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Abstract

Colorimetry islimited to image datafrom asingle pixel. Measures of errors between
an “original” and a“reproduction” are usually described as the distance between the
two values of a pixel in a colorimetric three-dimensional space.

Human color constancy uses spatial comparisons between different parts of the
image. The relationships among neighboring pixels are far more important than the
absolute differences between the colorimetric values of an original and its gamut-
limited reproduction.

If al the pixelsin animage have areproduction error in the same direction (red,
green, blue, lightness, hue, chroma), then our color constancy mechanism helps to
make large colorimetric errors appear small. However, if all the errors are randomly
distributed, then small colorimetric errors appear large.

This paper will describe experiments using constant colorimetric and appear-
ance errors to produce variable quality of reproduction. Further, it describes atech-
nique of calculating the best appearance image using spatial comparisons. This cal-
culation will be applied to a color-gamut problem. This approach minimizes the
spatial errorsintroduced by limited color gamut and employs human color constancy
mechanisms, so asto reduce the color appearance differences caused by limited color
gamui.

1. Introduction

The Retinex model for estimating apparent lightness was proposed by Land and
McCannin 1967.* It was applied to color constancy by McCann, McKee and Taylor
in 1976.2 In the early 1980's Frankle and McCann® extended the ration-product-
reset-average operation to highly efficient multiresolution image processing. Re-
cently, Retinex has been extended for use in calculating the closest color appearance
in situations in which the reproduction is made with media having a smaller color
gamut than the original*.



This paper describes the experiments that lead up to the new gamut Retinex
calculation and discusses the results of asample calculation. The central theme here
isthat the underlying mechanismsthat control color constancy can be used to advan-
tage to make imagesin asmall color gamut resembleimagesin alarge color gamut.
These color constancy mechanisms are spatial comparisons between pixels. They
show almost no dependence onthel, M, Striplet of radiance at apixel. It suggests
that color gamut transformations calculated one pixel at a time produce poor color
reproductions, while those done using spatial comparisons can give better results.

Gamut mapping transformations are an essential part of trying to make prints
look like monitors despite large differences the gamuts of the display and the print
media. Morovic and Luc® have reviewed the extensive literature and described three
generations of Gamut Mapping Algorithms (GMA). Some of these GMAs are very
complex. CARISMA applies different methods of empirical correction for each hue
depending on the shapes of the two gamuts. Jan Morovic chairs the CIE Technical
Committee 8-03° on Guidelines for the Evaluation of Gamut Mapping Algorithms
working to establish comparison techniques by unbiased observers. Itisbeyond the
scope of this paper to provide blind comparisons of relative performance of spatial
vs. the many different pixel-based procedures. Further experimentation is required
to establish the relative merits of the techniques in complete image transformation
system (spatial GMA). This paper islimited to describing the ideas supporting spa-
tial mechanisms for gamut mapping.

2. Color Gamut Calculationsusing a
Two-Area Mondrian

We can begin this discussion of Color Gamut cal culation with an analysis of calcula-
tion strategies. Figure 1 illustrates different choices of strategies used in calculating
the best color compromisefor alimited gamut reproduction.” For simplicity we will
study only the combined green record seen by the observer. In other words, we will
study the color image as a color densitometer would isolating only the middle-wave,
or green light from the combined, final color image. (The same arguments apply to
both thelong- and short-wave records). In principlethe green recordiscontrolled by
only the magentadye. Infact, the green record as seen by observersis controlled by
the optical density of the magenta dye and the unwanted optical densities contrib-
uted by the yellow and cyan dyes. Monitors, using additive color, have larger gam-
uts near white because there are no unwanted absorptions. The color gamut of sub-
tractive dye setsis controlled by the amount of unwanted absorptions. Dye setswith
larger magenta gamuts have less absorption in the green by the yellow and cyan
dyes. Inthisscheme, green radiance = 100 is the absence of any dye (reflecting all
the green light), while green radiance = 0 is maximum dye (refl ecting a minimum of
green light). Thefirst panel showsthe original with radiance A=89 from alight gray
patch (left area) and radiance B=95 from a bright blue patch (right area).



Should reproductions conserve XYZ or spatial ratios?

Perfect Conserve Conserve

Original Reproduction XYZ Spatial Ratios

Ar=A Ar=A Ar =.9A
Br=B Br=.9B Br=.9B
Ar/Br = A/B Ar/Br # A/.9B Ar/Br = A/B

Figure 1 illustrates different approaches to making reproductions. All four panels represent
the middle-wave, or green, light coming to the eye from complete color images. The first
pandl illustrates the original image with two areas with radiances A and B. The second panel
illustrates areproduction with the same color gamut asthe original. Herethetwo reproduction
radiancesAr and Br equal those (A and B) of the Original. Both conservation of X, Y, Z and
conservation of spatial ratios are successful. The third panel illustrates the approach of
Colorimetry. Here each area is treated separately. The reproduction of the left, gray area
equals the original (Ar =A). However, the gamut limit found in this example restricts Br to
90% of B. The chromaof the blue areaislimited by the unwanted absorptions of the cyan and
magenta dyes. By selecting the best fit for the right area and the left area independently we
alter theratioAr/Br compared to A/B. Now the reproduction reportsthat theleft areaislighter
that theright. The fourth panel on theright illustrates the conservation of spatial ratios. Here
thelimit of 90% on area B isalso applied to the areaA. The effect of keeping ratios constant,
isthat we have made both the areas darker. Despite this changein radiance, the relationship of
areasA and B are the same. The thesis of this paper is that conserving ratios makes a better
reproduction than conserving X, Y, Z.

The second panel showsthe casein which the color gamut of thereproductionis
aslargeastheoriginal. Inthisfairly rare case, the reproduction radiancesAr = A and
Br =B. That also meansthat Ar/Br =A/B.

Thethird panel illustrates usual color-gamut transformations. Here the dye sets
are such that reproduction radiance Ar =89= A isin-gamut. However, reproduction
radiance Br=85 isthe best possiblein-gamut value compared to the original radiance,
B=95. This commonly occurs if A is close to white and B is a saturated color with
unwanted absorptions from the other dyes In this example we substitute the closest
value, namely 85. Thisapproach conservesthe colorimetricvalues X, Y, Z for areaA.
It leaves all in-gamut pixels unchanged, thus minimizing the cumulative color dis-
tance between origina and reproduction for all areas. This choice has a highly ad-
verse effect on theratios. The original ratio isA/B=89/95= 0.94. The reproduction
ratio hasthe value Ar/Br=89/85=1.06. The reproduction now reportsthat A islighter
than B, while the original reported that B is lighter than A. Such reproductions with
distorted edge ratios make poor reproductions.



The fourth panel illustrates the principle of conserving spatial ratios. Here we
have the same limitations on gamut. However, the limited gamut of B = 85 causesa
shift of A to 80, so as to conserve spatial ratios. Here Ar/Br = A/B isthe controlling
principle. This mechanism requires an adjustment for area Ar from 89 to 80 even
though the 89 isin gamut. This strategy increases the cumulative colorimetric error
distance for al areas between the original and the reproduction, yet preserves the
information that B>A.

Although Figure 1 is a good illustration of the strategies, it does not convince
the reader that one approach is better than the other. For that we need to study com-
plex images.

3. Search for a Color Metric

Thereisadual history of color; one based on art and psychology of images and
the other based on the physics of apixel® Leonardo, Goethe, von Guerica, Rumford,
Helmholtz, Chevreul and the Gestalt school all pointed out the roll of theimage. In
the second half of the 20th century, Campbell and Robson paper® on the visibility of
sine-wave gratings lead to a the entire field of spatial vision. In a review paper
Braddick, Campbell and Atkinson' describe the wide range of experiments using
gratingsasavisua stimuli. These experiments demonstrate the dependence of visual
response on spatial properties of the stimulus. The paper beginswith adescription of
receptive fields and channels, continues with periodic stimuli, and human responses
to spatial frequency, orientation and temporal stimuli. Thisgreat wealth of dataledto
numerous spatial model st 12

The physics of a pixel story of color was established by Newton, Young and
Maxwell. They described the eye's response at a point of light on the retina. In the
20th century international standardswere adopted for Maxwell’s col or matching func-
tions®®® Today, as a practical matter, color differences are amost always described
by AEinL*a*b* color space. This space, defined by the 1976 CIE report*4, is calcu-
lated using the Tristimulus values X, Y, Z, defined in the CIE 1931 report®®. Further,
a complex image is often evaluated by averaging the individual AEs to calculate a
Color Metric for the color difference between two images.

Colorimetry provides easy-to-use equations for wavelength matches, derived
from the properties of the retinal light receptors. However, these equations do not
predict appearance representing the sensation image after spatial interactionsin the
human visual system'. Physical models of the image at the retina do not predict
appearance in the brain’s visual cortex. The question we are asking is whether the
commonly used average AE metric is appropriate for predicting the quality of repro-
ductions or for evaluating the quality of gamut mapping. In other words, can color
differences between copy and reproduction be used to quantify the quality of the
reproduction?

Although researchersare usually concerned with matches across media, such as
display to print, these experiments were restricted to single mediato eliminate prop-
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Figure 2. Copy A was made so that each areain Copy A was lighter (AL=+10) and less red
(Aa=-10) and yellower (Ab=+10) than the Original. The first important observation is that
Copy A isafairly good reproduction, considering that it has a AE =17 for each area. Copy B
was made so that the AE=17 changes were in many different directions. Inthiscasethe AE s
were chosen to change the appearance of the display. The outer corner patches moved closer
in color to each other. The other, mid-side patches moved closer in color to the inner areas.
The net effect isthat Copy B does not ook like the Original. It looks like a different display.
Nevertheless, if judged by the AE Color Metric, Copy B is exactly as good a reproduction as

Copy A.
Area Original Copy A
L* a* b* L* a* b* DE*

1 544 0.6  -8.1 50— 7.3 -0.815.0
2 43.8 57.2 26.5 6.9 445 36.0 (20.5
3 43.0 -31.5 48.4 0.6 -35.0 58.8 [13.3
4 35.4 -36.4 -23.7 b4.1 -22.8 -14.2 |25.0
5 42,5 41.6 -39.8 5.2 33.2 -34.6 |16.1
6 23.3 -25.0 1.5 P9.3 -36.7 -8.7 |16.6
7 239 -19.8 -129 3.0 -28.4 -84 [13.4
8 244 -5.6 -24.6 5.2 -14.1 -19.4 |[14.6
9 244 13.6 -35.1 B7.0 5.8 -29.9 [15.7
10 27.0 25.1 -29.3 7.8 16.4 -22.1 |[15.7
11 26.1  32.5 -20.9 B7.8 24.4 -16.1 |15.1
12 26.4 29.3 -9.1 B7.9 214 -1.4 |[15.9
13 25.0 41.3 259 B6.7 36.4 395 (18.6
14 27.0 16.9 26.8 88. 1 9.8 41.3 |19.6
15 26.8 -44 257 6.6 -12.2 39.7 [18.8
16 246 -16.9 194 3.4 -25.1 304 |16.4
17 23.3 -26.4 17.6 B1.5 -35.5 28.0 [16.0

Average |16.8

Copy B

L* a* b* DE*
85 T 6.5 [16.1
48.6 43.2 443 [23.2
7.4 -49.1 33.1 [|24.0
439 -20.8 -22.4 [17.8
44.0 23.2 -43.4 [18.8
42.6 -28.4 -09 [19.8
248 -21.7 -22.0 9.3
24.8 -22.0 -21.6 [16.7
45.2 12.3 -35.1 [20.8
27.8 276 -16.7 [12.9
27.2 298 -9.8 [11.5
47.0 28.0 -89 [20.6
276 283 252 [13.3
28.0 29.2 309 1.3
46.8 -5.2 30.1 [20.5
28.2 -6.6 29.2 [14.7
27.2 -14.8 244 [14.0
Average [16.9

Table 1 liststhe measured L*, a*, b* valuesfor the Original, CopyA and Copy B. Besidethe
L*a*b* dataisthe AE* value measuring the col or difference between the Copy and the Original.
The average distance is 16.8 for A and 16.9 for B. The printer measurements have more
variability than those from the display, but on average the color differences are close to the

desired value of 17.



erties of materials and calibration variables. These experiments on identical media
were aimed at observer preference of Color Metric without confounding media is-
sues. Initially, all experiments were performed on computer displays. Later, these
experiments were repeated using print materials with the same results.

Select the Better Reproduction

Thefollowing seriesof demonstrations createstripl ets of targets: Original, Copy
A and Copy B (Figure 2)*¢. The colorsinthe Copy A were selected to be significantly
different from thosein the Original. Each areain Copy A is 10 unitslighter, 10 units
less red and 10 units yellower in Lab space. The combined distance is AE=17. For
each areathe color difference was AE=17 between the Original and Copy A. Copy B
was made with each area AE=17 compared to the Original, but it was designed have
the color shifts go in many different directions. Copy B significantly changed the
local relationships, while Copy A preserved them.

Asdescribed above the original demonstration was created on acomputer CRT.
Following that the image was printed on a Fugix printer. Table 1 lists the measured
L*a*b* values of the printed Original, Copy A and copy B.

If average AE could be used as Color Metric for quality of reproduction, half
the observers would select Copy A as the best reproduction and half the observers
would pick Copy B. If spatial parameters, namely the relationship between different
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Figure 3 (Left) plotsthe measured print a* vs. b* value from the Original [open circles] and
Copy A [diamonds]. The solid lines illustrate the shift in a*/b* plane caused by Copy A.
With two exceptions (introduced by printer) all the vectors go in the same general direction
and have similar lengths. By comparison (Right) plots the measured print a* vs. b* for
Original [open circles] and Copy B [squares]. Herethe solid linesillustrate the shift in a* /b*
plane caused by Copy B. All the vectors go in the different directions and with variable
lengths.



areas within the test target isimportant, then observerswill select Copy A, preserving
the spatial relationships. Observers were asked to pick the preferred reproduction.

The experiment consisted of asking people to choice the better reproduction. In
a poster session at Fourth 1S& T/SID Color Imaging Conference all non-colorblind
observers said A was better than B.

Figure 3 plots the shiftsin the a* vs. b* plane measured from the prints. In the
Original vs. CopyA graph (left) the vectors go in the same direction and have similar
lengths. Inthe Original vs. CopyB graph ( right) the direction and magnitude of the
shiftsare different. If we compareplotsof L* vs. & and L* vs. b* we would seethe
same pattern.

Observers selected Copy A, the image in which all areas had the same color
shift, asthe better reproduction. Observers chose theimage that maintained theratios
across edges. The fact that the displays had constant AE values was not apparent to
the observers. Using this experimental design we looked at a number of variations.
In each casethe observer preferred the systematic, constant ratio reproductions. These
experiments support the other experiments pointing to the observation that color ap-
pearanceisaspatia calculation in humans. Obviously, the response of the different
spectral sensitivity receptors is very important, but falls far short of explaining the
entire color vision calculation. AE is a function of quanta catch of retinal receptors,
but cannot be used to evaluate color reproductions evaluated later in the visual sys-
tem. Minimizing AE searches for best matches independent of spatial information;
humans use spatial information to calculate contrast.

Spatial Color Metric

Color reproduction needs adifferent kind of Color Metric. It hasto be based on
the fundamental difference between imaging systems and human vision. All chemi-
cal and electronic imaging systems operate one pixel at atime. The exposure on a
silver halide grain controls the concentration of metallic silver deposited at that pixel.
The calories delivered to a thermal ribbon, the number of pulses delivered to the
inkjet cavity, electrons delivered to the TFT cell control the response of that pixel.
Thesignal sent to other pixelsfar away from the pixel in question have no effect onit.
Human vision at the receptor level behavesthe same way. The rod and cone receptors
respond to the quanta caught by the chromophoresinthe cell. Thisismodeled well by
colorimetry. But appearance is the relative response of all the receptors across the
field of view. The metric for color appearance needs to build on colorimrtry and
accumulate relationships all across the image.

When printer and display technologiesintroduce different color gamuits, the prob-
lem becomes more interesting. In fact most displays have much larger gamuts than
printsin high lightness at full saturation. Most printers have larger gamuts than dis-
playsin low lightnesses at full saturation. Typically one finds that the common vol-
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Figure 4 illustrates of the 32 adjacent edges found in “Original” image. The display has 17
different color patches. The double-headed, black arrows indicate edges between different
patches in the image. The black circle represents the information at one pixel that is used to
calculate Tristimulus Values of one area. The Retinex Color Metric for color appearance
compares the Tristimulus Val ues across each of these 32 edgesto find the best reproduction of
the entire image.

ume of athree-dimensional color-spaceis half the combined display and printer vol-
umes. A test image that represents all parts of display plus printer color space will
reproduce accurately only half the pixels on a printer or on adisplay. (See papers by
Marcu'” and Morovic and Luc® for specific data.)

An approach to solving the problem is to use the information learned from the
comparison of Copy A with Copy B. The human eye cares more about the relation-
ships of the parts of the image than it does about the absolute value of the match.
Figure 4 shows the Original image with identification numbers. Areal isthe gray
sguare in the center, the numbers are assigned in a clockwise spiral up to Area17 on
thetop left. Theround black circlein the bottom right corner of Area 1 representsthe
input information used in Colorimetry to calculate the Tristimulus values of Area 1.
Relative colorimetry compares the information from a single pixel to the ratio of
mediawhite to illuminant; that isinformation that cannot be derived from the image
itself. The mediawhite and the illuminant have to be independently measured.

The double-headed black arrows in Figure 4 show the 32 comparisons pos-
sible between adjacent areas in the image. This is the information the human eye
uses to calculate color appearance. We can propose a Color Metric more like human
vision by comparing X from one areawith X’ of an adjacent areain the same image
(X IX' oy ). SeeFigure 5.

Copy A
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Figure 5. An illustration comparing AE, which uses corresponding pixels with AR, which
compares corresponding ratios.

We can calculate a corresponding spatial comparison for the Original image

(Xongral X origina)-  YWe can compare the two with aratio.

[ (XCopyA/)CCopyA) / (XOriginaI/X,Original) ]

Theresultscalculated in X, Y, and Z for the 32 edges are plotted in Figure 6. Herewe
seethat shifting all the colors the same amount (CopyA, Top Right) haslittle effect in
altering the 32 ratios across edges. The ratio of ratiosis very closeto 1.0 for all 32
edgesin X, Y, Z. In fact, the departure from ratios of 1.0 are experimenta errors
introduced by color medialimitations. Individual shiftsthat mimic separate pixel-by-
pixel color gamut mapping show significant shifts in the 32 spatial comparisons
(CopyB, Bottom Right).

We usetheseratio of ratiosto formulate a spatial metric AR analogousto AE for
pixels. We can calculate AR for each ratio in the image.

AR= Xcopy/ X' copy Ycopy/Y copy Zcopy/ Z'copy
_'\] Xorig/ X' orig Yorlg/Y orig Zorig/ Z'orig



Figure 6. Result for the 32 edgeratios. A Color Metric imitating human vision compares X

from one area with X’ of an adjacent area in the same display image (XCopyA/X’ CopyA). The
metric compares the corresponding ratio data for the Original image (X X’ ). We
Copy A origin - Theresults X, Y, and Z

Original Origina
can compare thetwo with aratio [(XCOW\/X' )/ (X origin JX g !
for the 32 edgesare plotted in here. Resultsfor Copy A (top row) show that all the comparisons
of X/X'(left column), Y/Y’ (middle column) and Z/Z’ (right column) fall very close to 1.0.

The same analysis of Copy B shows that the comparisons of areas are very different for Copy

B and the Original. The spatial metric can discriminate between CopyA and Copy B, while
colorimetry cannot.

We can average AR to accumul ate a net quantity that describesthe entireimage.
Average AR for Copy A is0.17+0.11 and 1.05+0.83. for Copy B. The spatial metric
AR predictsthat Copy A is six times better than Copy B. The displays were made to
haveequal AE’s. The spatial metric analysis of Copy A and Copy B correspondswith
observer reports, namely that Copy A is significantly better than Copy B.

This particular spatial metric isvery primitive. X,Y, Z are proportional to cone
response, but are not isotropic in color appearance. Future psychophysical experi-
ments are needed to optimize the shape of an optimal spatial psychometric function.
Thepoint hereisthat spatial comparisons can discriminate between Copy A and CopyB
while pixel comparisons cannot.
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Figure 7 illustrates the different strategies used to calculate color appearance. Thetop square
image is the Original. The bottom image is the reproduction called CopyB. Colorimetry
restrictsinput datato one pixel. Field calculations, such asretinex, uses the ratios of radiances
from different pixels. These images were created to have identical colorimetric differences,
but different edge ratios. The observer evaluations are consistent with human vision using
spatial comparisons rather than colorimetric information.

Figure 7 is a summary of the strategic ideas established so far. The centra
theme is the decision between evaluating color one pixel at atime, asin colorimetry,
as opposed to spatial comparisons. The Original (Top) is compared with the Copy B
reproduction (Bottom) one pixel at atime. The data from the rest of the image is
irrdlevant. Retinex and field calculation advocate relative spatial information as the
basisfor color appearance. Absoluteintensity at a pixel islessimportant than spatial
comparisons.

The color demonstration shown in Figure 2 was designed to have constant AE,
and different edge ratios. When the edge ratios were nearly constant the Copy A
makes a fairly good reproduction despite the AE=17. When the edge ratios were
distorted in Copy B, the appearance of the display changed. Figure 6 shows that the
ratios =1.0 characterize agood copy. Ratiosthat depart from 1.0 characterize the bad
copy. Local ratios provide an important tool in finding a meaningful Color Metric.

The comparison of Copy A and Original shows an additional important point.
Although Copy A has the same edge ratios as the Original, it does not match the
Original. Edge ratios are an important tool for successful metric, but not a complete
metric by themselves. Human vision normalization depends on both spatial and ab-
solute quanta catch information.
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Figure 8. The coordinatesin the upper right corner describe the definition of vectors C and Er.
The point +[Ma, MB] isthe location in color space selected by Nickerson's experiments. Cis
the distance from the origin to [Ma, Mb]. The point O is at the coordinates assigned to the
sameX, Y, Z by CIEL*a*b*. Thevector Eristheerror introduced by L*a*b*. Thehistogram
of theratio [ Er/ C] for al 1731 real chips in the Munsell book is shown on the left. The
maximum error is 82%, the minimum is 0.01%. The mean is 27%; the standard deviation is
13% and the median is 24%.

4. Working in an I sotropic Color Space

An important tool in the color gamut calculation is the minimization of the discrep-
ancy between the original and the copy. Minimization programs are frequently used
to find optimal compromises. The hard part isto provide the Color Space that quan-
tifies the color mismatch. First, this space should isotropic, that is equally spaced in
appearancein al threedimensions. That is, aforced compromise between hue, chroma
and lightness must be made in a space that has been experimentally verified asisotro-
pic in these dimensions. Second, it should be based on a large body of data across
many observers and viewing surrounds. Third, it should include datafrom reflective
papers and extrapol ations to the spectrum locus. Displays using phosphorsand LEDs
emit colorson, or closeto, the spectrum locusin x,y. Oncethe Color Space has been
shown to be appropriate, then a computer can reliably find the best compromise.

Except for Lightness, CIEL*a*b* distorts the design principles of the Munsell
book.’82t Newhall et. al.’s observers selected hue chroma and lightness to be equally
spaced.?? To facilitate comparison between Munsell and L*a* b*, we can convert the
original Munsell Notation by scaling Chroma and Hue proportional to Lightness.
TheMunsdll Book uses chipsthat are spaced 1/ unitsapart in Lightness. The Munsell
real papers cover therange 9.5/ to 1.75/. L* coverstherange of 100t0 0. It isconve-
nient to set ML = 10*Munsell Value. The chips on agiven page of the book have the
notation /2. To make them isotropic with value MC = 5 Munsell Chroma.

A Munsell designation of 5Y8/10 becomes ML =80, Ma=0, Mb=50(MLab
notation)?*'”. In other words, we will use the position in color space selected by



Munsell, but describe it the same 3-space notation as L*a*b*. If we assume that the
experimentally based Munsell space is our starting point, then departures from it in-
troduced by L*a*b* can be described aserrorsintroduced by the equations. Virtually
al the errors are in the a/lb plane. We can evauate the magnitude of the errors by
measuring the distance between [a, b] the CIE L*a*b* position and [Ma, Mb] the
MLab position inthe a/lb plane. Inthe upper right of Figure 8 we seeaplot inthe a*,
b* plane. The vector C from the origin to [Ma, Mb] shows the position chosen by
observer data. The vector Er showsthe magnitude of the error introduced by L* a* b*.
Theratio Er/Cis plotted in Figure 8. The chroma error introduced by L*a*b* aver-
ages 27%?%.

5. Experiment in Munsell Space

It order to remove any distortions in the demonstration shown in Figure 2, we
can make new displays using Munsell Notation, instead of L*a*b*. To illustrate the
point that colorimetric distance is a poor predictor of best color appearance we can
study Figure 9.” Here we have made a set of nine different “Umbrella” displays. We
call theoneinthe middlie[E] the Original. All the others are reproductions. Which of
the 8 different reproductions are acceptable and which are not?

Design of Umbrella Targets

The specifications for al areas are in Munsell notation. This avoids the prob-
lems introduced by the inconsistencies found in L*a*b* spacing.’® The “Original”
[E] has 10 triangular areas. The top area has the same L*a*b* values as Munsell
paper 5R 7/6. Theremaining 9 areasareall 7/6, each of them are 4 pages apart [SYR,
5Y, B5GY, 5G, 5BG, 5B, 5PB, 5P, 5RP]. Thuswe have placed the 10 areasin acircle
of constant lightness and chroma in color space.

All 10 colorsin al the remaining 8 targets differ from the original by only one
chip in the Munsell Book. The [DEF] seriesvariesin lightness. Each corresponding
areain[D] is8/,andis6/in [F]. Thischangein stimulusisaglobal shift. It produces
noticeable, but acceptable changes in appearance. The changes for all 10 areas are
about the same magnitude.

The [AEI] seriesvariesin chroma. Hereall 10 papers have/4in[A] and /8 in
[I]. The chances are noticeable, but regarded as acceptabl e reproductions.

The [BEH] seriesvariesin hue. Here 5R isreplaced with 2.5R in [B] and 7.5R
in [H]. The same shift was applied to al 10 areas. The chroma /6 was chosen so that
one hue page in the Munsell book equals one chip in lightness value and one chip in
chroma. Herethe changein color appearanceis small, but noticeable and acceptable
as good reproductions.

So far all the changes have been global shifts. All 10 papers have moved in the
samedirection in color space. Such uniform movement is reminiscent of the changes
found in color constancy experiments in which the paper display is constant, while



Figure9. An*“Original” display [E] surrounded by 8 reproductions. In all casesthere are 10
pie-shaped color patches. For al 8 reproductionseach individual patch differsfromthe original
by one chip in the Munsell Book of Color. That means that each individual chip is a constant
distance from the original in the Munsell Uniform Color Space. Thus, changes in lightness,
chromaand hue are equal. Along theleft-to-right axis[D-E-F] the Original and reproductions
vary only in lightness. All 10 patchesin D are one Munsell chip lighter than the original. All

10 patches in F are one Munsell chip darker than the original. Along the top-to-bottom axis
[B-E-H] the Original and reproductions vary only in hue. All 10 patches in B are shifted
counterclockwise oneMunsell chip fromtheoriginal. All 10 patchesinH are shifted clockwise
one Munsell chip from the original. Along the upper-left to bottom-right axis [A-E-1] the
Original and reproductions vary only in chroma. All 10 patchesinA are one Munsell chip less
saturated than the original. All 10 patchesin | are one Munsell chip more saturated than the
original. All of the above reproductions [ABDFHI] are still reasonable reproductions despite
the one chip color shifts. Theremaining two reproductions C and G are examples of individual

color shiftsin hue, lightness and saturation. Unlike systematic shifts, individual shifts create
unacceptable distortions of the original. Anerror of 1 Munsell chipisacceptableif itisglobal,

but not if it islocal.



the intensity and color of the illumination changes. In color constancy experiments
we are familiar with this kind of result, namely that colors change very little with
large global shifts in illumination. As well, it is common practice in photographic
systems to find small apparent changes with large global density shifts, while local
changes of the same magnitude are clearly visible.

Thefina [CEG] seriesshowsthe effect of pseudorandom color shifts. Asabove,
each color patch is one Munsdll chip different from the Original [E]. Nevertheless,
independent changes produce both large and small visual changesin appearance. These
local area changes make for poor reproductions. They distort the appearance of the
original in way that make them unacceptable reproductions.

The analogy to color constancy is very compelling. Changing the colors inde-
pendent of the neighbors disrupts the spatial ratios (Figure 1). Changing the local
ratios in the context of a color constancy experiment is the same as changing the
reflectances of the areas. Changing reflectances of individual papers (local shifts)
cause big changesin appearances, while changesin illumination (global shifts) cause
small changes. It should be noted that changing the spectral character of theillumina-
tion is not the direct analog of changing lightness, hue and chroma, as we did in the
aboveumbrellaexperiment. Thedirect analog of color constancy experimentswould
be to uniformly lower or raise the long-wave reflectances of all the papers, and make
analogous changes to the middle-, and short-wave reflectances. However, we began
this experiment with the design of substituting paper of known differences of color
appearance. That has been provided by the Munsell Book data. Shiftinglong- middle-
and short-wave reflectances may be a better experiment, but equal color difference
datais not available.

Evansdescribesa“ consistency principle’ for color reproductions. Hesays, “As
long as the chromatic relations within a given scene are consistently like those of the
original scene, the colorswill actually seem to be the samein both, unless of course,
direct point-for-point comparisons are made. The actual discrepancies can be enor-
mous, providing thereisno inconsistency.”? Evans attributes this obsevation to poor
color memory. By introducing spatial comparisons we can add computational prop-
ertiesto Evan’'sprinciple. The suggestion from these experimentsisthat color gamut
calculations, using spatial comparisons can lead to better in-gamut reproductions.
Colorimetrically they will have larger color-difference errors, but they should look
better. The same color constancy mechanism, that reduces large physical shiftsin
illumination to small appearance changes, can be employed to make gamut-limited
reproductions look better.

6. Retinex - A Spatial Calculation
There has been little change in the fundamental operation of Retinex model (Figure

10) sincefirst proposed in 1967 at Land's Ives Medal Addressto the Optical Society
of America’! The original proposal used the Ratio, Product, Reset and Average. Fig-



ure 10(Right) documents the details of the a Retinex model. There are only four
operations. Ratio, Product, Reset and Average. Ratio makes spatial comparisons.
The product propagates local comparisons in nearly global ones. Reset performs a
normalization process relative to the maxima in the image. Average combines the
different reports of spatial information from different locations. In implementing
these cal culations we convert the input to log radiance. The consequenceisthat ratio
and product operations are simplified to subtraction and addition. Reset isasimple
logical operator, that normalizes the image.

The model, that evolved from the study of Mondrians, can aswell calcul ate appear-
ances in color constancy experiments, high-dynamic-range real life scenes and Ge-
stalt phenomena. Examples of these images can be found in a recent summary pub-
lication.’* The details of the spatial calculations, along with sample Matlab code can
be found in Funt, Ciurea and McCann.=

Ratio-Product-Reset-Average Input

+ Multiresolution

Radiances Rxy Rxy' "N " * Scaling
Old Product . Radiances: New Product
+\'-.[ o=
Ratio [Ryy/Rxy]— | Reset I
1
Average
Old New
Product OPxy NPxy Product
NPx’,y‘ = OPx,y* [Rx’,y'/ Rx,y]
NPx y = min(NPx’,y', Bx',y’)

NPx y = maX(NPx’,y', 0)

Figure 10 (Left). The explanation of Ratio-Product-Reset-Average operation. Herewe calculate
the New Product (NP) for the output pixel x’,y’. We begin at the starting pixel x,y using the
Old Product (OP). All OP's are initialized with the value in the Best image [Bx,y] for that
waveband. The product of the radiance Ratiostimesthe Old Product isreset if greater than the
Bx,y and averaged with the previous New Products. Figure 10(Right). An illustration of the
Multiresolution aspect of the Retinex calculation®. The calculation uses three data planes.
TheOld Product isinitialized to the Best image. The original full-resolutionimageisillustrated
as Input at the top. The input is averaged down to make a series of multiresolution planes
ending with two pixels. This average Radiance image is the second data plane. The third data
planeisfor the output of eachiteration and is called the New Product. Starting with two pixels
we multiply the Old Product at the starting pixel and multiply it by the ratio of Radiances for
the starting and output pixels. That product is reset to the Bestin Old Product value, if it
exceedesit. It isthen averaged with previous Old Product at the output pixel. To get to the
next level, the New Product isinterpolated to twice the size and placed in the Old Product data
plane. The Radiance data plane uses the next larger (8 by 2) average of the Input. The Ratio-
Product Reset-Average calculation illustrated in Figure 9 (Left) are repeated. The Process
continuesuntil New Product at full-resolutioniscomplete and i s used as one Retinex separation.
The process is repeated for each of the three R,G,B separations.
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Figure 11. Schematic diagram of the Color Gamut Retinex Cal culation. Thiscalculation creates
long-, middle-, and short-wave separations for both Goalin and Bestin images. It uses the
ratios from The Goalin image and reset from Bestin image to put spatial comparisons in the
search for best reproduction using alimited gamut.

Color Gamut Calculation

The hypothesis connecting the experiments in this paper is that humans cal cu-
late color using spatial comparisons. The above experiments show that the sum of
errors (distancesin color space) isavery poor predictor of the quality of areproduc-
tion. Infact, good reproductions make all their errorsin similar directions.’

If that premiseistrue, then spatial comparisons could be helpful in finding a set
of in-gamut colors that ook like the out-of-gamut original. Figure 11 illustrates the
color gamut Retinex calculation. For gamut mapping we begin with two input im-
ages, instead of one. We have the Goal image that has the large, origina gamut.
Second, we have the Best image that represents the limited gamut of the reproduction
media. If the shape of the limited gamut is complicated, we may substitute a three-
dimensional LUT for the Best image. Again, we begin by averaging down each of the
R, G, B separationsto asmall number of pixelsfor both the Goal and the Best image
(Figure 10 Right). We take the Old Product initialized to maximum and multiply by
the Goal ratio. ThisNew Product isreset to the Bestimage or the Best dataLUT. This
processis repeated and the New Product values from this resolution are interpolated
up to the next resolution. The processis repeated for R, G, B.

The gamut retinex process takes the spatial comparisons from the Goal and lim-
its the product by the Best image (Figure 11)*%4?%, The iterative process keeps rein-
forcing theratios found in the Goal while the reset forces the New Product to migrate
toward animage with all the sameratios, regardless of the absoluteinput values of the
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Goal image. The resulting image NewProductOut shows a big improvement in ap-
pearance compared to the Best (Figure 11). The data shows that this new imageisin-
gamut.

A demonstration of the process can befound in Figure 12. The Goalin.tiff image
is ascanned photograph of a Jobo photographic test chart. In Photoshop the six color
patches have been replaced with the most saturated colors available. Red digits are
[255,0,0]; greendigitsare [0, 255,0]; bluedigitsare [0, 0, 255]; yellow digitsare[ 255,



255,0]; magenta digits are [255, 0, 255]; cyan digits are [0, 255, 255].

The Besin.tiff image was created in Photoshop from the modified Goalin.tiff
image using the Toyo (uncoated) profile. The Toyo (uncoated) gamut is much smaller
thanthedisplay. The NewProductOut imageisthe output of the calculation described
in Figures 10 and 11.

In understanding these resultsit is helpful to study both the color rendition and
the R, G, B separation images. The Goalin, Bestin and NewProductOut images are
shown in color in Figure 12 (Top Left). Figures 12b, 12¢, and 12d show the R,G,B
separations.

In Figure 12b, the blue separation, the Goalin colors of [blue, green, red] are
[white, black, black]; while [yellow, magenta, cyan] are [black, white, white]. The
Bestin image is much lower in contrast. All the blue separation values are nearly the
same. The spatial gamut retinex process [NewProductOut] finds in-gamut combina-
tionsthat maintain, aswell as possible, thelightnessdifferencesfor each color. Inthis
bluerecord the Goalin whites have been limited to NewProductOut light grays. How-
ever, the blacks associated with red, green and yellow have remained black. The
comparison with the Bestin image is very interesting. The Toyo ink profile found
blue separation values much lower in contrast, in fact al the lightness are close to
middle gray.

In Figure 12c the green separation the Goalin colors of [blue, green, red] are
[black, white, black]; while [yellow, magenta, cyan] are [white, black, white]. Again
the spatial gamut retinex process finds in-gamut combinations that maintain, as well
aspossible, thelightness differencesin each color separation. Inthisrecord the Goalin
whites have been limited to NewProductOut light grays for green and cyan. How-
ever, the separation val ues associated with red, blue and magenta have remained very
close to black. The comparison with the Bestin image shows that the non-spatial,
Toyo profile found generated a green separation with much lower in contrast.

In Figure 12d, the red separation, the Goalin whites have been limited to
NewProductOut light grays for yellow and light-middle gray for red and magenta.
The rendition of the other colorsis close to black. The comparison with the Bestin
image shows that the Toyo profile generated green-patch values much lighter than
desired.

Fig. 13 plots the Goalin and NewProductOut values of the six colored areasin
ML, Ma, Mb space. The Goalin values are plotted as large solid red sguares; the
NewProductOut are plotted as solid blue circles. The solid lines are drawn between
Goalin and the NewProductOut values. These lines are beyond the NewProductOut
values. Fig 13 (Left) plots the datain the Ma, Mb plane. Here many of the vectors
pass near the central point (Ma=Mb = 0), but do not intersect there. Fig 13b plotsthe
datainthe ML, Maplane. Here the vectors pass near the central point (ML =50, Ma=
0), but do not intersect there. Fig 13c plots the datain the ML, Mb plane. Here the
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Figure 13. (Left) The plot of the 6 Goalin to NewProductOut vectorsin Mavs. Mb plane.
The plot of 6 Goalin to NewProductOut vectorsin ML vs. Ma plane (Top Right). The plot of
6 Goalin to NewProductOut vectorsin ML vs. Mb plane (Bottom Right). Theyellow circular
spot plots the coordinates ML=50, Ma=0, Mb=0. The square grid represents equal distances
in MLab space.

vectors pass below the central point (ML = 50, Mb = 0). These graphs show the
improved color seen in NewProductOut image are not caused by simple color space
projectionsas:. reduction in chroma (Fig 13 L eft), projecting toward middle gray (Figs
13 Top Right & 13 Bottom Right). The NewProductOut image was created by opti-
mizing spatial comparisons. Such a process is somewhat similar in that the results
project in the vicinity of middle gray (ML =50, Ma= 0, Mb = 0). However, their
projections sweep out a substantial, non-symmetrical volume. This is an argument
that the Gamut Retinex process is fundamentally different from a single, 3D color
space transformation.

Thelack of convergenceto asingle point in color spaceissimilar to projections
generated by the CARISMA and Lee® algorithms. CHARIMA used empirical non-
global transformations. Further, it isbased on how experienced printers would treat
images on small-gamut media. Printersare trained to interpret imagesin terms of the
quality of their separartions. Aswe saw in Figure 12, the gamut retinex calculation
retains the appearance of objectsin their separations and hence does well in color.

Kang, Cho, J. Morovic and Luo? recently described experimental matches to
find the observers' choice of best compromise for each color independently. Their
datalead to amodel with three ranges. In the upper level (high lightnesses) thereisa
high point of convergence, in the middle level (middle lightnesses) there is no point
of convergence, in the lower level (low lightnesses) there is alower point of conver-
gence. MacDonald, Morovic, and Xiao® described their recent addition to GMA
models. Herethey described three zones. Thefirst isthe region between small gamut
and large gamut. Thethird isthe region in color space closeto the gray axis (vertical



axis in L*a*b* space) that is unchanged by the GMA. The second is the region
between the two that is shaped by the GMA. MacDonald et. a. have described anew
method that introduces adifferent point of convergencefor different lightnesses. Green
and Luo® extended CARISMA to the conversion of transparency to newsprint
workflows. The included comparisons of CHARISMA with algorithms by Lee and
Kang.

A common property between CARISMA, Lee's, Kang's and MacDonald’s
obsevations and models is that there is no single projection to a single convergence
point in color space. The “Out-of-Gamut to Gamut” transforms got their speed and
efficiency from the fact that there was only one rule. (Project all the out-of-gamut
points to a common point, such as L*=50, a*=0, B*=0). As already mentioned,
observers prefer multiple end points and complex transforms. The more complex the
transform, the greater the colorimetric error between the large-gamut original and the
optimal small-gamut reproduction.

Best Color Gamut Compromise

A familiar gamut mapping processisto eval uating the absol ute colorimetry of apixel,
seeif it isin-gamut, and then replacing it with the nearest in-gamut color. This pro-
cess distorts color appearance. Take two areas next to each other. Let us assume that
one area is in-gamut and the other is not. If we leave the in-gamut pixel value un-
changed, while changing the out-of-gamut pixel, we have replaced the ratio of these
two areas with anew ratio and anew color relationship®. This paper arguesthat it is
better to change both pixel values, so as to leave the spatial comparisons constant.
The best reproduction is the one that reproduces the most spatial comparisons.

7. Conclusions

Retinex calculations extended to the problem of gamut limited reproductions show
promise. Theargument statesthat global shiftsin color similar to those foundin color
constancy produce much smaller changes in appearance than local, individual color
shifts. Further, this paper arguesthat color gamut transformations using spatial com-
parisons can generate in-gamut reproductions that look more like the original, be-
cause it employsthe benefits of human color-constancy processing. These reproduc-
tions have a greater colorimetric difference between original and reproduction, but
look better. Color isaspatial calculation in humans.
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