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bstract. The color characterization of digital cameras often re-
uires the use of standard charts containing a fixed number of color
amples. The exact choice of such characterization charts—how
any (and which) known samples to include—is known to affect

haracterization performance. This study describes methods to se-
ect optimum color samples from a set of 1269 Munsell surface col-
rs. The effect of sample selection on characterization performance

s evaluated and compared with performance using the standard
retagMacbeth ColorChecker and GretagMacbeth ColorChecker
C colors. The work confirms that the standard charts appear to
ave been well selected. However, we show that it is possible to
elect 24 samples from the Munsell set that outperform the Gretag-
acbeth ColorChecker and that this selection can be efficiently de-

ived using an algorithm called MAXMINC. It is proposed that this al-
orithm may have general applicability; for example, to the optimal
election of samples constrained to be a subspace Munsell color
olid. © 2006 Society for Imaging Science and
echnology. �DOI: 10.2352/J.ImagingSci.Technol.�2006�50:5�481��

NTRODUCTION
igital cameras can, to some extent, be used as tristimulus

olorimeters if they are properly characterized.1–5 The char-
cterization process involves developing a transform between
he camera RGB values and CIE color coordinates. Often, a
onlinear transform between RGB and CIE XYZ is devel-
ped although some researchers have suggested that linear
ransforms are more appropriate.6 Irrespective of whether a
inear or a nonlinear transform is used, the coefficients of
ny characterization model are normally determined based
pon the camera responses of some known samples that are
onveniently arranged in a chart (e.g., the GretagMacbeth
olorChecker chart). This approach, where the coefficients
f the transform are determined empirically to give optimal
erformance for a set of data, is sometimes referred to as
ata-based characterization. Other approaches to character-

zation are also possible; for example, an analytical approach
hich involves measuring—or estimating—the spectral sen-

itivities of the imaging device. A common practical consid-
ration for any data-based characterization is the choice of
he characterization target; that is, how many (and which)
nown samples to choose from which to construct the chart.
he GretagMacbeth ColorChecker and GretagMacbeth
olorChecker DC charts are widely used as targets for color

haracterization tasks.7–10

Characterization charts such as the GretagMacbeth
olorChecker, the GretagMacbeth ColorChecker DC and

eceived Aug. 1, 2005; accepted for publication Feb. 22, 2006.
062-3701/2006/50�5�/481/8/$20.00.
he ANSI IT8 charts are designed to be used in a color-
anagement process with the aim to allow a system to re-

roduce colors with acceptable tolerance. These charts are
ypically checkerboard array targets containing a number of
arefully selected and prepared squares or chips in a wide
ange of achromatic and chromatic colors. Many of these
quare patches represent the color of certain natural objects
f special interest, such as human skin, foliage, and blue
ky.11,12 Primary colors for both additive and subtractive
olor mixing are also commonly included. A series of ach-
omatic patches in the characterization charts provide a con-
enient grayscale that may be used for color balance and
one-reproduction purposes. Repeated white, midgray, and
lack patches around the outer edge of the chart (Gretag-
acbeth ColorChecker DC, for example) allow measure-
ents for spatial uniformity of illumination. Special colors,

uch as glossy surface colors in the GretagMacbeth
olorChecker DC and optional vendor colors in the ANSI

T8 charts, can also be included.
A great deal of work has been carried out to address

hich characterization method gives the best
erformance3,13–16 and some work has been carried out to

nvestigate which characterization target is optimum for the
haracterization process.17,18 Recently, there has also been an
nterest in using these charts to determine the spectral sen-
itivity of imaging systems13,19,20 and, in one study, an emis-
ive chart has been developed for use with cameras that
llows the user greater control over the color and spectral
roperties of the chart.21 This study describes methods to
elect samples from a set of 1269 Munsell surface colors22

pecifically to optimize the colorimetric characterization of
amera systems. The effect of sample selection on character-
zation performance is evaluated and compared with perfor-

ance using the standard GretagMacbeth ColorChecker and
retagMacbeth ColorChecker DC charts.

Hardeberg proposed a method to select a set of samples
f known reflectance that would be most suitable for spec-
ral sensitivity estimation.13 This work was concerned with
he estimation of the spectral sensitivity of the RGB chan-
els of a camera using samples whose spectral reflectance

actors were known. The approach adopted by Hardeberg
as to select spectra from a large set of Munsell samples

uch that each selected spectrum was as different as possible
in reflectance space) from the other already selected spectra.
his optimal selection method was compared with a heuris-

ic method (whereby samples with the highest chroma were
481
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elected for each hue) and with 20 samples from the Gretag-
acbeth ColorChecker. It was found that performance (in

erms of accuracy of estimation of the camera spectral sen-
itivities) using 20 optimally selected spectra was almost as
ood as it was using the full set of 1269 Munsell spectra. The
mplication is that the 1269 Munsell spectra include a lot of
edundancy and that the choice of samples used in the spec-
ral estimation technique is important.

Although Hardeberg’s work was concerned with spec-
ral sensitivity estimation rather than with colorimetric char-
cterization, it seems clear that the selection of samples for a
olor chart might also be expected to have a substantial ef-
ect on the usefulness of charts for camera characterization.
n this work, methods for the selection of samples for a
haracterization chart have been considered; the general
trategy that underlies all of the methods is to aim, as in
ardeberg’s work, to select samples that are as different as

ossible from each other. However, this still allows for vari-
us strategies. For example, it is possible to develop algo-
ithms that operate in the multidimensional space of spec-
ral reflectance or in 3-dimensional colorimetric space.
lgorithms that operate in both of these spaces are explored

n this study.

XPERIMENTAL
wo basic algorithms, called here MAXSUMS and MAXMINS,
ere developed and investigated. The algorithms define rules

or selecting samples based on samples that are already se-
ected but do not include a rule for selecting the first sample.

ne approach would be to select the first sample at random.
owever, in this study two candidates were considered for

he first sample; either the sample with the greatest variance
n its spectral reflectance factors or the sample with the

inimum variance. It was hypothesized that the use of the
ample with the greatest variance as the first sample (this
eing likely to be a highly chromatic sample) would subse-
uently lead to the greatest variance in the subsequently se-

ected samples.
In the MAXSUMS method, following the selection of the

rst sample, subsequent samples are selected in turn (with-
ut replacement) from the pool of samples such that each
ew sample selected is as different as possible from the
amples already selected. Imagine that from a pool of N
amples we have already selected m samples leaving N-m
amples in the pool. The metric Qj is computed for each of
he N-m samples thus

Qj = �
i=1

m

�Dj,i
1/2, �1�

here �Dj,i represents the Euclidean distance (in 31-
imensional reflectance space) between the jth sample
j� �1 ,2 , . . . ,N-m�� in the pool and the ith sample
i� �1 ,2 , . . . ,m�� from those samples already selected. The
ample that is selected is that for which Qj is smallest (Fig.
). The square-root exponent is included to penalize small
pectral differences and the reason for this is evident from

he following example: For the selection of the third sample, f

82
f one candidate has Euclidean distances of 2 and 6 from the
wo already selected samples and a second candidate has
uclidean distances of 3 and 5 from these samples, the sec-
nd candidate would be selected (the sum of the Euclidean
istances is the same but the sum of the square-roots of

hese distances is not).
In the MAXMINS method, following the selection of the

rst sample, subsequent samples are selected in turn (with-
ut replacement) from the pool of samples such that the
uclidean distance between its closest neighbor in the set of
amples already selected is maximized. Again, imagine that

igure 1. Illustration of the MAXSUMS method with the first selected sample
large circle� and �a� the second selected sample �triangle� chosen such
hat it is maximally distant from the first; �b� the third selected sample
diamond� chosen such that the sum of the distances ��d2+ �d3� from the
elected samples is maximum; and �c� the fourth selected sample �star�
hosen such that the sum of the distances ��d4+ �d5+ �d6� from the
elected samples is maximum.
rom a pool of N samples we have already selected m

J. Imaging Sci. Technol. 50�5�/Sep.-Oct. 2006
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amples leaving N-m samples in the pool. The metric Pj is
omputed for each of the N-m samples thus

Pj = min
i=1

j=1

��Dj,i� , �2�

here, as before, �Dj,i represents the Euclidean distance (in
1-dimensional reflectance space) between the jth sample
j� �1 ,2 , . . . ,N-m�� in the pool and the ith sample
i� �1 ,2 , . . . ,m�� from those samples already selected. The
ample that is selected is that for which Pj is largest (Fig. 2).

The main idea behind both methods is to generate a
hart where the samples are as different to each other as

igure 2. Illustration of the MAXMINS method with the first selected sample
large circle� and �a� the second selected sample �triangle� chosen such
hat it is maximally distant from its closest neighbor in the selected
amples; �b� the third selected sample �diamond� chosen such it is maxi-
ally distant from its closest neighbor in the selected samples; and �c� the

ourth selected sample �star�.
ossible. However, in the MAXSUMS method we find the q

. Imaging Sci. Technol. 50�5�/Sep.-Oct. 2006
ample that is on average as different as possible from the
lready selected samples in order to cover the largest color
amut; whereas in the MAXMINS method the sample whose
losest neighbor (in the already selected samples) is as far
way as possible is found.

The two methods, MAXSUMS and MAXMINS, were used to
elect samples that are maximally dissimilar from each other
n 31-dimensional reflectance space. The same algorithms
ere also applied in 3-dimensional CIELAB space. To

chieve this, the CIELAB coordinates of each of the samples
ere computed for illuminant D65 and for the CIE 1964

10 deg) standard observer. The Euclidean distances in
quations (1) and (2) were computed in the 3-dimensional
IELAB space rather than in the 31-dimensional reflectance

pace. These two additional methods are referred to as MAX-

UMC and MAXMINC where the final letter of the name de-
otes Euclidean distance is computed in colorimetric rather

han spectral space. The rationale for this approach is that
he selection of samples in the approximately visually uni-
orm CIELAB space may give rise to samples that are better
istributed than when the selection is carried out in reflec-

ance space.
The samples were selected from a set of 1269 Munsell

amples.22 Figure 3 illustrates how the two main types of
lgorithm operate using the selection in colorimetric space
s an example.

The subfigures in the upper row of Fig. 3 show that for
oth methods the selection of the first sample (in this case,
he sample with greatest spectral variance represented by the
arge red circle) is, of course, the same. The selection of the
econd (triangle), third (diamond), and fourth (star) is also
he same for both methods. However, the fifth and subse-

igure 3. Diagrammatic representation of the selection sequence �in or-
er, large circle, triangle, diamond, star, and square� for MAXSUMC ��a�
nd �c�� and MAXMINC ��b� and �d�� methods where the first sample was
elected with greatest ��a� and �b�� or smallest ��c� and �d�� spectral
ariance.
uent samples are selected differently depending upon the

483
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ethod. The MAXSUMC method continues to select samples
hat are highly chromatic whereas the fifth sample (square)
or the MAXMINC method is a very unsaturated sample that
s not close to any one of the already selected samples. The
ubfigures in the lower row of Fig. 3 show the selection of
amples where the first sample was selected on the basis of
he least spectral variance. Note that, given that the selection
f the first sample is the same, the two methods are guaran-
eed to produce the same second sample.

For comparison, a “straw man” method was also
dopted whereby 24 samples were randomly selected from
he set of 1269 Munsell samples. This random method was
epeated ten times, with a different randomly selected set of
4 spectra each time. The performance of the random set
hat performs best is said to be the “best random” result.
imilarly, the performance of the random set that performs
orst is said to be the “worst random” result. The average
erformance of the ten randomly chosen sets is referred to
s the “average random” performance the significance of
hich is that it is an estimate of the performance that would
e obtained if a random-selection method was used. Finally,
he performance of all methods was also compared with the
erformance of the 24 samples from the GretagMacbeth
olorChecker chart.

In order to assess performance, the 24 colors selected by
ach of the methods were used to construct virtual charac-
erization charts. A linear camera model [Eq. (3)] with
nown camera channel sensitivities and a known illuminant
as used to compute the camera RGB values for each of the

amples in the virtual charts, thus

R = � E���SR���P��� ,

G = � E���SG���P��� ,

B = � E���SB���P��� , �3�

here E��� is the spectral power distribution of the D65
lluminant, SR���, SG���, and SB��� are channel spectral sen-
itivities of the camera system, and P��� is the spectral re-
ectance of the sample. The spectral sensitivities of the cam-
ra were those estimated for the Agfa StudioCam camera
ystem (Fig. 4) and were approximately Gaussian-shaped
unctions with peak sensitivities at 460, 540, and 630 nm.23

The coefficients of a nonlinear transform were deter-
ined to provide the least-square mapping between sample

amera responses RGB and tristimulus values XYZ. Equa-
ion (4) shows an example of a set of polynomial transforms

X = a + bR + cG + dB + eR2 + fG2 + gB2 + hRGB ,

Y = i + jR + kG + lB + mR2 + nG2 + oB2 + pRGB ,

Z = q + rR + sG + tB + uR2 + vG2 + wB2 + xRGB . �4�
A more efficient representation is provided by Eq. (5), p

84
t = Mr , �5�

here t is a 3�1 matrix of tristimulus values, M is a
�8 system matrix, and r is a 8�1 matrix of augmented
amera responses containing the terms
1 R G B R2 G2 B2 RGB�. A third-order transform was ac-
ually used in this study. The choice of transform was some-
hat arbitrary but a third-order transform was used because

t has been found to be effective in some other studies.13,24,25

he specific 3�20 third-order transform that was used in-
luded the following terms:

�R G B RG RB GB R2 G2 B2 RGB R2G R2B G2R G2B B2R

B2G R3 G3 B3 1� ,

o provide a mapping from RGB to XYZ.
The 24 samples selected using each of the methods were

sed as training sets to determine the coefficients of the
ransform and then characterization performance was evalu-
ted for three test sets: 1269 Munsell samples, 50 selected
atural Color System samples and 494 natural surfaces26

ncluding leaves, petals, grasses, and barks. Figure 5 illus-
rates the CIELAB L*, a*, and b* distributions of the test sets.
he 24 samples were always selected from the 1269 Munsell

et and the use of the 1269 Munsell set alone to test the
erformance of our charts may introduce a bias. It is for this
eason that we also used a set of samples from the Natural
olor System and a set of natural spectra as test sets.

Performance of the methods was assessed in terms of
IELAB color difference between the actual XYZ values and

he XYZ values predicted from the camera responses by the
hird-order transform.

ESULTS
ables I–III show the CIELAB color differences (illuminant
65, 1964 CIE observer) that were obtained using the vari-
us testing sets. It is evident that the test performance of the
est random selection is quite good. This is not unexpected
because as the number of repeats increases the best random
election will tend towards the optimum selection) but, of
ourse, the average random selection performs poorly com-

igure 4. Estimated camera spectral sensitivities �blue channel, dotted
ine; green channel, solid line; red channel, dashed line� of an Agfa
tudioCam: estimation by Chen et al. �see Ref. 23�.
ared with the GretagMacbeth ColorChecker.

J. Imaging Sci. Technol. 50�5�/Sep.-Oct. 2006
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The results indicate that the selection of samples using
he spectral methods (MAXSUMS and MAXMINS) generally
ive poor characterization performance. The MAXSUMS

ethod gave median �E values of 2.31 (2.90), 4.34 (9.15),

igure 5. CIELAB coordinates under illuminant D65 of 1269 Munsell
top�, 50 selected Natural Color System �middle�, and 494 natural �bot-
om� samples plotted in L* vs a* �left� and b* vs a* �right� diagrams.

able I. Testing performance �3�20 polynomial transform� on 1269 Munsell
amples using different methods �the figures shown in parentheses are for the case
here the first sample was selected with minimal spectral variance�.

CIELAB color difference

Methods Median Mean Min Max

GretagMacbeth
ColorChecker

2.64 3.15 0.09 15.60

MAXSUMS 2.31�2.90� 5.26�5.36� 0.03�0.05� 44.75�40.16�

MAXMINS 5.21�2.51� 5.73�3.09� 0.07�0.07� 57.57�24.13�

MAXSUMC 7.70�4.89� 11.25�6.49� 0.04�0.01� 45.05�34.27�

MAXMINC 1.62�1.70� 2.04�2.17� 0.02�0.04� 12.79�13.38�

Best random 2.01 3.51 0.03 22.69

Worst random 3.08 5.86 0.00 103.08

Average random 2.92 5.44 0.01 88.09
nd 7.54 (10.57) for the 1269 Munsell samples, the 50 Natu- a

. Imaging Sci. Technol. 50�5�/Sep.-Oct. 2006
al Color System samples, and the 494 natural samples, re-
pectively, where the values in parentheses refer to the case
here the first sample was selected with minimal spectral

ariance. The MAXMINS method was no better with median
E values of 5.21 (2.51), 6.93 (4.66), and 7.59 (3.50). The

ransform derived from the GretagMacbeth ColorChecker
as statistically better than both spectral methods for all

hree testing sets �p�0.05�.
The MAXSUMC method gave median color difference

alues of 7.70 (4.89), 10.69 (7.38), and 7.91 (1.17) for the
269 Munsell samples, the 50 Natural Color System samples,

able II. Testing performance �3�20 polynomial transform� on 50 Natural Color
ystem samples using methods �the figures shown in parentheses are for the case
here the first sample was selected with minimal spectral variance�.

CIELAB color difference

Methods Median Mean Min Max

GretagMacbeth
ColorChecker

5.10 6.79 0.40 35.94

MAXSUMS 4.34�9.15� 11.63�20.47� 0.24�0.18� 58.97�81.60�

MAXMINS 6.93�4.66� 13.26�9.73� 0.66�0.81� 155.80�113.75�

MAXSUMC 10.69�7.38� 15.39�12.65� 1.63�0.81� 148.62�65.32�

MAXMINC 4.93�4.61� 7.42�9.88� 0.20�0.54� 37.03�61.22�

Best random 7.88 14.56 0.45 80.20

Worst random 14.16 33.47 0.58 211.97

Average random 13.17 30.63 0.05 150.78

able III. Testing performance �3�20 polynomial transform� on 494 natural
amples using different methods �the figures shown in parentheses are for the case
here the first sample was selected with minimal spectral variance�.

CIELAB color difference

Methods Median Mean Min Max

GretagMacbeth
ColorChecker

2.31 3.20 0.12 14.24

MAXSUMS 7.54�10.57� 8.08�11.57� 0.03�0.20� 39.15�40.67�

MAXMINS 7.59�3.50� 12.62�5.07� 0.40�0.13� 74.31�24.55�

MAXSUMC 7.91�3.00� 11.20�12.07� 0.54�1.55� 54.25�36.35�

MAXMINC 1.17�2.16� 1.56�2.28� 0.08�0.11� 7.78�10.16�

Best random 2.28 3.13 0.18 15.68

Worst random 4.61 5.31 0.38 123.06

Average random 4.29 5.74 0.15 37.04
nd the 494 natural samples, respectively, and was consid-

485
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red to be the worst method. In Hardeberg’s work the heu-
istic method of selecting samples of high chroma also per-
ormed quite poorly.13 However, the best performance came
rom the MAXMINC method (with first sample selected with

aximum spectral variance) with median color difference
alues of 1.62 (1.70), 4.93 (4.61), and 1.17 (2.16). The results
lso show that the MAXMINC method generally is more ro-
ust to the choice of the first sample than the other meth-
ds. The MAXMINC scores were statistically identical to those

rom the GretagMacbeth ColorChecker for the Natural
olor System testing set �p�0.10� but performed signifi-

antly better than the GretagMacbeth ColorChecker using
he larger Munsell �p�0.05� and natural samples
p�0.05� testing sets. (In order to test the robustness of the
esults we replicated the entire experiment using the
IEDE2000 color-difference formula to assess the perfor-
ance of the various algorithms since there are some known

roblems with the CIELAB formula. Although, on average,
he use of the CIEDE2000 formula generated smaller color
ifference values, the relative performances of the algorithms
emained broadly the same and supported the same conclu-
ions as those reached using the CIELAB formula.)

Figure 6 illustrates the spectral reflectance curves (be-
ween 400 and 700 nm) for the colors of selections.

Figures 7 and 8 illustrate the CIELAB L*, a*, and b*

istributions of the 24 colors of GretagMacbeth Col-
rChecker, and those selected using MAXSUMC and MAXMINC

ethods.
Since the MAXMINC method appeared to be successful in

esigning a color chart for characterization a further test was
onducted by using this method to select 166 samples and
omparing the performance of camera characterization us-

igure 6. Spectral reflectance curve vs wavelength �400–700 nm� plots
f the GretagMacbeth ColorChecker �first row�, the MAXSUMC-selected
left� and MAXMINC-selected �right� charts where the first sample was se-
ected with maximum spectral variance �second row�, and the MAXSUMC-
elected �left� and MAXMINC-selected �right� charts where the first sample
as selected with minimal spectral variance �third row�.
ng this chart with the performance obtained using 166 g

86
amples from the GretagMacbeth ColorChecker DC chart.
The full chart contains 240 samples but this collection ex-
ludes the repeated grayscale colors and those having very

igure 7. CIELAB coordinates under illuminant D65 of the 24 Col-
rChecker �first row�, MAXSUMC �second row�, and MAXMINC �third row�
amples �for the case where the first sample was selected with maximal
pectral variance� plotted in L* vs a* �left� and b* vs a* �right� diagrams.

igure 8. CIELAB coordinates under illuminant D65 of the 24 MAXSUMC
upper row� and MAXMINC �bottom row� samples �for the case where the
rst sample was selected with minimal spectral variance� plotted in L* vs
* �left� and b* vs a* �right� diagrams.
lossy surfaces.). Tables IV–VI summarize the performance

J. Imaging Sci. Technol. 50�5�/Sep.-Oct. 2006
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f the MAXMINC method against the 166 samples from the
retagMacbeth ColorChecker DC chart.

The GretagMacbeth ColorChecker DC chart samples
ave statistically better performance �p�0.05� using the 50
atural Color System testing samples but the opposite re-

ults were found using the other two testing sets where the
AXMINC method performed better �p�0.05�. The MATLAB

unction maxminc presents the implementation of the
AXMINC algorithm. (Appendix available as Supplemental
aterial on the IS&T website, www.imaging.org).

ISCUSSION
ne of the findings from this work is that the original

amples of the GretagMacbeth ColorChecker chart appear to
ave been well selected and it is not easy to find an equiva-

ent number of samples from the pool of samples that was
sed in this work that will give substantially better perfor-
ance. However, the finding that 24 samples from the Mun-

ell set can be selected, using the MAXMINC method, to pro-
ide a color chart that outperforms the GretagMacbeth
olorChecker chart is interesting. It is important to note,
owever, that six of the samples in the GretagMacbeth Col-
rChecker chart are achromatic to enable linearization of the

maging device whereas our new method was not subject to
his constraint. The intended application of this work, how-
ver, was not to explicitly design a new 24-patch GretagMac-
eth ColorChecker chart. Comparison with the GretagMac-
eth Colorchecker was only carried out as a useful
enchmark of performance to demonstrate that the method
orks. Charts such as the GretagMacbeth ColorChecker are

ntended for general use. For many applications it is useful

able V. Testing performance �3�20 polynomial transform� on 50 Natural Color
ystem samples using different methods �the figures shown in parentheses are for the
ase where the first sample was selected with minimal spectral variance�.

CIELAB color difference

Methods Median Mean Min Max

GretagMacbeth
ColorChecker DC

1.72 2.81 0.03 17.13

MAXMINC 2.04�2.21� 3.71�4.30� 0.26�0.22� 21.78�22.14�

able IV. Testing performance �3�20 polynomial transform� on 1269 Munsell
amples using different methods �the figures shown in parentheses are for the case
here the first sample was selected with minimal spectral variance�.

CIELAB color difference

Methods Median Mean Min Max

GretagMacbeth
ColorChecker DC

1.21 1.53 0.08 8.54

MAXMINC 1.11�1.14� 1.39�1.42� 0.04�0.09� 8.52�9.25�
o characterize a camera that is very accurate in some parts t
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f color space and less so in other parts that are less relevant.
or example, if we wish to develop a camera system to mea-
ure the color of bananas or teeth it would be sensible to
elect a characterization set containing many yellow or white
amples respectively.27,28 The new method, MAXMINC, would
llow an optimum selection of a fixed number of chips from
set of samples in one particular part of color space.

Not only does the MAXMINC method perform better
han the GretagMacbeth ColorChecker but it also performs
etter than the GretagMacbeth ColorChecker DC chart for
wo out of three test sets. The fact that the GretagMacbeth
olorChecker DC performs better for the small set of Natu-

al Color System chips may indicate that the evaluation of
haracterization charts (and even the evaluation of charac-
erization methods) may require substantially larger test sets
f robust and meaningful results are to be obtained. How-
ver, some further work is required before it is possible to
onclude without doubt that the improvement in perfor-
ance afforded by the samples selected using the MAXMINC

ethod are real and of practical interest. This work has been
arried out using a virtual camera system that was both
inear and noiseless. Further experiments with more sophis-
icated cameras models—or even with real camera
ystems—are required. Although the use of a different char-
cterization transform (such as a second-order polynomial
r a linear transform) would likely have given different char-
cterization results we believe that it is likely that the relative
erformances of the various algorithms tested here would
ave remained unchanged but it would be interesting to
onfirm this experimentally.

Note, however, that in this study the selection methods
ere all used to select from a relatively small number of
unsell reflectances. It may be that better performance can

e obtained if the number of samples from which the meth-
ds select is increased and, more importantly, if the gamut of
hese samples is increased. There are many numerical ways
o simulate spectral reflectances.29,30 One possible approach
s to use a linear model of basis functions rather than a
imited pool of samples so that the characterization charts
ould contain samples that are highly saturated and yet are
hysically reproducible. Such linear models are efficient but
re derived from the statistical properties of reflectance data
ets so that consequently the representation of a spectrum in

able VI. Testing performance �3�20 polynomial transform� on 494 Natural
amples using different methods �the figures shown in parentheses are for the case
here the first sample was selected with minimal spectral variance�.

CIELAB color difference

Methods Median Mean Min Max

GretagMacbeth
ColorChecker DC

2.20 2.43 0.10 7.73

MAXMINC 1.57�1.86� 1.69�2.01� 0.26�0.19� 5.21�5.94�
he model does not provide any explicit information about
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he physical processes involving the causes of the reflectance
pectrum. Linear models have other drawbacks24,31 such as
he existence of metamers and the possibility that certain
enerated spectra would be unreasonable (with reflectance
actors that are negative, for example).

Alternatively, a physical (rather than statistical) model
f reflectance spectra, based on the fact that the colors them-
elves are derived from a variety of physical and chemical
roperties32–34 can be considered, and this model could be
sed to generate synthetic, but physically reasonable, spectra.
aussian distributions, for example, can be considered as a
reliminary framework to model the absorbance properties
f objects since they closely approximate the physical pro-
esses involved in electronic transition absorptions.35,36 Each
bsorption process can be represented by three parameters
amplitude, bandwidth, and the location of the peak wave-
ength of the Gaussian distributions). The absorption profile
f a sample can be considered to be the linear sum of a small
umber of individual absorption processes.37

In summary, a color selection algorithm MAXMINC has
een introduced that can be used to select samples for a
olor characterization chart. In this study, the algorithm was
sed to select 24 samples from a large set of Munsell samples
nd our computational modeling was used to show that the
haracterization performance of a chart constructed from
hese 24 samples outperformed the GretagMacbeth Col-
rChecker. The idea of the MAXMINC algorithm is to select
amples that are as different (in CIELAB space) to each other
s possible, and the sample whose closest neighbor (in the
lready selected samples) is as far away as possible is found.
t is proposed that this algorithm may have general applica-
ility; for example, to the optimal selection of samples con-
trained to be a subspace Munsell color solid.
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