these equations can also be used, as it was discussed by Amidror 
and Hersch (2000).

4.3.2 Dot-on-dot

For dot-on-dot printing schemes, in which different ink dots are printed on top 
of each other,  there are theoretically at most four of the eight Neugebauer 
primaries on the print (Balasubramanian, 1995). 

For example, given the effective coverages ceff meff yeff , there are only
white, cyan, blue and black dots present on the print, and their fractional 
coverages are estimated by Equation 4.6 where ac , ab , ap , ak and ceff , meff , yeff
are the same variables as in Equation 4.5. 

(4.6)
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4.3.3 Dot-off-dot

Regarding dot-off-dot printing, in which different ink dots are printed beside 
each other, it is easier to figure out the fractional coverages when there are 
only two inks involved. For instance, if cyan and magenta are printed by dot-
off-dot, the fractional coverages of the components (blue, cyan, magenta and 
white) are determined by Equation 4.7 where the variables holding the same 
meanings as in Equation 4.6.

(4.7)

When three inks are involved, the fractional coverage of each primary depends 
on the halftoning patterns, and therefore is varying under different conditions 
(Gooran, 2004, 2006). For example, based on Equation 4.7, suppose that the 
yellow dots will be placed in the print in succession. As shown in Equation 
4.7, cyan and magenta printed dot-off-dot implies no bare paper on the print if 
there already exists blue, which happens if ceff + meff > 1. Therefore, the 
fractional coverage of primary black in the final print firstly depends on the 
coverages of cyan and magenta, secondly relies on the pattern of the yellow 
dots i.e. in a stochastic or a regular manner. 

In practice, printers can hardly print ink dots exactly as shown in the bitmaps. 
In other words, dot-on-dot or dot-off-dot is difficult to achieve precisely in 
multi-channel printing. Therefore in most models, the Demichel equations, 
which imply random dot placement, are used to estimate the fractional 
coverages of the components in the print.

4.4 Yule-Nielsen Modified Spectral Neugebauer Model
The Yule-Nielsen model can be extended to be used for color halftone prints 
by combining it with the Neugebauer equations: 

(4.8)
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The fractional coverages ai of the primaries are estimated using the effective 
coverage of the involved inks as introduced in Section 4.3. The effective 
coverage of each ink must be recalculated as long as the n-factor is changed, 
as introduced in the n-factor fitting in Section 4.2.

To give an example, single inked prints using cyan, magenta and yellow, 
respectively, are measured to find out a general optimal n-factor for cyan, 
magenta and yellow. The reference coverages are chosen as [0, 0.25, 0.5, 0.75, 
1] for single inked prints. The obtained general n-factor based on these fifteen 
samples turned out to be 1.8. The corresponding effective coverage values are 
[0, 0.32, 0.65, 0.87, 1] for magenta, no longer the [0, 0.34, 0.67, 0.88, 1] 
which was used in the prediction in Figure 4.5. For cyan, the effective 
coverages of the samples are [0, 0.35, 0.65, 0.88, 1]; and for yellow, [0, 0.35, 
0.65, 0.84, 1]. Two test color patches are printed with ink combination CMY 
= (0.33, 0.66, 0.13) and CMY = (0.66, 0.33, 0.13).

The effective coverage for 33% cyan (or 66% cyan) is obtained by cubic 
interpolation over [0, 0.35, 0.65, 0.88, 1] correlated with [0, 0.25, 0.5, 0.75, 1].
Similar processes are carried out to find the effective coverage for magenta 
and yellow. The fractional coverages of the components (the eight 
Neugebauer primaries) are calculated using Demichel equations. Finally the 
spectra of the test samples are predicted using Equation 4.8, which are shown 
together with their measured counterparts in Figure 4.6.

Figure 4.6: Predicted and measured spectra of samples.
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The results in Figure 4.6 show that color prediction for prints with more than 
one ink is not as accurate as that of single inked prints. The development to 
reduce the color prediction errors based on Yule-Nielsen modified spectral 
Neugebauer model has never stopped. One of those studies is to estimate the 
effective coverage of the involved inks by considering ink superposition on 
the print surface (Hersch and Crété, 2005). In the mentioned model, firstly the 
effective coverage of certain ink is mapped or characterized under different 
dot superposition conditions. This means for each ink there are several 
optional characterization curves. Secondly, the final effective coverage value 
is estimated by summing up the weighted contributions from different curves 
correlated with different superposition conditions.

4.5 Cellular Neugebauer model
As discussed in the Neugebauer model, if three inks are involved in the prints, 
there are eight Neugebauer primaries. The main idea in the Cellular 
Neugebauer model is to introduce additional “primaries” into the Neugebauer 
model by dividing each ink or colorant into sub-colorants, by using special 
reference coverage, such as 50% (Balasubramanian, et al., 1999). For 
example, in Figure 4.7, there are totally 3×9 “primaries” available. The ink 
combination domain is then divided into eight sub-domains or cells. The 
coordinates such as (0.5, 0.5, 0.5) indicates that the current primary is 
composed by 50% cyan, 50% magenta and 50% yellow.  The eight primaries 
on the corners of the whole cube are the original Neugebauer primaries.

The formulation for the Cellular Neugebauer model is the same as Equation 
4.3, but with additional primaries compared to the common eight Neugebauer 
primaries. The appropriate primaries or cell would be selected iteratively in 
the processing according to the reference ink coverage.

Suppose a test sample has the ink combination CMY = (0.33, 0.66, 0.13), 
which means that it locates in the cell that is limited by: cyan [0, 0.5], 
magenta [0.5, 1] and yellow [0, 0.5]. The prediction is then carried out 
using Equation 4.3, in which Ri( ) is calculated by the measured spectral 
reflectance of the selected primaries on the corners of the cell. The effective 
coverage of each primary ai needs to be normalized so that would occupy the 
interval [0, 1] within that cell (Balasubramanian, et al., 1999). For example, 
cyan is simply normalized as follows.

(4.9)
lu

l

cc
ccc
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where c is the estimated value correlated with the reference coverage, 33%, by 
interpolation along the obtained characterized effective coverage curve for 
cyan. The subscript l means the lower value of a limited interval while u 
means the other end of the interval, and cl and cu are the characterized 
effective coverage correlated with reference 0 and 0.5 respectively. Similar 
expressions could be given for the normalization of the effective coverage of 
magenta and yellow. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.7: The primaries in cellular Neugebauer model. 

 

Notice that in regression-based models, interpolation is a necessary operation 
for color prediction. The motivation to apply additional primaries in Cellular 
model is somehow reducing the space over which interpolation is performed 
(Wyble and Berns, 2000). 

In Rossier’s work (2010), the n-factor is brought into the Cellular model, 
leading to the Cellular Yule-Nielsen Neugebauer model. To improve the 
prediction performance, the ink spreading is also considered in that model 
during the estimation of the effective coverage values for each involved ink.  
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4.6 Summary
Color prediction is important for printing device profile making and color 
management between devices. It predicts the color of a print output according 
to the printing conditions. Operationally convenience and high accuracy are 
expected for a perfect color prediction. Color prediction models of first-
principals type are delicate in explaining the light reflection using the 
classical physical theories. However, when facing color printing involving 
different inks and substrates, they have weakness in representing absolute 
identical color prediction. On the other hand, regression-based color 
prediction models are preferred when simplicity and accuracy are emphasized 
in the characterization and calibration of a print device. 

The Yule-Nielsen modified Neugebauer model is a popular regression-based 
color prediction model using the n-factor to take into account the effect of 
optical dot gain. Although the physical meaning of the n-factor is 
controversial, that model is widely accepted due to its accuracy, especially 
when strategies such as cellular model, ink spreading and ink superposition 
etc are applied simultaneously.

In this thesis, a simple color prediction model is proposed, which will be 
introduced in the following chapters. Our study on color prediction inherits 
the basic Neugebauer model. As a new model giving quite satisfying 
prediction accuracy, our study on color prediction differs from the other 
strategies by using multiple characterization curves for each ink without the 
usage of the n-factor.
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As introduced in Chapters 3 and 4, dot gain characterization is an essential 
part of color prediction models. Dot gain generally composes of physical dot 
gain which refers to ink spreading on the print surface and optical dot gain 
which is due to light scattering in the substrate (Namedanian and Gooran, 
2011). Murray-Davies equation is commonly used to estimate the physical dot 
gain. The optical dot gain is commonly approximated by YN model using the 
n-factor (Wyble and Berns, 2000). Since the print measurements are usually 
carried out using optical devices, the effect of the optical dot gain is also 
reflected in the measurement results. Therefore, the effective coverage 
approximated by Murray-Davies equation (Equation 4.1) includes both 
physical and optical dot gain (Gooran, et al., 2009).

5.1 Characterization Curves for Inks 
Neugebauer equation for CIEXYZ values, Equation 4.4, can be written for 
single-ink prints as:

(5.1)

where (Xave, Yave, Zave) is the average CIEXYZ tri-stimulus values of the 
halftone print, (Xi, Yi, Zi) denote the CIEXYZ values of the full-tone ink 
(Cyan, Magenta or Yellow), (Xp, Yp, Zp) denote the CIEXYZ values of the 
substrate (paper), and ai is the effective coverage of the ink. According to 
Equation 5.1, ai shall satisfy the following Equation 5.2. 

(5.2) 

where (Xmea, Ymea, Zmea) are the measured CIEXYZ tri-stimulus of the halftone 
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CIEX, CIEY and CIEZ values, which can be found by inversing Equation 5.2, 
see Equation 5.3:

(5.3)

Suppose that the process inks and substrates are ideal. Figure 5.1 shows the 
spectrum of full-tone ideal cyan and ideal paper over the visible wavelength 
band.

Figure 5.1: Spectra of the ideal full tone cyan and paper, and the CIE1931 color 
matching functions.

It shows that the spectral differences between the ideal full tone cyan and 
paper mostly concentrate within the dominant wavelength scope of the color
matching function )(x . This means that pi YY and pi ZZ , indicating that 

there will be a division by zero ( pi YY and pi ZZ ) in order to find Y
ia and 

Z
ia in Equation 5.3 (Gooran, et al., 2009). Therefore, only the calculated 
X
ia could be taken as the estimated effective coverage of ideal cyan. 

Similar explanations stand for ideal magenta and yellow: it would only be 
possible to find the effective coverage of ideal magenta by using CIEY values 
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and for ideal yellow by using CIEZ values (Gooran, et al., 2009). However, 
the process inks and paper are far from ideal, which results in different values 
for X

ia , Y
ia and Z

ia when (Xmea, Ymea, Zmea), (Xi, Yi, Zi) and (Xp, Yp, Zp) are set in 
Equation 5.3.

5.1.1 Three characterization curves based on CIEXYZ

Equation 5.3 can be rewritten as Equation 5.4. Here cyan is taken as the
example. 

(5.4)

where Xcmea, Ycmea and Zcmea are the measured CIEXYZ values of a halftone 
cyan patch. Xp, Yp and Zp are the CIEXYZ tri-stimulus values of paper while 
Xc, Yc and Zc are those of full tone cyan. X

effc , Y
effc and Z

effc are the effective 
coverage of cyan based on CIEX, Y and Z values respectively, which 
correspond to the reference coverage value of the halftone patch (cref). dgcX,
dgcY and dgcZ denote the dot gain of cyan based on CIEX, Y and Z values 
respectively.

A group of cyan patches with reference coverage cref changing from 0 to 100% 
were printed and measured. Equation 5.4 was then used to find the three 
characterization curves dgcX, dgcY and dgcZ for cyan, which are shown in 
Figure 5.2. The cyan patches were printed using AM600dpi-100lpi halftoning 
and a laser printer (Xerox, Phaser 6180). The three characterization curves for 
magenta and yellow can be obtained similarly.

In Figure 5.2 a “best” characterization curve is also shown, which is denoted 
by dgc-best. This is an optimized curve obtained by:

(1) For a certain patch having reference coverage equal to cref , setting 
besteff
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i caaa in Equation 5.2 to calculate the resulting color by 
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ref
Z

pc

pmeaZ
eff

ref
Y

pc

pmeaY
eff

ref
X

pc

pmeaX
eff

cdgc
ZZ

ZZc
c

cdgc
YY

YYc
c

cdgc
XX

XXc
c



5.1 Characterization Curves for Inks

68

(2) Converting the ),,( calcalcal ZcYcXc obtained by Equation 5.5 to the 
CIELAB values ),,( **

calcalcal baL ;

(5.5)

(3) Converting the measured CIEXYZ values ),,( meameamea ZcYcXc to the
corresponding CIELAB values ),,( **

meameamea baL .

(4) Using the least square method to fix the value of besteffc which 

gives the minimum ELab color difference between ),,( **
calcalcal baL and 

),,( **
meameamea baL .

(5)  Finally, dgc-best is found by refbesteff cc .

Figure 5.2: Characterization curves for cyan based on CIEXYZ values printed by a
laser printer (AM600dpi-100lpi).
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Figure 5.2 clearly shows that the characterization curves for cyan using CIEX, 
CIEY, and CIEZ differ from each other and from the “best” characterization 
curve. The “best” characterization curve for cyan is also closer to that 
obtained by CIEX values, which is what we expected. Similar differences 
exist between the characterization curves for magenta and yellow. Therefore, 
it is not sufficient to define only one characterization curve for each ink to be 
used in the Neugebauer's equations when calculating the color values, which 
has been done in many studies (Gerhardt, 2007; Wyble and Berns, 2000).

Recall the discussion that was brought up at the beginning of this chapter: 
there is actually optical dot gain included in the measurement data. Hence the 
calculated three effective coverage values, X

effc , Y
effc and Z

effc for a certain 
amount of cyan, include both the physical and optical dot gain of cyan. An 
advantageous proposal for color prediction was introduced originally by 
Gooran et al. (2009), in which all the three different characterization curves 
based on CIEXYZ values, instead of a single characterization curve, were
used for each ink. In the case of single inked prints as soon as the ink’s three 
characterization curves are created, three effective coverage values ( X

ia ,
Y
ia and Z

ia ) for any reference coverage would be obtained by interpolation. 
The CIEXYZ tri-stimulus values of the test patch could then be estimated by 
using the three effective coverage values in Equation 5.2, in which the 
CIEXYZ tri-stimulus values of paper and full tone ink are known.

When more inks are involved, Demichel’s equations are used to estimate the 
fractional coverage of each colorant (cyan, magenta and yellow), as well as 
overlapping inks (red, green, blue and black), based on CIEX, Y and Z 
respectively.  Equation 5.6 shows the fractional coverage for pure cyan, 
magenta, blue and paper based on CIEX when there are only cyan and 
magenta involved.   

(5.6)

The equations used to find out the fractional coverage for pure cyan, magenta, 
blue and paper based on CIEY and CIEZ, respectively, are similar to Equation 
5.6.
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The tri-stimulus values (Xcal, Ycal, Zcal) of the print including only cyan and 
magenta then could be calculated by Equation 5.7.      

(5.7)

Xc, Yc and Zc are the CIEXYZ values of full tone cyan, and the indices c, m, b,
p refer to cyan, magenta, blue and paper respectively.  

To evaluate the performance of this simple model, the Yule-Nielsen (YN) 
model is used for comparison. The characterization curve for each ink in the 
YN model was obtained while searching for the “best” value for n-factor, as 
described Section 4.2. The best n-factor and the characterization curve are the 

E94 color difference between the two 
sides in Equation 4.2. Finally, Equation 4.8 is used to predict print colors in 
the YN model. Notice that a general n-factor is required in Equation 4.8. The 
average value of the n-factors which are obtained separately from every 
involved ink is taken as the general n-factor needed in Equation 4.8. The 
required fractional coverage values in Equation 4.8 are estimated by 
Demichel’s equations using the effective coverage values that are obtained by 
interpolation along the best characterization curve for each ink. 

In Gooran’s work (2009), 180 FM patches containing only cyan and magenta, 
and 120 FM patches involving three inks were printed at two resolutions, 
150dpi and 300dpi, using a laser printer (Xerox, Phaser 6180) and office 
uncoated paper. In the case of test prints involving two inks, our model using 

E94 equals to 1.83; while an 
E94 equals to 2.96 was obtained based on YN model. For test prints 

E94 of 4.96, which was 
not as good as that in the case of two inks involved, but still better than the 
value 5.21, which was the result of YN model. To continue the research on 
this approach, more color prints were printed and measured for evaluation. For 
these new test prints, AM halftoning at 150lpi, first generation FM (FM1st), 
second generation FM with big dots, medium dots and small dots (FM2-b,
FM2-m, FM2-s) at 1200dpi were applied and printed using an offset press 
with coated paper. 

All the test prints were measured by a Spectrophotometer (BARBIERI 
electronic Spectro LFP RT) using D50 light source for a 2° observer. The 
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color differences between the predicted and measured values were calculated 
E94 color difference and are shown in Table 5.1. The results from the 

YN model are also shown in this table. In the calculation using the YN model,
the n-factor obtained from cyan training samples is denoted by nc in Table 5.1. 
nm and ny are obtained from magenta and yellow training samples respectively. 
In the final prediction using Equation 4.8, the required n-factor is the average 
value of nc , nm and ny.

94 color difference between the measured and predicted color values 
(offset press, coated paper)

Only Cyan&
Magenta

Yule-Nielsen model our approach
94 n-factor 94

Max Mean nc nm Max Mean
AM1200dpi-150lpi 3.06 1.66 1.9 1.2 3.19 1.72

FM1st1200dpi 9.16 4.67 1.5 1.8 3.88 1.93
FM2-B1200dpi 3.93 2.14 1.9 1.2 4.27 2.45
FM2-M1200dpi 4.28 2.21 2.3 1.3 4.33 2.35
FM2-S1200dpi 5.53 2.81 1.8 1.3 3.87 1.72

Three colors
Yule-Nielsen model our approach

94 n-factor 94

Max Mean nc nm ny Max Mean
AM1200dpi-150lpi 4.47 2.00 1.9 1.2 1 3.96 1.64

FM1st1200dpi 10.21 5.34 1.5 1.8 1 7.48 3.07
FM2-B1200dpi 7.83 2.94 1.9 1.2 1.1 5.99 2.62
FM2-M1200dpi 5.24 2.94 2.3 1.3 1 4.67 2.49
FM2-S1200dpi 5.22 3.10 1.8 1.3 1 4.52 1.94

nc is the n-factor value for cyan, nm for magenta and ny for yellow.

Comparing these results with those from previous experiments using uncoated 
paper and laser printers (Gooran, et al., 2009), we can conclude that our 
simple color prediction model works much better for offset prints. The 
average prediction errors using our approach are less or close to those using 
the YN model. This conclusion stands for almost all the halftone patterns that 
are used in this experiment.

As shown in Table 5.1, when three colors are involved, the color prediction 
errors of AM prints are always smaller than that of the prints using FM 
halftoning while the color prediction errors of FM1st prints are always larger 
than for the other halftone patterns. By checking the “best” characterization 
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curves for cyan using different halftoning, it turns out that the amounts of dot 
gain for different halftoning are in the following order: FM1st > FM2-S > 
FM2-M > FM2- ediction model tends 
to have better performance when halftone patterns with smaller dot gain 
(bigger dots) were used. The same conclusion holds for the YN model.

5.1.2 Ink superposition based characterization curves 

According to the introduced experiments, in most cases, although our original 
model gives smaller color difference compared with YN model, it fails to 
predict the prints containing three inks very well. We sought for appropriate 
modifications to improve our simple model to achieve good accuracy when 
three inks are involved. According to Hersch and Crété (2005) and our 
experiments, dot gain is a complicated phenomenon that, besides ink 
spreading and scattering, is also affected by ink dots superposition. We 
therefore began the study to improve our simple model, by varying the 
effective coverage values in our model based on ink superposition. 

For a better explanation, we define the dot gain effect under different ink 
superposition conditions as different “dot gain action”. There are probably 
several different dot gain actions happening when certain ink droplets are 
placed on the paper. All the possible dot gain actions contribute to the total 
dot gain. Take cyan for example, the possible dot gain actions for cyan are: 
dot gain  when cyan dots are printed on bare paper; dot gain when cyan is 
mixed with magenta; dot gain when cyan is mixed with yellow and when cyan 
is mixed with both magenta and yellow. 

To characterize the effective coverage of a certain ink under different ink 
combinations, hundreds of training samples were printed (Laser printer, 
uncoated paper, FM300dpi). For example, the samples containing cyan and 
magenta were designed to include five groups. One group was composed by 
11 patches with increasing cyan coverage but constant magenta reference 
coverage at 25%. If we use (20, 15, 0) to represent a patch containing 20% 
cyan, 15% magenta and no yellow, the 11 patches are: (0, 25, 0), (10, 25, 0), 
(20, 25, 0),… (100, 25, 0). The other four groups are designed similar to the 
introduced patches above, but the constant amount of magenta on each group 
was changed to 0, 50%, 75% and 100% respectively. 

We define dgionj as the dot gain for ink i when i is mixed with j. Figure 5.3 
shows the characterization curves for cyan when cyan is combined with 
different amount of magenta, which are defined as dgcon25m, dgcon50m, dgcon75m,
dgcon100m based on CIEX, Y and Z values. dgconp refers to the dot gain for cyan 
based on CIEX, Y and Z values when it is printed on bare paper (see the dgcX,
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dgcY and dgcZ in Figure 5.2). dgconm in Figure 5.3d are the characterization 
curves obtained by dgcon25m, dgcon50m, dgcon75m, dgcon100m.

For example, dgcon25m is calculated using Neugebauer's equations (Equation 
5.7) and Demichel’s equations (Equation 5.6). For simplicity, only the 
calculations based on CIEX values are shown in Equation 5.8. 

(5.8)

where X
effc and X

effm are the effective coverage of cyan and magenta correlated 
with their reference coverage values cref and mref (mref equals to 25% in this 
case).  cX, mX, bX and pX are the fractional coverage for pure cyan, pure 
magenta, blue and paper based on CIEX.  Xmea is the measured CIEX value of 
the samples (the 11 patches with increasing cyan but constant reference 
coverage of magenta at 25%). The effective coverage of magenta, X

effm in 
Equation 5.8, is set to be constant for this group of samples and is supposed to 
be fixed in advance by substituting the Xmea , Xm and Xp in Equation 5.9 with 
measurements.

(5.9)

where Xm and Xp are the CIEX values of full tone magenta and paper; Xmea is 
the CIEX value of the magenta patch at 25% reference coverage. Therefore, 

X
effc and X

mcondg 25 , which are the only unknowns in Equation 5.8, are found by 
using the obtained X

effm (by Equation 5.9), the measured Xmea and the given cref.
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 (a)  (b) 

 (c)  (d) 

If we carry out the above calculation using Equation 5.8 for all these 11 
patches, a characterization curve based on CIEX values ( X

mcondg 25 ) is obtained 
and shown in Figure 5.3a. The characterization curves based on CIEX values 
for cyan dgcon50m, dgcon75m and dgcon100m are obtained similarly and are also 
illustrated in Figure 5.3a. Figure 5.3b and Figure 5.3c show the corresponding 
curves based on CIEY and CIEZ values respectively. It is obvious that the 
characterization curves vary when cyan is printed together with different 
amount of magenta.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 5.3: Characterization curves for cyan when it is printed mixed with different 
amount of magenta.   (a) Based on CIEX.   (b) Based on CIEY.    (c) Based on CIEZ. 
(d) Ink superposition based characterization curves for cyan using CIEX, Y and Z. 
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Notice that the curves dgcon25m, dgcon50m, dgcon75m, dgcon100m are characterized 
without considering the effect of ink superposition on magenta. They are used 
to determine three general characterization curves for cyan printed together 
with any amount of magenta. These curves are denoted by dgconm_CIEX,
dgconm_CIEY, dgconm_CIEX and shown in Figure 5.3d. For simplicity, we only 
present how dgconm_CIEX is derived in the following explanation. The 
processing based on CIEY and Z values are similar.

For a certain amount of cyan printed together with magenta, the general dot 
gain of cyan based on CIEX values, X

conmdg , is estimated by using the curves
dgconp, dgcon25m, dgcon50m, dgcon75m, dgcon100m. Take cref = 20% for example, the 
possible dot gain of cyan are X

conpdg , X
mcondg 25 , X

mcondg 50 , X
mcondg 75 and X

mcondg 100

correlated with cref at 20%, which would be figured out by interpolation along 
the curves shown in Figure 5.3a. The value of X

conmdg then is picked from 
these possible dot gain values: X

conpdg , X
mcondg 25 , X

mcondg 50 , X
mcondg 75 and 

X
mcondg 100 . To decide which one that should be used, we collect the 

measurements of the samples: (20, 0, 0), (20, 25, 0), (20, 50, 0), (20, 75, 0), 
(20, 100, 0), which have the same amount of cyan (20%) but different amount 
of magenta. We set X

ionjdg in Equation 5.10 to X
conpdg , X

mcondg 25 , X
mcondg 50 ,

X
mcondg 75 and X

mcondg 100 respectively, resulting in five values for Xcal.

(5.10)

Amongst these five Xcal, the one that has the minimum average difference 
from Xmea for the collected five samples is then selected. The corresponding 
value of X

ionjdg (one of X
conpdg , X

mcondg 25 , X
mcondg 50 , X

mcondg 75 , X
mcondg 100 correlated 

with cref = 20%) is given to X
conmdg . Using the same process, given different 

reference coverage of cyan, a series of X
conmdg can be determined and form the 

curve dgconm_CIEX in Figure 5.3d. The usage of dgconm_CIEX prevents us 
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from taking the effective coverage of cyan from the dgcon75m, even though the 
test sample has 75% magenta. Similarly, characterization curves such as dgcony
and dgconp based on CIEXYZ are obtained, and are generally called the ink 
superposition based characterization curves for cyan. 

Given any ink combination, to figure out the effective coverage of cyan, all 
the ink superposition characterization curves introduced above are applied by 
using probability coefficients. When cyan dots are printed on a surface 
containing magenta, yellow and bare paper, there is a possibility w1 that dot 
gain acts as it does when cyan is printed on bare paper. With the similar 
reasoning, w2 part of the dots would be overlapped with magenta; w3 part of 
the dots might be overlapped with yellow dots and w4 part of it might overlap 
with both magenta and yellow dots. 

The possibility of each “dot gain action”, i.e. w1 to w4, is set to certain 
percentages according to the reference ink combination of the test patch, 
similar to Demichels’ equations. For example, w1 equals to the approximate 
coverage of cyan on bare paper, cref (1- mref)(1- yref)  over the total coverage of 
cyan  cref :

(5.11)

The final effective coverage of cyan based on CIEXYZ correlated with certain 
CMY ink combination is then expressed by Equation 5.12.   

(5.12)
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where dgconmy refers to the characterization curves based on CIEXYZ for cyan 
when it is mixed with magenta and yellow. We consider the dot gain effect of 
cyan mixed with both magenta and yellow (dgconmy) to be the co-effect of 
dgconm and dgcony conyconmconmy dgdgdg )1( . For 
general calculation, we set )( refrefref ymm for cyan, and therefore 
Equation 5.11 and 5.12 are combined to Equation 5.13.

(5.13)

Equation 5.13 indicates that the same cref, under different ink combinations 
with magenta and yellow, could correspond to different effective coverage of 
cyan. The ink superposition based characterization curves for other primary 
inks are fixed similarly. 

The usage of ink superposition based characterization curves were tested by 
using the same laser printer (Xerox, Phaser 6180) and normal office uncoated 
paper.  There were totally 308 patches containing three inks and another 275 
patches containing only two inks. The patches were halftoned using FM1st at 
300dpi and AM at 600dpi-100lpi. Table 5.2 shows the E94 color difference 
between the measurement and the predicted color values by our approach 
considering ink superposition. 

The YN model and our basic models were also used in order to evaluate the 
results of the proposed modification. The resulted average E94 color 
difference from our model is decreased from 4.75 to 3.44 for AM600dpi prints 
and from 4.48 to 3.77 for FM300dpi prints involving three inks. The results 
are also better than those of the YN model. Considering the fact that the 
measured values for paper at different positions on the same sheet sometimes 

E94 being around 1, the average results in Table 
5.2 using our approach are acceptable.

ref
Z
cony

Z
conm

Z
conp

Z
eff

ref
Y
cony

Y
conm

Y
conp

Y
eff

ref
X
cony

X
conm

X
conp

X
eff

cdgwdgwdgwc

cdgwdgwdgwc

cdgwdgwdgwc

www
www

ww

321

321

321

4)1(33
422

11



5.1 Characterization Curves for Inks

78

94 color difference between the measured and predicted color values 
(Laser printer, uncoated paper)

Only two inks Yule-Nielsen 
model

our basic approach Ink superposition 
based curves

94 94 94
Max Mean Max Mean Max Mean

AM600dpi 8.00 3.87 8.33 2.81 6.02 2.02
FM1st300dpi 9.56 3.78 7.87 2.39 7.89 1.98

Three inks
CMY

Yule-Nielsen 
model

our basic approach Ink superposition 
based curves

94 94 94
Max Mean Max Mean Max Mean

AM600dpi 12.26 4.92 13.66 4.75 9.87 3.44
FM1st300dpi 13.14 4.81 12.44 4.48 11.53 3.77

For YN model,  nc =10, nm =3.5, ny=1 from FM1st prints;
nc =1.8, nm =3.2, ny=1 from AM prints;

5.2 Effective Coverage Map based on CIEXYZ
As shown in Section 5.1 the prediction errors were reduced by taking into 
account the effect of ink superposition. However, as shown in Table 5.2, 
although the average color differences are acceptable, the maximum color 
difference between predicted and measured values for prints involving three 
inks are still beyond an acceptable level. Therefore, it is obvious that our 
model requires further modification for improvement. Since it was shown in 
Secion 5.1 that ink superposition affects the dot gain behavior and using 
characterization curves based on CIEXYZ values gives better color prediction 
than YN model in most cases, the further modifications of our basic color 
prediction model should inherit two essential principles: 

(1) Characterizing the dot gain behavior of each primary ink by three 
curves based on CIEX, Y and Z values.

(2) The effective coverage values for a certain amount of primary ink 
are dependent on the ink superposition. 

To focus on the second principle, it is possible to modify the ink superposition 
based characterization curves for the primary inks. According to the 
experiments, the effective coverage of a certain amount of primary ink, say 
cyan, varies irregularly when there are different amount of magenta and 
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yellow involved (Qu and Gooran, 2012). In order to obtain correct effective 
coverage values, a number of training samples are designed using some 
special ink combinations, evenly distributed in ink combination but less in 
number compared with those used in Section 5.1 for the ink superposition 
based characterization curves. We chose [0, 25%, 50%, 75%, 100%] as the 
reference coverage for each ink, giving a total of 125 different combinations 
of the primary C, M and Y inks. The reference ink combination for each 
training patch is the collections of reference ink coverage value for cyan, 
magenta and yellow on the patch. 

If we define a map in a coordinate system whose three axes refer to the 
reference ink coverage of the three primary inks, the map then looks like a 
cubic box with 125 points located spatially uniform in the coordinate system; 
each point represents a training sample and its coordinates correspond to the 
three reference coverage values. The map is created by filling each point with 
three effective coverage values based on CIEX, Y and Z values for each 
involved primary ink. We call this map the effective coverage map. We define 
“mapping” as the process to fill each point in the map with the estimated 
effective coverage values of the primary inks on the corresponding training 
sample. The mapping is carried out based on CIEXYZ tri-stimulus values, 
resulting in three effective coverage values for each ink. Therefore there are 9 
effective coverage values estimated on each point in the map, i.e. each training 
sample that is used to form the map.  

During the mapping, the training samples involving one or two inks are treated 
differently from those involving three inks.

5.2.1 One and two inks involved --The 2-D effective coverage grid 

In our model, training samples involving only one ink is treated the same way 
as patches with two inks where one of the effective coverage is set to zero. For 
the training samples involving only 2 inks, say cyan and magenta, the effective 
coverage values should satisfy Equations 5.6 and 5.7, which are combined in 
Equation 5.14. For simplicity, here we only focus on the calculation based on 
CIEX.

In Equation 5.14, X
effc and X

effm are the effective coverage of cyan and magenta 
based on CIEX. cX, mX, bX, pX are the fractional coverage of pure cyan, pure 
magenta, blue and paper, respectively. Xmea refers to the measured CIEX 
stimulus value of the training sample. Xc, Xm, Xb and Xp are the CIEX values of 
full tone cyan, full tone magenta, full tone blue and bare paper, respectively.
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(5.14)

In Equation 5.14, both X
effc and X

effm are unknown. For prints with only one ink, 
for example only 25% cyan, it is logical to set X

effm equal to 0 in Equation 
5.14. For prints with one halftone ink together with full tone of the other ink, 
for example 25% cyan together with full tone magenta, it is logical to set X

effm

equal to 1 in Equation 5.14. Then for both examples the other unknown, 
here X

effc , could simply be obtained by solving Equation 5.14.

In general cases, i.e. when none of the two unknowns are 0 or 1, there might 
be numerous pairs of values for X

effc and X
effm that satisfy Equation 5.14. The 

approach to fix an individual set of effective coverage values for the involved 
inks is explained as follows. 

Take the training patch (cref =0.5, mref =0.25) as an example, recall that X
effc

refers to the effective coverage of cyan based on CIEX. Although X
effc (when 

cref =0.5, mref =0.25) differs from X
effc (when cref =0.5 and mref , it should 

be close to X
effc (when cref =0.5, mref =0) and X

effc (when cref =0.5, mref =0.5)
because they have the same reference coverage for cyan and they are two of 
the closest neighbors to the point (cref =0.5, mref =0.25) in the map. A point is 
a neighbor of another point if they have one element in their reference ink 
combination in common. Similarly, the effective coverage of 25% magenta 

X
effm (when cref =0.5, mref =0.25) differs from but should be close to X

effm (when
cref =0.25, mref =0.25) and X

effm (when cref =0.75, mref =0.25). 

Figure 5.4 shows a 2-D effective coverage grid for the cases when cyan and 
magenta are involved in the prints. If we change cyan or magenta to yellow, 
except the measurement data, nothing else will change in the processing. For 
simplicity, we only focus on the process for effective coverage based on 
CIEX; the same process is carried out using CIEY and CIEZ values in the 
execution of our approach. 
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The grid in Figure 5.4 includes all the training samples that involve only cyan 
and magenta. The points on the borders (Step 1, marked by star in Figure 5.4) 
are actually the training samples with single ink or one halftone ink together 
with full tone of the other ink. As described before, it is easy to find the 
effective coverage of cyan and magenta for those points because the effective 
coverage of one of the inks is either 0 or 1. The points inside the grid are filled 
with the effective coverage values for each involved ink according to the 
effective coverage values on their neighboring points. The mapping continues 
to fill the points on the corners of the inner-grid (Step 2). Then it fills the 
other points on the borders of the inner-grid (Step 3) and finally fills the 
central point of the grid (Step 4). A thorough description of the mapping is 
given in steps.

Figure 5.4: 2-D effective coverage grid for the training samples with only cyan and 
magenta.

Step 1.  For the points marked by on the borders of the grid, theoretically at 
least one of their two effective ink coverage is equal to 0 or 1. 
Therefore the effective coverage of the other ink could be calculated 
easily using Equation 5.14 as discussed before. 

In the practical process, due to the possible measurement error or 
unstable printing, the calculated effective coverage value might be 
out of [0, 1]. The proposed model is tolerant to that but with the 
following limitations.
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effective coverage – – 0.2 and  

.

If the calculated values do not follow the limitations, we force them 
to obey the requirements at the expense of dissatisfying Equation 
5.14. Once a set of effective coverage values have been found for a 
certain point, it is marked to show that it has already been filled. 

Step 2. After Step 1, the mapping goes to the points on the corners of the 3×3 
inner-grid. These points, which are marked by     in Figure 5.4, have 
two neighbors that were filled previously in Step 1. Recall that two 
points are neighbors if they are horizontally or vertically adjacent.

These two neighboring points might be located (up and left), (down 
and left), (up and right), (down and right) to the points in Step 2, see 
Figure 5.4. The effective coverage values of their already filled 
neighbors are used to limit the searching area within which we find a 
suitable pair of X

effc and X
effm that fit Equation 5.14. Figure 5.5 is a 

framework to form a limited searching area for general cases, 
including all the points in Steps 2, 3 and 4. It doesn’t execute on a 
point in the map unless the point has at least two filled neighbors. 

Since we only focus on the procedures based on CIEX, ceff and meff in Figure 
5.5 refer to X

effc and X
effm respectively.  All of the four neighbors of a certain 

point are mentioned in Figure 5.5, but not all of them will be considered to fix 
ceff_max, ceff_min and meff_max, meff_min since some of these four might not have 
been filled yet. For example in Step 2, meff_right and ceff_up are still unknown for 
point (cref =0.25, mref =0.75), which means ( 1

effc , 1
effm ) and ( 2

effc , 2
effm ) are 

unknown, then ceff_max = max ( 3
effc , 4

effc ) replaces ceff_max= max ( 1
effc , 2

effc

, 3
effc , 4

effc ) in Figure 5.5. Similar reasoning is also valid for ceff_min, meff_max and 
meff_min.

To give an example explaining how to fill the points in Step 2, take the point 
(cref =0.25, mref =0.75) for instance, which is labeled with in Figure 5.4. 
The effective coverage of 75% magenta meff (cref =0.25, mref =0.75) should be 
close to 1

effm and 3
effm in Figure 5.5: 

1
effm is equal to meff_right, which is the value of meff for the right neighbor 

of point . The mentioned right neighboring point (labeled with 
in Figure 5.4, cref =0.5, mref =0.75) has not been filled in the 
previous step, therefore 1

effm is unknown.
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3
effm is equal to meff_left,  which is the value of meff for the left neighbor of 

point . The mentioned left neighboring point (labeled with in 
Figure 5.4, cref =0, mref =0.75) is already filled in Step 1 (assume that 
its value is 0.888), therefore 3

effm =0.888. 

Figure 5.5: Searching area for the effective coverage of cyan and magenta. For 
simplicity ceff and meff refer to X

effc and X
effm respectively.

Meanwhile, the effective coverage of 25% cyan ceff (cref =0.25, mref =0.75) 
should be close to 2

effc and 4
effc in Figure 5.5:

2
effc is equal to ceff_up, which is the  value of ceff for the up (above) 

neighbor of point . The mentioned up neighboring point (labeled 
with in Figure 5.4, cref =0.25, mref =0.5) has not been filled in the 
previous step, therefore 2

effc is unknown;

4
effc is equal to ceff_down, which is the value of ceff for the down (below) 

neighbor of point . The mentioned down neighboring point 
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(labeled with in Figure 5.4, cref =0.25, mref =1) is already filled in 
Step 1 (assume that its value is 0.413); therefore 4

effc =0.413.

Use Equation 5.14 and Xmea (the measured CIEX value for the patch (cref

=0.25, mref =0.75)), and set ceff = 4
effc = 0.413 to get a value for meff which is 

4
effm = 0.869. Similarly, we can get 3

effc = 0.387 when 3
effm = 0.888 is put in 

Equation 5.14. Therefore the searching area for ceff (cref =0.25, mref =0.75) is 
from ceff_min= 0.387 to ceff_max = 0.413, and for meff (cref =0.25, mref =0.75) is 
from meff_min= 0.869 to meff_max = 0.888.

Within the limited searching area of effective coverage of cyan and magenta, 
we find those pairs of (ceff , meff) that give calculated CIEX value with a 
maximum difference of 0.05 to the measured Xmea, see the text block for 
Operation1 and Operation2 below. 

Operation1

Limit ceff (ceff_min , ceff_max) ;     meff (meff_min , meff_max) .

Within the limited area, find pairs of (ceff , meff)  that fit Equation 
5.14 with an error less than 0.05; 

If there is no fit within the limited area, pick the pair of (ceff*, meff*) 
that produces the closest CIEX value to the measured CIEX, using 
Equation 5.14. Then do Operation2.

If there are several pairs that fit, pick the one pair which is medially 
located inside all of the effective coverage pairs for cyan and 
magenta: ( 1

effc , 1
effm ), ( 2

effc , 2
effm ), ( 3

effc , 3
effm ) and ( 4

effc , 4
effm ), which 

all fit Equation 5.14. Mark this point to show it is filled.

In the above example since there are many pairs which fit the requirement, the 
pair that gives the minimum sum of the distances to ( 3

effc , 3
effm ) and ( 4

effc ,
4
effm ) is chosen. If there is no result fitting the requirement in the limited 

searching area, we enlarge or shift the searching area, see Operation 2.

Operation2

Set ceff = ceff* in Equation 5.14 and find out the value of the 
unknown variable, i.e. meff. Denote it by meff **;

Set meff = meff* in Equation 5.14 and find out the value of the 
unknown variable ceff, this time; denote it by ceff **.

Now set:  ceff _min=min (ceff *, ceff **);  
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ceff _max=max (ceff *, ceff **) ;

meff _min=min (meff *, meff **) ;  

meff _max=max (meff *, meff **)  and do Operation 1.

If Operation2 goes more than 5 times without results, set ceff = the 
latest ceff*; meff = the latest meff *. Mark this point to show it is filled 
and go to the next point.

It should be noticed that ( i
effc , i

effm ) for i=1, 2, 3, 4 always satisfy Equation 
5.14 so they are obviously chosen during Operation1. In order not to have 
equal effective coverage of two neighbors these pairs are excluded from the 
possible choices for (ceff , meff)  in Operation1.

Step 3. The other four points on the borders of the inner-grid are marked by 
triangles in Figure 5.4. These points have three neighbors that are 
already filled in Step 1 and Step 2. The same processes explained in 
Figure 5.5 and Operation1 and Operation2 are applied to fill these 
points on the grid with effective coverage values.

Step 4. The number of unfilled points decreases and finally the step comes to 
the central point whose four neighbors are filled in Step 3. The same 
processes explained in Figure 5.5 are then carried out to fill this 
point.

Two other 2-D effective coverage grids are similarly created for cyan-yellow 
and magenta-yellow. Given any reference ink coverage combination involving 
only 2 inks, the effective coverage values of the two primary inks could be 
obtained by cubic interpolation over those 2-D effective coverage grids.

5.2.2 Three inks involved --The effective coverage map

When it comes to the training samples involving three inks, the mapping will 
be slightly different. Firstly, Equation 5.14 is changed to Equation 5.15 (here 
we just show the equation based on CIEX).

In Equation 5.15 X
effc , X

effm and X
effy are the wanted effective coverage based 

on CIEX for cyan, magenta and yellow; cX, mX, yX, rX gX, bX, kX and pX are the 
fractional coverage for pure cyan, magenta, yellow, red, green, blue, black 
and paper respectively. Xmea refers to the measured CIEX stimulus value of a 
certain patch. Xc, Xm, Xy, Xr, Xg, Xb, Xk and Xp are the CIEX values of each full 
tone primary colors, secondary colors, black and paper.
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(5.15)

Secondly, the 2-D effective coverage grids explained in Section 5.2.1 are used 
to set the limited searching area for the involved primary inks. Figure 5.6 
shows how to fill the effective coverage map.

As shown in Figure 5.6, for each patch with (cref, mref, yref) the effective 
coverage grids are used to calculate the effective coverage of two of the three 
effective coverage values: 1

effc and 1
effm , 2

effm and 2
effy , 3

effc and 3
effy . These two 

effective coverages are set in Equation 5.15 to find the effective coverage of 
the third ink. Then the three groups of found effective coverages, 
( 1

effc , 1
effm , effy ), ( 2

effm , 2
effy , effc ) and ( 3

effc , 3
effy , effm ), can be used in Operation3

in Figure 5.6 to set the searching area. The same processes are carried out to 
fill the points in the map with effective coverage values of each ink based on 
CIEY and CIEZ respectively. 

When every single point in the map has been filled with the effective coverage 
values for three primary inks based on CIEXYZ, the effective coverage map is 
built, which actually includes all the training samples in the 2-D grids. Given 
any ink combination, the corresponding effective coverage based on CIEXYZ 
could be found by cubic interpolation over the map. Demichel’s equations for 
three inks are then used to estimate the fractional coverage over each patch 
using CIEX, Y and Z for each primary and secondary ink. 
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Figure 5.6: Framework for creating the 3-D effective coverage map.

The predicted tri-stimulus values could finally be calculated by Equation 5.16.

(5.16)
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For training samples, which are the points in the map, the effective coverage 
values of primary inks are constrained to fit Equation 5.14 or Equation 5.15.

E94 color differences between the predicted and measured values 
are very small for those 125 training samples.

Notice that the effective coverage map is different from the cells in the 
Cellular Yule-Nielsen modified Neugebauer (CYNN) model. The eight 
corners of a cell in the CYNN model illustrate the eight so-called sub-
Neugebauer primaries, which are chosen as supplementation besides the 
normal eight Neugebauer primaries (cyan, magenta, yellow, blue, red, green, 
and black) in the Neugebauer equation. Additionally, the CYNN model 
normalizes the ink coverage values within [0, 1] in the chosen sub-domain, 
while the proposed effective coverage map does not.

5.2.3 Experiments and results

The effective coverage map was applied to a number of test samples: 729 
special patches with reference primary ink coverage picked from [0, 0.13, 
0.25, 0.38, 0.5, 0.63, 0.75, 0.88, 1], and 519 patches with random reference 
ink combinations. A laser printer (Xerox, Phaser 6180) and uncoated A4 paper 
were used. The prints used Amplitude Modulated (AM) and first generation 
Frequency Modulated (FM1st) halftone pattern, with the print resolution and 
screen frequency of 600dpi-100lpi and 300dpi-100lpi for AM, and 300dpi for 
FM1st. For the AM halftoning, circular dots and different screen angles for 
cyan, magenta and yellow (15° for cyan, 75° for magenta and 0° for yellow) 
were used. For FM halftoning, we used the method described in Gooran’s 
work (2004). 

Notice that the AM halftoning was implemented using Photoshop, in which 
the AM halftoning is not exactly as that was introduced in Section 3.2.2. For 
example, AM300dpi-100lpi implies that only 10 gray levels (0, 1/9, 2/9, …,1) 
are reproducible by halftoning according to Section 3.2.2, and therefore the 
reference ink coverage such as 0.63 is hardly to be reproduced precisely. 
However, by counting the fractional coverage of dots on the bitmap resulted 
from halftoning using Photoshop, the fractional coverage for 0.63 turned out 
to be 0.6314, which is close to 0.63. This shows that the probable errors that 
are brought to the dot gain characterization because of the quantization error
in the halftoning step are negligible.

The prints were measured by a Spectrophotometer (BARBIERI electronic 
Spectro LFP RT) using D65 light source for a 2° observer. The training 
samples were included in those 729 special patches mentioned above. As 
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introduced in Section 5.2.2, the reference coverage of training samples were 
picked from [0, 0.25, 0.5, 0.75, 1], which means a total of 125 training 
samples. The model is flexible to choose [0, 0.25, 0.63, 0.88, 1] or [0, 0.25, 
0.5, 0.75, 0.88, 1] instead of [0, 0.25, 0.5, 0.75, 1] as the reference coverage 
for the training samples. However, we will present the results of using the 
medial series of [0, 0.25, 0.5, 0.75, 1].

The improved Yule-Nielsen modified spectral Neugebauer (IYNSN) model, 
which was introduced by Hersch and Crété (2005), was applied to help 
evaluate our color prediction model. Hersch and Crété used a special effective 
dot surface coverage computation model, in which the effective coverage 
values were found by iteratively weighting the contributions of different 
superposition conditions. The n-factor used for the IYNSN model was 
optimized using 44 training samples and then was used to predict the colors of 
the test samples (Hersch and Crété, 2005). The IYNSN model is operated 
based on spectral reflectance while our proposed model is using CIEXYZ 
values. During the measurement, spectral reflectance and CIEXYZ values 
were obtained at the same time. The spectral reflectance used in the IYNSN 
model is recorded at every 10nm from 380nm to 730nm.

The color prediction errors for the two models are listed in Table 5.3. To give 
a compact table head, the phrase effective coverage map is abbreviated as
“ecMap” if it is involved in the tables in the current and following chapters. In 
the experiment, the test prints were classified into four groups according to 
their halftoning and arrangement on the print sheet, as shown in the first 
column in Table 5.3.  In each group, the color difference for the 1248 test 
patches were divided into 5 teams: ‘Special (729)’ refers to those 729 special 
patches, including the 125 training samples, and the other 604 test patches 
located as far apart as possible from its nearest training points in the effective 
coverage map coordinate system; ‘Random (519)’ refers to those patches with 
random reference ink coverage values; ‘1-2 colors (244)’ refers to those 
patches that involve only 1 or 2 inks, they were totally 244, amongst which 61 
were training samples. They were used to check the performance of the 2-D
effective coverage grids. ‘3 colors (1004)’ refers to patches involving 3 inks, 
they were totally 1004 and finally ‘All (1248)’ refers to all 1248 patches. 

In Table 5.3, E94 color differences, the 
numbers of patches for which the E94 color differences exceed 3 and 4 are 
also shown. By looking at the results for print group No.1 (AM600dpi-100lpi), 
it is noticed that the average E94 color difference for all the patches is 1.30 
and the maximum E94 color difference is 4.94 for the proposed model. The 
IYNSN model gives 1.78 and 6.84 for average and maximum E94 color 
difference, respectively. 
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94 color difference between the measured and predicted color values

94

Our model using 
ecMap

IYNSN
model*

Max Mean >3 >4 Max Mean >3 >4

Without n-factor n=2.0
Group 
No.1
AM
600dpi
100lpi

Special (729) 4.94 1.09 30 5 6.84 1.62 77 29
Random (519) 4.74 1.59 35 6 6.17 2.01 93 30
All (1248) 4.94 1.30 65 11 6.84 1.78 170 59
1-2colors (244) 3.19 0.71 1 0 3.48 1.12 3 0
3 colors (1004) 4.94 1.44 64 11 6.84 1.94 167 59

Without n-factor n=2.2
Group 
No.2
AM
300dpi
100lpi

Special (729) 4.48 0.98 18 3 5.87 1.51 64 14
Random (519) 4.91 1.59 36 8 5.96 1.75 43 9
All (1248) 4.91 1.23 54 11 5.96 1.61 107 23
1-2colors (244) 2.97 0.67 0 0 3.82 1.14 2 0
3 colors (1004) 4.91 1.37 54 11 5.96 1.73 105 23

Without n-factor n=2.0
Group 
No.3
Different 
order 
than
No.1

Special (729) 4.91 1.09 19 2 7.48 1.91 105 34
Random (519) 4.68 1.52 31 7 5.40 2.04 79 21
All (1248) 4.91 1.27 50 9 7.48 1.96 184 55
1-2colors (244) 3.13 0.76 1 0 4.71 1.31 11 1
3 colors (1004) 4.91 1.40 49 9 7.48 2.12 173 54

Without n-factor n=2.6
Group 
No.4
FM1st
300dpi

Special (729) 6.62 1.29 51 15 8.44 1.77 86 28
Random (519) 6.79 2.13 100 36 6.55 2.15 105 27
All (1248) 6.79 1.64 151 51 8.44 1.93 191 55
1-2colors (244) 6.27 0.89 8 3 5.02 1.29 8 2
3 colors (1004) 6.79 1.82 143 48 8.44 2.08 183 53

ecMap -- effective coverage map

* A great appreciation should be delivered to Professor Roger D. Hersch, for his useful 
feedbacks to our questions. A grateful acknowledgement to the Peripheral Systems 
Laboratory in Switzerland (EPFL, http://lsp.epfl.ch/page34136.html) for offering us 
their Matlab programming package for the improved Yule-Nielsen modified spectral 
Neugebauer model.
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The same halftoning (AM600dpi-100lpi) were applied to the print group No.3, 
but the color samples were placed in different order compared with group No. 
1. The results presented in Table 5.3 for group No. 3 are quite close to that for 
group No. 1 for our model. For the IYNSN model the results become worse. 

Prints in group No.2 using AM300dpi-100lpi have bigger microdots than the 
prints in group No.1 and No.3 using AM600dpi-100lpi. The results for print 
group No. 2 are close to that for group No. 1 and No. 3 but with smaller 
maximum error for ‘1-2 colors (244)’. The results show that our model works 
with no significant difference for AM prints using different screen 
frequencies. 

The dot gain of FM1st300dpi print is found to be generally larger than that of 
AM prints in this experiment. In addition, the characterization curves for inks 
using FM1st prints are wavy as the reference ink coverage increases, which 
illustrates that the dot gain for the inks is frail to be disturbed during printing. 
This might be the reason E94 color differences for group No.4 using 
both models are worse than AM prints (group No.1, 2, 3). 

The above results show that the effective coverage map, which is used to find 
the effective coverage of the primary inks based on CIEX, Y and Z values, 
works well in color prediction for prints using AM600dpi, FM1st300dpi
halftoning. The presented map is simple and running fast. The whole mapping 
procedure only takes a few seconds.

5.3 Training Samples
It is necessary to mention that 125 training samples were used to create the 
effective coverage map in our color prediction model. From the number aspect 
of the needed training samples, 125 is not so compact compared with the 44 
training samples required in the IYNSN model. In this section, a general 
procedure to reduce the number of the training samples, while keeping the 
good performance of our color prediction model, is introduced.

Two print devices are used in this refining work: the same laser printer and 
paper that were used in previous sections; and an inkjet printer (Epson Stylus 
PRO 4000) with photo quality ink jet paper. AM600dpi-100lpi is chosen to be 
the print resolution and screen frequency for the prints. 519 test patches with 
random reference coverage values are printed. In addition, 729 patches whose 
reference coverage of each primary ink is chosen from [0, 0.13, 0.25, 0.33, 
0.5, 0.66, 0.75, 0.88, 1] are also printed. 

The reason to use [0, 0.13, 0.25, 0.33, 0.5, 0.66, 0.75, 0.88, 1] is that the series 
[0, 0.25, 0.5, 0.75, 1], which was chosen to create the training samples in 
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previous work, is the medial series with five elements varying from 0 to 1. 
The series [0, 0.33, 0.66, 1] is the medial series with four elements increasing 
from 0 to 1. The value 0.13 is the middle value between 0 and 0.25 and 0.88 is 
the middle value between 0.75 and 1. Those two reference coverage present 
lower and higher shade of a single ink channel respectively and therefore 
might be necessary during characterization. To summarize, the mentioned 9 
values are all good candidates for reference coverage of the training samples. 

First of all, the performances of our model and the IYNSN model are 
evaluated using all the random test patches from the two print devices. The 
obtained E94 color differences between predicted and measured values are 
presented in the first two columns in Table 5.4. 

Table 5.4 94 color difference between measured and predicted color values of 
519 random AM600dpi-100lpi test patches

94 Our model using 
ecMap

IYNSN model Our model using 
ecMap

a
[0, 0.25, 0.5, 0.75, 1]; n= 2.1 [0, 0.33, 0.66, 1];

Mean Max >3 >4 Mean Max >3 >4 Mean Max >3 >4
1.41 4.55 25 7 1.59 6.53 40 12 1.59 5.43 36 8

b
[0, 0.25, 0.5, 0.75, 1]; n= 2.9 [0, 0.33, 0.66, 1];

Mean Max >3 >4 Mean Max >3 >4 Mean Max >3 >4
1.49 4.25 17 2 1.80 5.73 52 12 1.91 5.35 65 13

Training coverage:   [0, 0.25, 0.5, 0.75, 1], [0, 0.33, 0.66, 1].
a -- Laser printer and A4 copy paper. b -- Inkjet printer and Photo quality inkjet paper.
ecMap -- effective coverage map.

Considering the structure of the effective map in our model, the 
straightforward strategy to reduce the number of the training samples is 
actually to cutting down the number of the reference coverage values on each 
coordinate axis in the map. Therefore [0, 0.33, 0.66, 1] is used as the reference 
coverage values for the training samples to evaluate the performance of our 
model. This process reduces the number of training samples from 125 to 

E94 color difference by using [0, 0.33, 0.66, 1] in 
our model are presented in the last column of Table 5.4. It shows that for the 
test patches printed by laser printer on A4 copy paper, using [0, 0.33, 0.66, 1] 
in our model worsens the prediction results compared with the case where [0, 
0.25, 0.5, 0.75, 1] is used. However, our model still gives better results than 
the IYNSN model.  For the test prints using inkjet printer and photo quality 
ink jet paper, using [0, 0.33, 0.66, 1], the E94 color difference gets worse than 
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that of our model using [0, 0.25, 0.5, 0.75, 1] but is close to that of the IYNSN 
model.

For further investigation, the 9 single inked patches with reference ink 
coverage [0, 0.13, 0.25, 0.33, 0.5, 0.66, 0.75, 0.88, 1] are studied. The 
measured CIEXYZ values of these patches are used to find out the 
characterization curves for each primary ink. Figure 5.7 illustrates the 
characterization curves for cyan, magenta and yellow printed using the two 
mentioned print devices. 

Figure 5.7: Characterization curves for: (a) Cyan. (b) Magenta.  (c) Yellow. 
(AM600dpi-100lpi) based on CIEXYZ, using laser printer (solid curves) and inkjet 

printer (dashed curves).

(c)

(a) (b)
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In Figure 5.7, the characterization curves for a certain ink using two different 
print devices are presented in one window. It shows that the characterized dot 
gain of cyan and yellow for the test laser printer are generally bigger than that 
for the test inkjet printer. The characterized dot gain of magenta for the two 
print devices is close to each other. It can also be noticed that the 
characterization curves for the three inks from inkjet printer (photo quality ink 
jet paper) are not as symmetrical around 0.5 as the curves for laser printer 
(normal A4 copy paper).

For the test inkjet printer, the reference coverage which produces bigger dot 
gain is shifted to the left compared with that for the laser printer. This brings 
up the idea that for the test inkjet printer, the series [0, 0.25, 0.66, 1] might be 
more suitable than [0, 0.33, 0.66, 1] to be the reference coverage values for the 
training samples. 

5.3.1 Reducing the number of training samples

Based on the properties of the characterization curves in Figure 5.7, a general 
procedure is proposed to reduce the number of training samples and find the 
best combination of coverage for each primary ink.

(1) Print a group of patches with single halftone cyan, magenta and yellow, 
each with the reference coverage [0, 0.13, 0.25, 0.33, 0.5, 0.66, 0.75, 0.88, 1]. 

(2) Set the preferred number of reference coverage values, n, for each ink. For 
example: less than 4 reference coverage values are wanted to create at most 
4×4×4 = 64 training samples.

The possible series of values from [0, 0.13, 0.25, 0.33, 0.5, 0.66, 0.75, 0.88, 1] 
are picked obeying two rules: First, the value 0, which means white paper, and 
the value 1, which means full-tone ink, should always be chosen. Second, in 
order to avoid the training coverage to be too close to each other or too far 
away from each other the distance between two neighboring values should be 
between 1

1
2
1

n and 1
1

2
3

n . Where 1
1

n is the average distance between two 
neighbors if the number of the elements is limited to n.

The possible series with 4 or 3 elements for each ink are shown in Table 5.5. 
They are automatically chosen in our model.

(3) For each ink, use the possible series to predict the color of the other single 
inked samples of the same ink.

For example, use the series No.1, [0, 0.25, 0.66, 1] in Table 5.5, as the 
reference for the training samples to predict the color for the rest of the 
samples, i.e. those with the reference coverage [0.13, 0.33, 0.5, 0.75, 0.88]. 
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This is done by firstly characterizing three curves for each primary ink based 
on CIEXYZ tri-stimulus values using the 4 patches [0, 0.25, 0.66, 1]. Then
find the three effective coverage values correlated with different amount of 
reference ink (in this case [0.13, 0.33, 0.5, 0.75, 0.88]) by interpolation. 
Notice that this is done for cyan, magenta and yellow separately. The same 
process is repeated for the other possible series, i.e. series No.2 to 6 in 
Table5.5.

Table 5.5: The reference coverage value sets with less than 5 elements

Series
No.

Number 
of 
Elements

Possible Reference
Coverage Values

mean 94
a b

C M Y C M Y
1 4 [0, 0.25, 0.66, 1] 0.70 0.60 0.81 0.38 0.40 0.41
2 4 [0, 0.33, 0.66, 1] 0.61 0.61 0.76 0.49 0.49 0.52
3 4 [0, 0.33, 0.75, 1] 0.59 0.52 0.77 0.50 0.50 0.52
4 3 [0, 0.33, 1] 0.84 1.34 0.63 1.27 3.66 1.25
5 3 [0, 0.5, 1] 1.08 0.88 0.77 0.74 2.61 0.76
6 3 [0, 0.66, 1] 0.84 0.83 0.76 0.78 2.61 0.84

CMY-- cyan, magenta, yellow;
a--Laser printer and A4 copy paper;
b--Inkjet printer and Photo quality inkjet paper.

Since the test patches are single inked, the average color of the test patches 
could be calculated by Equation 5.2 based on CIEXYZ. Table 5.5 also records 
the average E94 color differences ( 94) between the measurements and 
predicted color values that were obtained by using different reference 
coverages for each primary ink for the two different print devices. 

We then choose the best reference coverage values for the possible series 
according to 94. Take cyan printed by laser printer for example, the 
results in Table 5.5 shows that [0, 0.33, 0.75, 1] gives the smallest 94,
therefore [0, 0.33, 0.75, 1] might be the most suitable series for cyan in this 
case. Similar process is carried out for magenta and yellow patches printed by 
the two devices. 

All the average E94 color differences ( 94) for different inks, printers 
and possible series are presented in Table 5.5. They are used to find out the 
suitable series of reference coverage values with 4 or 3 elements for each 
situation. For simplicity, refc, refm, refy are used to denote the chosen series 
of reference coverage values for cyan, magenta and yellow, respectively.
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5.3.2 Experiment and discussion 

The suggested reference coverage values, refc, refm and refy, are listed in 
Table 5.6 according to the results in Table 5.5. The measurements of the 
training samples correlated with the suggested refc, refm and refy are used to 
build the effective coverage map, then to predict the color of the random 519 
test patches. The E94 color differences between the predicted and the 
measured values of the random test patches are presented in Table 5.6. 

The best choices for refc, refm and refy for the test laser printer are [0, 0.33, 
0.75, 1], [0, 0.33, 0.75, 1] and [0, 0.33, 1] respectively, also see column 1 in 
Table 5.6. It means that 4×4×3 = 48 patches are used as training samples for 
our model. Adding the prints with single inks, the total number of training 

r as using 
refc = refm = refy = [0, 0.33, 0.66, 1] in our previous attempt (see Table 5.4). 
Nevertheless, the resulted E94 color differences for refc= [0, 0.33, 0.75, 1], 
refm = [0, 0.33, 0.75, 1] and  refy = [0, 0.33, 1] are smaller than the 
corresponding results in Table 5.4 using refc = refm = refy = [0, 0.33, 0.66, 1]. 
The result is also better than that of the IYNSN model in Table 5.4.

94 color difference between measured and predicted color values of 
519 random test patches using AM600dpi-100lpi

94

Our model using 
ecMap

Best option

Our model using 
ecMap

other Option

Our model using ecMap
other Option

a

refc= [0, 0.33, 0.75, 1]
refm= [0, 0.33, 0.75, 1]
refy= [0, 0.33, 1]

refc= [0, 0.33, 0.75, 1]
refm= [0, 0.5, 1]
refy= [0, 0.33, 1]

refc= [0, 0.33, 1]
refm= [0, 0.33, 0.75, 1]
refy= [0, 0.33, 1]

Mean Max >3 >4 Mean Max >3 >4 Mean Max >3 >4
1.51 5.33 26 8 1.81 5.65 58 10 1.67 6.04 43 13

b

refc= [0, 0.25, 0.66, 1]
refm= [0, 0.25, 0.66, 1]
refy= [0, 0.25, 0.66, 1]

refc= [0, 0.25, 0.66, 1]
refm= [0, 0.25, 0.66, 1]
refy= [0, 0.5, 1]

refc= [0, 0.25, 0.66, 1]
refm= [0, 0.66, 1]
refy= [0, 0.25, 0.66, 1]

Mean Max >3 >4 Mean Max >3 >4 Mean Max >3 >4
1.72 4.94 43 6 1.80 5.73 52 12 2.77 10.26 198 95

a--Laser printer and A4 copy paper;
b--Inkjet printer and Photo quality inkjet paper

The most suitable reference coverage for inkjet printer are refc = refm = refy 
= [0, 0.25, 0.66, 1] according to the results in E94 color 
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differences are less than that using refc = refm = refy = [0, 0.33, 0.66, 1], see 
Table 5.4 and 5.6. It is also better than the results of the IYNSN model. The 
total number of the training samples used in this case is 

can now conclude that if we want to 
achieve the best result with the number of coverage in refc, refm and refy
being less than five, we need 64 and 79 training samples for the test laser and 
inkjet printer, respectively. 

The proposed general procedure could also help to further reduce the number 
of the training samples. For the laser printer we have already achieved good 
results by reducing the number of training samples to 4×4×3 (4 for cyan, 4 for 
magenta, and 3 for yellow). Now we want to examine the possibility to reduce 
the number of the training samples to 3×4×3 or 4×3×3. The first step is to 
figure out which case is more appropriate, i.e. using fewer elements for cyan 
or magenta. In Table 5.5 we can see that for the laser printer the best 

94 for cyan using 4 and 3 coverage is 0.59 and 0.84, respectively. It 
means that 94
magenta are 0.52 and 0.83, which differ by 0.31. As can be noticed both of 
these differences are small and therefore we can expect that the prediction 
results will not be affected much if we go from 4 to 3 elements for either cyan 
or magenta. Since the difference for cyan is slightly smaller, then the case 
3×4×3 is preferred to 4×3×3. The results in Table 5.6 (column 2 and 3) also 
verify that going from 4×4×3 to either 4×3×3 or 3×4×3 doesn’t significantly 
affect the prediction results for the test laser printer. It also shows that the case 
3×4×3 is slightly better than 4×3×3, as we expected. The number of the 
training s
prediction errors by using these 53 training samples are not so bad compared 

the first column in Table 5.6 ).

For the inkjet printer, we use the same strategy to reduce the number of the 
training samples by going from 4×4×4 to 3×4×4, 4×3×4 or 4×4×3 training 
samples. The differences in 94 going from 4 to 3 for these cases are 

and yellow respectively. These values indicate that 4×3×4 is not a good choice 
at all and Table 5.6 (column 3) confirms that. The other two choices give very 
close 94 difference but we choose 4×4×3 and show the result in Table 
5.6 (column 2). The number of the training samples now is reduced to 

The proposed procedure reduces the number of the training samples in our 
model, i.e. Color Prediction model Based on CIEXYZ using an effective 
coverage map. For the laser printer this number was reduced from 125 to 64 
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while still giving quite good results. It is possible to further reduce this 
number to 53 with satisfying results. For the inkjet printer this number is 
reduced from 125 to 79 or 64, both giving satisfying results.

5.4 Summary
Most of the color prediction models use a single dot gain characterization 
curve for each primary ink. Few researchers, specifically Hersch and Crété 
(2005), applied different curves for different situations, but still, only one 
curve for each ink was utilized in a certain situation. Dot gain, which is 
composed of optical and physical dot gain, has a great impact on print results. 
Considering the fact that optical dot gain is the effect of light scattering in 
paper, it is reasonable that light with different wavelength might produce 
different optical dot gain in color print. 

In this chapter, we characterized the dot gain behavior of each primary ink 
using three curves based on CIEXYZ tri-stimulus values, and applied all of 
them to calculate the color coordinates of the test prints.  According to the 
color differences shown in Table 5.1, prediction models based on dot gain 
compensation, such as our model and YN model, work better for prints with 
smaller dot gain or bigger ink dots. Meanwhile, the obvious difference 
between characterization curves based on CIEX, CIEY and CIEZ raises the 
idea that using only one dot gain characterization curve might not be sufficient 
to correctly characterize the dot gain.  

Compared with the performance of the simple Yule-Neilson model, the usage 
of three characterization curves for each primary ink reduced the color 
difference between the predicted and measured values. However, when three 
inks were involved in the prints, the prediction results by only using these 
three characterization curves obtained from the single inked samples were not 
satisfying. 

Our experiments showed that the characterized dot gain for each ink varies 
when different ink combinations are used. We believe that the ink 
superposition is one of the factors that lead to the varying dot gain effects. 
Therefore, the dot gain under different ink superposition conditions was 
characterized. Then for a certain test color patch, every possible dot gain 
characterization was taken into account by weighting them with probability 
coefficients according to the reference ink combination of the test patch. This 
means that the obtained effective coverage of each ink changes as soon as any 
reference ink coverage varies. Although by considering the ink superposition 
the color prediction results became better, the obtained E94 color differences 
were still beyond an acceptable level for the test prints.



Color Prediction Models based on CIEXYZ

99

For higher prediction accuracy, an effective coverage map based on CIEXYZ
was proposed and created in a simple way. This map presented the effective 
coverage values of the primary inks correlated with different ink 
combinations. The ink combinations chosen for training samples in the map 
were equidistant between 0 and 1. As soon as the effective coverage map was 
built, given the reference coverage for cyan, magenta and yellow of any test 
patch, the effective coverage values of the involved primary inks could be 
estimated by cubic interpolation. According to our previous experiments, the 
usage of effective coverage map in our basic model gave significant reduction 
of the color difference between the predicted and the measured color values 
over a large number of test samples.

The introduction of our simple model using the effective coverage map was 
followed by a discussion on reducing the number of the training samples 
needed in our model, while keeping satisfying prediction results. The 
approach was based on the dot gain behavior of each primary ink. A general 
procedure was proposed and carried out using two different print devices. 
Considering the reduced number of training samples and acceptable prediction 
errors, we suppose our “color prediction model based on CIEXYZ using 
effective coverage map” is potentially useful for the calibration of the printing 
systems.
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In Chapter 5, a simple color prediction model using an effective coverage map 
based on CIEXYZ was introduced. The good performance of the model for 
different printers and halftoning methods were verified by experiments. The 
investigation to extend our color prediction model from using CIEXYZ values 
to spectral reflectance is carried out and introduced in this chapter. The main 
motivation of this investigation is based on the importance of spectral
prediction for the development of spectral color reproduction in digital 
printing industry. Spectral reflectance match ensures the color equivalence 
and avoids the problem with metameric match. A correct and reliable spectral 
prediction model provides advanced color separation for spectral color 
reproduction.

6.1 Characterization Curves based on Spectral Reflectance
In our basic model (Section 5.1), for each primary ink (cyan, magenta or 
yellow) three characterization curves were obtained using CIEX, CIEY and 
CIEZ values respectively. This simple idea of using three characterization 
curves for each process ink differentiates our basic model from most of the 
other dot gain related models in which a single dot gain curve is used for each 
ink. Although our basic model was improved in Section 5.2 by using an 
effective coverage map, the modification still inherited the idea of separately 
characterizing the dot gain behavior of each process ink based on CIEXYZ tri-
stimulus values.

CIEX, Y and Z approximately represent three special wavelength bands along 
the visible wavelength interval. In this chapter, the model based on CIEXYZ 
values is extended by using spectral reflectance at different wavelength 
subintervals instead of CIEX, Y and Z values. This attempt is based on the 
fact that the reflectance difference between two single inked parches, which 
have the same ink but different reference coverages, varies between 
subintervals along the visible wavelengths. In order to explain the method, we 
write Equation 5.4 here as Equation 6.1, in which cyan is taken for example.

In Equation 6.1,  X
effc , Y

effc and Z
effc are the effective coverage of cyan based on 

CIEX, Y and Z values correlated with the reference coverage value cref. Xp, Yp
and Zp are CIEXYZ tri-stimulus values of paper. Xc, Yc and Zc are CIEXYZ tri-
stimulus values of full tone cyan. The measured CIEXYZ values of each 
halftone cyan patch are Xcmea,Ycmea and Zcmea. dgcX, dgcY and dgcZ denote the 
characterized dot gain, which are the difference between effective and 
reference coverage. A group of printed cyan patches with reference coverage 
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cref increasing from 0 to 100% enable us to get three characterization curves 
based on CIEX, Y and Z respectively. 

(6.1)

Our model for CIEXYZ is extended by replacing the CIEXYZ values in the 
equations by the spectral reflectance at different wavelength intervals. The 
measured spectral reflectances have the wavelength from 380 to 730 nm in 
steps of 10 nm, i.e. 36 subintervals are used and 36 parallel calculations for 
characterization would be conducted. By replacing CIEXYZ values with 
spectral reflectance R, which consists of 36 subintervals, Equation 6.2 is 
obtained for single inked prints, taking magenta as the example. 

(6.2)

where i = 1, 2, 3, …, 36, correspond to wavelength bands 380, 390, 400, …, 
730 nm, respectively. ( 1

mR , 2
mR , …, 36

mR ) represent the measured spectrum of the 

full tone magenta while ( 1
pR , 2

pR , …, 36
pR ) represent the measured spectrum of 

bare paper. ( 1
effm , 2

effm , …, 36
effm ) are the effective coverage of magenta 

correlated with each wavelength subinterval. ( 1
totR , 2

totR , …, 36
totR ) represent 

the spectrum of a halftone magenta patch. If ( 1
totR , 2

totR , …, 36
totR ) are 

replaced by the measurement values ( 1
meaR , 2

meaR , …, 36
meaR ), the effective 

coverage values ( 1
effm , 2

effm , …, 36
effm )  could be found by Equation 6.3, as:

(6.3)
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where i, i
mR and i

pR have the same meanings as in Equation 6.2. 

In order to obtain the characterization curves based on spectral reflectance 
( 1

mdg , 2
mdg , …, 36

mdg ) for magenta, a number of magenta patches with different 
reference coverage values mref  are printed and measured. Equation 6.3 is used 
to calculate the values of ( 1

effm , 2
effm , …, 36

effm ) for each patch with a certain 

reference coverage mref . Then the corresponding values of ( 1
mdg , 2

mdg ,

…, 36
mdg ) are obtained by ( 1

effm , 2
effm , …, 36

effm mref.

Figure 6.1a shows that the spectral differences between the printed full tone 
magenta and 50% magenta varies at different subintervals along the visible 
wavelengths. Figure 6.1b illustrates several obtained characterization curves 
based on spectral reflectance for magenta. These curves were formed by 
linearly connecting the characterized dot gains of the magenta patches at [0,
25%, 50%, 75%, 100%] and printed by a laser printer.

(a)                                                              (b)

Figure 6.1:  (a) The measured spectra of full tone and 50% magenta.  (b) The 
characterization curves using spectral reflectance for magenta printed by a laser 

printer using AM600dpi-100lpi (only six curves are illustrated here).

To give an unambiguous illustration, Figure 6.1b only presents six curves, of 
which two are selected from short (430nm, 450nm), two from medium 
(530nm, 570nm) and two from longer (660nm, 670nm) wavelength band. It is 
shown that the characterization curves are different from each other. As 
illustrated in Figure 6.1b, for magenta the characterization curves at medium 
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wavelength bands show more dot gain than that at short or longer wavelength 
band, which was actually expected based on the discussions in Section 5.1.
The 36 characterization curves for cyan and yellow can be obtained similarly. 

All the 36 curves are then used to predict the spectrum of the printed color. 
When the test prints only contain magenta, given any reference coverage of 
magenta, the effective coverage i

effm (i=1, 2, 3, …, 36) could be figured out 

by interpolation along the i-th characterization curve i
mdg . Then the spectrum 

of certain halftone magenta ( 1
calR , 2

calR , …, 36
calR ) could be predicted using 

Equation 6.2 by replacing ( 1
totR , 2

totR , …, 36
totR ) with ( 1

calR , 2
calR , …, 36

calR ).

To give an example, using a laser printer and AM600dpi-100lpi halftoning for 
the prints, the obtained 36 characterization curves for magenta are used to 
predict the spectra of two patches: one with 38% magenta, the other one with 
88% magenta. Figure 6.2 shows the measured and predicted spectra of the two 
test samples, which verifies that their predicted spectra are very close to the 
corresponding measured ones.

Figure 6.2: Predicted and Measured spectra of two magenta samples, using 36 
characterization curves based on spectral reflectance.

6.2 Effective Coverage Map based on Spectral Reflectance
In Section 5.2, the effective coverage map was proposed to increase the 
accuracy of the color prediction model based on CIEXYZ. As it has been 
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introduced in Section 5.2, the map is formed in a coordinate system whose 
three axes refer to the reference ink coverage of the three primary inks. If we 
choose [0, 25%, 50%, 75%, 100%] as the training reference coverage options 
for the three inks, then the map is like a cubic box with 125 points located 
spatially uniform in the coordinate system. Each point represents a training 
patch and the three coordinates of each point corresponds to its three reference 
ink coverage. Several of the training samples (those points with reference 
coverage of yellow yref =0, and yref = 1 in the map) are shown in Figure 6.3. 

As introduced in Section 5.2, in the effective coverage map based on CIEXYZ 
tri-stimulus values, each point (representing a training sample) will be filled 
with nine values ( X

effc , Y
effc , Z

effc , X
effm , Y

effm , Z
effm and X

effy , Y
effy , Z

effy ) which 
are the three effective coverage values for each ink based on CIEX, Y and Z 
respectively. To create the effective coverage map based on spectral 
reflectance, the CIEX (or CIEY, CIEZ) values are replaced by the spectral 
reflectance at a certain wavelength subinterval, and Equation 5.15 is replaced 
by Equation 6.4, as:

(6.4)

Equation 6.4 uses the spectral reflectance at a certain wavelength subinterval, 
which is called the i-th subinterval, i=1, 2, 3, …, 36. ci, mi, yi, ri, gi, bi, ki and pi
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are the fractional coverage for cyan, magenta, yellow, red, green, blue, black 
and paper respectively. Ri

mea refers to the i-th subinterval of the measured 
spectrum of a certain patch. Ri

c, Ri
m, Ri

y, Ri
r, Ri

g, Ri
b, Ri

p and Ri
k are the i-th 

subinterval of the spectrum for each full tone primary colors, secondary 
colors, paper and black, respectively. i

effc , i
effm and i

effy are the effective ink 
coverage values in the effective coverage map. 

An individual set of effective coverage values for a certain point in the map, 
i.e. i

effc , i
effm and i

effy , are fixed during mapping using the effective coverage 
values of the points in its neighborhood. A point is a neighbor of another point 
if they have any reference ink coverage in common. 

During the mapping with spectral reflectance, the following constraints need 
to be obeyed in the cost of possible inequality between the two sides of the 
last formula in Equation 6.4:

effective coverage – –0.2  and  

Recall that the introduced procedure of mapping is only dealing with the 
spectral reflectance at one certain subinterval; hence to completely fill the 
effective coverage map, the mapping is repeated 36 times. If we keep using [0, 
25%, 50%, 75%, 100%] as the training reference coverage values for the three 
inks, the coordinate system for the effective coverage map in the spectral 
model will be similar to the map based on CIEXYZ values, see Figure 6.3. 
Recall that the nine effective coverage values based on CIEXYZ tri-stimulus 
values filled in each point are replaced by 3×36=108 values based on spectral 
reflectance here. 

Given any reference ink combination, the corresponding effective coverage 
values i

effc , i
effm and i

effy could be obtained by cubic interpolation, thereby the 
value of ci, mi, yi, ri, gi, bi, ki and pi in Equation 6.4 are found. Then the 
spectrum of a test color patch could be predicted by Equation 6.5:

(6.5)

The cube shown in Figure 6.3 presents the spatial location of the training 
samples for the effective coverage maps. Our model using the effective 
coverage map might be confused with the Cellular model presented in 
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literature such as Rossier’s work (2010) because of the cubes illustrated in 
both models. It has to be mentioned that the two models are different from 
each other. One of the main differences is that the Cellular model applies 
additional “primaries” besides the original eight Neugebauer primaries, while 
no additional “primaries” are used in our effective coverage maps. 

 

 

 

 

 

 

 
Figure 6.3: Illustration of the effective coverage map. Each point on the map contains 

108 effective coverage values based on spectral reflectance. 

6.3 Experiments and Discussion 
To investigate the feasibility of our model based on spectral reflectance, 
similar experiments to those in section 5.2 were carried out. The same laser 
printer with office uncoated copy paper and the halftone AM600dpi-100lpi 
were used. All prints were measured by a Spectrophotometer (BARBIERI 
electronic Spectro LFP RT) using D65 light source for a 2° observer. The 
differences between the predicted and measured values were calculated using 
both ΔE94 color difference and spectral ΔRMS (Root Mean Square), which is 
formulated in Equation 6.6. 
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where the Ri
cal, Ri

mea, are the i-th subinterval of the predicted and measured 
spectrum, respectively. N=36 since there are 36 subintervals in the spectrum.

For the purpose of comparison, a simple approach was also applied, which 
only used the 36 characterization curves for each primary ink, ignoring ink 
superposition and without using the effective coverage map. We call this 
approach ‘based on spectrum, without effective coverage map’. Since our 
model based on CIEXYZ with an effective coverage map gives very satisfying 
prediction results, the results obtained by using spectral reflectance were 
compared with the results obtained by using CIEXYZ data, in Table 6.1 and 
Table 6.2. 

Similar to the experiments in Section 5.3.2, the samples in this experiment 
were also composed by 729 special patches and 519 random patches. 
Therefore totally 1248 color patches were used, which were then divided into 
2 teams: ‘1-2 colors (244)’ refers to those 244 patches that involve only 1 or 2 
inks; ‘3 colors (1004)’ refers to the 1004 patches that involve 3 inks. The 
training samples used to create the effective coverage map are included in 
those patches. The reference coverage for each ink was [0%, 25%, 50%, 75%, 
100%], resulting in totally 5×5×5=125 training samples.

Table 6.1 presents the color prediction errors using color difference E94. It 
shows that using effective coverage map, the performance of the model based 
on spectral reflectance is very close to that of the model based on CIEXYZ 
values. The only difference is that the spectral model uses 36 characterization 
curves while the CIEXYZ based model uses only three. If no effective 
coverage map is used, the prediction errors of the very simple approach ‘based 
on spectrum, without effective coverage map’ are worse. Without effective 
coverage map the prediction error of color patches with 1 or 2 inks are still 
acceptable.

94 between measured and predicted colors

Table 6.2 presents the spectral RMS between the measured and predicted 
spectra. Since our previous model only uses CIEXYZ values, the required 

94
CIEXYZ

With ecMap
Spectrum,

With ecMap
Spectrum,

Without ecMap
AM600dpi-100lpi Max Mean >4 Max Mean >4 Max Mean >4
1-2 colors (244) 3.19 0.71 0 3.18 0.72 0 3.51 1.31 0
3 colors (1004) 4.86 1.45 10 4.91 1.41 9 7.96 2.16 103

ecMap -- effective coverage map
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spectral RMS cannot be given. Instead, the improved Yule-Nielsen modified 
spectral Neugebauer (IYNSN) model was applied as well to help evaluate our 
model based on spectral reflectance. The result RMS shown in the 
second column in Table 6.2, which are from our model, are slightly less than 
those in the first column which are from the IYNSN model. By comparing the 

RMS from the predictions with and without the effective coverage map, it 
can be seen that using effective coverage map based on spectral reflectance 
helps to reduce the prediction errors. It must be added that the patch with 
maximum E94 (7.96) is not the same one that has the maximum RMS value 
(0.0488). This means that big RMS not necessarily corresponds to big E94.

The experiments and results show that the approach of using more than one 
characterization curve and the effective coverage map in our previous model, 
are viable even when the calculations are based on spectral reflectance. 
Therefore, the proposed prediction model in this chapter can be used to 
predict the spectral reflectance of halftone prints with satisfying accuracy.

IYNSN
model

Spectrum,
With ecMap

Spectrum,
Without ecMap

AM600dpi-100lpi Max Mean Max Mean Max Mean
1-2 colors (244) 0.0281 0.0096 0.0253 0.0065 0.0283 0.0098
3 colors (1004) 0.0354 0.0102 0.0348 0.0083 0.0488 0.0112

ecMap -- effective coverage map
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The discussions in the three previous chapters focused on color prediction 
models to predict the colors after print. As illustrated in Figure 7.1, in color 
prediction, the inputs are the CMY reference ink coverage while the outputs 
are the predicted colors represented by CIEXYZ, CIELAB colorimetric values 
or spectrum. If the color prediction is defined as a forward procedure, the 
color separation then is the inverse procedure to figure out the required 
reference ink combinations to produce the desired colors (target colors) within 
the used printing system (see Figure 7.1). 

 

 

 

 

 

 

 

 

 
Figure 7.1: Color prediction and color separation in printing, forward and inverse 

procedure. 

 

As Wyble and Berns (2000) mentioned, color separation, or the inverse model 
where the reference CMY ink coverage values are the output given to the 
target color coordinates, is more useful in practice, compared with the forward 
color prediction models. Different color separation approaches (inverse 
models) are proposed by researchers. Amongst these methods, there are the 
polynomial regression model introduced by Xia and Tekalp (1999), three 
dimensional interpolations using a lookup table (LUT) which was explained 
by Kasson, et al. (1995), neural network methods introduced by Tominaga 
(1998), and the analytical methods based on the forward models, which was 
presented by Lee, et al. (2001), etc. 

In this chapter, a series of inverse processes resulting in the color separation is 
proposed and carried out over the test printing system in our lab. Our inverse 
procedure is designed based on our forward color prediction model. Since it is 
assumed that the target colors, or desired colors, are inside the gamut of the 
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printing system, gamut mapping, which is used to map a target color to a 
counterpart inside the output color gamut, is not included in the proposed 
procedure. 

7.1 Color Gamut of the Printing System
The set of printing conditions including printer, ink, paper and halftoning 
method is referred to as the printing system in this chapter. The capability of 
the printing system to reproduce colors, i.e. the color gamut of the printing 
system, plays an important role in color separation procedure (Tzeng, 1999). It 
is possible to specify the color gamut of the test printing system theoretically 
by printing and measuring as many printed colors as possible 
(Balasubramanian and Dalal, 1997). Apparently, collecting all the reproduced 
colors to form the color gamut is a massive operation and is not commonly 
recommended. A general method to estimate the color gamut of a print device 
is based on the characterization of the behavior of the printing system 
(Ostromoukhov, 1993).

According to the principles of our forward color prediction model and the 
results presented in Chapters 5 and 6, once the effective coverage map is built, 
based on either CIEXYZ or spectral reflectance, given any reference ink 
combination, the color after print is predicted with high accuracy. This leads 
us to determine the color gamut of the test printing system (the laser printer, 
Xerox, Phaser 6180, and office uncoated copy paper) in our lab by color 
prediction using our color prediction model.

Before calculating the color gamut, evaluation of the stability of the printing 
system and the performance of our color prediction model when it is applied 
to the test printing system is necessary. This evaluation was carried out by 
repeatedly operating the forward color prediction model over various test 
prints at different times. 

As introduced in previous chapters, a group of training samples are printed 
and measured to build the effective coverage map. Meanwhile, a group of test 
patches that are composed by random ink combinations and special ink 
combinations are printed. The special ink combinations are the 729 ones 
whose reference coverage values are chosen from [0, 13%, 25%, 33%, 50%, 
66%, 75%, 88%, 1], which was introduced in Section 5.3. Since 125 of the 
special patches are used as training samples, the rest 604 are the special test 
patches. Another 519 test samples with random reference ink combinations 
were also printed. The designed color patches were printed at different time, 
in different arrangement, but using the same printing system. Table 7.1 
illustrates the order of the training and test patches that are placed on the test 
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charts. There are totally 1248 samples printed on three A4 pages for each day. 
By day 1, day 2 and day 3 we mean the time the printing and measurements 
were carried out. Day 1, 2 and 3 are within one month.

On day 1 the training samples and test samples were placed in a certain order 
when they were printed and measured. On day 2 all the color patches were 
disordered from that on day 1 before they were printed. On day 3, the training 
samples and test samples were printed and measured separately (see Table 
7.1). 

Table 7.1:  The order of training and test patches that are placed on the test chart
Test print on Day 1 Test print on Day 2 Test print on Day 3

125 training samples 
mixed with 604 
special samples

125 training samples mixed 
with 604 special samples;
Different order compared 
with Day1

125 training samples

604 special samples

519 test samples 
with random ink 
combinations

519 test samples with 
random ink combinations
Different order compared 
with Day 1

519 test samples with 
random ink combinations
Different order compared 
with Day 1 and Day 2

The effective coverage map is built using the training samples printed and 
measured on day 1 in both CIEXYZ and spectral form. Then this effective 
coverage map was used in color predictions of all the samples printed on the 
three days. Using exactly the same effective coverage map, if the prediction 
errors on different days turn out to be dramatically changed, we could say that 
the color prediction model probably is not suitable for the test printing system;
or the test printing system is too unstable over time. On the contrary, if the 
resulted prediction errors on different days are acceptable, we can conclude 
that our color prediction model works well for the test printing system. 

The prediction errors resulted from the experiment are presented in Table 7.2. 
The first column presents the setting of the printing system, and the number of 
the test samples printed on each day. As shown in Table 7.2, for special 
samples, the maximum differences between the predicted and measured data 
in both forms are relatively constant over time. The corresponding average 
color differences of the special samples are increasing but the differences are 
not large. Random samples always have small color differences regardless of 
when the samples are produced. Similarly, we also did the color predictions 
for all the prints on these three days using the map that was built using the 
data obtained on day 2, and the results were as satisfying as those presented in 



7.1 Color Gamut

118

Table 7.2. This proves that our color prediction model based on CIZXYZ 
values, or spectral reflectance is reliable for the test printing system over time. 

94
predicted color values

AM600dpi-100lpi
Laser printer
Spectrophotometer
D65

Based on CIEXYZ,
using the ecMap
of Day 1

Based on spectral data,
using the ecMap
of Day 1

94 94

Max Mean >4 Max Mean >4 Max Mean

Day 1
Special(604) 4.48 1.31 3 4.66 1.29 1 0.0422 0.0085
Random(519) 3.94 1.50 0 4.07 1.48 1 0.0339 0.0104

Day 2
Special(604) 5.12 1.69 10 5.17 1.63 6 0.0430 0.0113
Random(519) 3.21 1.29 0 3.30 1.25 0 0.0252 0.0086

Day 3
Special(604) 5.07 2.03 17 4.96 1.91 13 0.0376 0.0126
Random(519) 3.65 1.74 0 3.44 1.62 0 0.0284 0.0105

ecMap -- effective coverage map

Setting the series [0:0.01:1] as the reference ink coverage options for cyan, 
magenta and yellow respectively, leads to 101×101×101 ink combinations. 
The colors of this large number of ink combinations are predicted by our color 
prediction model using the effective coverage map obtained by the 
measurement data on day 1. These predicted colors include most of the 
printable colors within the test printing system, which form a huge color 
lookup table (CLUT), representing the color gamut of the test printing system. 
This color lookup table presents the mapping between the reference ink 
combinations and the color values after print, and is available in both CIELAB 
(transformed from CIEXYZ tri-stimulus values) and spectral space. 

For a look up table, such as the 

usually an interpolation algorithm is created between the input and output 
spaces to estimate the output for any input. However, it has to be mentioned 
that in our work, to give an output facing certain input, a searching over the 
look up table rather than an interpolation is carried out. 

Figure 7.2 illustrates the estimated color gamut of the test printing system in 
the CIELAB space. Each CIELAB value in the gamut corresponds to a 
reference ink combination. Recall that the required effective coverage map is 
created using the data obtained on day 1 and is used for all the printed samples 
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on day 1, 2 and 3. The satisfying color prediction results presented in Table 
7.2 prove that the effective coverage map within our forward color prediction 
model is valid for the test printing system over a job period (at least one 
month according to the experiment from which the results in Table 7.2 are 
obtained). This means that the test printing system is stable and the resulted 
CLUT or color gamut could be used repeatedly during a time phase. 

 

 

 

 

 

 

 

 

 
Figure 7.2: The estimated color gamut of the test printing system (laser printer and 

office uncoated paper). 

 

7.2 Color Separation Model 
The estimated color gamut of the test printing system in Figure 7.2 is used in 
the inverse model, i.e. the color separation model. Figure 7.3 shows the 
framework of our proposed color separation model.  

As soon as the color gamut is estimated by the color prediction model, for a 
target color with certain CIELAB colorimetric values inside the gamut, we 
search through the gamut of the test printing system in CIELAB space. By 
setting a rough tolerance scope around the desired CIEL, a* and b* values 
respectively, a list of CIELAB values close to the target color is obtained. The 
ink combinations and corresponding CIELAB values and the ΔE94 color 
difference to the target color are recorded as well.  

Different operations are designed to select different ink combinations to 
reproduce the desired color, see Figure 7.3. For simplicity, we shorten the data 
collection (the listed CIELAB value, ΔE94 color difference between the listed 
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CIELAB value and the desired CIELAB colorimetric values, ink combination) 
to (Lab, ΔE94, CMY). 

Operation (1), sort the obtained list of (Lab, ΔE94, CMY) along the 
column “ΔE94”; pick the first 3 rows, which have the smallest 
ΔE94; Each of these 3 values corresponds to 3 reference CMY 
combinations. Take the average reference coverage values of these 
cyan, magenta and yellow respectively as the final ink 
combination. 

Operation (2), take the (Lab, ΔE94, CMY) having the smallest “ΔE94”, its 
corresponding ink combination CMY is considered to give the 
desired color in the used printing system. 

 

 

 

 

 

 

 
Figure 7.3: Framework of the inverse model; from color coordinates to reference 

CMY ink combinations. 

 

Operation (3) is designed considering ink saving. Set a tolerance for the 
color difference, for example ΔE94 = e, pick out all the groups of 
(Lab, ΔE94, CMY) with ΔE94 less than e, choose the one with less 
ink consumption (the sum of cyan, magenta and yellow). If there 
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are several combinations requiring the same ink consumption, 
choose the one with smallest E94.

For a desired color with certain spectrum, the searching and selection is 
executed through the gamut of the printing system with spectral reflectance. 
By setting a tolerance for the spectral difference RMS = 0.0167 (randomly 
chosen, slightly bigger than the maximum mean RMS obtained from the 
color prediction) and a tolerance E94 = 3, a list of spectra are obtained 
together with their corresponding ink combinations giving both RMS<
0.0167 and E94< 3.

Operation (4), the only operation which is dealing with spectral data. It 
picks 3 groups of (spectrum, RMS, E94, CMY) that give the 
smallest RMS and E94. Smaller RMS is of higher priority than
smaller E94 in the selections. Then the average cyan, magenta and 
yellow of the three groups gives the final reference ink 
combination. 

Since operation (3) and operation (4) are using threshold values for E94 or 
for both RMS and E94, it might happen that all the candidates resulted from 
the searching are beyond the threshold limitations. In that case, operation (3) 
is replaced by operation (2). Similarly, operation (4) would take the group of 
(spectrum, RMS, E94, CMY) that holds the smallest RMS.

7.3 Experiments and Discussion
The inverse model, whose framework is shown in Figure 7.3, was executed 
using 416 target colors represented by both CIELAB and spectral data. These 
target colors were created from the measurements of previous random prints 
to make sure that the data used in this experiment were inside the color gamut 
of the printing system. The experiment set up is illustrated in Figure 7.4.

The color gamut was built using the same effective coverage maps and 
measurement data from Day 1 as discussed in Section 7.1. The time gap 
between Day 1 and this experiment is more than one month. Operation (3) 
was carried out twice with two different tolerance E94 color difference (equal 
to 1 and 2 respectively). For each target color, different ink separations were 
calculated using Operation (1) to (4). The obtained ink separations are 
denoted by CMY1, CMY2, CMY3-1, CMY3-2 and CMY4 in Figure 7.4. 
Halftone patches with the obtained reference ink combinations were created 
and printed using the test printing system. The measured data of these prints 
were then compared with the desired colors, marked by the dashed double 
headed arrows in Figure 7.4. The results are shown in Table 7.3.
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Figure 7.4: Experiment for evaluating the inverse model; from color coordinates to 

reference CMY ink combinations. 

 

Recall that operations (1) to (3) are for the inverse model dealing with 
CIELAB values, and operation (4) is for the inverse model dealing with 
spectral data. We consider and compare the ink consumption for the inverse 
model dealing with CIELAB data but not that with spectral reflectance 
because in the latter case it is of higher priority to find out the CMY ink 
combination that gives the closest spectrum (smallest ΔRMS) to the desired 
color. 

In order to estimate the ink saving, we used the ink consumption calculated 
from operation (2) as the reference ink consumption, since operation (2) is 
designed to pick the CMY combination that gives the smallest ΔE94 color 
difference. The ink saving is calculated by: 

(reference ink consumption – ink consumption ) / reference ink consumption.  

Ink consumption refers to the sum of the ink requirements of all the 416 color 
patches. A negative result means spending more ink than that by operation (2) 
while positive result means the opposite. 
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It is shown that the results of operation (1) are almost the same as those of 
operation (2), by looking at both the color differences and the ink 
consumption. The ink saving is 0 for operation (2) because it is used as 
reference in this experiment.

Operation (3) was operated twice by using different tolerance E94 color 
difference in the inverse model, resulting in different ink consumptions 
requirements. By using the tolerant color difference in the inverse model, ink 
saving is shown to be possible compared with operation (2) and the larger the 
tolerance, the less the ink consumption. It is shown that the ink is saved by 3% 
if the tolerance E94 color difference is 1 and by 7% if the tolerance E94
color difference is 2. Meanwhile, by checking the color differences between 
the measurements of the prints obtained from the inverse model and the 
desired colors, we can see that even though operation (3) using tolerance E94
= 2 gives lower maximum color difference (4.86) than that of operation (3) 
using tolerance E94 = 1 (5.07), it is giving larger mean color difference and 
more targets with a E94 color difference larger than 4. Hence, there is a 
tradeoff between less ink consumption and accuracy of the inverse model, as 
we expected. 

Table7.3: Comparison between the measured values of the printed colors 
using the resulted color separation from the model and the desired input color 

values, based on both CLELAB and spectral reflectance
416 colors with CIELAB 
values and
416 colors with spectral data

94
Ink Saving (%)
Compared with

operation(2)Max Mean Max Mean >4

Operation (1) × × 4.70 1.70 4 – 0.1

Operation (2) × × 4.70 1.62 6 0
Operation (3)  with
tolerance 94< 1 × × 5.07 1.66 6 3.33

Operation (3)  with
tolerance 94< 2 × × 4.86 1.89 11 7.01

Operation (4)with
limitations <0.0167 & 

94< 3
0.0349 0.0112 4.60 1.80 12 ×

The results of the color separation model not only depend on the color gamut 
of the used printing system which is built by the forward model, but also on 
the printing system itself. Errors during printing and measurement are 
inevitable. Therefore, it is reasonable to compensate the error from printing 
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and measurement by setting a tolerance in the inverse model. A suitable 
tolerance could be fixed for different printing systems by experiments. For the 
used printing system, according to the results in Table 7.3, we consider the 
tolerant E94 color difference = 2 to be acceptable.

Regarding the performance of the inverse model based on spectral reflectance, 
we take the ink combination that gives the closet spectrum to the desired one 
under the limitation that the RMS should be less than 0.0167 and the 
corresponding E94 should be less than 3. As mentioned, larger RMS doesn’t 
necessary correspond to the larger E94 color difference, and vice versa. For 
example, the resulted maximum RMS for operation (4) is 0.0349 whose 
corresponding E94 color difference is 2.02 while the maximum E94 color 
difference for operation (4) is 4.60 with the corresponding RMS 0.0231
(Table 7.3). Therefore, the double limitations for RMS and E94 are 
reasonable and necessary. 

Since RMS is not a good measure of the perceived color difference, for 
example it is hard to say how worse it gets if RMS changes from 0.0231 to 
0.0349, we look at the corresponding E94 color difference to evaluate the 
performance of the inverse model using operation (4). The E94 color 
difference between measured and desired data come out with maximum value 
being 4.6 and mean value being 1.8. Totally 12 of 416 samples get E94 bigger 
than 4. Compared with the results from operation (3), the color differences by 
operation (4) are satisfying.

It must be noted that, according to our experiments the measured reflectance 
spectra of the bare paper at different time using the same Spectrophotometer 
(BARBIERI electronic Spectro LFP RT, D65, 2° observer) have an obvious 
difference of RMS=0.0092. Regarding the E94 we also noticed that two 
patches, with exactly the same ink combination, but located differently on the 
same sheet of paper could sometimes have a E94 color difference of around 
1.1. Therefore the average errors presented in Table 7.3 are almost within the 
noise level of the printer and measurement system.

In the experiments, when processing with CIEXYZ values, creating the color 
gamut consisting of more than one million different ink combinations took 
around 40 seconds using Matlab on an old regular PC (produced around 5 
years ago). Based on the created color gamut using CIELAB values (converted 
from the predicted CIEXYZ values), without putting much effort on speeding 
up the inverse operation process, the color separation of a certain desired color 
took around 0.1 second. Notice that using another programming language, 
such as C++, on a faster computer can greatly reduce this time cost.
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The time cost and memory requirements for the creation of the same size 
(more than 1 million combinations) color gamut using spectral reflectance 
were more expensive compared with that based on CIELAB values 
(CIEXYZ). However, as discussed in Section 7.1, the resulted color gamut 
could be used repeatedly in the color separation model during a time phase. 
This means although time and memory cost for the spectral color gamut is 
high, once a thorough color gamut is created it can be used over a period of 
time. The color separation is fast no matter dealing with CIELAB values or 
spectral reflectance. Nevertheless, a sparse color gamut containing fewer 
samples helps to shorten the time as well. In this experiment, a sparse color 
gamut based on spectral reflectance (containing 9261 nodes, step of 0.05 in 
reference coverage for CMY respectively) was created within 3.2 seconds. In 
the corresponding color separation, an approximate search over this sparse 
gamut was executed in advance to narrow the searching area in the gamut. 
Then a fine searching followed over the narrow searching area to produce the 
ink combination for the desired spectrum. Using this strategy, the time cost of 
the color separations for 416 desired spectra was around 40.1 seconds. 

To make the approach applicable and preformed in real-time for any input 
color image, a profile would be created prior to the separation by making an 
array containing as many CIELAB values inside the color gamut as possible 
and their corresponding ink combinations. As soon as this array or profile is 
obtained, for each color or spectrum we just need to look it up and find the
corresponding CMY. Based on other computer programming language, for 
example C++, searching and processing using hash table for millions of inputs 
only take less than 1 second (Alcantara, et al. 2009; Preshing, 2011). 

In the practical color separations in printing, the targets are the involved 
colors of an image (at each pixel of the image) rather than a number of 
individual colors. It is of high probability that some of the involved colors are 
beyond the color gamut of the used printing system. Although these cases 
were not considered in the proposed color separation model, by using color 
gamut mapping strategies (Urban, et al., 2008; Farup, 2007), it is possible to 
include that part in our color separation model in the future. 

An inverse procedure for color separation in color printing is introduced and 
carried out in this chapter. The proposed forward color prediction model and 
separation models are executable for colors represented by either CIELAB or 
spectral data. Ink saving is also considered in the separation by setting a 
certain tolerance for E94 color difference. The introduced forward and 
inverse procedures using colorimetric values or spectral reflectance are stable, 
simple and gives acceptable accuracy. It shows the potential for them to be 
used in color management in practical printing systems. 
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In our tests we also attempted to replace the CMY (cyan on magenta on 
yellow) by black in the bitmaps to investigate whether or not we can apply 
UCR (Under Cover Removal) or GCR (Gray Component Replacement) to our 
models. Unfortunately, we noticed that our test printing system suffers from 
miss-registration of the black ink, which results in color shift. Therefore, the 
results of the forward prediction model involving CMYK were not as good as 
expected. The research on CMYK color prediction using our simple model 
will be continued in our future work by either using a printing system with 
higher precision or suitable compensation over the bitmaps before printing.

The forward prediction model is also under studying to be applied to multi-
channel printing. For example the CMYLcLm printers utilize light magenta 
(Lm) and light cyan (Lc) in addition to the traditional cyan, magenta and 
yellow inks. This will be discussed in more details in Chapter 8. We believe 
that additional color inks bring new challenges and also possibilities that need 
to be considered in the proposed color separation model. 
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Nowadays, in color printing, it is common to use more inks than the 
conventional CMYK (cyan, magenta, yellow and black). By using additional 
inks, the CMYK process ink-set is extended to CMYK*(K*: photo black or 
matte black, light black etc), then multi-channels such as CMYKLcLm (Lc 
refers to light cyan; Lm, light magenta), CMYKGO (G means green while O 
means orange), CMYKRGB (R-red, G-green, B-blue) and even process ink-set 
including up to 12 channels (Steinmueller and Gulbins, 2006). The 
introductions of these additional inks are the result of the growing demands of 
accurate color reproduction in printing. Specifically, the different black inks 
are used to prevent the substrates from being over inked and to produce finer 
grays (Ping, 2000). The introduction of Lc and Lm is aiming to reduce the 
graininess on the color images and the GO and RGB are applied to increase 
the saturation scope of the printable colors (Jang, et al., 2005). However, 
involving more inks in the printing has also brought up new challenges in both 
analytical and empirical characterization of the print devices (Zeng, 2003).  
Color prediction, which plays an important role in the print device 
characterization, is one of the main parts in our research. Our investigation on 
color prediction model for one type of multi-channel printing, CMYLcLm 
printing, is presented in this chapter.

8.1 CMYLcLm Printing
As introduced in Chapter 3, for printing, the continuous tone image is 
converted to a binary halftone image by halftoning. Different shades on the 
continuous tone image are represented by dots with different size, shape or 
frequency. On the binary image, to create the effect of a darker shade, the 
corresponding area is filled with more microdots; while the lighter shades are 
reproduced by using fewer microdots. Therefore, in CMY printing, in the case 
of lighter shades, it may happen that the individual cyan (C) or magenta (M) 
dots are in a sparse pattern, standing out against the white background. These 
noticeable ink dots are undesirable in color printing. Therefore light cyan (Lc) 
and light magenta (Lm), which are lighter than the C and M respectively, were
introduced to alleviate the harshness of the C and M dots by using more 
microdots (Son, et al., 2004).  

Figure 8.1 shows the spectra of full tone C and full tone Lc printed on 
uncoated paper using the Canon image PROGRAF iPF6400 multichannel 
inkjet printer. The printed cyan patches (FM600dpi) whose reference coverage 
varies from 0 to 100% with a step of 10% were also measured. Amongst these 
patches, the one with the closet spectrum to 100% Lc turned out to be the 40% 
cyan patch, whose spectrum is also illustrated in Figure 8.1.  This implies that 
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reproducing a lighter cyan shade requires more Lc than C and therefore the Lc 
patch is filled with more dots and has less chance to produce grainy ink dots. 
Thus, some printers may use halftone Lc or the mixture of halftone Lc and C, 
instead of only halftone C to reproduce lighter cyan shades. The similar 
strategy is applied by including Lm in color printing to remove the possible 
distinct and harsh M dots. For yellow, it is inappreciable and unnecessary to 
introduce light yellow because yellow is of less contrast with bare paper. 

Figure 8.1: Measured spectra of full tone cyan (C), full tone light cyan (Lc) and 
halftone cyan (40%). 

An evident disadvantage of using Lc or Lm is the increased ink consumption 
to reach the same shade compared to using only C or M. However, in fine art 
works and photo quality reproduction, pleasant visual perception is preferred 
to ink saving. 

Adding Lc and Lm to the CMY printing also complicates the characterization, 
including color prediction and color separation, of the print device. The color 
separation is commonly conducted in a way closely related to color prediction 
(Agar, 2001; Jang, et al., 2005, 2006; Son, 2011). The color prediction for the 
prints involving five channels: CMYLcLm is discussed in the following 
sections. 
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8.2 Color Prediction Model for CMYLcLm Printing

8.2.1 Introduction of the color prediction for multi-channel prints 

In Chapter 4, several popular color prediction models proposed in the 
literature were explained. Although these models were explained for CMY 
printing, they can theoretically be extended and used for more channels. For 
example the extension of Neugebauer-based models could be achieved by 
applying more Neugebauer primaries resulted from the usage of extra inks. 
The relevant components in the Demichel equations are also extended. An 
instance was given in the appendix of the literature (Hersch, et al., 2005), 
which presented the extension of the Demichel equations from CMY to 
CMYK to figure out the fractional coverage of the 16 involved Neugebauer 
primaries. 

In the case of halftone print involving extra inks such as GO (or RGB), Taplin 
and Berns (2001) applied the Yule-Nielsen Spectral modified Neugebauer 
(YNSN) model to predict the color of prints using a CMYKGO inkjet printing 
system. Since six channels were involved, 64 (26) Neugebauer primaries were 
required in the YNSN model. Also based on a CMYKGO inkjet printing 
system, Jang and his colleagues (2006) estimated the colors after print by 
using the Cellular Yule-Nielsen Spectral Nuegebauer (CYNSN) model (Chen, 
et al., 2004). In their investigation, the color samples were designed to avoid 
having all inks simultaneously, in order to prevent ink blots. Therefore, using 
the CYNSN model, the number of inks involved in each prediction was 
restricted to be less than six.

Another strategy to predict the colors of the prints of a multi-channel printing 
system was presented by Hung (2000). It was proposed to subdivide the color 
gamut of the multi-channel printer into several sub-gamuts. Each sub-gamut 
includes only three or four ink coordinates. For example, the gamut built up 
by CMYKRGB printing is suggested to be subdivided into CMYK, CGYK, 
CBMK, MYRK, etc. Then the accuracy of the color prediction for 
CMYKRGB printing could be ensured by using well developed color 
prediction models, which deal with only three or four ink coordinates, for each 
sub-gamut. 

For the printing including the lighter colorants Lc and Lm (CMYKLcLm), 
Agar (2001) used the YNSN model involving 64 Neugebauer primaries to 
predict the colors of the CMYKLcLm prints. Son and his colleagues (2011) 
also applied the YNSN model to predict the color of prints involving Lc and 
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Lm. However, since the concept of the CMYKLcLm printing in their research 
is to convert C or M to the combination of CLcLm and MYLm respectively, 
color prediction was carried out only for the MYLm and CLcLm prints. 

Based on the above introduction about color prediction for the prints 
involving extra inks, we can conclude that two main strategies were applied in 
the literature. First, the extended popular color prediction models like the 
YNSN model and the CYNSN model were used. It must be noticed the 
extended color prediction models may suffer from considerable computational 
requirements and inaccuracy compared to the case when only three inks are 
involved (Son, et al., 2011). Second, the printable colors are subdivided into 
sub-gamuts, each of which involves only three or four inks. The color
prediction models for prints involving three or four inks are then used. This 
strategy ensures accurate color reproduction in multi-channel printing but may 
result in color candidates missing in the whole color gamut, especially in the 
darker region (Jang, et al., 2006).

In Chapter 5, 6 and 7 we showed that our color prediction model using an 
effective coverage map works well for CMY printing. It is therefore of high 
interest for us to apply our model to multi-channel printing.

8.2.2 Color prediction for prints containing CMYLcLm 

We started the investigation by focusing on the color prediction model for 
CMYLcLm prints. As shown in Figure 8.1, the spectrum of the full tone Lc 
shows a similar shape to that of the full tone C, although there is no linear 
correlation in between.  Therefore we consider Lc to be associated with C. 
Thus, Lc is not treated as a new individual ink when it is included together 
with C. The same conclusion holds for Lm and M in our color prediction 
model for CMYLcLm prints.

Figure 8.2 shows the CIELAB values of the color patches produced by M and 
Lm in the CIELAB color space. The magenta curve connects the measured 
CIELAB values of M patches with reference ink coverage increasing from 0 
to 100% (step of 10%). The cyan curve is composed by the CIELAB values of 
the Lm patches whose reference ink coverages are also varying from 0 to 
100% (step of 10%).  In the CIELAB space we can figure out that the M at 
40% is the closet halftone M patches to the full tone Lm. These samples were 
printed using FM600dpi by the same Canon inkjet printer used in Section 8.1 
and were measured by a spectrophotometer. Figure 8.2 shows that although 
each halftone M with reference coverage less than 40% has a certain halftone 
Lm patch close by, none of them can be replaced exactly by any halftone Lm. 
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For example, in Figure 8.2, it is hard to find a halftone Lm precisely matching 
the halftone patch with 20% M. 

 

 

 

 

 

 

 

 
 

 

 

 

Figure 8.2:  The colors of M+Lm patches shown in the CIELAB space. 

 

Using our color prediction model introduced in previous chapters, we 
predicted the colors (CIELAB values) of the patches with Lm printed together 
with M. As shown in Figure 8.2, the green, blue and red curves are the group 
of predicted colors of the patches containing both Lm and M. When producing 
a patch with darker shade, we considered that it is not necessary to have full 
tone Lm overlapping full tone M. Therefore we set the sum of the reference 
coverages of Lm and M being less or equal to 1 (or 100%), hence Magenta 
(M) + Light Magenta (Lm) ≤ 1. The samples on the green, blue and red curves 
in Figure 8.2 were designed by setting the reference coverage of Lm constant 
to 10%, 30% and 50% respectively while gradually increasing M from 0% 
until the total ink coverage reaches 100%. These curves approximately 
represent the producible magenta shades with different dot saturations.  

To study the color reproduction using both Lm and M together with other 
inks, we treat the mixture of Lm and M (Lm+M) as a sort of compound ink, 
which is different from both Lm and M.  Similarly, the mixture of Lc and C 
(Lc+C) could be considered as another “new ink”. Recall that there were three 
reference ink coordinates used in our color prediction model. By treating 
Lm+M (Lc+C) as a compound ink to replace the M coordinate (C coordinate) 



8.2 Color Prediction Model for CMYLcLm Printing

134

in the model, we can apply our color prediction model without needing to 
modify the model for the additional inks.  

Take the green curve in Figure 8.2 for example; it connects the samples 
having Lm+M (Lm=10% and Lm+M ), which are numbered by 2 to 11 
in Table 8.1. The coverage of Lm and M on these samples are also presented 
in Table 8.1. 

Table 8.1: Treat Lm+M (Lm =10% and Lm+M ) as one ink coordinate
Coverage (%) #2 #3 #4 #5 #6 #7 #8 #9 #10 #11
Magenta (M) 0 10 20 30 40 50 60 70 80 90
Light M (Lm) 10 10 10 10 10 10 10 10 10 10

To complete this curve with the patches that are lighter than 2 or darker 
than 11, the patch with bare paper and the one having heavier ink than 11
are added and marked as 1 and 12 in Table 8.2. The samples in Table 8.2 
are denoted by Lm+M (Lm 10%, M [0, 0.1, 0.2, …, 0.9, 1]). 

[0, 0.1, 0.2, …, 0.9, 1]), including two more 
patches 

Coverage (%) #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #12
Magenta (M) 0 0 10 20 30 40 50 60 70 80 90 100
Light M (Lm) 0 10 10 10 10 10 10 10 10 10 10 0

As they are considered being produced by a “new ink”, the reference ink 
×Lm. We set 

tone Lm according to the measurements. The normalized mixture Lm+M (Lm 
10%, M  [0, 0.1, 0.2, …, 0.9, 1]) is represented in Table 8.3.

Table 8.3: Treat ) as one ink coordinate
Coverage (%) #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #12
Magenta (M) 0 0 10 20 30 40 50 60 70 80 90 100
Light M (Lm) 0 10 10 10 10 10 10 10 10 10 10 0

Normalized Lm+M 0 4 14 24 34 44 54 64 74 84 94 100
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Similarly, the combinations Lm+M (Lm 30%) on the blue curve in Figure 
8.2 are completed and represented in Table 8.4. The combinations for Lm+M 
in Table 8.4 are denoted by Lm+M (Lm 30%, M [0, 0.1, 0.2, …, 0.9, 1]).

Table 8.4: Treat ) as one ink coordinate
Coverage (%) #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #12
Magenta (M) 0 0 0 0 10 20 30 40 50 60 70 100
Light M (Lm) 0 10 20 30 30 30 30 30 30 30 30 0

Normalized Lm+M 0 4 8 12 22 32 42 52 62 72 82 100

Using the same strategy, several groups of Lm+M mixtures are applied and 
therefore several “new inks” associated with magenta are “created”. For 
Lc+C, similar processes are carried out and several “new inks” associated 
with C are also “created”. Then color prediction for the prints containing 
Lc+C and Lm+M is carried out based on our color prediction model using the 
effective coverage map introduced in Chapters 5 and 6. The C and M ink 
coordinates in our model are replaced by the new ones, which are the different 
mixtures of Lc+C and Lm+M respectively. 

According to the principle of the effective coverage map in our model, several 
training samples are needed to create the effective coverage map. The more 
“new inks” that are introduced; the more training samples would be required. 
Therefore, in order to avoid using too many training samples, we only use 
Lm+M (Lm area, area [0, 0.13, 0.33, 0.66, 1]) instead of Lm+M (Lm 
area, area [0, 0.1, 0.2, …, 0.9, 1]) . The reason for taking [0, 0.13, 0.33, 
0.66, 1] but not the other series such as [0, 0.25, 0.5, 0.75, 1] was based on the 
characterization curves for printed magenta (using a Canon inkjet printer) 
which are similar to those in Figure 5.7b (using an Epson inkjet printer). As it 
was mentioned in Section 5.3, the characterization curves for magenta were 
not symmetrical around 0.5 and the reference coverage which produced the 
biggest dot gain was shifted to the left and located around 0.33. Notice that in 
Figure 5.7a and 5.7c, along the characterization curves for both cyan and 
yellow, the reference coverage which produced the biggest dot gain was also 
around 0.33. Thus, we use Lc+C (Lc area, area [0, 0.13, 0.33, 0.66, 1]) for 
the training samples involving Lc and C, and Y [0, 0.13, 0.33, 0.66, 1] for 
the training samples involving Y.

Figure 8.3 illustrates the process to “create” the group of mixture Lm+M (Lm 
0.13, M [0, 0.13, 0.33, 0.66, 1]), which are considered being produced by a 

“new ink” in the model.
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The coverage of Lm, i.e. lmi is set 
to be constant: lmi = 0.13

Set the coverage of M: mi
mi [0, 0.13, 0.33, 0.66, 1]

Keep the combinations holding
mi + lmi . Delete the rest.

Add Lm patches or M patches that are brighter or darker 
than the combinations.

Figure 8.3: Creating Lm+M 13%, M [0, 0.13, 0.33, 0.66, 1]). 

Using the same procedure as explained in Figure 8.3, the mixture Lm+M (Lm 
0, M [0, 0.13, 0.33, 0.66, 1]) is shown in Table 8, which contains only M.

Table 8.5: Mixture Lm+M
Magenta (M) 0 0.13 0.33 0.66 1
Light M (Lm) 0 0 0 0 0

Normalized Lm+M 0 0.13 0.33 0.66 1

The resulted Lm+M (Lm 0.33, M [0, 0.13, 0.33, 0.66, 1]) are shown in 
Table 8.6.

Table 8.6: Mixture Lm+M
Magenta (M) 0 0 0 0.13 0.33 0.66 1
Light M (Lm) 0 0.13 0.33 0.33 0.33 0.33 0

Normalized Lm+M 0 0.052 0.132 0.262 0.462 0.792 1

The resulted Lm+M (Lm 0.66, M [0, 0.13, 0.33, 0.66, 1]) are shown in 
Table 8.7.
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Table 8.7: Mixture Lm+M
Magenta (M) 0 0 0 0 0.13 0.33 1
Light M (Lm) 0 0.13 0.33 0.66 0.66 0.66 0

Normalized Lm+M 0 0.052 0.132 0.264 0.394 0.594 1

As shown in Figure 8.3 and Tables 8.5-8.7, M and three groups of Lm+M are 
considered as the ink coordinates for the training samples in our model. To 
include Lm as an individual ink coordinate, Lm+M (Lm 1, M [0, 0.13, 
0.33, 0.66, 1]), are also used and presented in Table 8.8. To uniform the 
appellation, the mixtures in Figure 8.3 and Tables 8.5-8.8 are generally 
denoted by Lm+M (Lm area, area [0, 0.13, 0.33, 0.66, 1]; M [0, 0.13, 
0.33, 0.66, 1]).

Table 8.8: Mixture Lm+M
Magenta (M) 0 0 0 0 0
Light M (Lm) 0 0.13 0.33 0.66 1

Normalized Lm+M 0 0.13 0.33 0.66 1

Notice that in Table 8.8, the normalized reference coverage of the mixture 
Lm+M are the coverages of Lm, instead of the normalization by ×Lm 
because when only Lm is involved, it is treated as an individual ink coordinate 
to replace the coordinate M. 

To explain how to replace C and M with the mixture of Lc+C and Lm+M 
respectively,  the 2-D effective coverage grid for the training samples is 
presented in Figure 8.4, which is similar to Figure 5.4. Lc+C (Lc 0.33, C
[0, 0.13, 0.33, 0.66, 1]) and Lm+M (Lm 0.13, M [0, 0.13, 0.33, 0.66, 1])
are the ink coordinates in Figure 8.4, representing the C and M coordinates in 
Figure 5.4.

All the required training samples with Lc+C (Lc 0.33, C [0, 0.13, 0.33, 
0.66, 1]) and Lm+M (Lm 0.13, M [0, 0.13, 0.33, 0.66, 1]) are presented in 
Figure 8.4. Recall that Lc+C and Lm+M are treated as individual ink 
coordinates like C and M in our model for CMY printing. As soon as the 
measured data (CIEXYZ tri-stimulus values or spectra) of the training samples 
in Figure 8.4 are given, the grid would be filled with effective coverage values 
by mapping, which was introduced in Section 5.2.1.
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Figure 8.4: The 7×6 effective coverage grid for the training samples with Lc+C and 
Lm+M.

As discussed before, the Lm+M (Lm area, area [0, 0.13, 0.33, 0.66, 1]; M 
[0, 0.13, 0.33, 0.66, 1]) include five groups of Lm+M mixtures. The same 

scenario is valid for Lc+C. Therefore 5×5=25 effective coverage grids would 
be created to predict the color of any CMLcLm prints, one of which is shown 
in Figure 8.4.

Given the reference coverages of a certain CMLcLm print, one grid is selected 
from the 25 grids according to the reference coverages. For example, if given 
the reference coverage of CMLcLm = (0.22, 0.4, 0.1, 0.5), in which the 
reference of Lc (0.1) is closer to 0.13 of [0, 0.13, 0.33, 0.66, 1] and the 
reference of Lm (0.5) is closer to 0.66 of [0, 0.13, 0.33, 0.66, 1]. Then the grid 
created by using ink coordinate Lc+C (Lc 0.13, C [0, 0.13, 0.33, 0.66, 1])
and Lm+M (Lm 0.66, M [0, 0.13, 0.33, 0.66, 1]) would be chosen to 
determine the effective coverage of each primary. 

For CMLcLm prints, the involved primaries in our model are on the four 
corners of the chosen grid. For example, if the grid shown in Figure 8.4 was 



Color Prediction Model for CMYLcLm Printing

139

chosen for a given test CMLcLm print, the used primaries are the full tone C, 
full tone M, full tone C mixed with full tone M and bare paper. As mentioned 
above, it is assumed that Lc+C Lm+M 
chapter. After the effective coverage values are obtained by cubic 
interpolation through the chosen grid, the color of the test CMLcLm sample 
will be predicted by Equations 5.14-5.16 based on CIEX, Y and Z values or by 
Equation 6.5 (remove those irrelevant primaries) based on spectral 
reflectance. 

The effective coverage grids involving ink coordinates [Lc+C and Y] or 
[Lm+M and Y] could be obtained similarly by using the measurements of the 
corresponding training samples. The color of the test CYLc or MYLm 
samples then could be predicted similar to those of CMLcLm test samples.

When predicting the test samples containing all the channels, i.e.  CMYLcLm, 
the effective coverage map introduced in Section 5.2.2 is applied. Notice 
again that Lc+C and Lm+M are treated as a compound ink replacing the C and 
M ink coordinates in our previous model. The effective coverage maps for 
(Lc+C)(Lm+M)Y are built up by the same processing that was explained for 
CMY in Section 5.2.2. The required training samples are prepared similarly to 
those for the effective coverage grid shown in Figure 8.4. For example, for the 
ink coordinates:

Lc+C:  Lc+C (Lc 0.33, C [0, 0.13, 0.33, 0.66, 1])

Lm+M:  Lm+M (Lm 0.13, M [0, 0.13, 0.33, 0.66, 1])

Y:  Y [0, 0.13, 0.33, 0.66, 1].

The effective coverage map is created by the training samples whose reference 
ink components are from the lists in Table 8.9. 

Table 8.9: The reference ink coordinates of the training samples for certain effective 
coverage map by (Lc+C)(Lm+M)Y

Cyan (C) 0 0 0 0.13 0.33 0.66 1
Light C (Lc) 0 0.13 0.33 0.33 0.33 0.33 0

Normalized Lc+C 0 0.052 0.132 0.262 0.462 0.792 1
Magenta (M) 0 0 0.13 0.33 0.66 1
Light M (Lm) 0 0.13 0.13 0.13 0.13 0

Normalized Lm+M 0 0.052 0.182 0.382 0.712 1
Yellow (Y) 0 0.13 0.33 0.66 1
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Therefore totally 7×6×5=210 training samples are involved in this chosen 
effective coverage map. These training samples actually include the training 
ones that were used for the effective coverage grid in Figure 8.4. Shown in 
Figure 8.3 and Tables 8.5-8.8, five groups of mixture Lm+M are defined, 
therefore five “new inks” associated with Lm+M are introduced. Similarly,
five “new inks” associated with Lc+C are introduced, leading to 25 effective 
coverage grids. Y, as the other ink coordinate, has five reference coverage 
values, i.e. [0, 0.13, 0.33, 0.66, 1]. Therefore, totally 25 effective coverage 
maps are built up to include as many combinations for (Lc+C)(Lm+M)Y as
possible.

Given any reference CMYLcLm combination, the effective coverage values 
for the primaries in Equation 5.15 (or Equation 6.4) are obtained by cubic 
interpolation through the selected effective coverage map, which is chosen in 
advance according to the reference (Lc+C), (Lm+M) and Y. Finally, the color 
of the test CMYLcLm print is predicted using Equation 5.16 based on 
CIEXYZ tri-stimulus values or by Equation 6.5 based on spectral reflectance.

8.3 Experiments and Discussion
To evaluate the approach introduced in Section 8.2, a large number of 
CMYLcLm prints were printed and measured. The used printer was the Canon 
imagePROGRAF iPF6400 multichannel inkjet printer. Uncoated paper for ink 
jet color printing was used. FM600dpi was used to create the halftone patches. 
All the prints were then measured by the Spectrophotometer (BARBIERI 
electronic Spectro LFP RT. Light source D65 with 2° observer).

The prints include training and test samples. It was assumed that the reference 
coverage Lc+C 1 and Lm+M 1 during the design of the test samples. The 
print group CMLcLm refers to the samples containing C, M, Lc and Lm. Print 
groups CYLc and MYLm are also defined according to the ink combinations 
of the test samples. Furthermore, there were also groups such as CMYLmLc, 
CYLmLc, CMYLc, MYLmLc and CMYLm. 

For a better evaluation, the color prediction for test samples in groups 
CMLcLm, CYLc and MYLm were carried out apart from the ones in groups 
CMYLmLc, CYLmLc, CMYLc, MYLmLc and CMYLm. This is because to 
predict the colors of the prints in groups CMLcLm (596 test samples), CYLc 
(368 test samples) and MYLm (368 test samples), only the effective coverage 
grids (two dimensional) were needed while for the print groups CMYLcLm 
etc, the full effective coverage maps (there dimensional) were required. 
Regarding the reference ink coverages of the test samples in these groups, half 
of the samples only used values such as 0.25, 0.5 and 0.75 for the involved 
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inks and the rest of the test samples had random reference ink combinations. 
To simplify the experiment, during the color prediction using effective 
coverage maps, the prints in groups CYLmLc etc were all classified into 
group CMYLcLm (534 random test samples). All the test samples used in this 
experiment excluded the training samples introduced before. 

8.3.1 CMLcLm, CYLc, MYLm

By considering (Lc+C) and (Lm+M) as two individual ink coordinates in the 
color prediction model, the prediction accuracy of our model for the prints in 
groups CMLcLm, CYLc, MYLm are presented in Table 8.10, using E94
color differences and spectral RMS.

Table 8.10: The color difference between measured and predicted colors
The designed reference coverage of the training samples for the effective 
coverage grids:
Lc+C (Lc [0, 0.13, 0.33, 0.66, 1]; C [0, 0.13, 0.33, 0.66, 1]);
Lm+M (Lm area, area [0, 0.13, 0.33, 0.66, 1]; M  [0, 0.13, 0.33, 0.66, 1]);
Y [0, 0.13, 0.33, 0.66, 1]

Based on CIEXYZ

94
CMLcLm

(596 samples)
CYLc

(368 samples)
MYLm

(368 samples)
Max 3.48 3.90 2.82
mean 0.58 0.95 0.69

>4 0 0 0

Based on Spectral Reflectance
CMLcLm

(596 samples)
CYLc

(368 samples)
MYLm

(368 samples)

Max 0.0419 0.0222 0.0240
mean 0.0088 0.0065 0.0067

94
CMLcLm

(596 samples)
CYLc

(368 samples)
MYLm

(368 samples)

Max 5.26 3.91 2.81
mean 0.8022 0.9342 0.7125

>4 5 0 0

As shown in Table 8.10, the maximum prediction errors based on CIEXYZ 
values for the print groups CMLcLm, CYLc, MYLm are acceptable. The 
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corresponding mean E94 color differences for the three groups are all small. 
The E94 color differences obtained based on spectral reflectance is worse 
than those based on CIEXYZ values, but are still acceptable. It is hard to 
evaluate the performance of the prediction based on spectral reflectance by the 
obtained maximum spectral RMS, which is 0.0419 in Table 8.10. However, 
considering that the obtained spectral RMS between two white patches (two 
blank patches at different positions on the print sheet) was 0.0065, we believe 
that the obtained mean spectral RMS (0.0088, 0.0065 and 0.0067) in Table 
8.10 are acceptable. 

The number of the training samples used in this experiment is counted as 
following. Different mixtures of Lm+M were applied as ink coordinates in 
different effective coverage grids. According to the introduction in Section 
8.2.2, five grids are created for CMLcLm prints, and the size of each grid 
varies. However, most of the Lm+M combinations are taken in different grids 
repeatedly, for example, the (Lm=0.13, M=0) is included in the groups of 
mixture Lm+M shown in Figure 8.3 and Tables 8.5-8.8. According to our 
experiment, totally 17 combinations for Lm+M are required by setting Lm+M 
(Lm area, area [0, 0.13, 0.33, 0.66, 1]; M [0, 0.13, 0.33, 0.66, 1]). 
Similarly, 17 combinations for Lc+C are required by setting Lc+C (Lc area,
area [0, 0.13, 0.33, 0.66, 1]; C [0, 0.13, 0.33, 0.66, 1]). Therefore 
17×17=289 training samples are designed for the CMLcLm prints and 17×5= 
85 training samples are designed for the CYLc or MYLm prints. 

To cut down the number of the training samples, we applied the setting Lm+M 
(Lm area, area [0, 0.33, 0.66, 1]; M [0, 0.33, 0.66, 1]) and  Lc+C (Lc 
area, area [0, 0.33, 0.66, 1]; C [0, 0.33, 0.66, 1]). Then the required 
number of training samples turned out to be 10×10=100 for CMLcLm prints;
10×5=50 for the CYLc or MYLm prints. The corresponding prediction errors 
are presented in Table 8.11.  

As expected the results in Table 8.11 are worse than those in Table 8.10, 
especially for the print groups CYLc and MYLm. We believe it is possible to 
improve the performance of the model by applying more suitable reference 
combinations for the training samples. To date, we only tried the setting 
Lm+M (Lm area, area [0, 0.33, 0.66, 1]; M [0, 0.33, 0.66, 1]) and  
Lc+C (Lc area, area [0, 0.33, 0.66, 1]; C [0, 0.33, 0.66, 1]), but it might 
be possible to decrease the prediction error with fewer training samples by 
using other settings such as Lm+M (Lm area, area [0, 0.33, 1]; M [0, 
0.33, 0.66, 1]) ,  Lc+C (Lc area, area [0, 0.33, 1]; C [0, 0.25, 0.66, 1])
and Y (Y [0, 0.25, 0.66, 1]). 
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It has to be noticed that the way to normalize the reference coverage of the 
mixture Lm+M or Lc+C may affect the performance of the color prediction 
model. The normalized reference coverages are used in the cubic interpolation 
through the effective coverage maps to figure out the effective coverage 
values for each Neugebauer primary. Recall that we used 
for Lm+M considering the 40% halftone M gives the closet CIELAB values to 

similar reasoning. In the future, it is of inte
Lm with different reference coverages during the reference coverage 
normalization. 

Table 8.11: The color difference between measured and predicted colors, using less 
training samples

The designed reference coverage of the training samples for the effective 
coverage grids:
Lc+C (Lc [0, 0.33, 0.66, 1]; C [0, 0.33, 0.66, 1]);
Lm+M (Lm [0, 0.33, 0.66, 1]; M [0, 0.33, 0.66, 1]);
Y [0, 0.13, 0.33, 0.66, 1]

Based on CIEXYZ

94
CMLcLm

(596 samples)
CYLc

(368 samples)
MYLm

(368 samples)
Max 4.97 6.58 6.78
mean 1.38 1.61 1.17

>4 6 16 9

Based on Spectral Reflectance
CMLcLm

(596 samples)
CYLc

(368 samples)
MYLm

(368 samples)

Max 0.0863 0.0788 0.0373
mean 0.0191 0.0129 0.0089

94
CMLcLm

(596 samples)
CYLc

(368 samples)
MYLm

(368 samples)
Max 5.75 6.31 6.7
mean 1.49 1.58 1.17

>4 13 15 9
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8.3.2 CMYLcLm

For the prints in group CMYLmLc, to find out the effective coverage values 
for the involved Neugebauer primaries, the effective coverage maps are 
needed in our model. As mentioned in Section 8.2.2, if we choose the setting 
Lc+C (Lc area, area [0, 0.13, 0.33, 0.66, 1]; C [0, 0.13, 0.33, 0.66, 1]), 
for the training samples, 17 combinations for different Lc+C coordinates were 
required as shown in Table 8.12. 

The same combinations are required for Lm+M, which were rearranged into 
five groups. Since Y [0, 0.13, 0.33, 0.66, 1], totally 25 effective coverage 
maps with different sizes were built up. The total number of used training 
samples was 17×17×5 = 1445 (all the training samples used in the effective 
coverage grids were also included). We have to admit that the requirement of 
such number of training samples actually lower the advantage of the 
prediction model.

Table 8.12:  [0, 0.13, 0.33, 0.66, 
1]; C [0, 0.13, 0.33, 0.66, 1])

No. #1 #2 #3 #4 #5 #6 #7 #8 #9
Cyan (C) 0 0 0.13 0 0.13 0.13 0 0.33 0.33

Light C (Lc) 0 0.13 0 0.33 0.13 0.33 0.66 0 0.13
×Lc+C, 0 0.052 0.13 0.132 0.182 0.262 0.264 0.33 0.382

No. #10 #11 #12 #13 #14 #15 #16 #17
Cyan (C) 0.13 0 0.33 0.33 0.66 0.66 0.66 1

Light C (Lc) 0.66 1 0.33 0.66 0 0.13 0.33 0
×Lc+C, 0.394 0.4 0.462 0.594 0.66 0.712 0.792 1

To cut down the number of the required training samples, we attempted to 
create a single effective coverage map with larger size to substitute the 25
effective coverage maps with different sizes. The size 17×17×5 is too large
and therefore we attempted to remove several combinations from Table 8.12. 
The combinations for Lc+C marked in gray in Table 8.12 are the ones chosen 
to be removed. These removed combinations include: the ones having only 
one ink (#2, #3, #4, #7, #8, #11, #14) since the aimed effective coverage map 
was created mainly for the test samples in group CMYLmLc; and the one 
(#10) having a close normalized reference coverage to its neighboring 
combination (#9).  Finally nine combinations were kept for Lc+C, as shown in 
Table 8.13.
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Table 8.13: The kept combinations for Lc+C 
New No. #1 #2 #3 #4 #5 #6 #7 #8 #9
Cyan (C) 0 0.13 0.13 0.33 0.33 0.33 0.66 0.66 1

Light C (Lc) 0 0.13 0.33 0.13 0.33 0.66 0.13 0.33 0
×Lc+C, 0 0.182 0.262 0.382 0.462 0.594 0.712 0.792 1

The same nine combinations were kept for Lm+M, leading to 9×9×5=405 
training samples in one effective coverage map.  The created effective 
coverage map was used for the 534 random test samples in group CMYLmLc. 
So far, only the color prediction based on CIEXYZ tri-stimulus values have 
been carried out using this 9×9×5 effective coverage map. Figure 8.5 shows 
the distribution of the obtained E94 color differences between the predicted 
and measured colors. 

Figure 8.5: Distribution of the E94 between predicted and measured colors.

As shown in Figure 8.5, for around 78 percent (21+18+21+18) of the test 
samples the E94 color differences are less than 4 while for around 4 percent 

E94 color differences are over 6. The mean value of 
the obtained E94 color differences is 2.18 while the maximum value is 8.32. 
This prediction accuracy for the CMYLmLc prints is not as satisfying as we 
expected before the experiment. Thorough study on our color prediction 
model applying to the CMYLmLc prints is going to continue for higher 
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prediction accuracy while using less training samples. In future work, it is 
suggested to consider a fact in the model: in practical CMYLmLc printing, it 
may be rare to use the five inks simultaneously with heavy reference coverage, 
such as CMYLmLc = (45%, 45%, 35%, 45%, 50%).

This chapter presents our investigation on the color prediction model for the 
CMYLmLc printing. Unlike the Yule-Nielsen Spectral modified Neugebauer 
(YNSN) model or the Cellular Yule-Nielsen Spectral Nuegebauer (CYNSN) 
model; we treated the mixture of C and Lc and the mixture of M and Lm, as 
“new inks” replacing the C and M in our previous three-channel color 
prediction model. Computation based on CIEXYZ values and spectral 
reflectances were carried out to evaluate the proposed model. The color 
prediction for prints in groups CMLcLm, CYLc and MYLm were good and 
satisfying. Strategies for reducing the training samples were applied while 
giving acceptable prediction accuracy. The modification of the model for print 
group CMYLmLc is a part of our future study to evaluate and improve our 
color prediction model. We believe that the investigation presented in this 
chapter is valuable for the color separation and thereby for the 
characterization of printing systems.
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9.1 Summary and Discussion
A simple color prediction model, employing multiple characterization curves 
to minimize the colorimetric and spectral differences between predicted and 
measured colors of prints, is presented in this thesis. A method for color 
separation, which is closely related to the presented color prediction model, is 
also proposed. Further investigation on the color prediction model is discussed 
and carried out within CMYLcLm printing at a preliminary stage.  

The presented color prediction model is developed from a basic model, in 
which three characterization curves based on CIEXYZ values originated from 
the study on dot gain characterization in color printing. Employing three 
curves for each ink in dot gain characterization, without using the n-factor,
distinguishes our model from the existing models. For improvement, 
experiments considering the effect of ink superposition in the basic model are 
carried out, leading to the introduction of the effective coverage map based on 
CIEXYZ values in the basic model. This map presents the effective coverage 
values of the involved inks, correlated with different reference ink 
combinations. Thus, for any given ink combination, the effective coverage 
values based on CIEXYZ values, which are required in our basic model, can 
be determined by cubic interpolation over the map. The effective coverage 
map greatly helps to reduce the color prediction errors, according to 
experiments using a large number of test samples.

To reduce the number of training samples required to create the effective 
coverage map, a general procedure to choose suitable training samples 
according to the dot gain behavior of each primary ink is proposed. The 
corresponding experimental results show that our “simple color prediction 
model based on CIEXYZ using effective coverage map” can be used with 
fewer training samples, while still providing acceptable prediction accuracy. 

Considering the importance of spectral reflectance match for the development 
of spectral printing, the color prediction model is extended to predict spectral 
reflectance of printed colors. The extension is established by using spectral 
reflectance at different wavelength subintervals instead of the CIEX, Y and Z 
values, without additional complicated optimizations.  The satisfying 
experimental results prove the feasibility of this approach, showing that our 
model is executable for both tri-stimulus values prediction and spectral 
prediction for printed colors.

The color separation, which translates a target color into the combinations of 
the inks that the printer utilizes, is an important procedure in color 
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reproduction. Based on the presented color prediction model, a simple color 
separation model minimizing the colorimetric and spectral differences is 
presented for CMY printing. In the experiments, ink saving is also considered. 
The simplicity and accuracy of the proposed color prediction and separation 
models show the potential to apply them in practical color reproduction. 

In order to apply the presented color prediction and separation models to 
multi-channel printing, the investigation on color prediction for CMYLmLc 
prints is carried out. Different from the YNSN model or the CYNSN model, 
the mixtures of C and Lc, M and Lm, are treated as “new inks” to replace the 
C and M in our three-channel color prediction model. Experiments have 
shown that the color prediction results are not bad, but there is still place for 
improvements.

Using multiple characterization curves based on CIEXYZ tri-stimulus values 
and spectral reflectance supplements the study of dot gain characterization for 
color prints. The proposed effective coverage map shows a reliable strategy to 
estimate effective coverage values for the involved colorants with different 
ink combinations. Last but not least, the proposed color separation model 
establishes a framework of color reproduction based on a simple color 
prediction model, and provides reference for more advanced color separation 
for prints in future work. 

9.2 Future Work
Extending our model to involve the black ink should be continued since black 
is commonly used in practical color printing. As mentioned in Chapter 7, our 
attempt to include black in the model didn’t end with satisfying prediction 
results. Miss-registration by the print device in our lab might be one of the 
reasons for the failure. This work is expected to continue, either by using a 
reliable print device or by modifying the effective coverage estimation.

Part of the other future works has been mentioned in Chapter 8 regarding 
CMYLmLc printing. One of them is to reduce the number of the training 
samples. The other one is to use other mixtures of C and Lc (M and Lm) as 
the reference ink combinations in the training samples to achieve a higher 
accuracy. 

The presented simple color prediction model is stable for CMY prints, which 
has been verified by the experiments in this thesis. Although the proposed 
color prediction model has been applied to the five colorants printing 
CMYLcLm, it is basically a three-channel model. However, if our model is 
stable enough to provide satisfying color prediction for any three-channel 
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printing with different printing conditions, it is of interest for multi-channel 
printing other than CMYLcLm. As mentioned in Chapter 8, one strategy is to 
divide the multi-channel printing into several three or four-channel printings 
and then apply our prediction model to all of them. 

In the further study, besides accurate color reproduction and ink saving, dot-
visibility as introduced by Son, et al. (2011) can be considered in the color 
separation model.  Gamut mapping is expected to be included in the color 
separation as well, facing the demands from the practical color reproduction. 

Color prediction and separation models, such as the ones presented in this 
thesis are a tip of the iceberg in the color printing area. However, the 
achievements of this research work provide reference to the theoretical 
research in color printing and support the further development of the color 
printing industry.
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