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Figure 1. (a) Three kinds of mixed paints computed by the proposed method, (b) those illuminated by blue light, (c) those illuminated by
yellow light.

Abstract

Metamerism is a phenomenon where two objects recog-
nized as having different colors under one light are also
recognized as having the same color under another light.
This research proposes technology for actualizing artistic
illusion that exploits metamerism. Specifically, the purpose
of the research relates to automatic calculation of blending
ratios of oil paints that cause metamerism to occur under
specific light sources. We entails metamerism occurring be-
tween three types of object colors under two types of light
sources. Also, we utilize plausible reflection model for the
mixture of oil paints.

1. Introduction

The phenomenon where two objects recognized as hav-
ing different colors under one light are also recognized
as having the same color under another light is called
metamerism. This research proposes technology for actu-
alizing artistic illusion that exploits metamerism. Specifi-
cally, the purpose of the research relates to automatic cal-
culation of paint blending ratios that cause metamerism to
occur under specific light sources.

Metamerism, in which the colors of clothing and printed
materials vary under fluorescent lighting and sunlight, is
known as a source of annoyance among designers and pho-
tographers, and among those in the apparel, printing, and
advertising industries. This paper rebels against such com-

mon sense, and fully brings out the value, disregarded in the
past, of metamerism. Metamerism color charts are avail-
able commercially for confirming metamerism, but obtain-
ing paints that cause metamerism under the user’s desired
light source is difficult for the average person. The develop-
ment of automatic calculating software for the blending ra-
tios of paints would allow production of metamerism works
by even the average person in the apparel and advertising
industries (without specialized knowledge in optics, such as
spectra). In this paper, we show an artistic illusion, whose
mixing ratio of oil paints are computed by our method, with
three kinds of mixed paints (Fig. 1 (a)): Two of them be-
comes the same appearance under a certain colored light
(Fig. 1 (b)), while another two paints becomes the same un-
der different light (Fig. 1 (c)).

2. Related work

Works of media art have increased in number immensely
over the past decades, in which digital technologies have
been exploited in the creation of art. In particular, projec-
tion mapping onto large-scale architecture with the use of
a projector has gained tremendous interest in the past few
years. As the number of such media art works balloons,
however, the problem arises that people grow accustomed
to it. The same is true of analog artistic illusion: people
get used to the existing artistic techniques, even though it
can surprise people. Thus, the computer-assisted creation
of analog artistic illusion has recently become the subject
of research efforts to create new art that the human mind
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would find difficult to accomplish. Hersch and Chosson [1]
developed technology to represent premeditated pictures by
exploiting Moiré patterns. Mitra and Pauly [2] developed
technology for creating solids that generate premeditated
shadow pictures when light is shone from three directions.
Yue et al. [3] developed technology for designing transpar-
ent objects that enable expression of premeditated shapes by
the concentration of light. Papas et al. [4] developed tech-
nology for designing transparent objects so that premedi-
tated shapes can be represented when the objects are placed
on an underlying illustration. These research fields are re-
ferred to as computer-assisted art illusions or computational
art. The research of this paper considers metameric art like
that produced by Valluzzi [5]. Although Valluzzi [5] had
no goal of representing any premeditated shapes, the pur-
pose of this research is the blending of paints to generate
metamerism to thus enable the representation of premedi-
tated shapes.

Research into metamerism has existed for a long time,
but little research has exploited metamerism for art. Bala
et al. [6] engaged in research to create watermarks using
metamerism. For a CMYK printer, the printing of black
is represented as the ”K” (key) ink or the ”CMY” (cyan,
magenta, yellow) inks. Hence, calculations were made for
the representation of a black object color by using as much
K ink as possible and as little CMY ink as possible, and
by using as much CMY ink as possible and as little K ink
as possible for an object’s color. These are observed as
the same color under natural light, but as different colors
when exposed to LEDs of specific wavelengths. Two types
of LEDs were prepared, and the largest difference in their
wavelengths was based on comparison of their spectral dis-
tributions. Contrary to the research of Bala et al. [6], our re-
search blended paints that generated the most metamerism
under light sources designated by the user. To also repre-
sent spectral distributions that four colors of ink cannot, the
optimum combination of paints was selected from among
many more types.

Drew and Bala [7] took the two types of object colors
prepared by Bala et al. [6], photographed them with an ordi-
nary camera, and converted the colors by multiplying 3× 3
matrix for emphasizing metamerism. Using virtual LEDs
of 31 colors, they also proposed a method for searching
for combinations that generated the greatest metamerism
among all combinations attainable by individually turning
on and off each LED. Because the spectral distributions of
the virtual LEDs did not actually exist, the paper of Drew
and Bala [7] described no experiment on actual objects.
Since the purpose of our paper is to be observed by the hu-
man eye, the colors after observation cannot be converted by
the 3× 3 matrix for emphasizing metamerism. Instead, we
propose a method for calculating blending ratios of paints
that produce the most emphasis in metamerism. Our ex-
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Figure 2. Principle of perceiving visible light.

periment also demonstrates in real world by employing the
spectral distributions of actually existing light sources.

Miyazaki et al. [8] proposed a method for calculat-
ing the blending ratios of paint that generate the greatest
metamerism in response to light sources designated by the
user. Miyazaki et al. worked on metamerism occurring be-
tween two types of object colors under two types of light
sources, but our research entails metamerism occurring be-
tween three types of object colors under two types of light
sources. Moreover, they represented object colors by an ad-
ditive color mixture, but our research employs the reflection
model suited to represent object colors.

Finlayson et al. [9, 10] proposed a method for calcu-
lating spectral distributions that generate metamerism, as
well as a method for estimating many spectral distributions
observed as the same color as given RGB values or XYZ
values. Spectral distributions observed as the same color
exist infinitely in theory; however, the variation of paints
that cause metamerism is limited in reality. Therefore, they
limit the metamer sets to be a linear sums of the spectral
distributions of each patch of Macbeth ColorChecker, man-
ufactured by X-Rite, Inc. As the purpose of our research
is to reproduce with real paints, the spectral distributions of
oil paints were used from a database rather than from the
Macbeth ColorChecker. Unlike light, object colors are rep-
resented under a subtractive color mixture rather than linear
sums of spectral distributions. Thus, we calculate object
colors using a reflection model suited for object colors.

Morimoto et al. [11] described the importance of
metamerism and noted that spectral distribution analysis
was indispensable for the digital archiving cultural assets.
Johnson and Fairchild [12] also described the importance of
metamerism and showed the need to calculate colors from
spectral distributions rather than from RGB values for com-
puter graphics generation. Our research demonstrates the
usefulness of metamerism by its use in art.

3. Principles of reflection

A typical method of expressing human perception of
color concerns the XYZ color system defined by the In-
ternational Commission on Illumination (CIE). The system

875875



can represent the color sensed by the brain, based on stim-
uli obtained from photoreceptor cells. X , Y , and Z, corre-
spond to recognition of red, green, and blue colors, respec-
tively. This research utilizes the wavelength data of light
from 400 to 800 nm. Suppose that the color matching func-
tions of X , Y , and Z are x̄(λ), ȳ(λ), and z̄(λ), respectively,
as a function of wavelength λ, the observed value X , Y , and
Z of the scene can be represented as follows (Fig. 2).

X =
∫ 800

400

E(λ)S(λ)x̄(λ)dλ , (1)

Y =
∫ 800

400

E(λ)S(λ)ȳ(λ)dλ , (2)

Z =
∫ 800

400

E(λ)S(λ)z̄(λ)dλ , (3)

where E(λ) represents the spectral distribution of the light
source and S(λ) represents the spectral reflectance of the
object surface. Above equations suppose that spectral dis-
tribution is calculated as a continous function; however,
we cannot measure the spectral distribution as a continous
function but can measure them as a discretized value. In
our research, we suppose that the spectral distribution are
represented as Nb number of values, where the wavelength
data of visible light from 400 to 800 nm are discretized with
equal intervals. Denoting x = (X,Y, Z)� as the observed
value, Eq. (1), Eq. (2), and Eq. (3) are represented as fol-
lowing equation.

x = PEs . (4)

Here, discrete data of the color matching functions are rep-
resented by the 3×Nb matrix P, of which the first to third
rows are color matching functions of X , Y , and Z.

P =

⎛
⎝ x̄1 · · · x̄Nb

ȳ1 · · · ȳNb

z̄1 · · · z̄Nb

⎞
⎠ . (5)

The spectral reflectance of the object surface is represented
as the Nb×1 vector s. Nb×Nb diagonal matrix E represents
the spectral distributions of light source.

E = diag (E1, E2, · · · , ENb
) . (6)

4. Proposed method

This section describes the method for automatic calcu-
lation of oil paint blending ratios that cause metamerism
to occur. Two different light sources are labeled as Light
Source 1 and Light Source 2. Three different types of paint
mixed from multiple oil paints are labeled Mixed Paint 1,
Mixed Paint 2, and Mixed Paint 3. The purpose of this
research is to reproduce the following phenomena: Under
Light Source 1, Mixed Paint 1 and Mixed Paint 3 appear
as the same color and brightness, while Mixed Paint 2 and

Figure 3. Metamerism of three sets of mixed paint illuminated by
two different lights.

Mixed Paint 3 appear as different colors and brightness val-
ues; under Light Source 2, Mixed Paint 2 and Mixed Paint 3
appear as the same color and brightness, while Mixed Paint
1 and Mixed Paint 3 appear as different colors and bright-
ness values (Fig. 3).

The database of spectral reflectance for Np types of paint
necessary for mixing the paints is represented as the Nb ×
Np matrix D.

D =

⎛
⎜⎜⎜⎝

d11 d12 · · · d1Np

d21 d22 · · · d2Np

...
...

. . .
...

dNb1 dNb2 · · · dNbNp

⎞
⎟⎟⎟⎠ . (7)

Mixed paint is prepared by combining the Np paints with
Np mixing proportions. The mix ratios are represented as
the Np × 1 vector w.

Assuming the paint mixing to be additive color mixing,
Miyazaki et al. [8] calculated the spectral reflectances of
mixed paint. But real paint is subject to subtractive paint
mixing; therefore, a reflection model suited to the paint
must be used.

The model by Curtis et al. [13] exists for water-color
paint, but for this type of paint, the base color and water
content cause the observed color to differ from when it was
blended. The model is therefore not suited for this research.

Tominaga and Nishi [14] measured the spectral re-
flectance of oil paint. After measuring actual oil paint, Tom-
inaga and Nishi [14] concluded that the diffuse reflection
components of oil paint depended neither on applied thick-
ness nor the amount of solvent oil. The Kubelka-Munk
theory is a method for representing multi-layer reflection;
however, the Kubelka-Munk model is not suited to oil paint,
based on findings by Tominaga and Nishi [14] of the non-
dependence on applied thickness. No dependence on ap-
plied thickness means that transparency is low; therefore,
models of sub-surface scattering such as the dipole model
are also not suited for oil paint. Therefore, oil paint can be

Light 1 Light 2

Mix paint 3

Mix paint 1

Mix paint 2
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Incident light Diffusely reflected light

Figure 4. Diffuse reflection of mixed paint.

represented with the Lambert reflection model. Tominaga
et al. [15] estimated the surface normals of picture art with
the photometric stereo method, exploiting the fact that dif-
fuse reflection components of oil paint could be represented
by the Lambert reflection model.

Based on the findings of Tominaga and Nishi [14], our
research also employed the Lambert reflection model as the
model for diffuse reflection components of oil paint. Spec-
ular reflection components are not considered in this paper,
since they are unrelated to our purpose. Because ideal dif-
fuse reflection is assumed, light incident to the inside of
the object randomly reflects off internal particles a sufficient
number of times before exiting. Because it is an ideal dif-
fuse reflection, no effect is sustained from particle size or
particle density. In such a case, the spectral reflectance of
mixed paint can be calculated with the following equation.

s = Dw ≡

⎛
⎜⎜⎜⎜⎝

dw1
11 × dw2

12 × · · · × d
wNp

1Np

dw1
21 × dw2

22 × · · · × d
wNp

2Np

...
dw1

Nb1
× dw2

Nb2
× · · · × d

wNp

NbNp

⎞
⎟⎟⎟⎟⎠ . (8)

This model is known as the transmission model. The same
phenomenon occurs for transmitted light and diffusely re-
flected light: Light penetrating a substance is reflected and
absorbed by internal particles and then exits.

Now, we introduce a specific example to explain the
physical meaning of the reflection model shown as Eq. (8).
The mixed paint obtained from combination of 70% paint
with reflectance d1(λ) and 30% paint with reflectance d2(λ)
has reflectance of d1(λ)7/10d2(λ)3/10, which is evident
from Fig. 4. This is because, as this is an ideal diffuse re-
flection, the internal particles are reflected off a sufficient
number of times inside the object, meaning the particle re-
flections occur under the same probability as the blend ratio.

To determine whether this reflection model was appro-
priate in practice, spectral distributions were analyzed for
mixes of actual oil paints. Spectra data for pigment mixes
of Horizon Blue (B) and Light Magenta (M) in six stages in
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Figure 5. Difference of spectral distribution with different mixing
ratio of two paints, HORIZON BLUE and LIGHT MAGENTA,
illuminated by artificial sunlight.
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Figure 6. Intensity plot with different mixture ratio of two paints
(λ = 625nm).

proportions of 5 : 0, 4 : 1, 3 : 2, 2 : 3, 1 : 4, and 0 : 5 were
taken, as shown in Fig. 5. Data for the wavelength of 625
nm were extracted from Fig. 5 and provided in Fig. 6. In
Fig. 6, the vertical axis represents the photographed spectral
radiance and the horizontal axis represents the mix ratios of
Horizon Blue and Light Magenta. The straight line drawn in
Fig. 6 provides radiance calculations for additive color mix-
ing [8, 9, 10], and the curve drawn in Fig. 6 provides the ra-
diance calculated with the model of Eq. (8). Because paints
embody subtractive color mixing, there is a trend of being
darker than the radiance predicted under additive color mix-
ing. Eq. (8) is suited for the representation of reflection for
paints, and is therefore used in this research.

As a result, the cost function F (·) to be minimized in
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order to fulfil our purpose (Fig. 3) is as follows.

F (P,E1,E2,D,w1,w2,w3) =

‖PE1Dw1 −PE1Dw3‖2
+ ‖PE2Dw2 −PE2Dw3‖2
−‖PE1Dw2 −PE1Dw3‖0.5

−‖PE2Dw1 −PE2Dw3‖0.5
, (9)

{w1,w2,w3} =
argmin
w1,w2,w3

F (P,E1,E2,D,w1,w2,w3), (10)

s.t.
Np∑
n=1

w1n = 1,

Np∑
n=1

w2n = 1,

Np∑
n=1

w3n = 1,

0 ≤ w1n, 0 ≤ w2n, 0 ≤ w3n, {n = 1, · · · , Np} .

Since Eq. (10) is a complicated function with constraint
conditions, simulated annealing based on the Nelder-
Mead downhill simplex method [16] was adopted to solve
the equation stably. The Nelder-Mead downhill simplex
method is not the simplex method of linear programming,
but a type of algorithm that minimizes the cost function.
The cost function in Eq. (9) is not in quadratic form and may
even take negative values. Thus, neither Newton’s method
nor the Levenberg-Marquardt method can be applied. The
solution therefore requires the steepest descent method, the
conjugate gradient method, the genetic algorithm, or the
Nelder-Mead downhill simplex method. The convergency
speed of the genetic algorithm is slow. The steepest descent
method and conjugate gradient method require C1 (first-
order differentiable) smoothness for the cost function, but
the Nelder-Mead downhill simplex method does not require
the function to be differentiable. Eq. (9) is a smooth func-
tion, but the spectral distribution of the database is not a
smooth distribution. Thus, the Nelder-Mead downhill sim-
plex method was used as a precaution. The Nelder-Mead
downhill simplex method derives solutions in a stable man-
ner and thus is commonly used [17]. This algorithm was
thus used for our research. Eq. (9) is not unimodal and can
be problematic in readily tending to a local solution. To
avoid falling into a local solution, simulated annealing was
used. Since certain papers note that simulated annealing is
effective in the problem of estimating parameters of some
kind by exploiting multi-spectral data [18, 19], this research
also adopted this algorithm. The source code of Press et
al. [16] was utilized for implementation of the algorithm
combining the Nelder-Mead downhill simplex method and
simulated annealing.

Eq. (9) employs addition and subtraction; however, mul-
tiplication and division may be used instead. A prelimi-
nary experiment confirmed that similar results could be ob-
tained in either case. However, the calculations become un-
stable as the denominator approaches zero when multipli-
cation and division are used. The preliminary experiment

could not confirm this phenomenon and stability could be
provided with the addition of a positive constant to the de-
nominator; nevertheless, this research opted to use Eq. (9)
as a precaution. Note that multiplication and division be-
comes addition and subtraction if we calculate logarithm;
therefore, there is only a small difference between the cost
function that uses multiplication and division and that uses
addition and subtraction.

The first and second terms of Eq. (9) were squared to in-
crease their weighting, and the third and fourth terms were
taken to the 0.5 power to decrease their weighting. Since
human vision recognizes subtle changes in color or bright-
ness with emphasis, weighting of the first and second terms
that make color and brightness the same was increased,
while weighting of the third and fourth terms that make
color and brightness different was decreased. Another rea-
son for this treatment relates to the difficulty in discovering
spectral distributions that produce the same color and the
infinite existence of spectral distributions that produce dif-
ferent colors. The preliminary experiment empirically con-
firmed that Eq. (9) could more stably determine a solution,
even more so than the case where all terms were squared.

5. Experimental results

A hyper-spectral camera HSC-1700 (Fig. 7) was used to
photograph the spectral data from 400 nm to 800 nm. Ra-
diance could be analyzed for a total of 81 bands (Nb = 81)
from 400 nm to 800 nm in 5 nm intervals. Spectral distri-
butions were analyzed for 29 types (Np = 29) of different
color oil paints (Fig. 9), which were exposed to an artificial
sunlight. Since brightness as well as chromaticity influence
the result, the paint database of 29 types included white and
black paints for adjusting brightness. The artificial sunlight
(Fig. 10) is the Probright V manufactured by Nippon Paint
Co., Ltd. with a color temperature of 6500 K and color ren-
dering performance of Ra98. The 29 spectral distributions
were divided by the spectral distribution of a white perfect
diffuser (Fig. 8) exposed to the artificial sunlight in order
to yield spectral reflectances utilized as database D. The
spectral distributions of all 29 types of oil paints are shown
in Fig. 11 and represent the distributions exposed to the ar-
tificial sunlight. Subsequent processing utilized spectral re-
flectances that were derived by division of the above by the
spectral distribution of the white diffuser.

The mixing proportions were initially calculated for 29
colors (Np = 29) and recalculated for 10 colors of paint
(Np = 10) with blending ratios exceeding the threshold
value. The reason for this procedure is the fact that, in real-
ity, the operation of mixing paints becomes complicated as
the number of paints to be blended grows large, and not be-
cause of any problem arising from the proposed algorithms.
Based on the blending ratios determined, actual paints were
mixed and visually confirmed to deliver the results envi-
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Figure 7. Hyper-spectral cam-
era HSC-1700 manufactured
by Eba Japan Co., Ltd.

Figure 8. Diffuse white re-
flectance standard.

Figure 9. 29 types of oil
paints included in the
database.

Figure 10. Artificial sunlight
Probright V manufactured by
Nippon Paint Co., Ltd.

Figure 11. Whole 29 spectral distributions of oil paintings used
as database. These spectral distributions represent the observed
intensity, and do not represent spectral reflectances; namely, the
spectral distribution of those are not divided by the spectral distri-
bution of the artificial sunlight.

Figure 12. Blue narrow band
filter (peak = 460 nm, band-
width = 10 nm).

Figure 13. Yellow narrow
band filter (peak = 577 nm,
bandwidth = 10 nm).

sioned in Fig. 3, and the results are shown in Fig. 1. More-
over, paint was not applied in layers, but after stirring, so
that all paint colors were completely mixed and applied in
such a way that the base was not visible. Interference filters
shown in Fig. 12 and Fig. 13 were utilized to provide light
sources of two colors. Since the artificial sunlight was large,
the filters were not installed in front of the light source, but
in front of the camera for photographs. The same light can
be observed whether the filter is installed in front of the
light source or in front of the camera, because the subject is
an ideal Lambert object that generates no change to wave-
lengths, such as interference or dispersion.

Calculations were made for each paint type and not on
a pixel-unit basis. In this case, calculations were made for
three types of mixed paints. The calculation time for oper-
ating the single-core Intel Xeon 2.50 GHz CPU was 19.16
seconds when utilizing the 29-color database.

6. Discussion

The solution depends on the oil paint database. If the
spectral distributions of the database form 81 orthonormal
bases, then any spectral distribution can be represented, and
thus, a solution necessarily exists (except for ill-posed set-
ting issues, such as identical spectral distributions for the
two light sources). Spectral distributions of actual oil paints,
however, are not exclusively linearly independent. Paint is
formed from pigment (particles) originated from minerals.
This means that the types of pigments used in actual paints
are finite.

Hence, the principal components were analyzed for all
29 types of paints in the database. The spectral distributions
obtained from the database are shown in Fig. 11. The top
nine eigenvalues along with the contribution ratios and cu-
mulative contribution ratios obtained as a result of the prin-
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Table 1. Cumulative proportion of variance from the first eigen-
value to the nineth eigenvalue.

Eigenvalue Variance (%) Cumulative (%)
1 46.17 57.00 57.00
2 22.36 27.60 84.60
3 8.34 10.30 94.90
4 2.43 3.00 97.89
5 0.71 0.87 98.77
6 0.53 0.66 99.43
7 0.24 0.29 99.72
8 0.13 0.15 99.87
9 0.04 0.05 99.92

Figure 14. Scree plot of the top nine PCs.

Figure 15. PCs of the largest four eigenvalues.

cipal component analysis are shown in Table 1. The top
nine eigenvalues are plotted in Fig. 14, and the eigenvectors
of the top four principal components are graphed in Fig. 15.
According to Table 1, the cumulative contribution ratios ex-
ceed 95% with the fourth eigenvalue, 99% with the sixth
eigenvalue, and 99.9% with the ninth eigenvalue. These re-
sults mean that even with a database of 29 types of paint,
the amount of information contained is comparable to just
4 to 9 types.

Parkkinnen et al. [20] analyzed spectral distributions of
various kinds of objects and showed that all object colors
within the database could be completely represented by the

top eight basis functions. Judd et al. [21], Cohen [23],
Maloney [24], and Vrhel et al. [25] have performed sim-
ilar analyses and reached similar conclusions. Especially,
the similar conclusion for oil paints’ database is derived by
Tominaga and Tanaka [22]. Our experiment confirmed that
the affirmations of these papers are also valid for our choice
of oil paints.

The experiment showed that representing arbitrary spec-
tral distributions was impossible with actual paint. The pro-
posed method involves calculating with simulated anneal-
ing so that metamerism is generated as much as possible,
but the desired solution may not necessarily be obtained, de-
pending on the conditions and light source colors used for
generating metamerism and the paint database. However,
the results also showed that metamerism could be generated
with just 4 to 9 types of paint. The actual experiment did not
directly use blending ratios of all 29 types of paint. Instead,
10 of them with the largest percentages were selected, and
the paints were mixed after the blending proportions had
been determined again with the selected paints.

7. Conclusion

This research confirmed the occurrence of metamerism
between three object colors and two light sources. The
purpose was to generate metamerism under a light source
designated by the user. Methods to automatically select or
blend light sources from a light source database to generate
optimum metamerism are planned for future work.

Morovič et al. [26] argued that printers that use 11 col-
ors of ink are useful for printing spectral distributions of
various object colors. Tzeng and Berns [27] also conducted
research on printers that use four or six colors of ink. A
future task is to join with printer manufacturers to develop
printers capable of printing spectral distributions of various
object colors.

In this research and the research of Miyazaki et al. [8],
metamerism was emphasized with the blending of paints.
Drew and Bala [7] emphasized metamerism with combina-
tions of LED light sources. For the future, the automatic se-
lection of optimum light source combinations is being con-
sidered, rather than the blending of paints only, to generate
stronger metamerism than in this and other existing research
[8, 7].

As a course of action for the future, a database with the
spectral distributions of oil paints and the spectral distribu-
tions of widely commercially available lighting and soft-
ware on the Internet are being considered, so that general
users who have no instruments for measuring spectral distri-
bution can produce works of metamerism art with Holbein
commercial oil paints.
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