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Abstract
Estimates were made of the efficiency with which color

spaces code color information from images of natural scenes.
Six spaces were tested, namely, CIE XYZ tristimulus space, and
the spaces CIELUV, CIELAB, CIELAB and S-CIELAB after chro-
matic adaptation with CMCCAT2000, and the space CIECAM02.
For each space, the information available and the information
retrieved in color matching were calculated for images of 50 nat-
ural scenes under different daylight illuminants. The information
available was decomposed into components associated with the
individual variables of the space and the interactions between
them, including redundancy and illuminant-dependence. It was
found that the information retrieved was much less than the in-
formation available, and that its decomposition depended on the
space. The differing efficiencies of the spaces were interpreted
in relation to the effectiveness of opponent-color and chromatic-
adaptation transformations, and the statistics of images of natural
scenes.

Introduction
Color spaces are used routinely for specifying or describing

the color of individual samples. But they may also be incorporated
within more general image descriptions, for example, of natural
scenes, which often contain a complex combination of spatial and
chromatic detail. Each point in the image might have its color
coded by its tristimulus values (X ,Y,Z), or perhaps by the coor-
dinates (L∗,a∗,b∗) of CIELAB space [1]. Although the choice of
color space will depend on several factors, there is an advantage
in choosing one that provides an efficient color code, in the sense
of maximizing the amount of information about the scene pro-
vided by the description and minimizing any redundancy within
it [2, 3, 4, 5].

The aim of this work was to analyze how efficiently informa-
tion from a scene is coded by each of the main CIE color spaces.
The images were of natural scenes under different illuminants,
and information was expressed in terms of Shannon’s mutual in-
formation [6].

Information was calculated by two methods. The first was
based on the information theoretically available from images of a
scene. It depends only on the statistical distribution of the color-
code values in each image of the scene and how they vary with
changes in illuminant. The second method was based on the in-
formation actually retrieved with a particular matching task, by
which points in an image of the scene under one illuminant are
matched, by color, to points in an image of the same scene under
another illuminant. Estimates from the first method set an upper
limit on estimates from the second.

As a precursor to the analysis, the theoretical section which
follows gives the definition of mutual information and an expla-
nation of its decomposition into components. These components

are associated with the individual variables of a color space and
the interactions between them, including redundancy and illumi-
nant dependence. The methods section contains details of the two
kinds of information estimator, along with a brief description of
the scenes and illuminants. The results for six color spaces are
then summarized. Differences in the information retrieved across
spaces and in redundancy and the illuminant-dependent compo-
nent are considered in the discussion section. Opponent-color and
chromatic-adaptation transformations were both critical in deter-
mining the efficiency of coding and the retrieval of information.

Some partial results on the decomposition of the information
available for different color spaces have been reported previously
[7].

Theory
To fix ideas, suppose that the color at each point in an im-

age of a scene under some illuminant E is coded by its tristimulus
values (X ,Y,Z), and consider, in particular, the luminance vari-
able Y . Suppose that y is the value of Y at a particular point in an
image of the scene under illuminant E and y′ is the corresponding
value in the image of the scene under illuminant E ′. If the point
is chosen randomly, then the values y and y′ can be thought of
as samples from random variables Y and Y ′, respectively. Sup-
pose that the probability density functions of Y , Y ′, and of the
pair (Y,Y ′) are fE , fE ′ , and fEE ′ , respectively. Then the mutual
information I(Y ;Y ′) between Y and Y ′ is given [6] by

I(Y ;Y ′) =
∫∫

fEE ′(y,y′) log
fEE ′(y,y′)

fE(y) fE ′(y′)
dydy′ , (1)

where the integrations are taken over the spaces spanned by Y
and Y ′. The logarithm is to the base 2, and mutual information
expressed is in bits.

Mutual information can be expressed as a combination of
differential entropies [8], which are also based [6] on the proba-
bility density functions fE , fE ′ , and fEE ′ , thus

h(Y ) =−
∫

fE(y) log fE(y) dy ,

h(Y ′) =−
∫

fE ′(y′) log fE ′(y′) dy′ , (2)

h(Y,Y ′) =−
∫

fEE ′(y,y′) log fEE ′(y,y′) dydy′ .

The mutual information (1) is then given by

I(Y ;Y ′) = h(Y )+h(Y ′)−h(Y,Y ′) . (3)

The definition of mutual information can be straightfor-
wardly extended from the single variables Y and Y ′ to the tris-
timulus values (X ,Y,Z) and (X ′,Y ′,Z′), thus

I(X ,Y,Z; X ′,Y ′,Z′) = h(X ,Y,Z)+h(X ′,Y ′,Z′)
−h(X ,Y,Z,X ′,Y ′,Z′) , (4)
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where all differential entropies are calculated as in (2) with the
corresponding multivariate probability density functions. In an
exactly analogous way, mutual information can be defined for the
same two images of a scene for any other color space.

Redundancy and illuminant dependence
Again, suppose that coding is by tristimulus coordinates

(X ,Y,Z). To simplify notation, let I stand for the mutual infor-
mation I(X ,Y,Z; X ′,Y ′,Z′) as in (4) and let I1, I2, and I3 stand for
the individual mutual-information components associated with
the first, second, and third variables; that is,

I1 = I(X ;X ′),
I2 = I(Y ;Y ′), (5)

I3 = I(Z;Z′).

The difference between I and the sum I1 + I2 + I3 represents the
contribution from the interactions between the variables of the
color space. These interactions can be measured by the multi-
information [9, 10], which is a form of generalization of mutual
information [4], and which here divides into two components.

The first component is quantified by the multi-information
between (X ,Y,Z) and the multi-information between (X ′,Y ′,Z′);
that is,

M(X ;Y ;Z) = h(X)+h(Y )+h(Z)−h(X ,Y,Z) ,

and

M(X ′;Y ′;Z′) = h(X ′)+h(Y ′)+h(Z′)−h(X ′,Y ′,Z′) .

The sum of these two quantities defines an intrinsic redundancy
R; that is,

R = M(X ;Y ;Z)+M(X ′;Y ′;Z′) . (6)

The redundancy R arises from the dependence between the vari-
ables of the space [4], [11], and should not be confused with the
notion of redundancy considered by Barlow and others [2].

The second component is quantified by the multi-
information between (X ,X ′), (Y,Y ′), and (Z,Z′). This quantity
defines an extrinsic component D; that is,

D = M(X ,X ′;Y,Y ′;Z,Z′),
= h(X ,X ′)+h(Y,Y ′)+h(Z,Z′), (7)

−h(X ,X ′,Y,Y ′,Z,Z′).

This component is strongly illuminant dependent.
It may then be shown that the mutual information I in (4) has

the following decomposition

I = I1 + I2 + I3 −R+D . (8)

Both R and D are necessarily positive. An efficient representation
is one that maximizes I1 + I2 + I3 and minimizes R and D [4, 11].

Methods
The information available and the information retrieved were

estimated separately for the chosen set of images of natural scenes
under different daylight illuminants.

Information available estimator
For each scene, daylight change, and color space, the indi-

vidual information components I1, I2, and I3 (5), the redundancy
R (6), and illuminant-dependent component D (7) were obtained
from the corresponding differential entropies (2). The informa-
tion available I was then calculated from (8).

A modification of the Kozachenko-Leonenko estimator of
differential entropy [8] was used to obtain the individual en-
tropies. This modification involved estimating each entropy af-
ter previously whitening the data (so that the variance-covariance
matrix coincided with the identity), which gave better estimates.
If Var(X ,Y,Z) is the variance-covariance matrix of the variables
(X ,Y,Z), then the differential entropy h(X ,Y,Z) is given [6] by

h(X ,Y,Z) = h(X∗,Y ∗,Z∗)+
1
2

log |Var(X ,Y,Z)|, (9)

where | · | denotes the determinant of a matrix and

⎛
⎝ X∗

Y ∗
Z∗

⎞
⎠= [Var(X ,Y,Z)]−1/2

⎛
⎝ X

Y
Z

⎞
⎠ .

Information retrieved estimator
With a complex scene, matching points in an image of the

scene under one illuminant, solely on the basis of their color, to
points in an image of the same scene under another illuminant is
an uncertain process. To take a trivial example, the tristimulus
values (X ,Y,Z) of a point under illuminant E will not, in general,
coincide with its tristimulus values (X ′,Y ′,Z′) under illuminant
E ′, so that a nearest-neighbor match will generally be wrong. By
introducing a chromatic-adaptation transformation in the coding,
such as CMCCAT2000 [12], errors lessen, but they do not disap-
pear.

A relevant way to quantify the error in matching is to mea-
sure how far the incorrect match i is from the correct match j
in terms of the number k j of potential matches that are closer to
j than i [13]. To accommodate the variance-covariance struc-
ture of the data, color matching was based not on the simple
Euclidean distance between variables but on the Mahalanobis
distance. The relative frequencies of these numbers k j may
then be interpreted as estimates of a probability mass func-
tion {p0, p1, . . . , pk, . . . , pN−1} of a random variable K, so that
P{K = k} = pk. The discrete entropy of K [6] is

H(K) = −
N−1

∑
k=0

pk log pk ,

where log0 = 0, as in [6]. From this discrete entropy, a mutual
information Imatch can be obtained in a way analogous to that with
differential entropy (3), but taking the form

Imatch = logN −H(K). (10)

This mutual information quantifies the information retrieved. Un-
like the information available, Imatch depends strongly on the
structure of the color space.

Color spaces and image data
The color spaces considered were as follows.
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1. CIE XYZ [1],
2. CIELUV [1],
3. CIELAB [1],
4. CIELAB [1] with CMCCAT2000 [12, 1],
5. S-CIELAB [14] with CMCCAT2000 [12, 1],
6. CIECAM02 [15].

All were used with their default values for a 2-degree observer,
and adaptation was assumed to be complete.

Image data were generated from 50 hyperspectral images (≤
1344 × 1024 pixels) of natural rural and urban scenes [16, 17]
under three representative changes in daylight illuminant from a
correlated color temperature of 4000 K to 6500 K, from 25,000 K
to 6500 K, and from 25,000 K to 4000 K.The particular daylight
illuminants were chosen because of their special role in the CIE
specification [1], and were approximated by the CIE method for
reconstructing illuminants [18]. Tristimulus values (X ,Y,Z) at
each point in the image of a scene were obtained from the CIE
1931 color-matching functions [1]. To reduce computation time,
images were spatially subsampled, with just alternate pixels being
used.

Results and Comment
Table 1 shows the mean information available and the mean

information retrieved by matching across images of scenes for
each of the six color spaces. The change in illuminant was from a
daylight of correlated color temperature 4000 K to one of 6500 K.
Means were taken over the 50 scenes. Standard deviations are
shown in parentheses.

Table 1. Mean (SD) of information available and information
retrieved with color images of natural scenesa

Color space Available bitsb Retrieved bitsc

CIE XYZ 20.4 (1.1) 7.4 (0.8)

CIELUV 19.8 (1.4) 8.2 (0.8)

CIELAB 20.1 (1.1) 8.5 (1.0)

CIELAB, CMCCAT2000 20.3 (1.1) 11.6 (1.3)

S-CIELAB, CMCCAT2000 19.8 (1.7) 12.2 (1.4)

CIECAM02 20.0 (1.0) 11.9 (1.2)

a Information was estimated from images of a scene under a change
in illuminant from a daylight of correlated color temperature 4000 K to
one of 6500 K. Means were taken over 50 scenes. Standard devia-
tions are shown in parentheses.

b Estimate I from (8) and (9).
c Estimate Imatch from (10).

The mean information available was closely similar over all
the spaces at approximately 20 bits. For a change in correlated
color temperature from 25,000 K to 6500 K, the estimates were
very similar, but for a larger change, from 25,000 K to 4000 K
(not shown here), the mean information available was lower, by
approximately 3 bits.

The mean information retrieved by color matching was much
less than the mean information available, particularly so with CIE
XYZ, CIELUV, and CIELAB spaces. Some reasons for these dif-
ferences are considered in the discussion section.

Figure 1 shows the decomposition of the mean information
available for each of the six color spaces. The values shown are

the mutual-information components I1, I2, and I3 associated with
the individual variables of the space (5), the redundancy R (6),
and the illuminant-dependent component D (7), each averaged
over the 50 scenes with a change in illuminant from a daylight
of correlated color temperature 4000 K to one of 6500 K. Error
bars indicate ±1 SD of the sample (the relatively large SDs of R
and D in Fig. 1 are not necessarily inconsistent with the small SDs
of the information available I in Table 1).

Figure 1. Decomposition of the mean information available for six color

spaces. The mutual information associated with the individual variables (3, 5)

is indicated by I1, I2, and I3, and the redundancy (6) and illuminant-dependent

component (7) are indicated by R and D, respectively. Information was esti-

mated from images of a scene under a change in illuminant from a daylight

of correlated color temperature 4000 K to one of 6500 K. Results were aver-

aged over 50 scenes. Error bars indicate ±1 SD of the sample.

A similar pattern of performance was found with the other
two illuminant changes (also not shown here).

Discussion
The color spaces considered here were smoothly invertible

functions of each other. As a consequence, the information avail-
able with each should, in principle [19], have been the same for
each set of images and illuminant changes. Despite the differ-
ences in the complexity of the spaces, with CIE XYZ tristimulus
space and the color-appearance model CIECAM02 being the most
extreme, the information available for each was almost constant.
The small differences in the information available listed in Table 1
reflect different statistical errors in the estimates.

Although an inverse of the CIECAM02 model has been de-
scribed [15], technical anomalies have been reported [20], the
most important of which is the “brightness problem” [21]: the
calculated brightness may fail to be a real number. A solution has
been proposed [21], which was adopted here, but it leads to the
non-invertibility of the model. Fortunately, the brightness prob-
lem occurs rarely in practice, and was not found here with day-
lights with correlated color temperatures 4000 K and 6500 K and
only infrequently with 25,000 K.
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The information available was, however, coded with varying
efficiency (Fig. 1). The spaces CIELAB and S-CIELAB, each
with the chromatic-adaptation transformation CMCCAT2000,
and the space CIECAM02 had illuminant-dependent components
D about half the size of those for CIE XYZ, CIELUV, and
CIELAB, presumably because of the absence or inadequacies of
their chromatic-adaptation transformations. By contrast, the lev-
els of redundancy R were broadly similar for all the spaces, except
CIE XYZ. This was the only space not to have an opponent-color
transformation, which would have reduced the dependence be-
tween variables [22], especially between tristimulus values X and
Y .

As noted earlier, the information available sets a theoretical
limit to the maximum information that can be retrieved with a
given set of scenes and illuminants. The information retrieved
in color matching was, on average, about half of that available
(Table 1), but some spaces were much poorer than the best, most
notably, CIE XYZ, and slightly less so, CIELUV and CIELAB.

Two factors potentially underlying the poor performance in
color matching have already been identified in considering cod-
ing efficiency: the effectiveness of opponent-color and chromatic-
adaptation transformations. A third, more general factor affecting
color-matching performance can be traced to the relationship be-
tween the metric used to make nearest-neighbor matches and the
statistics of the images, specifically, the probability density distri-
butions of color-code values and the differences in these values.
For color matching to retrieve the maximum information possible,
the distributions need to be Gaussian [6], [23], but for none of the
spaces is this true. Examples of the non-Gaussian distributions of
color differences under CIEDE2000 for images of natural scenes
have been presented elsewhere [24].
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[21] M. H. Brill and S. Süsstrunk. Repairing gamut problems in

CIECAM02: A progress report. Color Res. Appl, 2008, in press.
[22] G. Buchsbaum and A. Gottschalk. Trichromacy, opponent colours

coding and optimum colour information transmission in the retina.
Proc. R. Soc. Lond., B, 220:89–113, 1983.

[23] A. Lapidoth. Nearest neighbor decoding for additive non-gaussian
noise channels. IEEE Trans. Inf. Theory, 42:1520–1529, 1996.

[24] D. H. Foster, K. Amano, S. M. C. Nascimento, and M. J. Foster.
Frequency of metamerism in natural scenes. J. Opt. Soc. Am. A,
23:2359–2372, 2006.

288 ©2008 Society for Imaging Science and Technology


	Front Cover
	Introductory Materials
	Copyright
	Table of Contents
	Conference Sponsors
	Hunt Symposium Sponsors
	Program Committee
	IS&T Board of Directors
	Welcome to CIC16
	Floor Plan: Benson Hotel
	CIC16 Short Courses
	Conference At-a-Glance
	CIC16 Technical Papers Program: Schedule and Contents
	Wednesday Keynote Session
	Stockman, Physiologically-Based Color Matching...pg.1

	Seeing Color
	Chuang, A Probabilistic Model of the Categorical...pg.6
	Edge, 	Method for Optimizing the Human Observer...pg.12
	McCann, Retinal HDR Images: Intraocular Glare...pg.16
	Li, CIETC1-71 Perspective: An Overview...pg.22
	Edge, Method for Optimizing CIELAB...pg.28
	Demos, Minimizing Color Variation...pg.30

	Extreme Color
	Baranczuk, Conjoint Analysis of Parametrized...pg.38
	Park, On the Relationship of Color Image...pg.44
	Jang, Modified Multi-scaled Retinex Using...pg.50
	Kuang, Color Constancy for Multi-Illuminants...pg.56
	Horiuchi, Color Gamut Mapping Algorithm for Preserving...pg.61

	Printing Color
	Bastani, Geodesic Based Ink Separation...pg.67
	Rousselle, Spectral Prediction Model for Variable...pg.73
	Zhao, Printer Characterization for UV Encryption...pg.79
	Li, Further Accelerating the Inversion...pg.84
	Soler, Spectral Data-Driven Model for Overprint...pg.89
	Bonnier, Compensating Printer's Modulation...pg.93
	Oztan, Clustered-Dot Color Halftone Watermarks...pg.99

	Interactive Papers I
	Thursday Keynote Session and IS&T Honors & Awards
	Czerwinski, Large Display Research Overview...pg.105

	Displaying Color
	Casella, Mapping Standard Image Content...pg.106
	Heckaman, Brighter, More Colorful Colors...pg.112
	Langendijk, Perceived Color Breakup in...pg.117
	Kerofsky, Gamut Mapping in LCD Backlight...pg.121
	Matsumoto, Image Quality Evaluation for Motion...pg.125
	Cheng, Color Breakup: Taxonomy, Measurement...pg.130
	Park, Testing Colour Appearance Models for Mobile...pg.136
	Simone, Software with Visual Phenomena, Tests...pg.141
	Rosen, Impact of Chromatic Surround on Display...pg.147
	Fujine, Color Distribution Index (CDI)...pg.152
	Choi, Predicting Perceived Colourfulness, Contrast...pg.158
	Chang, Selecting Among Combinations of RGB LED...pg.165
	Sarkar, A Comparative Study of Color and Contrast...pg.170

	Capturing Color
	Fredembach, Colouring the Near-Infrared...pg.176
	Shen, Exploiting Color Filter Array Sensor NIR...pg.183
	Murakami, Evaluating Wide Gamut Color Capture...pg.189
	Tominaga, PCA-based Reflectance Analysis/Synthesis...pg.195
	Li, Evaluation of Light Sources Based on Visual...pg.201
	Li, An Illumination Independent Descriptor Using...pg.205
	Xiong, Cluster Based Color Constancy...pg.210
	Skaff, Maximum Entropy Spectral Models for Color...pg.215
	Koirala, Reflectance Prediction in Multi-Angle...pg.221
	Marguier, Illuminant Retrieval for Fixed Location...pg.227
	Kuniba, The Trade-off Between Color Reproduction...pg.232
	Ko, Evaluation of Vehicular Camera Performance...pg.238

	Calculating Color
	Morovic, Accuracy-Preserving Smoothing of Color...pg.243
	Monga, Sort-Select-Damp: An Efficient Strategy...pg.247
	Braun, Computational Geometry Solution to Nonunique...pg.254
	Richter, Ergonomic Color Image Technology...pg.259
	Guay, Using the ICC V4 Reference Medium Gamut...pg.265
	Moroney, Lexical Image Processing...pg.268
	Finalyson, Optimal Interpolation and lp...pg.274
	Urban, A Spatially Adaptive Wiener Filter...pg.279
	Foster, Coding Efficiency of CIE Color Spaces...pg.285
	Nakaya, Applying LabRGB to Real Multi-Spectral...pg.289

	Interactive Papers II
	Friday Keynote Session
	Hunt, The Pushme-Pullyu and the CIC...pg.295

	Perceiving Color
	Kim, Modelling Vividness Perception for Colour Laser...pg.299
	Quan, Memory Color Based Preferred Color...pg.304
	Choi, Subjective Rules on the Perception...pg.309
	Fredembach, Segmenting Memory Colours...pg.315
	Connah, An Investigation Into Perceptual...pg.321
	Gill, A Solution to CIECAM02 Numerical...pg.327
	Sharma, Saliency Map for Human Gaze Prediction...pg.332

	Achromatic Color
	Shi, Quaternion Color Curvature...pg.338
	Alsam, Fast Colour2Grey...pg.342
	Ferwerda, Visual Equivalence: An Object-Based...pg.347
	Stone, Alpha, Contrast and the Perception of Visual...pg.355

	Hunt Symposium


	Notes
	Author Index
	Back Cover



