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Metamer mismatching is a phenomenon that two objects, which are colorimetrically indistinguishable
under one lighting condition, become distinguishable under another one. Due to the unavailability of
spectral information, metamer mismatching introduces an inherent uncertainty into cameras’ color repro-
duction. To investigate the degree of image quality degradation by the metamer mismatching, a large
spectral reflectance database was collected in this study to search the object-color metamers sets (OCMSs)
of the spectra in hyperspectral images. Then metamer-degraded images were constructed and compared
with the ground truth images by directional statistics based color similarity index image quality assess-
ment (DSCSI-IQA) metrics to evaluate the perceptual image degradation. The results indicate that the
object-color metamer mismatching has only little impact on the image quality degradation, whereas the
inappropriate selection of color correction matrices involved with the illuminant metamerism is the pri-
mary factor for the accuracy decrease in the digital camera color reproduction. © 2018 Optical Society of America
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1. INTRODUCTION

Object-color metamer mismatching is a phenomenon that two
colorimetrically matching objects become distinguishable when
illumination changes [1]. Since the numbers of independent
channels of imaging systems are less than the number of bands
required to represent the spectral information of the objects [2],
the metamer mismatching introduces an inherent uncertainty
for the 3-channel imaging systems. In other words, color re-
productions of the 3-channel imaging systems across different
lighting conditions are doomed to be imperfect.

The metamer mismatching with respect to the human visual
system has been widely investigated [3–5], while the counter-
part with respect to the digital RGB cameras, which perceive
colors in a similar way as the human visual system, draws less
attention [2, 6]. In computer vision, the object-color metamer
mismatching in digital cameras may cause troubles to the appli-
cations like image segmentation [7], pattern recognition [8] and
color correction [9].

Within the image signal processors of ordinary RGB cameras,
color correction module is designed to transform the raw re-
sponses captured under various lighting conditions to the target
values under the canonical light source, so as to imitate the color
constancy of the human visual system. Unfortunately, two ob-
jects which can be distinguished by the human visual system

may correspond to the same camera raw response, owing to the
finite bit precision of the camera [2] or the non-satisfaction of the
Luther-Ives condition by the camera’s spectral sensitivity func-
tions [10]. Since this pair of raw responses are identical in camera
RGB space, they would consequently be undistinguishable in
the device-independent color space after color correction, no
matter how good the color correction algorithm could be, and
hence making the corrected image deviate from the “ground
truth”.

Logvinenko et al. investigated the impact of the metamerism
on color constancy [4]. In their work, the high metamer mis-
match indices and the poor matching results of visual experi-
ments indicated that the color constancy would be deteriorated
by metamerism much more than expected. To our knowledge,
however, most of the colors in common scenarios can be repro-
duced satisfactorily by high-end digital cameras with proper
settings. As discussed afterwards, this discrepancy can be ex-
plained by two reasons. First, the degree of metamer mismatch,
or the boundaries of metamer mismatching volumes, in Logvi-
nenko et al.’s work were determined by sets of theoretical re-
flectance spectra [11]. The space spanned by practical spectral
reflectances, however, is much smaller than the hypothetical one.
Second, the chromaticities of some illuminants used in the exper-
iments were far away from “white”, making the discrimination
of object-colors become a difficult task for the observers.

http://dx.doi.org/10.1364/ao.XX.XXXXXX
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In this work, instead of explicitly calculating the metamer
mismatching volumes, we collected and employed a large set of
practical spectral reflectance to pixel-by-pixel search the object-
color metamer set (OCMS) for hyperspectral images, and then
constructed a set of simulated images with different degrees
of metamer-degradation. Finally, these simulated images were
compared with the ground truth images by full-reference image
quality assessment (IQA) metrics to evaluate the perceptual
degradation.

2. METHODOLOGY

In a typical RGB digital imaging system, the raw responses of
pixel x under illuminant I can be simply written as [12]

pr

pg

pb


I

=


∫

Rx(λ, X)I(λ)Sr(λ)dλ∫
Rx(λ, X)I(λ)Sg(λ)dλ∫
Rx(λ, X)I(λ)Sb(λ)dλ

 , (1)

where Rx(λ, X) is the spectral reflectance on X, I(λ) is the
spectral power distribution (SPD) of the illuminant, Sc(λ), c ∈
{r, g, b} is the spectral sensitivity function of c-th channel, and X
is the corresponding point in 3D space.

The object-color metamer mismatching is formally defined
such that two reflectance spectra, Rm and Rn, which correspond
to the same response p under the test illuminant Ite, generate
different responses pm and pn under the canonical illuminant
Icn. For convenience, the set containing all the reflectance spectra
that are metameric to the sample Rx under the test illuminant Ite
will be referred as the object-color metamers set (OCMS), OIte (Rx),
hereinafter.

CIE D65 is fixed as the canonical illuminant in this work, for
its widespread use in the fields of color science and computer
vision. Therefore, the ground truth color of object with spectra
reflectance Rx is defined as its XYZ tristimulus values under
D65:

qD65(Rx) =


X

Y

Z


D65

=


∫

Rx(λ)ID65(λ)x̄(λ)dλ∫
Rx(λ)ID65(λ)ȳ(λ)dλ∫
Rx(λ)ID65(λ)z̄(λ)dλ

 . (2)

where x̄(λ), ȳ(λ) and z̄(λ) are the CIE 1931 color matching
functions of the human visual system.

On the aspect of digital image processing, the linear sRGB
triplet converted from XYZ under D65 is also regarded as the
ground truth color [13]:

pD65(Rx) =


r

g

b


D65

=


3.241 −1.537−0.499

−0.969 1.876 0.042

0.056 −0.204 1.057

 · qD65(Rx) .

(3)
For a hyperspectral image, the ground truth image, denoted

by ID65, could be obtained by using Eq. (2), Eq. (3) and the
gamma function to calculate the sRGB triplets for every pixel.

A. Color correction
To reproduce colors of objects under various illuminations to the
target appearance as the human visual system perceives under
the canonical illuminant, the color correction module is designed
within the image signal processors of cameras, right after white

balancing module. Color correction is usually accomplished
by multiplying pixels’ white-balanced RGB triplets by a color
correction matrix and/or some non-linear operations. In this
work, the root-polynomial color correction (RPCC) regression
model [14] with 2nd degree expansions was adopted as the color
correction method, for its high efficiency and feasible accuracy.

A total of 273 reflectance spectra samples (177 from Col-
orChecker DC and 96 from ColorChecker Digital SG; the pe-
ripheral repeated neutral patches were excluded) are employed
as the training samples to calculate the RPCC matrix that con-
verts the camera RGB responses under the test illuminant Ite
into the corresponding CIE XYZs under the canonical illuminant
Icn:

M(Ite, Icn) = (PT
te · Pte)

−1 · PT
te ·Qcn , (4)

where Pte is a matrix containing 2nd degree root-polynomial
expansions of camera RGBs of the training samples under the
test illuminant Ite, and Qcn is a matrix containing XYZ triplets
of the corresponding samples under the canonical illuminant
Icn. For convenience,M(Ite, Icn) will be abbreviated asM(Ite)
hereinafter because the canonical illuminant is always CIE D65.

The color correction to a camera RGB triplet under the test
illuminant can be achieved by a matrix multiplication:

qIte,cc(Rx) =M(Ite)
T ·
[
pr pg pb

√
pr pg

√
pr pb

√
pg pb

]
te , (5)

where the subscript “cc” implies this is a color corrected XYZ
triplet.

It is worth noting that unlike the normal pipeline in the image
signal processor, the color correction matrix here is calculated
directly from the raw RGBs without white balancing, so the
white balance coefficients associated with the test illuminant
have been included in the matrixM(Ite). In addition, because of
the inconsistency between the color matching functions and the
camera spectral sensitivity functions, a color correction matrix
M(D65) is still needed even if the image is captured under D65.

B. Construction of metamer-degraded images
The OCMS of a given reflectance sample Rx will be determined
by searching through a spectral reflectance database and finding
those with similar responses as the sample Rx. More details
about the spectral reflectance database will be illustrated in
next section. The expression “similar” is used here because
for the practical situations, it is almost impossible to find two
spectra having exactly identical response, so the definition of
“metameric” has to be slightly relaxed to ensure that the sizes of
OCMSs are large enough to provide reliable statistical results.

The purpose of color correction is to retrieve the perceptual
color appearance of objects, to which end we evaluate the sim-
ilarity of two object colors in a device-independent uniform
color space instead of in the camera raw RGB space. Given a
reflectance spectrum Rx, its OCMS under the test illuminant Ite
is defined as

OIte (Rx) :=
{

R ∈ R
∣∣ f
(
qIte,cc(R), qIte,cc(Rx)

)
< Tcd

}
, (6)

where f (·, ·) refers to calculating the color difference ∆E∗ab be-
tween two sets of tristimulus values in CIELAB color space. Tcd
is the color difference threshold, which is set at 1.0 in this work,
andR is the spectral reflectance database containing millions of
spectra in the real world.

Due to the metamer mismatching, however, the difference
between the ground truth colors of Rx and its metameric spec-
trum R′x ∈ OIte (Rx) is likely to be greater than the threshold
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Tcd. In this case, two objects, which are distinguishable under
the canonical illuminant, come to be indistinguishable under
the test illuminant, hence the ground truth color of at least one
object of the pair can never be correctly reproduced by the color
correction module when lit by Ite. For an image captured by the
digital camera, the object-color metamer mismatching prevent it
from being perfectly reproduced, and thus there is degradation
between color corrected and the ground truth image.

To this end, we construct the simulated image with i-th per-
centile of metamer-degradation as follows:

i) To search the OCMS OIte (Rx) under the test illuminant for
the pixel with spectral reflectance Rx located at x in the
hyperspectral image using Eq. (6).

ii) To calculate CIELAB color differences between the ground
truth colors of Rx and each of reflectance spectrum in
OIte (Rx): 

∆E∗ab,1 = f
(
qD65(Rx), qD65(R1)

)
,

...
∆E∗ab,N = f

(
qD65(Rx), qD65(RN)

)
,

(7)

where N is the number of reflectance spectra in OCMS:
N = |OIte (Rx)|.

iii) To ascendingly sort reflectance spectra by their CIELAB
color differences in Eq. (7) to obtain the sorted metamer set:{

Rsort
j ∈ OIte (Rx) | f

(
qD65(Rx), qD65(Rsort

j )
)
≤

f
(
qD65(Rx), qD65(Rsort

j+1)
)

, ∀ j = 1, . . . , N − 1
}

.
(8)

iv) To assign the metamer-degraded sRGB triplet to the pixel x
in the simulated image:

I ith
sim(x) = pD65(Rith) , (9)

where Rith = Rsort
d i

100 Ne is the reflectance spectrum correspond-

ing to the i-th percentile entry of the sorted metamer set.

v) To repeat step i) to iv) for each pixel in the test hyperspectral
image.

Fig. 1 shows the flowchart of the constructions of the OCMS
and simulated metamer-degraded images.

In this work, 20 percentiles were calculated for investigating
different degrees of metamer-degradation, from 0th percentile
to 95th percentile at interval of 5 units. Hereby for every test
hyperspectral image, 20 simulated metamer-degraded images
are to be constructed. By assessing the qualities of simulated im-
ages, we can evaluate the impacts of the metamer mismatching
on camera color reproduction in different degrees.

It should be noted that in statistics, the 0th percentile usu-
ally falls at negative infinity, but in the case of the metamer-
degraded image construction, we use 0th percentile entry in the
sorted metamer set to indicate the test spectrum Rx itself. In
other words, the simulated image with 0th percentile metamer-
degradation, I0th

sim, is an ideal color corrected image without the
object-color metamer mismatching, the quality of which reflects
the theoretical maximum performance of the RPCC model.

The OCMSs of pixels are searched individually in the previ-
ous paragraphs. However, in consideration of the high similar-
ities among the spectra of neighboring pixels in hyperspectral

images, some “filtering” operations are needed to prevent the
simulated images suffering from aliasing. To this end, the com-
bined OCMS is searched in a 3× 3 window centered at the test
pixel, and a step function is applied to the distances between
neighboring spectra to calculate the weighting coefficients:

O′Ite
(Rx) =

1

∑
i=−1

1

∑
j=−1

wi,jOIte (Rxi,j ) , wi,j ∈ {0, 1} ,

wi,j =

{
1 if g(Rx, Rxi,j ) ≥ Tdist ,
0 otherwise .

(10)

In Eq. (10), Rxi,j denotes the reflectance spectrum of the neigh-
boring pixel with offset (i, j) to the test pixel Rx, and the g(·, ·)
is a spectral distance function [15]:

g(Rm, Rn) =

∑
i

[
(Rm(i)− Rm) · (Rn(i)− Rn)

]
√

∑
i

[
Rm(i)− Rm

]2 ·∑
i

[
Rn(i)− Rn

]2 , (11)

where R = ∑i R(i)
/

M , and M is the number of sampling points.
The distance threshold Tdist was set to 0.01 in this work. In the
following sections, all calculations and analyses are based on the
combined OCMS.

C. Image degradation evaluation
To evaluate the perceptual degradation by the object-color
metamer mismatching, directional statistics based color sim-
ilarity index image quality assessment (DSCSI-IQA) metric [16]
is adopted to assess the qualities of the simulated images, using
the ground truth image as the reference.

DSCSI-IQA metric, originally proposed for evaluating the
visual distortion by gamut mapping algorithms, has been proven
to be successful in quantifying the perceptual quality of color
images consistently with subjective evaluations.

Given a reference image (the ground truth image ID65) and a
test image (metamer-degraded image I ith

sim), a similarity score is
calculated by the DSCSI-IQA metric, of which the higher value
stands for higher similarity between the image pair, and conse-
quently less perceptual degradation for the metamer-degraded
image.

3. EXPERIMENTS

A. Spectral reflectance database
To simulate the object-color metamer mismatching practically,
the spectral reflectance databaseR ought to cover as more spec-
tra in reality as possible. The spectra in this database were col-
lected from two types of source: individual spectral reflectance
datasets [5, 17–20] and hyperspectral image datasets (see Table 1
for more details). After combining samples in these datasets,
43,714,197 reflectance spectra were obtained, covering most of
the materials and objects in practical scenarios.

In consideration of the high similarity among the spectra in
hyperspectral images, the duplicates in the database should be
removed for the computational implementability and efficiency.
Moreover, the outliers caused by the noise of measuring systems
should also be discarded to provide more credible calculations
of OCMSs. For these reasons, the combined spectral reflectance
database was refined as follows:

i) To perform downsampling or interpolation for each re-
flectance spectrum so that wavelength ranges from 400nm
to 700nm at 10nm interval.
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Fig. 1. Flowchart of the constructions of object-color metamer set (OCMS) and metamer-degraded images.

Table 1. The Sources of the Hyperspectral Image Datasets

Dataset name Image content Number of
images

Foster [21] plants, architectures and
paper products 19

Yasuma [22] miscellaneous 32
UEF [18] skins and artefacts 12

Skauli [23] facial skins, plants and
architectures 33

Moan [24] miscellaneous 9

Hordley [25] printing materials and
packages 21

Parraga [26] plants 27

Eckhard [27] outdoor scenes and
architectures 14

ii) To remove the reflectance spectrum R if ∑i R(i) < Te, where
R(i) refers to the value of the i-th sampling point of R. The
energy threshold Te was empirically set to 0.2 in this work.

iii) To find and cluster all spectra with distances smaller than
the threshold Tdist from the first reflectance spectrum in
the database, and then to remove these spectra from the
original database. The spectral distance is calculated as in
Eq. (11).

iv) To repeat step iii) to the second, third, ..., reflectance spectra
till all samples have been clustered and no data is remained
in the original database.

v) For each cluster, to keep only those reflectance spectra on
the “vertices” in 31-dimension hyperspace and to remove
all samples inside the convex hull. It can be proven that

given a reflectance spectrum Rx and a clustering of spectra
{R|R ∈ C}, the largest difference between Rx and R ∈ C on
the projective 3-dimension color space must occur when R
is on the vertices of C.

After the refinement, a spectral reflectance database R con-
taining 7,326,497 reasonable samples are obtained. Fig. 2 demon-
strates the distribution of the samples inR on the CIE 1931 xy
chromaticity diagram under D65.

Fig. 2. The chromaticity distribution of 7,326,497 reflectance
spectra inR on the CIE 1931 xy chromaticity diagram.

B. Test illuminants
Eight frequently used illuminants, as detailed in Table 2, were
employed to simulate different lighting conditions, under which
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the colors were to be corrected. To make the simulation more
reliable, we augmented the number of test illuminants by adding
a set of 4-channel tunable LED sources1 [28] and a set of daylight
series sources [29] with the same correlated color temperatures
as the above 8 practical illuminants. Fig. 3 plots the spectral
power distributions of 20 test illuminants2, in which all SPDs
are normalized such that the luminance Y is equal to 1 for the
ideal reflector.

Table 2. 8 Practical Test Illuminants and Their Correlated
Color Temperatures (CCTs)

# illuminant CCT

1 CIE-A 2864K
2 D50 5007K
3 D100 9989K
4 Cool White Fluorescent (CWF) 4230K
5 D50 fluorescent simulator (F8) 5000K
6 TL84 3980K

7 D50 LED simulator
(LED-D50) [30] 4894K

8 iPhone 7 True Tone flash (Flash) 5071K

C. Test hyperspectral images
We collected hyperspectral images from 8 datasets, as listed in Ta-
ble 1, with the spatial resolutions from 256× 256 to 1344× 1024.
To reduce the computational cost, the hyperspectral images with
sizes more than 1 million pixels were spatially downsampled
to 1/4 size, without the modification to the spectra (interlaced
scanning in both directions).

For a pixel with reflectance spectrum Rx, if the number of
its metamers |OIte (Rx)| under all 20 test illuminants are larger
than 100, we call it metamer-valid pixel. A hyperspectral image
will be selected as the test image in this work only if more than
95% of its pixels are metamer-valid. Amongst 8 datasets, there
were totally 136 hyperspectral images satisfying this criterion,
covering most image categories in daily scenarios: artefacts,
fabrics, outdoor scenes, plants, pressworks, and human skins.

D. Test camera models
The degrees of object-color metamer mismatching with respect
to cameras vary with different spectral sensitivity functions [10].
In this work, we calculated the digital still camera/sensitivity
metamerism index (DSC/SMI) [31] for 28 cameras covering a va-
riety of types [32], and selected three representative models with
highest, median, and lowest average DSC/SMIs: Canon 60D
DSLR (96.2), Nikon D80 DSLR (93.1), and PointGrey Grasshop-
per 50S5C industrial camera (79.6). Average DSC/SMI gives
a measure of camera metamerism for ordinary reflective ob-
jects. An index of 100 means that there is a very close match to
the Luther-Ives condition for the camera’s spectral sensitivity
functions, and an index of 50 corresponds approximately to the
difference in color rendering between D65 and a warm white

1The peak wavelengths of 4 channels are 453, 509, 566 and 623nm respectively.
The resulting spectral power distributions were obtained by optimizing toward
the maximum color rendering index Ra .

2For D50 and D100, it is unnecessary to create corresponding daylight sources;
for CIE-A and TL84, the corresponding daylight sources are not available because
their CCTs are below 4000K.
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Fig. 3. The spectral power distributions of 20 test illuminants.
Blue solid line: 8 practical illuminants in Table 2. Yellow
dashed line: the corresponding daylight series sources. Red
dotted line: the corresponding 4-channel LED sources.

fluorescent light source [31]. Fig. 4 plots the spectral sensitivity
functions of the three representative camera models, in which
the green channels are normalized.
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Fig. 4. Spectral sensitivity functions of 3 test camera models.
From left to right: Canon 60D DSLR, Nikon D80 DSLR, and
PointGrey Grasshopper 50S5C industrial camera.

4. RESULTS AND DISCUSSION

To avoid potential confusion over different test variables, in this
section the image degradation results will be reported separately
for different test camera models and different test illuminants.

An example (“Painting” in dataset [24] for test illuminant F8
and test camera model Nikon D80 DSLR) are illustrated in Fig. 5,
in which the top row shows the ground truth image (Fig. 5(a))
as well as the simulated metamer-degraded images (Fig. 5(b-d)),
and the bottom row shows the corresponding color difference
maps.
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Fig. 5. Degraded images and the corresponding color difference maps of “Painting” under the test illuminant F8 for Nikon D80
DSLR. (a) The ground truth image. (b) Metamer-degraded image with 0th percentile degree (i.e., root-polynomial color corrected
image without the object-color metamer mismatching). (c) With 50th percentile degree. (d) With 95th percentile degree. (e) CAT02
color corrected image. (f) Inappropriate color corrected image by a daylight source-based color correction matrix.

In addition, considering that the DSCSI-IQA is not a
widespread metric, another two sets of simulated images gen-
erated from well-known models were also introduced to help
readers build an intuitive connection between the DSCSI-IQA
scores and perceptual image differences.

The first set of simulated images were generated by correcting
the XYZ images using CAT02 chromatic adaptation transform.
CAT02 is a major part of CIECAM02 color appearance model
that converts the XYZ tristimulus values under test illuminants
into the corresponding colors under the reference illuminant [33].
Given a test hyperspectral image and the test illuminant, the
color appearance of image in XYZ space can be simulated by pix-
elwise replacing D65 in Eq. (2) with the test illuminant Ite. Then
the corresponding XYZ image after adaptation was constructed
using CAT02 with the parameters of F = 1.0, c = 0.69, Nc = 1.0
(average surround viewing condition), and LA = 0.2LW , where
LW is the luminance of the white object in the hyperspectral im-
age (in cd/m2). Finally, the adapted XYZ image was converted
into the sRGB space and compared with the ground truth image
by the DSCSI-IQA metric.

Apparently, CAT02 cannot handle the metamer mismatch-
ing because all the inputs are colorimetric values. Degradation
will also exist between the ground truth images and the CAT02
color corrected images. By evaluating the degradation in the
CAT02 color corrected images, we can approximate the human
visual system’s capability to adjust to widely varying colors of
illumination. Fig. 5(e) shows the simulated image as well as the
corresponding difference map after CAT02 chromatic adaptation
transform for the test hyperspectral image “Painting”.

The second set of simulated images were generated by de-
liberately applying “wrong” color correction matrices to the
camera RGB images under test illuminants. For most of cam-
eras, the color correction modules employ a set of pre-built color
correction matrices obtained under several common illuminants
to correct colors in the images. In the image signal processor of
industrial cameras, it is common to use a halogen lamp and a
set of filters with varying color temperatures to calibrate color
correction matrices. For an input image, color correction module
uses the matrix with closest color temperature to the estimated
illuminant to convert the camera responses into XYZ values.

This calibration method is high-efficiency and easy to im-
plement, but will introduce considerable errors if the authentic
light source is of very different spectral power distribution as
the calibrated one. To evaluate the degradation by this “illumi-
nant metamerism”, we deliberately calculated a “wrong” RPCC
matrix for the test illuminant by replacing the Pte in Eq. (4) with
P′te, where P′te is a matrix containing RGBs of the training sam-
ples under a standard daylight series source that has the same
correlated color temperature as the test illuminant [29]. Then the
matrix is applied to the camera responses pixelwise to perform
the inappropriate color correction:

q′Ite,cc =M(I′te)
T ·
[
pr pg pb

√
pr pg

√
pr pb

√
pg pb

]
te . (12)

Finally, the “corrected” XYZ image is converted into the sRGB
space and compared with the ground truth image by the DSCSI-
IQA metric. Fig. 5(f) illustrates the simulated image corrected by
the “wrong” color correction matrixM(I′te), where I′te is a stan-
dard daylight source with the same correlated color temperature
as the D50 fluorescent simulator (F8).

A. Metamer mismatching for different camera models
Fig. 6 plots the averages (blue circles) and standard deviations
(blue shaded areas) of DSCSI-IQA scores for three test camera
models based on 2720 simulated images (136 test hyperspectral
images × 20 test illuminants). The results of simulated im-
ages by CAT02 (red lines and areas) and daylight source-based
color correction (green lines and areas) are plotted for compar-
ison as well3. It is surprising to note that for two commercial
camera models, the image quality degradation by the object-
color metamer mismatching is not inferior to that introduced by
the chromatic adaptation transform. For those images whose
degrees of metamer mismatching are below the median (50th
percentile), the image degradation is as imperceptible as the per-
ceptual difference of colors under different light sources by the
human visual system. Therefore, the color appearance of com-
mon objects can be expected to be reproduced quite well across
illuminants without the knowledge of their spectral information.

3Be careful not to confuse the daylight series sources amongst 20 test illuminants
and the daylight sources for calculating the “wrong” color correction matrices.
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For the PointGrey industrial camera, the metamer-degradation
are more severe than the other two models as expected; nonethe-
less, it is still within an acceptable range (the average DSCSI-
IQA score for the median degree of metamer mismatching is
approximately 0.9), after all the industrial camera is of the lowest
sensitivity metamerism index among all camera models.

Fig. 6. DSCSI-IQA scores with different degrees of metamer
mismatching for 3 test camera models.

It is important to keep in mind that the metamer-degraded
images are simulated pixel-by-pixel, so the image with, say,
95th percentile appears only if the worst situations of metamer
mismatching happen to every pixel of the hyperspectral image,
which is extremely rare in common scenarios.

It should also be noted that for all test camera models, the
lower limits of the blue areas, even in the highest degrees, are
higher than the upper limits of the green areas, which means
that the image quality degradation by “wrongly” selecting the
color correction matrix is much more severe than the object-
color metamer mismatching. In other words, the inappropriate
color correction matrix selection involved with the illuminant
metamerism is the primary factor for the accuracy decrease in
the digital camera color reproduction. To address this issue,
more types of light sources with varieties of spectral power
distributions should be included for the calibration, and the
illuminant estimation algorithms with higher accuracies are also
required.

As defined in Eq. (9), the simulated images with 0th percentile
are those appropriately color corrected images without metamer
mismatching, therefore the image qualities of I0th

sim reflect the
theoretical maximum performance of RPCC model. From Fig. 6,
the DSCSI-IQA score in 0th degree of PointGrey industrial cam-
era is significantly lower than those of the other two commercial

cameras, from which it can be inferred that the linearity between
the camera spectral sensitivity functions and the color matching
functions has an impact on the performance of color correction
model.

B. Metamer mismatching for different test illuminants
Amongst 20 test illuminants, image degradations for 8 tunable
LED series sources are highly correlated with that for D50 LED
simulator (#7 in Table 2), and the image degradation for 4 day-
light sources are highly correlated with those for D50 and D100
(#1 and #2 in Table 2), so for clarity only the results for 8 practical
test illuminants are presented. Moreover, we noticed that for
any one of the test illuminants, the patterns of the distribution
of DSCSI-IQA scores for three cameras were highly similar, but
with significantly different absolute values, especially for the
PointGrey industrial camera. In order not to introduce large
standard deviations for the data, only the results for Nikon D80
DSLR were selected as the example for illustration.

Fig. 7 plots the DSCSI-IQA scores of Nikon D80 DSLR for
8 practical test illuminants based on 136 simulated images.
For CIE-A, D50, D100 and TL84, the corresponding daylight
sources with the same correlated color temperatures are not
available (see footnote 2), so the DSCSI-IQA scores of illuminant
metamerism (green lines and areas) for these 4 illuminants are
left empty.

Fig. 7. DSCSI-IQA scores with different degrees of metamer
mismatching for 8 practical test illuminants.

It is evident to see that the distributions of metamer-
degradation are quite distinct for different test illuminants. For
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D50 and D100, the image degradations by the metamer mis-
matching are very negligible, and the DSCSI-IQA scores are
higher than 0.98 even in the 95th percentile degrees. In addition,
the standard deviations are relatively small, meaning that the
results reliably hold across all test hyperspectral images. Unex-
pectedly, for CIE-A that has color rendering index of 100, the
image degradation by metamer mismatching is even more se-
vere than those for fluorescent lamp (F8) and LED light source
(LED-D50). Therefore, it can be inferred that there is no signifi-
cant correlation between illuminant’s color rendering index and
corresponding image quality degradation by the object-color
metamer mismatching.

It is worth noting in Fig. 7 that the range of y axis for Flash is
much larger than the other 7 test illuminants, due to the particu-
larly severe degradation by the illuminant metamerism (green
line and area). Though the correlated color temperatures of the
Flash and the corresponding daylight source match well, their
chromaticities are quite different. The Duv (the closest distance
from the Planckian locus on the CIE 1960 uv diagram) for the
Flash is 0.0101, whereas for the corresponding daylight source is
0.0003. Based on this observation, we deduce that for the images
captured under illuminants with lack of energies at specified
wavelengths and with chromaticities deviating substantially
from the Planckian locus, the inappropriate selection of color
correction matrix will lead to significant accuracy decrease in
the color reproduction. Fortunately, in this case the activation of
the flash can be detected by the image signal processors of the
camera, so in practical uses this degradation by the illuminant
metamerism for camera flashes can be easily avoided.

In addition to the metamer mismatching, the image quality
would also be degraded by the accuracy loss in color correction,
because the mapping from device-dependent space to device-
independent space is scarcely possible to be perfect. In Fig. 7
the DSCSI-IQA scores of 0th percentile for all test illuminants
are almost identical (approximately 0.996), meaning that the
performance of RPCC model for different illuminants are well-
balanced. Therefore, the image degradation by the imperfec-
tion of color correction model can be offset when analyzing the
metamer mismatching for different test illuminants.

5. CONCLUSION

Because of the lack of spectral information, the object-color
metamer mismatching is an inherent uncertainty in the image
signal processing of cameras that obstructs the perfect color
reproduction. The results of this study indicate that the object-
color metamer mismatching has only inconsiderable impact on
the perceptual degradation in the digital camera color reproduc-
tion. By comparing the DSCSI-IQA scores of the object-color
metamer mismatching and the illuminant metamerism, it is
implied that the latter is the primary factor for the accuracy
decrease in the color reproduction.
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