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Abstract
The aim of this work was to investigate how efficiently

colour information is distributed, in a least-redundancy sense,

across the variables of a colour space, and how this distri-

bution varies across different colour spaces. It was found

that among the physiological and psychophysical colour spaces

tested, Derrington-Krauskopf-Lennie space was the most effi-

cient, although this result is contingent on assumptions about the

pre-processing of cone signals. Among the colorimetric spaces

tested, CIECAM02 was the most efficient. For most spaces, the

variables associated with chromatic properties carried more in-

formation than the variables associated with achromatic proper-

ties.

Introduction
There are many different kinds of colour spaces. Some are

based on psychophysical data [1] and others on direct physio-

logical measurements [2, 3] or on physiological theories of opti-

mal signal transmission [4]. These spaces are based typically on

non-opponent and opponent combinations of signals from long-,

medium-, and short-wavelength-sensitive-cones. Analogously,

colorimetric spaces designed to specify or describe colour ap-

pearance [5, 6], are based on non-opponent and opponent combi-

nations of tristimulus values. The presence of opponency in these

representations is not accidental, for it has the effect of increasing

independence, most obviously between responses from long- and

medium-wavelength-sensitive cones. In general, a representation

in which statistical independence between variables is achieved

is called an efficient representation [7]. How efficiently, then,

is colour information distributed across the variables of a given

colour space, and how does this distribution vary across different

colour spaces?

The aim of this work was to address these questions for im-

ages of natural scenes under different daylight illuminants. To

this end, estimates were made, for a given colour space, of the

information preserved between the representation of a scene un-

der one illuminant and the representation of the same scene under

a different illuminant. Information was interpreted in the sense

of Shannon [8, 9], with the principal measure being mutual in-

formation, which quantifies the statistical interdependence of the

colour representations and which is intimately related to colour

constancy. It was found that among the physiological and psy-

chophysical colour spaces tested, Derrington-Krauskopf-Lennie

space [2] was the most efficient, and among the colorimetric

spaces tested, the CIECAM02 space [6] was the most efficient.

A preliminary study of the distribution of colour infor-

mation over non-opponent and opponent variables of CIELAB

space [5] has been previously reported [10], but without analysis

of the interdependencies between variables.

Information-theoretic analysis
All the colour spaces considered here encode spectra in

terms of one non-opponent variable, A say, generally associated

with achromatic properties, and two opponent variables, P and

Q say, generally associated with chromatic properties. Suppose

that, in some colour space, A1 is the non-opponent representa-

tion of a scene illuminated by illuminant 1 and A2 is the repre-

sentation of the same scene illuminated by illuminant 2. If the

probability density functions of A1, A2, and the pair (A1,A2) are

f1(a1), f2(a2), and f (a1,a2), respectively, then the mutual infor-

mation I(A1;A2) between A1 and A2 is given [8, 9] by

I(A1;A2) =
∫∫

f (a1,a2) log
f (a1,a2)

f1(a1) f2(a2)
da2da1 ,

where the integrations are taken over the spaces spanned by A1

and A2. Mutual information is always positive, except when A1

and A2 are independent, i.e. f (a1,a2) = f1(a1) f2(a2), in which

case it is zero. It can be expressed in terms of the differential

entropies associated with each variable, defined [9] e.g. for A1 as

h(A1) = −

∫
f1(a1) log f1(a1) da1 . (1)

Thus,

I(A1;A2) = h(A1)+h(A2)−h(A1,A2), (2)

where h(A1,A2) is the entropy of the pair (A1,A2). The mutual

information between each of the opponent variables P and Q was

defined in exactly the same way.

Mutual information can be extended to the triplets

(A1,P1,Q1) and (A2,P2,Q2) to give for a particular colour

space the total information between the two representations of

a scene under the two illuminants. The total mutual informa-

tion I(A1,P1,Q1;A2,P2,Q2) is denoted here by IAPQ, and the

marginal mutual information I(A1;A2), I(P1;P2), and I(Q1;Q2)
by IA, IP, and IQ, respectively.

An important property of mutual information is that it is

invariant under invertible, differentiable transformations of the

variables involved [11]. This means that if A, P, and Q are de-

fined by invertible transformations of long-, medium-, and short-

wavelength-sensitive-cone responses (or tristimulus values), then

the total information is preserved; otherwise information is lost

[9]. For instance, in [4], A, P, and Q are linearly related to long-,

medium-, and short-wavelength-sensitive cone responses, l, m,

and s. Therefore the total mutual information in (A,P,Q) space

is the same as in (l,m,s) space. Nevertheless, the distribution of

information differs because none of the variables A, P, and Q is

an invertible transformation of any of the variables l, m, and s.

The efficiency of the representation provided by a colour

space depends on the degree of independence of the variables of

that space. This independence can be measured by the multi-

information [12, 13], which is a generalization of mutual infor-

mation and which measures the higher-order dependencies be-

tween the variables of that space. The multi-information for A1,

P1, and Q1 is given by

M(A1;P1;Q1) = h(A1)+h(P1)+h(Q1)−h(A1,P1,Q1), (3)

and analogously for (A2,P2,Q2).
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The total mutual information IAPQ between (A1,P1,Q1) and

(A2,P2,Q2) can be factored into the marginal mutual information

IA, IP, and IQ and the multi-information between the variables.

Let RAPQ = M(A1;P1;Q1) + M(A2;P2;Q2) be the redundancy,

defined here as the sum of the multi-information between the

variables for illuminant 1 and for illuminant 2. Thus,

IAPQ = IA + IP + IQ −RAPQ +DAPQ, (4)

where DAPQ = M(A1,A2;P1,P2;Q1,Q2) is the higher-order de-

pendency between the variables. Redundancy RAPQ and higher-

order dependency DAPQ terms are always positive. If the vari-

ables A, P, and Q are independent, then RAPQ = DAPQ = 0, and

IAPQ = IA + IP + IQ.

A similar factorization can be performed across achromatic

and chromatic variables; that is, between the non-opponent vari-

able A and the two opponent variables taken together as, say,

C = (P,Q). Thus,

IAPQ = IA + IC −RAC +DAC. (5)

Methods
The physiological and psychophysical colour spaces con-

sidered here, all based on recoding cone responses at each point

in the image of a scene, were as follows:

1. Derrington-Krauskopf-Lennie (DKL) space [2], as speci-

fied in [14];

2. De Valois and De Valois (DD) space [3];

3. Guth ATD1 (G1) space [1, 15];

4. Guth ATD2 (G2) space [1, 15];

5. Buchsbaum-Gottschalk (BG) space [4].

The colorimetric spaces, all based on the tristimulus values

at each point, were as follows:

1. CIELAB [5],

2. CIELAB [5] after chromatic adaptation using the CAT2000

transform [16],

3. CIECAM02 space [6].

Data for analysis were drawn from 50 hyperspectral images

of natural scenes [17, 18] under three representative daylight

changes with correlated colour temperatures as follows: from

4000 K to 6500 K, from 25,000 K to 6500 K, and from 25,000 K

to 4000 K. These particular daylight illuminants were chosen for

their special role in the CIE specification [5], and were approx-

imated by the CIE method for reconstructing illuminants [19].

The cone responses (l,m,s) or tristimulus values (X ,Y,Z) at each

point in the image of a scene were obtained from the Stockman

and Sharpe cone fundamentals [20] and the CIE 1931 colour-

matching functions [5], respectively. The triplets of responses

or tristimulus values were then transformed to the colour spaces

listed above. All the spaces treated here were taken in their stan-

dard forms and were not adjusted for this particular analysis.

For each scene, daylight change, and colour space, the

marginal and joint entropies, as in (1), were estimated to obtain

the mutual information IA, IP, and IQ as in (2), and the multi-

information terms in RAPQ and DAPQ as in (3). The total mu-

tual information was then obtained with (4). The factorization

in (5) was calculated in an analogous way. A modification of

the Kozachenko-Leonenko estimator of differential entropy [21]

was used for the calculation of marginal and joint entropies. This

involved estimating the entropy after previously whitening the

data, which gave better estimates. Hence, if Var(A,P,Q) is the

variance-covariance matrix of the variables A,P,Q, then the dif-

ferential entropy h(A,P,Q) is given [9] by

h(A,P,Q) = h(A∗,P∗,Q∗)+
1

2
log |Var(A,P,Q)|, (6)

where | · | denotes the determinant of a matrix and




A∗

P∗

Q∗



 = [Var(A,P,Q)]−1/2




A

P

Q



 .

Results and comment
All the colour spaces listed earlier are related to each other

by invertible differentiable transformations, except the Guth G1

and G2 spaces [15]. The total mutual information for these two

spaces will, in general, be smaller than for any other space. Al-

though the existence of an inverse of the CIECAM02 represen-

tation has been reported [6], there are some technical anoma-

lies [22], the most important of which is referred to [23] as the

“brightness problem”, namely, that the calculated brightness may

fail to be a real number. A solution has been proposed [23],

which was adopted here, but it leads to non-invertibility. For-

tunately, the brightness problem occurs rarely in practice, and

was not found here with illuminants with correlated colour tem-

peratures of 4000 K and 6500 K and only rarely with 25,000 K.

Table 1 shows the mean total information estimated for 50

natural scenes and a change in daylight illuminant from a corre-

lated colour temperature of 4000 K to one of 6500 K.

Table 1. Total estimated information from images of natural

scenes under a change in daylight illuminant from a corre-

lated colour temperature of 4000 K to one of 6500 K

Colour space Mean (SD)

Physiological-psychophysical

DKL 19.98 (1.18)

DD 19.98 (1.18)

G1 18.28 (1.24)

G2 18.96 (1.08)

BG 19.98 (1.18)

Colorimetric

CIELAB 20.13 (1.14)

CIELAB CAT2000 20.32 (1.14)

CIECAM02 20.04 (1.02)

The mean total information estimated was closely similar

over all spaces at ∼ 20 bits, except for the G1 and G2 spaces at

∼ 18 and ∼ 19 bits, respectively. As expected, estimates were the

same for DKL, DD, and BG spaces, which are linearly related to

each other. For the illuminant change from a correlated colour

temperature of 25,000 K to one of 6500 K, the estimates were

very similar. For a larger daylight illumination change, from a

correlated colour temperature of 25,000 K to one of 4000 K, the

mean total information estimated was ∼ 3 bits lower.

Figure 1 shows values of the individual quantities IA, IP, IQ,

−RAPQ, and DAPQ in (4) averaged over the 50 scenes under a

change in daylight illuminant from a correlated colour temper-

ature of 4000 K to one of 6500 K. The sum of all the values

for each colour space coincides with the corresponding values in

Table 1.

The least-redundant spaces, that is, those with the lowest

values of RAPQ in (4), were DKL for physiological and psy-

chophysical spaces and CIECAM02 for colorimetric ones, for

304 ©2008 Society for Imaging Science and Technology
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Figure 1. Distribution of information across non-opponent and opponent

variables A, P, and Q within colour spaces for a change in daylight illuminant

from a correlated colour temperature of 4000 K to one of 6500 K. The upper

plot is for physiological and psychophysical colour spaces and lower plot is

for colorimetric spaces. Error bars indicate ±1 SD.
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Figure 2. Distribution of information across achromatic and chromatic

variables A and C within colour spaces for a change in daylight illuminant

from a correlated colour temperature of 4000 K to one of 6500 K. The upper

plot is for physiological and psychophysical colour spaces and lower plot is

for colorimetric spaces. Error bars indicate ±1 SD.

the three illuminant changes considered. That a colour space is

redundant does not imply that there is a loss of information, but

that the interdependencies between variables play an important

role in information [24], indicated in Fig. 1 by the large values of

DAPQ.

Given the broad division between achromatic and chromatic

variables, it is interesting to compare the information for the non-

opponent variable A and the information for the two opponent

variables taken together as C = (P,Q). Figure 2 shows the values

of the individual quantities IA, IC, −RAC, and DAC in (5) aver-

aged over the 50 scenes under a change in daylight illuminant

from a correlated colour temperature of 4000 K to one of 6500

K. In contrast to Fig. 1, the sum of all the values for each colour

space was not exactly equal to the corresponding values in Ta-

ble 1 because, in (5), differential entropies different from those

in (4) were needed, and the estimates were subject to sampling

errors. For most spaces, the chromatic information IC was found

to be larger than the achromatic information IA. In addition, the

information IC was found to be generally larger than the sum of

the marginal information IP + IQ.

Conclusions
The distribution of colour information from natural scenes

across the variables of the colour spaces considered here was

achieved with varying degrees of efficiency. All the spaces dis-

played some degree of redundancy and higher-order dependen-

cies between their variables. The spaces with the least redun-

dancy were Derrington-Krauskopf-Lennie space among physio-

logical and psychophysical colour spaces and CIECAM02 space

among colorimetric spaces. It is emphasized, however, that these

results hold only for the default forms of these spaces. Never-

theless, for most colour spaces, it seems that opponent variables

together carry more information than the non-opponent variable.
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models, pages 261 – 297. MIT Press, Cambridge, MA,

USA, 1998.

[14] D. H. Brainard. In Kaiser and Boynton, editors, Human

Color Vision, pages 563–579. Optical Society of America,

Washington, DC., 2nd edition, 1996.

[15] S. L. Guth. J. Opt. Soc. Am., 9:344, 1992.

[16] C. Li, M. R. Luo, B. Rigg, and R. W. G. Hunt. Color Res.

Appl, 27:49–58, 2002.

[17] S. M. C. Nascimento, F. P. Ferreira, and D. H. Foster. J.

CGIV 2008 and MCS’08 Final Program and Proceedings 305



Opt. Soc. Am. A, 19:1484–1490, 2002.

[18] D. H. Foster, K. Amano, S. M. C. Nascimento, and M. J.

Foster. J. Opt. Soc. Am. A, 23:2359–2372, 2006.

[19] D. B. Judd, D. L. Macadam, and G. Wyszecki. J. Opt. Soc.

Am., 54:1031–1040, 1964.

[20] A. Stockman and L. T. Sharpe. Vision Res, 40:1711–1737,

2000.

[21] L. F. Kozachenko and N. N. Leonenko. Prob. Inf. Trans,

23:95–101, 1987. Translated from Problemy Peredachi In-

formatsii, 23:9–16, 1987.

[22] C. J. Li and M. R. Luo. Color Res. Appl, 30:99–106, 2005.

[23] M. H. Brill and S. Susstrunk. 2008. (Manuscript

available at http://infoscience.epfl.ch/record/111596/files/

BrillS2007 sub.pdf ).

[24] B. B. Averbeck, P. E. Latham, and A. Pouget. Nat. Rev.

Neurosci, 7:358–366, 2006.

Author Biography
Iván Marı́n-Franch (ivan.marin-franch@postgrad.manche-

ster.ac.uk) received his B.Sc. in Statistics in 1998 and M.Sc. in

Statistical Science and Techniques in 2000 from the University

of Granada. He then worked in the private sector as a business-

applications programmer and consultant and, in 2005, began his

research for a Ph.D. in the School of Electrical and Electronic

Engineering at the University of Manchester.

306 ©2008 Society for Imaging Science and Technology


	CGIV2008__ABSTRACTS
	Conference Sponsors
	Copyright 2008
	Welcome to CGIV 2008 and MCS'08!
	Organising Committee
	IS&T Board of Directors
	Conference At-a-Glance
	Maps
	Technical Papers Program
	Tuesday Keynote
	Lammens, Applications of Color Science...pg.1

	Colour Science
	Shamey, Performance of Recent Color Difference...pg.7
	Lee, Evaluating Colour Differences for Images...pg.12
	Szabo, Experimental Investigation...pg.16
	Zolliker, Modeling Interference Color...pg.20
	Sormaz, Predicting Spectral Halftone...pg.25
	Ezquerro, Analysing Observer Metamerism...pg.31
	Park, Correcting Veiling Glare of Refined...pg.36

	Interactive Session I
	Foster, Is There a Better Non-Parametric...pg.41
	Martinez, Challenges of Embedding...pg.45
	Fu, Optimised Parameters for CIECAM02 Based...pg.49
	van_Dalen, Colour Analysis of  Inhomogeneous...pg.53
	Li, A Study of Office Lighting and Indoor...pg.58
	Tremeau, A Measure of Colour Contrast...pg.61
	Steder, Training Data Selection Study...pg.67
	Chorro, Analysing the Color Uniformity...pg.71
	Rich, The Effect of Spectrocolorimeter...pg.77
	Perales, Calculation of Number...pg.80
	Huertas, Assessing Large Color Differences...pg.85
	Wang, Evaluation of  Colour-Difference...pg.89
	Csuti, Colour Matches Using RGB LEDs...pg.93
	Reed, Watermark Detection with Digital...pg.96
	Quintard, No-Reference Metric Based...pg.98
	Negueruela, Reconstruction of  Surface...pg.104
	Rosselli, Objective Quality Measurement...pg.108
	Wang, Experimental Filters for Estimating...pg.112
	Yasukawa, Quantification of Color Motion...pg.116
	Pedersen, Rank Order and Image Difference...pg.120
	Choi, Modelling Image Naturalness...pg.126
	Berrier, The Wall of Inspiration:...pg.132
	Horiuchi, HDR Image Rendering...pg.138
	Yano, Efficient Light Field Measurement...pg.144
	Garcia_Domen, Simulating Images Perceived...pg.149

	Colour Image Quality
	Larabi, Quality Assessment...pg.153
	Xiao, Investigation of Image Immersive...pg.158
	Kim, Effect of TV's Physical Controls...pg.162
	Perez_Aguila, Orthogonal Polyhedra in 3D...pg.167
	Kim, Colour Difference Modelling for Moving...pg.173

	Colour in Computer Graphics
	McCann, Appearance of High-Dynamic Range...pg.177
	Coppel, Modelling the Effect of Simultaneous...pg.183

	Wednesday Keynote
	Caivano, The Representation of the Visual...pg.189

	Colour Vision/Psychophysics
	Bodrogi, Psycho-Physical Evaluation...pg.194
	Lucassen, Comparing Objective and Subjective...pg.198
	Fischer, WhitebalPR ƒ A New Method...pg.202
	Mochizuki, Color-Weakness Correction...pg.208
	Gouiffes, Evaluation and Modelization...pg.214
	Parraga, Modelling Inter-Colour Regions...pg.218
	Amano, Effect of Spatial Uncertainty...pg.223
	Jetsu, Color Classification Using Color...pg.227

	Interactive Session II
	Gijsenij, Edge Classification for Color...pg.231
	Wei, Impacts of  Package Colour on Preferred...pg.235
	Hong, The Realistic Texture Reconstruction...pg.239
	Tokunaga, Measuring Colour Dissimilarities...pg.245
	Rizzi, A Modified Algorithm...pg.249
	Pedersen, Evaluation of Contrast Measures...pg.253
	Shi, Dichromatic Illumination Estimation Via...pg.259
	Ling, Surface Chromaticity Distributions...pg.263
	Matsushiro, Consideration on Crispening...pg.268
	Heikkinen, Estimation of Reflectance Spectra...pg.272
	Chao, Riemann Geometry for Color...pg.277
	Carmona, Assessment of Affine Transforms...pg.283
	Connah, A Novel Approach to Hue Ordering...pg.287
	Rizzi, A Mixed Perceptual and...pg.292
	Ghinea, Influence of the Size...pg.296
	Vurpillot, Automatic Color Patch Selection...pg.300
	Marin_Franch, Distribution of Information...pg.303
	Luo, Assessing Gloss of Tooth Using Digital...pg.307
	Martinez_Uso, Unsupervised Image...pg.312
	Porebski, Neighborhood and Haralick Feature...pg.316
	Petit, Underwater Images Enhancement...pg.322
	Feng, Improving the Gray Tracking...pg.327
	Kamimigaki, Compensation for Projected Image...pg.331
	Park, Time-Stable RGB LED Backlighting...pg.336
	Bonnier, Improvements in Spatial and Color...pg.341

	Computational Colour
	Qiu, Contrast Maximizing and Brightness...pg.347
	Muselet, Compact Color Descriptor for Object...pg.352
	Charrier, Multi-Resolution Image VQ...pg.357
	Montagna, Histogram Compression and Image...pg.362
	Solli, Color Emotions for Image...pg.367
	Vazquez, Towards a Psychophysical Evaluation...pg.372
	van_de_Sande, Color Descriptors for Object...pg.378

	Thursday Keynote
	Susstrunk, Retinal Modeling in Digital...pg.382

	Colour Image Processing
	Vazquez, Colour Image Segmentation...pg.383
	Robert_Inaci, Contour and Detail Detection...pg.388
	Dubois, Addition of Noise to a Color...pg.394
	Lugiez, Spatiotemporal Extension...pg.399
	Gouiffes, A Color Topographic Map Based on...pg.405
	Gouiffes, Adaptive Spatio-Colorimetric...pg.411
	Angulo, Quaternion Colour Representations...pg.417
	Koeppen, A Color Morphology Based...pg.423

	Interactive Session III
	Vilaseca, Measuring and Analyzing the Colour...pg.427
	Abe, Color Correction of Red Blood Cell Area...pg.432
	de_Lasarte, Influence of the Size...pg.437
	Linhares, The Number of Colours Perceived...pg.441
	de_Lasarte, Influence of  Colour Ranges...pg.444
	Shyu, Multispectral Analysis of the Oriental...pg.450
	Zhang, Adaptive FPGA NoC-based...pg.451
	Baribeau, NRC Robot-Based Gonioreflectometer...pg.457
	Oliveras, MTF Spectral-Variation Comparison...pg.461
	Bochko, Spectral Color Image Segmentation...pg.467
	Noyel, Classification-Driven Stochastic...pg.471
	Hawkins, Spectral Characterization...pg.477
	Nippolainen, Computer Controlled Set...pg.481
	Berns, Spectral Color Reproduction...pg.484
	Koirala, Accurate Reflectance Prediction...pg.489
	Li, Kernel Based Spectral Image Segmentation...pg.494
	Andriyashin, NTF vs. PCA Features...pg.499
	Pinto, Illuminant Spectrum Maximizing...pg.505
	Martinkauppi, Near-Infrared Images of Skin...pg.508
	Simmons, Advantages of JPEG 2000...pg.512
	Plata, Combining Spectral and Photometric...pg.516
	Plata, Supervised Training Sample Selection...pg.519
	Valero, Unsupervised Classification...pg.523
	Krasavin, Robustness of Watermarking...pg.527
	Helling, Broadband Filter Selection...pg.533
	Hashimoto, Two-Shot Type 6-Band Still Image...pg.538

	Colour Reproduction
	Nystrom, A Micro-Scale View on Color...pg.542
	Urban, Spectral Gamut Mapping Framework...pg.548
	Rosen, Imaging Flesh: Skin-Customized...pg.554
	Cattarinussi, Multilevel Vector Error...pg.558
	Mutanen, New Method for Reproducing...pg.564
	Hunter, Six Color Scanning...pg.570
	Bardsnes, Verification and Extension...pg.575

	MCS'08 Keynote
	Hirakawa, Beyond the "Bag of Pixels"...pg.580

	Multispectral Colour Science (MCS'08)
	Nishi, Spectral Reflection Modeling...pg.581
	Kotera, Image Color Mapping...pg.585
	Murakami, Comparison of Spectral Image...pg.591
	Alsam, Robust Averaged Projections...pg.597
	Hironaga, Colorimetric Evaluation of a Set...pg.602
	Brauers, Multispectral Imaging with Flash...pg.608
	Lopez_Alvare, Building an Optimum Computer...pg.613

	Author Index
	imaging.org Corporate Members





