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Abstract

Evaluation of perceived image quality in color prints is a
complex task, due to its subjectivity and dimensionality. Per-
ceived image quality is influenced by a number of quality at-
tributes. Evaluation of all attributes influence, and their influence
on other attributes, is is a difficult and complex task. Because
of this the most important attributes should be identified in order
to achieve a more effective and manageable evaluation of image
quality. In this paper we identify and categorize existing quality
attributes, and we propose a refined selection of meaningful qual-
ity attributes for the evaluation of color prints. Experimental data
verify the proposed set of quality attributes.

Introduction

Technology advancements are rapid in the printing industry.
One of the goals for the printing industry, and a motivation for
the advancements, is to produce high quality prints fast and eco-
nomically. With this goal and motivation, new and more refined
ways to deal with the limitations of printing systems are proposed
continuously to achieve high quality prints. In order to show if
technology advancements increase the quality of a print the in-
dustry performs quality assessment.

There are basically two ways to judge Image Quality (IQ):
subjectively or objectively. Subjective evaluation is carried out by
observers, and is therefore influenced by the Human Visual Sys-
tem (HVS). There are several possible ways to carry out objec-
tive evaluation. One typical way is to use measurement devices
gathering numerical values. Another way is to use algorithms,
commonly known as IQ metrics, in an attempt to quantify IQ.
IQ metrics are usually developed to take into account properties
of the HVS, and thus with the goal of being well correlated with
subjective evaluations.

Both objective and subjective evaluation of 1Q are depen-
dent on a number of Quality Attributes (QAs), which are terms
of perception [1], such as colorfulness, contrast, and sharpness.
These QAs influence the overall 1Q differently, and knowledge
about their importance can be used to achieve an optimal repro-
duction of an image [2]. Many researchers have investigated and
acknowledged the importance of different QAs [2-9], but there is,
so far, no overall agreement on which QAs are most important. In
this paper we focus on QAs for the evaluation of color prints.

For many years, a goal in IQ evaluation has been to develop
objective measures that are correlated with subjective quality. The
advancements in this field have been driven by the desire to reduce
the dependence on human observers and minimize both time and
resources needed to quantify 1Q. To achieve this, the QAs used in
subjective evaluation of IQ need to be identified and their impor-
tance need to be assessed. These objective measures, such as 1Q
metrics, can be used to help observers detect 1Q issues, identify
loss of IQ in printing workflows, optimize a process, or compare
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the IQ of different printing systems.

IQ models have been created to establish a link between sub-
jective and objective IQ. These models are theories of perception
that enable the prediction of IQ [10]. They are intended to de-
scribe the overall IQ and to help researchers in the evaluation of
1Q. IQ models are composed of QAs, and they show how QAs
relate to each other and their influence on overall 1Q. The goal for
1Q models is to evaluate all QAs and their relationships, yet, this
is a very difficult and complex task. In order to reduce the com-
plexity most IQ models use a subset of QAs composed of the most
important QAs. A subset of QAs can be defined based on tech-
nological issues, or by asking observers, or by a combination of
the two. By defining a subset of QAs, strengths and weaknesses
of a given system can be meaningfully represented with a rela-
tively small number of QAs [11]. Several IQ models have been
proposed [3, 8, 12, 13], but the search for better and improved 1Q
models is still ongoing.

The goal of this paper is to identify and categorize existing
QAs to propose a refined selection of meaningful QAs for the
evaluation of color prints. These QAs can further be used to cre-
ate a link between subjective and objective IQ in an 1Q model.
Identification and categorization of QAs can be used as assistance
in the evaluation of color prints, as well as to improve or develop
new evaluation methods.

This paper is organized as follows: First a survey of QAs and
1Q models, then a discussion about the selection of important QAs
for the evaluation of color prints. Next, an experiment investigat-
ing a color workflow is carried out, where QAs are evaluated by
observers. Finally we conclude and suggest directions for further
research in this field.

Image Quality Attributes - State of the Art

Norberg et al. [5] evaluated overall quality, as well as eight
QAs, in a comparison of digital and traditional print technologies.
In a study by Lindberg [4] overall 1Q and 12 different QAs were
used for the evaluation of color prints. Based on the evaluation
performed by observers these 12 QAs were reduced to two or-
thogonal dimensions; print mottle and color gamut. In addition
several researchers have investigated the importance of QAs like
sharpness [6], contrast [14], artifacts (for example noise [7, 8] and
banding [15]), naturalness [2], and color [3, 9, 14, 16].

Research on the combined influence of QAs has been carried
out as well. Sawyer [7] investigated the influence of sharpness and
graininess on perceived 1Q, and their combined influence. Some
years later Bartleson [8] investigated the combined influence of
sharpness and graininess on color prints. Both Sawyer and Bartle-
son showed results where the worst QA tended to determine the
quality, and a change in the least worse QA would not increase
quality. Natale-Hoffman et al. [11] investigated the relationship
between color rendition and micro uniformity on preference. This
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was considered by the authors as a step towards predicting prefer-
ence, without dependence on human observers.

Identification of QAs has also been recognized as important
for IQ metrics. Morovic and Sun [9] based an 1Q metric on per-
ceptual QAs, where the QAs were determined based on answers
from observers. Lightness, hue, chromaticity, details, and contrast
were found to be important. Only the three first, being the most
important according to the authors, were incorporated in the met-
ric. Later Wang and Shang [17] showed that defined QAs were
beneficial for training 1Q metrics.

Image Quality Models - a Brief Survey
A framework for IQ models was proposed by Bartleson [8]
in 1982. His approach was divided into three parts:

1. identification of important QAs,

2. determination of relationships between scale values and ob-
jective measures,

3. combination of QA scale values to predict overall 1Q.

Bartleson used this framework to investigate the combined influ-
ence of sharpness and graininess on the quality of color prints.
This framework has the advantage of representing strengths and
weaknesses of a given system by a relatively small number of
QAs. Because of this, and its perceptual considerations, the
framework has been adopted by several researchers [3, 10, 12].
We also adopt this framework, where we discuss the first part,
identification of important QAs.

Dalal et al. [3] followed the framework in the creation of the
Document Appearance Characterization system, which is a two-
sided system composed of QAs: one part for the printer and one
for materials and stability. For most QAs in the system, evalua-
tion is performed by experts. The basic IQ is given by 10 QAs for
both sides. These describe different aspects of the system, such as
color rendition, uniformity, and stability. The system has several
advantages. It uses high level descriptors, which cover a wide
range of IQ issues. The printer is also separated from materials
and stability, allowing for separate analysis. Being technology
independent is an advantage as well. But this system has some
drawbacks as well, since the evaluation is mostly carried out by
experts the results will be influenced by the subjectivity of the
expert. It might be unsuitable for non-experts due to its complex-
ity. The model is problematic to use with IQ metrics, since it is
difficult to extract information with IQ metrics for all QAs.

Keelan [12] also followed the same framework. First impor-
tant QAs are identified, then the relationship between a subjective
scale (based on just noticeable differences) and an objective met-
ric is found. In the case where multiple QAs influence the quality
of an image, the influence of each QA to overall IQ is found.
Keelan adopted a multivariate formalism as a tool to combine the
influence of each QA in order to obtain a value for overall IQ.

Engeldrum [10] focused on the building of an IQ model, and
partially adopted Bartleson’s framework. He proposed the 1Q cir-
cle, which is based on four elements; customer quality preference,
technology variables, physical image parameters, and customer
perceptions. The last element, customer perceptions, contains the
perceptual QAs (or “nesses”), being the topic for this study. The
quality circle shows the relationship between objective and sub-
jective quality, but does not include which QAs are important,
nor how they should be quantified. Engeldrum also states that
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observers most likely will not be able to perceive more than five
QAs simultaneously.

Many other 1Q models have been proposed as well. Some
of these are IQ metrics, which accept an image or a set of images
as input and the output is one or several values representing 1Q.
These models are most often constructed to quantify either overall
IQ or the quality of specific QAs. They usually incorporate sev-
eral stages of processing, where characteristics of different QAs
are taken into account. For an overview of different models we
refer to Pedersen and Hardeberg [18].

Investigation and Selection of Quality Attributes

As a first step towards an 1Q model important QAs must be
identified. In order to do this we have performed a survey of the
existing literature. Numerous QAs have been considered as im-
portant and evaluated by researchers to quantify 1Q. These QAs
include for example lightness [9, 12], sharpness [4-6, 19, 20],
contrast [4, 5, 9, 14], noise/graininess [7, 8, 19, 21, 22], band-
ing [15], details [5, 9, 14, 16, 19], naturalness [2] , color [3, 16],
hue [9], chroma [9], saturation [14], color rendition [3], process
color gamut [3], artifacts [14], mottle [4, 20], gloss [4, 5], color
reproduction [22], tone reproduction [22], color shift [5, 20], or-
dered noise [5], patchiness [5], line quality [3, 23], text quality
[3], gamut size [24], adjacency [3], effective resolution [3], ef-
fective tone levels [3], gloss uniformity [3], skin color [16], pa-
per roughness [20], paper flatness [3], paper whiteness [20], per-
ceived gray value [19], structure changes [19], micro uniformity
[3], macro uniformity [3], structure properties [19], color gamut
[20], correctness of hue [25], correctness of lightness [25], con-
touring [26], colorfulness proportional to the original [25], edge
sharpness [23], and edge raggedness [23].

When reducing these QAs found in the literature, there are
several important issues to consider, such as the intention of how
QAs should be used, and their origin. A long term goal of this
research is to create a link between subjective and objective 1Q of
color prints. With this intention the QAs should be based on per-
ception and account for technological printing issues. The QAs
should be general enough to be evaluated by observers, and in
order not to exclude novice observers the QAs should be some-
what straightforward to evaluate. In addition, the QAs should be
suitable for IQ metrics, being the intended objective method. The
existing sets of QAs and models do not fulfill all of these require-
ments, and therefore a new set of QAs is needed.

Many of the QAs listed above are similar and have common
denominators, which enables them to be grouped within more
general QAs in order to reduce the dimensionality and create a
more manageable evaluation of IQ. There is usually a compromise
between generality and accuracy when it comes to dimensionality.
A small set of general QAs results in lower accuracy, but low com-
plexity, while a higher dimensionality offers accuracy, but higher
complexity. We have linked most of the above QAs to six differ-
ent dimensions, considered as important for the evaluation of IQ.
This results in a reasonable compromise between accuracy and
complexity, as well as being close to the statement by Engeldrum
[10] that observers will not perceive more than five QAs simulta-
neously. We have reduced the QAs found in the literature to the
following six:

e Color contains aspects related to color, such as hue, satura-
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tion, and color rendition, except lightness.

o Lightness is considered so perceptually important that it is
beneficial to separate it from the color QA [12]. Lightness
will range from light” to ”dark” [1].

o Contrast can be described as the perceived magnitude of vi-
sually meaningful differences, global and local, in lightness
and chromaticity within the image.

e Sharpness is related to the clarity of details [6] and defini-
tion of edges [27, 28].

e In color printing some artifacts can be perceived in the im-
age. These artifacts, like noise and banding, contribute to
degrading the quality of an image if detectable [29].

e The physical QA contains all physical parameters that affect
quality, such as paper properties and gloss.

The six dimensions are general high-level descriptors, either ar-
tifactural, i.e., those which degrade the quality if detectable [29],
or preferential, i.e., those which are always visible in an image
and have preferred positions [29]. Most of the QAs found in the
literature can be linked with these six QAs. As an example, light-
ness can be linked to tone reproduction [22], perceived gray value
[19], correctness of lightness [25], and lightness [9, 12]. Other
QAs are more difficult to link with just one QA, such as color
shift [5, 20], gamut size [24], process color gamut [3], and color
rendition [3]. All of these have ties to lightness, but also to the
color QA. QAs, like gloss level and paper flatness, can influence
both lightness and color, but cannot be accounted for with the first
five QAs. Therefore, a grouping of these physical QAs is needed.

In order to create a simple and intuitive illustration of the
QAs and their influence on overall IQ we have turned to Venn
diagrams. Venn diagrams may be used to show possible logical
relations between a set of attributes. However, it is not possible
to create a simple Venn diagram with a six fold symmetry [30].
Therefore we illustrate the QAs using only five folds, leaving the
physical QA out. This does not mean that the physical QA is less
important than the others.

Figure 1. Simple Venn ellipse diagram with five folds used for an abstract illustration
of the QAs. Five different QAs and the interaction between them are shown. Overall
1Q can be influenced by one (yellow), two (red), three (blue), four (green), or five
(gray) of the QAs.

The Venn diagram of Figure 1 illustrates how the overall IQ
is influenced by one, two, three, four, or five of the QAs. Many of
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the QAs are interdependent [31], making 1Q a multidimensional
issue [32], in this case five dimensions. These QAs can influ-
ence overall IQ differently, and therefore the ellipses may not have
equal sizes or the same positions in all situations. Influence of dif-
ferent QAs on IQ and how they can be used in an IQ model for
prediction of perceived quality will be dealt with in future work.

Each of these QAs can be divided into sub-QAs for adap-
tation to specific issues. The artifact QA can, for example, be
divided into three sub-QAs; noise, contouring, and banding. Sep-
arate analysis of these can be advantageous since it allows for
specific analysis either by experts or IQ metrics. Some sub-QAs
can be placed under several main QAs, such as uniformity. This
sub-QA can be placed under color, but also under artifacts since
lack of uniformity can be thought of as an artifact. The placement
of these sub-QAs must be done where it is most appropriate. Fur-
thermore, all QAs might not be used in the evaluation of 1Q, in
this case QAs can be excluded.

In the following section we will take a closer look at the three
first QAs; color, lightness, and contrast as seen on Figure 2. A
psychophysical experiment was carried out to investigate these
QAs. QAs used by observers to describe quality changes were
recorded and analyzed.

Figure 2. A psychophysical experiment was carried out to investigate QAs in a
color workflow, where a subset of the QAs is considered to affect overall IQ; color,

lightness, and contrast.

Investigation of Quality Attributes in a Color Work-
flow

In order to investigate quality issues in a color workflow, and
to confirm the proposed QAs in the previous section, an experi-
ment was carried out.

The images were reproduced using the ICC perceptual ren-
dering intent, which adjusts color appearance to achieve the most
attractive result on a medium different from the original [33]. In
the evaluation of this color workflow, observers evaluate different
QAs, and the influence these QAs have on overall IQ affect the
observer’s judgment of 1Q. For some QAs the quality decreases,
for other QAs the quality might increase, while some QAs neither
increase nor decrease quality. Investigating only the QAs that in-
fluence quality might not give a correct representation of which
QAs are important. All QAs being evaluated by observers should
be investigated, because of this the instructions given to the ob-
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servers are crucial for correct results.

Experimental Setup
Test Images

In order for the observers to use a sufficiently large set of
QAs, a broad range of images should be used in order to reveal
different quality issues [34]. To achieve this we followed the rec-
ommendations of Field [35] and CIE [36], where the images were
chosen based on the following criteria:

Low, medium, and high levels of lightness,

Low, medium, and high levels of saturation,

Hue primaries,

Low, medium, and high contrast ,

Larger areas of the same color,

Fine details,

Memory colors as skin tones, grass, and sky blue,
Color transitions,

Neutral gray.

Most of the images were pictorial with a wide range of scenes like
landscapes, portraits, and personal items (such as jewelry, books
and clothes). This helps to characterize the impacts for QAs [12],
and ensures that the observers examine a wide variety of QAs. In
addition to the pictorial images a set of test charts were included,
since these are content-free and have a selection of “interest area”
colors suitable for evaluation of different aspects of 1Q [35].

A total of 56 images, as seen in Figure 3, were used in this
experiment. 7 images from ISO [37], 2 images from CIE [36], 3
test charts, and 44 other images captured by the authors. These 44
images were RAW format, which were converted to sSRGB using
Camera Raw 5.0 in Adobe PhotoShop CS4 with a resolution of
150 dpi and a 16-bits encoding. The images were printed at a
resolution of 150 pixels per inch resulting in a reproduction of
approximately 8 by 10 inches.

Figure 3.

Images used in the experiment.

Color Workflow

The first step in the color workflow was to re-render the set
of images from sRGB to the perceptual reference medium gamut
[38] using the sSRGB v4 perceptual transform. The output pro-
file was generated using the TC3.5 CMYK test target, measured
using a GretagMacbeth Eye-One Pro spectrophotometer and Pro-
fileMaker Pro 5.0.8. Then, as a second step, linear lightness scal-
ing compensation in the CIE XYZ color space plus the hue pre-
serving minimum AE clipping gamut mapping algorithm [36] was
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applied to the image to re-render from the perceptual reference
medium gamut to the gamut of the printing system. The linear
lightness scaling were made between the black point CIELAB co-
ordinates of each images to the black point CIELAB coordinates
of the printing system contained in the output profile. The third
and last step was to convert the color data from the profile con-
nection space values to CMYK values of the printing system by
a relative colorimetric transform. The images were then printed
with the Océ ColorWave 600 wide format CMYK printer on Océ
Red Label paper.

Viewing Conditions

The observers were presented with a reference image on an
EIZO ColorEdge CG224 (some observers on an EIZO ColorEdge
CG221 since the experiment was carried out in two locations) dis-
play at a color temperature of 6500 Kelvins and luminance level of
80 cd/ m?. This set was rendered for sSRGB display, and therefore
a monitor capable of displaying the SRGB gamut was the most
adapted reproduction device for this set of images. The printed
images were presented randomly in a controlled viewing room at
a color temperature of 5200 Kelvins, an illuminance level of 450
475 lux and a color rendering index of 96. The observers viewed
the reference image and the printed image simultaneously from a
distance of approximately 60 cm. The experiment followed the
CIE guidelines [36] as closely as possible.

Instructions Given to the Observers

The instructions given to the observers focused on the overall
quality rating of the reproduction and which QAs the observer
used in the evaluation. Instructions specified that all QAs used in
the evaluation should be stated, even if they did not influence IQ.
The two following questions were given to the observers:

o [s the printed image a pleasing reproduction?
e According to you, which quality attributes influence the
quality of the reproduction?

For the first question a scale from 1 (most pleasing) to 7 (least
pleasing) was given to the observer. QAs used by the observers
were noted on a form, where QAs decreasing, increasing or not
influencing IQ was marked with different symbols.

Experimental Results

15 observers participated in the experiment, with mixed ex-
pertise and of both genders. Five observers rated the whole data
set, and 10 observers rated parts of the data set. A total of 452
evaluations were carried out by the observers, where a scale value
was given to each image and the observers described the QAs they
used in their evaluation. The evaluation was carried out in several
sessions to prevent observer fatigue.

The average pleasantness of the images, based on the seven
step scale, has been found to be between fairly and very pleas-
ing. Analysis of the ratings given by the observers indicates that
images with a majority of shadow areas and images with color
transitions (both test charts and natural images) are rated as least
pleasing. In some images with shadow areas details are lost due to
the difference between the input and output gamut (output gamut
volume is 56% of the input gamut volume). In images with color
transitions color breaks occur because of the gamut clipping al-
gorithm. The images rated to be most pleasant are according to
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Figure 4. Frequency of QAs used by the observers in the experiment. All QAs used

by the observers have been fitted to one of the QA proposed in the previous section.

the observers equally or more colorful than the original and have
equal or better contrast than the original.

The observers used more than 50 different QAs in their eval-
uation, with an average of 10 different QAs for each observer. An
average of 2.95 QAs have been used for each image, with a max-
imum of eight QAs and a minimum of one QA. This indicates
that a high number of QAs are not considered by the observers
in the evaluation of IQ. Many of the QAs used in the experiment
overlap, such as lightness, brightness, luminance, and darkness.
All of these are connected to the lightness of the image, and have
been grouped within the QA lightness. Similar grouping is done
for other QAs to fit within the proposed QAs (Figure 1).

Color is the most frequently used QA by the observers, as
seen in Figure 4 it has been used to describe the IQ of more than
70 percent of the images. This is not surprising since a color
workflow was investigated and the color QA is fairly large, con-
taining sub-QAs as hue, saturation, and colorfulness. These three
sub-QA are commonly used, and often used together. The second
most used QA, sharpness, mainly contains two sub-QAs; edges
and details. Details both in highlights and shadows have been
frequently used by the observers. This is not surprising since a
gamut clipping algorithm was used. Some observers also com-
mented that loss of contrast lead to a loss of perceived sharpness,
since edges and details were less prominent. It is interesting to
notice the frequent use of contrast ,50 percent, in evaluation of
color prints. The term artifacts or sub-QAs of this were used in
approximately 40 percent of the images, mostly because sub-QAs
as noise, contouring, and banding could be perceived in the im-
ages. Lightness is considered in more than 30 percent of the im-
ages. Even though this is the least frequently used QA it should
be noted that some observers used the more general term color
rather than separating lightness and chromaticity.

Analysis of the relations between QAs has also been carried
out, using cross-tabulation and chi-square tests. Analysis for these
results indicates a dependence between color and lightness, but
also between lightness and sharpness, contrast and artifacts, and
artifacts and lightness. This indicates that the use of these QAs
occur simultaneously, but not how they affect IQ. This issue will
be dealt with in future work.

In the experiment observers distinguished between QAs that
decreased IQ, did not influence IQ, or increased 1Q. Observers
have marked more QAs to decrease 1Q than the two other groups,
and more QAs to increase IQ than QAs that do not influence IQ.
For the artifacts attribute, some observers stated that lack of arti-
facts increased IQ. Observers have not considered artifacts where
it does not influence 1Q, indicating that artifacts only are consid-
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ered when they are perceivable, or not present in areas where ob-
servers expect to find artifacts. In the sharpness QA lack of details
in several of the reproductions contribute to decrease 1Q.

In this experiment the physical QA was not considered, and
therefore not a part of this analysis. There are also some QA used
by the observers that are difficult to link with one of the six QA,
for example naturalness and warmness. These can be linked with
changes in other QAs, such as color and lightness.

Conclusion and Future Directions

In this paper we have identified and categorized existing
QAs, and proposed a refined set of selection of the most mean-
ingful QAs for the evaluation color prints. The number of QA
considered to be important in IQ evaluation has been reduced to
a set of six QAs; color, lightness, sharpness, contrast, physical,
and artifacts. These QAs present a good starting point to describe
overall 1Q, and they can be considered as a step towards achieving
a link between objective and subjective IQ. A psychophysical ex-
periment has been carried out to evaluate a color workflow, where
QAs used by observers were recorded and analyzed. Results ob-
tained from this experiment support the proposed set of QAs.

Future work includes investigation of interactions between
different QAs, locally and globally, and their influence on overall
I1Q. Incorporation of IQ metrics should be considered in order to
achieve objective evaluation of 1Q.
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