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transformative. For example, some gamut mapping al-
gorithms (GMAs) are particularly suited for making
printed reproductions of originals present on transpar-
encies, whereas others work well when trying to match
images using various printing technologies. Then there
are GMAs that work well for certain images but not for
others and consequently a fully automatic cross-media
color image reproduction system is still a utopia.

The Structure of Gamut Mapping Studies
Looking at the way in which GMAs have been devel-

oped shows that in the vast majority of cases research-
ers start with some idea of how to change an image’s
colors so as to make them fit a reproduction imaging
medium’s gamut. In many cases this initial idea is based
either on experience from doing color reproduction in a
trial and error way or on a priori theoretical grounds
that the reproduction ought to have certain properties,
e.g., that there should be a certain balance between
lightness and chroma changes applied to the original.

Some other studies first try to understand how ob-
servers would gamut-map images and they then attempt
to model the observer behavior. Understanding how ob-
servers gamut-map images can either be done by look-
ing at what color reproduction professionals do with the
tools used commercially2,3 or by developing tools that
allow images to be modified in terms of some of their
appearance attributes and then getting naïve observ-
ers to make adjustments to reproductions so as to make
them more accurate or pleasant.4–6

To extend the bases for GMA development a study
was carried out in which observers were simply asked
what differences they saw between originals and their

Introduction
In cross-media color image reproduction, rendering
originals on other than their native imaging media al-
most invariably introduces changes to their appearance.
These changes can, amongst others, be in terms of an
image’s spatial detail, e.g., when a reflective original is
rendered on a display, in terms of the image’s colors,
e.g., when the reproduction medium has a more limited
gamut than the original image, or in terms of the image’s
contrast. Understanding what these changes are could
be the first step towards improving the performance of
the image reproduction systems that was used for ren-
dering them.

Even though a large number of solutions to cross-
media color image reproduction have been proposed,1

each of them tends to work well only under some cir-
cumstances. More specifically it is that part of the cross-
media reproduction process that deals with overcoming
differences between the original and reproduction media’s
gamuts that is responsible for variation. The reason for
this is that the other parts of the process, i.e., those mod-
eling the nature of the media and of color appearance,
are descriptive, whereas the gamut mapping stage is
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reproductions obtained using different GMAs.7 Analyz-
ing such observer responses showed first, what kinds
of differences were considered important between origi-
nals and reproductions, e.g., loss of detail, chroma
changes, contrast reduction, and second, how impor-
tant these differences were compared to each other.
Knowing what differences still remain between origi-
nals and reproductions can also serve as a basis for
developing new methods of gamut mapping that focus
on image characteristics that are not dealt with well
in existing approaches.

Further, as the results of the above experiment con-
sist of images and difference judgments between them,
they can also be used to develop image difference
metrics. Such a metric, which predicts observer judg-
ments for differences between images rendered on dif-
ferent media, could then be used for developing new
GMAs and for predicting how well they perform with-
out the need for conducting resource intensive psycho-
physical experiment. Hence, the aim of this paper is to
predict observer judgments from colorimetric data about
originals and their reproductions.8

The following sections will first briefly describe the
experimental setup in which the present data was ob-
tained, present the results of the visual differences re-
ported by observers and finally extract analogous
metrics from colorimetric data available for the experi-
ment. The relationship between visual and colorimetric
analyses of the same cross-media reproduction system’s
performance will then be analyzed and an improvement
of its strength will be attempted by developing an im-
age difference metric.

Psychophysical Experiment
To gain an understanding of what observers take into
account when judging reproductions, a psychophysical
experiment7 was set up in which observers were shown

an original on a CRT display and a number of printed
reproductions of it in a viewing booth. These reproduc-
tions were always presented in pairs so as to make the
conditions similar to a pair-comparison experiment9 al-
ready carried out using the same stimuli.

Eight test images were used as originals in this study
(Figure 1) and each of them was reproduced using the
following four gamut mapping algorithms: SKNEE,5

WCLIP,7 CARISMA and GCUSP.10 Fifteen color–normal
observers then participated in the experiment where they
were asked to list, in their own words, all the differences
they could see between an original and its reproduction.
The group of observers, all of whom passed the Ishihara
test, consisted of six females and nine males whereby
nine were of Asian and six of European origin. The age
range of observers was 26 to 42 years with a mean of
30.5. In terms of experience with judging image appear-
ance two of the observers were naïve, 12 had some expe-
rience and one was a professional photographer.

Hence the result of this experiment is a record of 15
sets of observer reported differences for 32 image pairs,
i.e., the pairs formed by the eight originals and the four
reproductions made of each of them. Observers reported
differences like changes in lightness (L), colorfulness (C)
and hue (H) as well as differences in detail and contrast.
Further they also reported that some reproductions were
pale, faded or blurred when compared with the corre-
sponding original and all judgments were made either
for an entire reproduction or only for some part of it.

Next observers were asked to judge the importance of
each of the differences they reported and finally a cat-
egory judgment experiment was performed in which the
accuracy of each of the reproductions was evaluated.

The raw experimental results for four reproductions
of each of the eight originals were then processed to unify
the terminology used by different observers, to balance
the contribution made by different observers and to con-
vert the image-relative judgments to a single scale. De-

CG Mus Ski

Str FA

Lan Tri VR

Figure 1. Test images used in psychophysical experiment.
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tails of how the experiment was set up, conducted and
analyzed can be found elsewhere.7

Experimental Results
The overall results of the above experiment are shown
in Fig. 2 and it can be seen there that over 80% of dif-
ferences were reported to be due to differences in color
attributes between originals and reproductions. Only
less than 20% were due to differences in contrast or spa-
tial detail.  Furthermore the ratio of L:C:H was
1.0:1.0:0.3, in other words lightness and chroma changed
to a similar extent and hue only had less than a third of
that change. Note also that these overall results agree
very well with two previous studies7,11, that looked at
the relative importance of various types of differences.

Even though these studies used very different ap-
proaches, they also found that color differences are re-
sponsible for a very large proportion of differences in
color reproduction.

The proportion of these differences was also looked at
on a GMA-by-GMA basis (Fig. 3) and this shows what
kinds of differences were reported for the reproductions
made with the different algorithms. For example, the
Figure shows that CARISMA caused greater lightness
and hue differences than the other algorithms but did
well in terns of chroma. SKNEE on the other hand did
well for most attributes except for detail.

Finally, the results also showed where in the images
observers perceived greatest differences (Fig. 4).

From Fig. 4 it seems that location within an image is
not a factor influencing the attention of observers. In-

Figure 2. Relative importance of visual observer-reported dif-
ference types. Figure 3. Visual differences for individual GMAs.

Figure 4. Local visual differences (the lighter the shade, the greater a difference it represents).
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stead large uniform backgrounds, especially sky, are
more likely to be regions where observers identify im-
portant visual differences. Surprisingly areas of flesh
tones did not show important differences in the present
study and there are at least two possible reasons: first,
skin colors did not occupy large areas in the test images
used here and second, the colors were not very chro-
matic and thus changed only slightly as a result of the
gamut mapping process. Further analysis of the observer
reported differences can be found elsewhere.12

At this stage it is also important to note that it might
be impossible to reduce some of the differences identi-
fied here by observers due to the inherent differences
between the original and reproduction media.

Comparing Visual and Colorimetric Data
Next the focus will be on analyzing metrics derived from
the colorimetric image data of the eight originals used
here and of their reproductions so as to determine what
relationship there is between them and the observers’
visual judgments. If a strong relationship is found then
observer judgments could also be predicted for other
images and image reproduction systems and the behav-
ior of the latter could be adjusted to minimize them.

The first difficulty that comes about when attempt-
ing such a comparison is that a whole range of metrics
can be extracted for each of the types of differences
reported by observers. Lightness can be extracted in
terms of CIELAB13 L*, CIECAM97s14 J, RLAB15 LR, etc.
and chroma and hue present an analogous situation.
Turning to the other two types of differences the prob-
lem becomes even more complex whereby contrast can
be considered both globally and locally16 and metrics
ranging from the standard deviation of lightness val-
ues to statistics of spatially filtered versions of the re-
productions can be used. Detail can also be quantified
in terms of numerous metrics including the reproduc-
tions’ power spectra and statistics of high-pass filtered
versions of the images. The challenge then is to find
such colorimetrically based metrics that relate most
closely to the visual differences reported by observers.

As there are many metrics that can be extracted
from the basic colorimetric data in an attempt to
match either overall visual observer responses or some
aspect of them, it is not practical to look at all combi-
nations of their combinations and the following analy-

sis is only an exploration of a subset of the many pos-
sible approaches.

Summary of Colorimetric Data
To give an initial view of the relationship between vi-

sual observer-reported differences and the properties of
colorimetric data of original and reproduced images,
analogous summaries of the colorimetric data to those
extracted from the visual results will be computed first.
Figure 5 therefore shows the relative magnitude of light-
ness, chroma, hue, contrast and detail metrics obtained
from the colorimetric data and Fig. 6 does so individu-
ally for the four algorithms.

Lightness, chroma and hue differences were here pre-
dicted using CAM97s2,17 however CAM0218 could now
be used instead and it is likely that differences between
using these two color appearance models would be neg-
ligible for this application. Contrast difference was pre-
dicted using the difference between the standard
deviations of original and reproduction image
lightnesses. Detail difference was modeled using the
difference between mean values of high-pass filtered
versions of original and reproduction lightness images.
A pixel’s value in these high-pass filtered images was
obtained by subtracting the mean of the pixel’s 3x3 pixel
neighborhood from the pixel’s own value in the unfil-
tered image.

In Fig. 5 it can be seen that the overall colorimetric
data does show a similar picture to the visual results –
the ratio of color differences to contrast and detail differ-
ences is similar to that for the visual results and so is
L:C:H. The results for individual GMAs, however, begin
to exhibit greater differences, most notably for contrast
and detail but also for lightness, chroma and hue.

Finally, Fig. 7 contains images showing pixel-by-pixel
CAM97s2 Euclidean distances (∆E97s2) between originals
and their corresponding reproductions and while there
are clear differences with the visual results, there are
also significant similarities.

Overall it can be seen that the most general results of
both visual and colorimetric analyses, i.e. the relative
magnitude of difference types, agree very well but that
differences between the two become more and more pro-
nounced as greater levels of detail are taken into ac-
count. This can also be seen by looking at the values of
determination coefficients (R2) between visual differ-
ences and corresponding colorimetrically based metrics

Figure 5. Relative magnitude of types of colorimetrically-based
differences.

Figure 6. Colorimetrically–based differences for individual
GMAs.
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(Table I) which show very low levels of correlation be-
tween the two.

The correlation between visual and colorimetric at-
tributes can also be studied using Principal Components
Analysis (PCA) with Multidimensional Scaling (MDS). A
p by n data matrix, i.e., p variables with n observations,
can be decomposed into a product of its characteristic
vectors, characteristic roots, and principal component
scores using PCA. A multidimensional representation of
the characteristic vectors for each variable can then dis-
play the relationships among the variables. In practice,
two-dimensional plots, so-called “biplots”, are used be-
cause they are easily visualized, but they need to be ac-
companied by a statement of what proportion of the total
variability is accounted for by the first two characteris-
tic roots that are its dimensions.19

Figure 8 shows the “biplot” of this study’s experimen-
tal data where variables p refer to the ten sets of both
visual and colorimetric data and the number of obser-
vations n refers to the 32 pairs of images. The amount
of variability accounted for by the first two characteris-
tic roots was 41.2% and 24.2% respectively and the plot
hence accounts for 65.4% of their interrelationship. The
characteristic vectors for each variable are also rotated
to make the linear functions formed by each character-
istic root mutually orthogonal.

In Fig, 8, ∆Vi and ∆Cm represent visual and colorimet-
ric attributes respectively, the size of circles represents
relative magnitude and the distance between each of
the attributes indicates how close their relationship is.

As can be seen, chroma and hue have better correlation
between their ∆Vi and ∆Cm values than other factors.
Lightness, which dominated 36.4% of overall ∆Vi, shows
lower correlation and visual contrast and detail differ-
ences are far from our colorimetric predictions too.

Seeing that the relationship between colorimetric and
observer results is weak should not come as a surprise,
given that the former is fundamentally based on data
obtained for uniformly colored patches seen against uni-
form backgrounds whereas the latter are judgments
made about properties of complex images.

To improve the relationship between colorimetrically
based data and even just visual results that are in terms

Figure 7. Local ∆E97s2 differences (black represents zero and white represents 35.2)
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TABLE I. R 2 Values Between Visual and Colorimetric
Differences

Visual L C H LCH

Colorimetric |∆J| |∆C| |∆H| ∆E
R2 0.393 0.480 0.555 0.378

Figure 8. “Biplot” of interrelationship (correlation) between
∆Vi and ∆Cm.
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of color attributes it will be necessary to take into ac-
count a number of factors beyond just the color attributes
of image pixels. The aim of the next section will there-
fore be to find such a combination of colorimetrically
based metrics that correlate better with the visual re-
sults and that can be better used for predicting them.

Improving Correlation Between Colorimetric and
Visual Results
As it is the color differences that were found to be by
far the most important ones both in the present study
and in previous work,7,11 the focus here will be on pre-
dicting only this part of the visual results and to leave
contrast and detail for future work. Table II already
showed that R2 was only 0.378 between the combined
LCH observer reported visual differences and the mean
∆E97s2 values for the 32 reproductions used here. Look-
ing at the relationship between the two types of data
for individual reproductions shows further that the re-
lationship is indeed weak (Fig. 9).

99th Percentile
A first step towards improving this correlation is to

look at the 99th percentile of ∆E97s2 distributions as high
percentiles have previously been reported to better cor-
relate with perceived differences between complex im-
ages.20 In this study too the correlation between the
visual LCH data and the 99th percentile of ∆E97s2 values
is higher than for the mean and has R2 = 0.438.

CSF Filter
Second, it has previously been proposed that differ-

ences between images should take into account the hu-
man visual system’s contrast sensitivity by filtering
luminance and chrominance channels to reflect higher
sensitivity to the former. Therefore the filters proposed
in the SCIELAB21 model were applied to the present colo-
rimetric data with an improved correlation between the
99th percentile of ∆E97s2 values between spatially filtered
images of R2 = 0.469.

Weighted ∆E
Third, as weighted ∆E equations have been shown to

give better results in color reproduction than
unweighted equations,4,22 the 99th percentile of weighted
color differences (∆E97s2WT) between filtered images was
used. ∆E97s2WT had weights that divide ∆J, ∆C and ∆H in
a ratio of 1:2:1, giving chroma half the weight given to
lightness and hue. This further improved correlation
with the visual data to R2 = 0.584.

Proportion of Unacceptable Differences
Fourth, to take into account the proportion of reproduc-

tion image pixels that had large differences from the origi-
nal, the percentage of pixels with color differences smaller
than 6 ∆E units was used as a weight to the results of
step 3. The reason for using 6 ∆E as the threshold is that
this is close to what has been suggested as an acceptabil-
ity threshold of pixel-by-pixel differences between com-
plex images.20,23 As such this weight takes into account
the proportion of pixels that had unacceptable differences
and doing so increased correlation to R2 = 0.604.

Lightness Differences
Fifth, taking into account the distribution of lightness

differences by including the median and standard de-
viation of absolute lightness differences between origi-
nal and reproduction further improved correlation to R2

= 0.679. This suggests that visual judgments are influ-
enced both by the magnitude of lightness changes as
well as to the variation of these changes.

Lightness and Chroma of Originals
Sixth, in addition to looking at the differences be-

tween originals and reproductions, it is also beneficial
to incorporate factors determined solely by the origi-
nals. To this end the mean lightness and mean chroma
values of originals were taken into account whereby
differences in reproductions of originals that had more
dark colors were given more weight. This was done as
such images are subject to most noticeable change since
gamut differences are typically greatest at lower
lightnesses where original and reproduction gamuts
differ most significantly. The mean chroma of the origi-
nal, on the other hand, has negative correlation with
the relationship of visual and colorimetric results, as
observers seem to be more sensitive to changes of im-
ages with lower chromas than to highly chromatic im-
ages. Taking mean lightnesses and chromas of originals
into account in addition to the parameters mentioned
in the previous steps resulted in an improved correla-
tion of R2 = 0.696.

Spatial Detail
Seventh, looking at how spatial detail changed between

original and reproduction and giving more weight to im-
ages where this difference was great further improved
correlation to R2 = 0.707. Differences in spatial detail were
quantified by taking high-pass filtered versions of origi-
nals and reproductions and looking at the difference be-
tween the mean values of these. Taking this factor into
account using a Sobel filter24 has also previously been
found to enhance color image difference prediction.25

As the spatial processing was performed on lightness
data this might require some justification. Typically spa-
tial processing of images is performed in luminance and
this represents a processing in a domain linearly related
to reflectance and hence to the physical properties of
an image. On the other hand spatially processing im-
ages in an appearance space simply means that the
quantities that are being altered refer to perceived mag-
nitudes rather than physical ones. In other words the
intention here was to extract differences between the
lightness appearances of neighbouring image pixels
rather than between their luminances, which are per-
ceptually non-linear.

Final Colorimetrically Based Metric (∆ICM)
The previous sections have shown how taking into ac-

count the color statistics of differences between an origi-

Figure 9. Visual versus mean ∆E97s2 values for 32 reproductions.
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nal and a reproduction, the color statistics of the origi-
nal itself, changes in spatial detail as well as some as-
pects of the visual system can improve the ability to
predict observer judgments (Fig. 10). The predictions of
this metric can also be compared to the visual results
in terms of difference whereby the mean prediction er-
ror is 0.68 ∆Vi units (which are on a 0-8 unit accuracy
scale) and the maximum error is 2.06. In other words,
the metric’s predictions are on average within ±1 accu-
racy category of the actual observer judgment.

In summary, the colorimetrically based visual image
difference importance metric (∆ICM) proposed here con-
sists of the stages shown in Fig. 11. In the equation
shown there all data is based on CSF-filtered versions
of the original and reproduction, k is a scaling constant,
∆E is ∆E97s2WT, σ∆J is the standard deviation of lightness
differences, p6∆E is the percentage of pixels that have
∆Es no greater than 6 units, h is a high-pass filtered
image and the O and R subscripts denote the original
and reproduction respectively. The over bar in the equa-
tion denotes the mean and med() is a function provid-
ing the median value of its inputs.26

As can be seen the final metric shown here has not had
optimized weights added to each of its factors as it was
felt that the data set available here was not large enough
to allow for this. The principal aim of this metric is to
show which factors can improve the relationship between

Figure 10. Visual versus final colorimetrically based values
for 32 reproductions.

Figure 11. Final colorimetrically–based visual image difference importance metric and flow–chart of its parameters.
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Figure 12. Effect of excluding (a) and image and (b) a GMA.
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colorimetrically based metrics and observer reported
judgments on the importance of visual differences rather
than to promote a specific image difference model.

Image and GMA Dependence of Results
Even though the number of images used in this study is
large in the context of image difference evaluation, it is
nonetheless small in absolute terms. In a similar way
there is also an issue with the number of change types,
i.e., GMAs, applied to the originals and it is therefore of
value to see how much the chosen images and algorithms
affect the final result.

To do this, the determination coefficient has been com-
puted between such subsets of the full data that exclude
one image or GMA at a time. The results of excluding the
four reproductions of each of the eight test images in turn
is shown in Fig. 12a and it can be seen that the agree-
ment between the statistics of each of the seven image
subsets and the overall R2 is very good. Excluding the
MUS image has the largest R2 of 0.762 among the seven
image subsets, the smallest R2 of 0.671 is obtained when
the Str image is not included, and the standard devia-
tion of the eight R2s is 0.032. As such it can be seen that
using only seven of the eight images would have resulted
in similar results regardless of which image is excluded.

Applying the same procedure to the GMAs used here
shows a different result (Fig. 12b) in that the relation-
ship between results of just three GMAs is stronger than
for the full set of four and that this is so for all three-
GMA subsets. In other words, if only the data from three
reproductions of all the eight originals is taken into ac-
count then the coefficient of determination is larger than
for all four reproductions. As such it can be seen that the
number of GMAs plays a stronger role in the current re-
sults than the number of images. Furthermore this analy-
sis shows that if only a smaller number of GMAs are of
interest then the current approach can lead to even
greater accuracy than for the four GMAs used here.

Conclusions
A new approach to understanding the cross-media color
image reproduction process was the basis for the work
described this paper. In particular an experiment was
described that resulted in information about what dif-
ferences observers see between originals and reproduc-
tions. These experimental results showed that color
differences were more important than contrast and de-
tail differences in cross-media reproduction.

The main aim of this study was then an attempt to
show how these observer responses could be predicted
by taking into account a range of colorimetrically based
parameters from an original and its reproduction.
Knowledge gained from previous studies of color differ-
ence in complex images as well as work on gamut clip-
ping was applied and shown to result in improvements
even under the present conditions.

While the final metric arrived at here is by no means
a complete answer to predicting observer responses in
the type of experiment dealt with here, it does show how
the agreement between colorimetric data and visual re-
sponses can be considerably strengthened if parameters
about the distribution of color differences and original
colors are taken into account. Furthermore the observer
dependence of the target visual difference results could
also be analyzed in the way in which image and GMA
differences were analyzed here.

Finally, the ∆ICM metric presented here is proposed
for further verification and extension and is part of an

ongoing effort to improve the understanding of color dif-
ferences between complex images. While the metric was
derived on the basis of reproductions obtained using
gamut mapping algorithms, it is also intended for use
in other applications where image differences need to
be modeled.    
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