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Abstract 
How well can categorical colour perception be maintained 

in natural environments with varying illuminants? To address 

this question, a colour-naming experiment was performed with 

colour-monitor images of natural scenes simulated under two 

different daylights of correlated colour temperature 6500 K and 

25000 K. Images were obtained from a set of hyperspectral data 

to enable the accurate control of illuminant and reflectance 

spectra. Each scene contained a spherical test surface whose 

digitally manipulated spectral reflectance coincided with that of 

a sample drawn randomly from approximately 430 Munsell 

reflectances grouped into eight colour categories, namely, red, 

green, blue, yellow, pink, purple, brown, and orange. Observers 

had to name the colour of the test surface in each image, 

presented for 1 s, by pressing one of nine computer keys 

corresponding to the eight categorical colour names and a 

neutral category. Focal colours were estimated from the peaks 

of the smoothed distributions of observers’ naming responses in 

the CIE 1976 (u′, v′) chromaticity diagram. The effect of the 

illuminant change was quantified by a focal colour constancy 

index, with values 0 and 1 corresponding to no constancy and 

perfect constancy. Average levels of focal colour constancy were 

close to those from traditional measures of colour constancy, 

but with variation across categories and surface lightness. For 

blue and purple surfaces levels approached 0.9. For many 

surface colours, colour naming seems to be robust under 

illuminant changes and may help to anchor non-categorical 

judgements of arbitrary surface colours in natural scenes. 

Introduction  
The reliable recognition of object and surface colour 

depends on two perceptual phenomena: colour constancy and 

categorical colour perception. Colour constancy refers to the 

invariant perception of surface colour despite changes in the 

spectrum of the illumination [e.g., 1, 2]. Categorical colour 

perception refers to the tendency to perceive surface colours as 

members of a limited number of subsets, as illustrated by the 

eleven basic colour categories, believed to be an inherent and 

universal property of human colour vision [3-5], and for which 

there is some neurophysiological support [6, 7].  
The interrelationship between these two phenomena has 

been investigated mainly with abstract coloured patterns [2, 8, 

9]. But it is unclear how well categorical colour perception is 

maintained in more complex natural environments, where 

surfaces vary markedly in both spatial and chromatic contents.  

It has been asserted that colour category boundaries are 

undistorted by changes in illuminations. Dorothea Jameson, for 

example, observed “I have no difficulty picking up the green 

notepad on my desk and not the blue one whether I do it in the 

daytime or at night with the study light on, or whether the blue 

and green notepads are resting on the bare surface of the desk, or 

one is on top of the orange journal, or the pile of papers that I 

have not yet filed”. [10, p. 42] 

Such everyday experiences seem to be based on direct and 

absolute inferences about surface colour. But this is sometimes 

difficult to quantify in laboratory experiments. Categorical 

colour perception has often been assessed by colour naming, in 

which an observer assigns a colour name to a test surface using 

either an unlimited range of terms or a prescribed finite set [2, 

8], whereas colour constancy has often been measured by 

asymmetric colour matching, in which an observer adjusts the 

colour of a match surface under one illumination to appear the 

same as the colour of a test surface under different illumination, 

according to a given criterion [1, 11-13]. The former represents 

observers’ direct judgements whereas the latter depends on 

relative judgements [14, 15]. Both have their advantages and 

disadvantages [14], but colour naming, in particular, may be 
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Figure 1. Images of two natural scenes used in the experiment, (a) from a farm and (b) flowers and foliage. 

Two other scenes were of a garden and a house (not shown).In each scene, the test surface was a sphere 

(indicated by circles) whose surface was digitally replaced by a Munsell surface.  
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Figure 2. Distributions of "purple" responses with the flowers scene under a daylight with correlated colour 

temperature (a) 25000 K and (b) 6500 K (squares) at an intermediate lightness level, smoothed by loess to 

produce contours in the CIE 1976 (u', v') chromaticity diagram. The peaks of the distributions (circles) were 

taken as the focal colours. 
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cedure 
The surface reflectance of the test surface was manipulated 

as to coincide with that of a sample drawn from 

roximately 430 Munsell reflectances [16] with various 

nsell Hue, Chroma, and Value (lightness), grouped into eight 

ur categories, namely, red, green, yellow, blue, pink, purple, 

n, and orange [18], each of which contained approximately 

surface colours. In each experimental session, one category 

p was tested (approximately 60 trials) for a particular scene.  

In each trial, observers viewed each image for 1 s and then 

 to name the colour of the test surface by pressing one of 

 computer keys corresponding to the eight categorical colour 

es and a neutral category (equivalent to black, grey, or 

te). Each of the eight colour-category groups was tested in a 

erent session with each of the four natural scenes. The order 
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servers 
Twelve observers (5 female and 7 male, aged 22–40 years) 

 part in the experiment. All observers had normal colour 

on verified with a series of clinical tests: the Farnsworth-

nsell 100-Hue Test; Ishihara pseudo-isochromatic plates; 

leigh and Moreland anomaloscopy and luminance matching 

erzeag Color Vision meter 712, Schlieren, Switzerland). All 

ervers had normal visual acuity and all except one were 

ware of the purpose of the experiment.  

sults and comment 
The naming responses from all observers were pooled for 

 scene. Responses were then grouped into three levels 

er, intermediate, and higher) according to the lightness of 

surface being judged so that each level comprised 

roximately the same number of samples.  
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At each lightness level, the response distribution was 

smoothed by a locally weighted polynomial regression, loess 

[19], in the CIE 1976 (u′, v′) chromaticity diagram. The 

bandwidth of the loess was determined by cross-validation. The 

estimated peaks of the distributions were taken as the foci of the 

colour categories, i.e. the focal colours. 

As an example, Figure 2 shows the distributions of the 

responses “purple” at the intermediate lightness level for the 

flowers scene (Fig. 1b) under daylights of correlated colour 

temperature (a) 25000 K and (b) 6500 K. The coordinates of the 

illuminants are shown by filled and open squares, and those of 

the focal colours by filled and open circles in each panel. The 

naming distributions are shown by the contours, where the 

darker contours represent higher frequencies. The small dots 

show the coordinates of the Munsell samples at the selected 

lightness level, and reveal the displayable colour gamut. 

The positions of the focal colours were similar to those in 

earlier studies [20-22], and did not necessarily fall at the centre 

of the naming distributions [5, 18]. Except for “brown”, they 

tended to be saturated colours, and were therefore located close 

to the edge of the colour gamut (Fig. 2). This was also true for 

the other three natural scenes tested, and for the other lightness 

levels, i.e., the lower and higher levels, although the size of the 

displayable gamut varied [9, 23].  

The illuminant-induced shifts of the focal colours in the 

farm and flowers scenes are shown by the arrows in Figure 3 (a) 

and (b), respectively. The positions of the focal colours (circles) 

shifted mainly in the direction of the illuminant change 

(squares), except for the category “green”. The magnitude of the 

shift also varied over categories, with that for the categories 

“yellow” and “pink” for the flowers scene particularly small. 

Similar trends were evident in the other two scenes tested. 

To quantify the effect of the illuminant change on 

categorical colour naming, a focal colour constancy index was 

defined based on the positions of the Munsell colours closest to 

the focal colours. Its schematic definition is given in Figure 4.  

Let F1 and C1 be, respectively, the coordinates of a focal 

colour and the closest Munsell colour under one illuminant, 

25000 K, and let F2 and C2 be the corresponding coordinates 

under the other illuminant, 6500 K. Then a shift from F2 by the 

offset between F1 and C1 defines a corrected coordinate F2′; 

that is, F2′ = F2 − (F1 − C1). Let a be the distance F2′ − C2 and 

b be the distance C1 − C2. Then the focal colour constancy 

index is given by 1 − a/b, where the values 0 and 1 correspond 

to no constancy and perfect constancy, as with the standard 

constancy index [1].  

Figure 3. Shift of coordinates of focal colours under da

(solid circles) and 6500 K (open circles) at an interme

scenes (Fig.1 a and b, respectively). The shift in illumina
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Figure 4. Schematic definition of focal-colour constancy index (see text). 
Table 1 lists for each scene and colour category the 

resulting focal colour constancy indices at the intermediate 

lightness level. Focal-colour constancy varied with both test 

surface and scene, but indices for the categories “blue”, 

“purple”, and “pink” reached as high as 0.9. Overall, these 

values are similar to those in traditional measurements of colour 

constancy with Mondrian-like coloured patterns [1, 12, 13, 24] 

and with natural scenes [17]. The anomalous shift with the 

category “green” and reduced shift with the category “yellow” 

may have been due partly to constraints on the displayable 

gamut [9], which do not affect the other categories. For the 

flowers and house scenes, the index was not computable, as the 

corresponding Munusell colour C2 was unavailable within the 

gamut.  
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The indices for the categories “blue”, “purple”, “brown” 

were almost the same at the other lightness levels (not shown); 

the index for the category “red” was better at the lower lightness 

level and that for “green” at the higher lightness level; for “pink” 

and “orange”, it varied across scenes.  

Conclusion 
Categorical colour perception seems robust under 

illuminant changes, and for many surface colours average levels 

of colour constancy were similar to those obtained with 

asymmetric colour matching, with blue and purple surfaces 

being particularly stable. Although both scene content and 

lightness of surfaces appear to influence performance, absolute 

judgements of surface colour may serve to anchor non-

categorical judgements of arbitrary surface colour within natural 

scenes.  

Acknowledgements 
This work was supported by the Engineering and Physical 

Sciences Research Council (grant nos. EP/B000257/1 and 

EP/F023669/1). 

References 
[1] L. E. Arend, Jr, A. Reeves, J. Schirillo, and R. Goldstein, 

"Simultaneous color constancy: papers with diverse Munsell 

values," Journal of the Optical Society of America A. 8, pg. 661-

672 (1991). 

[2] J. M. Troost and C. M. M. de Weert, "Naming versus matching in 

color constancy," Perception & Psychophysics. 50, pg. 591-602 

(1991). 

[3] B. Berlin and P. Kay, Basic Color Terms. Berkeley: University of 

California Press (1969). 

[4] H. Uchikawa, K. Uchikawa, and R. M. Boynton, "Influence of 

achromatic surrounds on categorical perception of surface colors.," 

Vision Research. 29, pg. 881-890 (1989). 

[5] R. M. Boynton and C. X. Olson, "Locating basic colors in the OSA 

space," Color Research and Application. 12, pg. 94-105 (1987). 

[6] H. Komatsu, Y. Ideura, S. Kaji, and S. Yamane, "Color selectivity 

of neurons in the inferior temporal cortex of the awake macaque 

monkey," J. Neurosci. 12, pg. 408-424 (1992). 

[7] K. Koida and H. Komatsu, "Effects of task demands on the 

responses of color-selective neurons in the inferior temporal 

cortex," Nat Neurosci. 10, pg. 108-116 (2007). 

[8] T. Hansen, S. Walter, and K. R. Gegenfurtner, "Effects of spatial 

and temporal context on color categories and color constancy," 

Journal of Vision. 7, pg. 1-15 (2007). 

[9] J. M. Speigle and D. H. Brainard, "Is color constancy task 

independent?," in Recent Progress in Color Science, 1997), pg. 

328-332. 

[10] D. Jameson, "Some Misunderstandings about Color Perception, 

Color Mixture and Color Measurement," Leonardo. 16, pg. 41-42 

(1983). 

[11] D. H. Brainard, W. A. Brunt, and J. M. Speigle, "Color constancy 

in the nearly natural image. 1. Asymmetric matches," Journal of 

the Optical Society of America A. 14, pg. 2091-2110 (1997). 

[12] K.-H. Bäuml, "Simultaneous color constancy: how surface color 

perception varies with the illuminant," Vision Research. 39, pg. 

1531-1550 (1999). 

[13] D. H. Foster, K. Amano, and S. M. C. Nascimento, "Colour 

constancy from temporal cues: better matches with less variability 

under fast illuminant changes," Vision Research. 41, pg. 285-293 

(2001). 

[14] D. H. Foster, "Does colour constancy exist?," Trends in Cognitive 

Sciences. 7, pg. 439-443 (2003). 

[15] A. J. Reeves, K. Amano, and D. H. Foster, "Color constancy: 

Phenomenal or projective?," Perception & Psychophysics. 70, pg. 

219-228 (2008). 

[16] Munsell Color Corporation, Munsell Book of Color-Glossy Finish 

Collection. Baltimore, MD: Munsell Color Corporation (1976). 

[17] D. H. Foster, K. Amano, and S. M. Nascimento, "Color constancy 

in natural scenes explained by global image statistics," Visual 

Neuroscience. 23, pg. 341-349 (2006). 

[18] J. Sturges and T. W. A. Whitfield, "Locating basic colours in the 

Munsell space," Color Research and Application. 20, pg. 364-376 

(1995). 

[19] W. S. Cleveland and S. J. Devlin, "Locally weighted regression: an 

approach to regression analysis by local fitting," Journal of the 

American Statistical Association. 83, pg. 596-610 (1988). 

[20] A. Franklin, G. V. Drivonikou, A. Clifford, P. Kay, T. Regier, and 

I. R. L. Davies, "Lateralization of categorical perception of color 

changes with color term acquisition," Proceedings of the National 

Academy of Sciences. 105, pg. 18221-18225 (2008). 

[21] K. Amano, K. Uchikawa, and I. Kuriki, "Characteristics of color 

memory for natural scenes," J. Opt. Soc. Am. A. 19, pg. 1501-

1514 (2002). 

[22] S. Guest and D. Van Laar, "The effect of name category and 

discriminability on the search characteristics of colour sets," 

Perception. 31, pg. 445-461 (2002). 

[23] S. Guest and D. Van Laar, "The structure of colour naming space," 

Vision Research. 40, pg. 723-734 (2000). 

[24] D. H. Brainard, "Color constancy in the nearly natural image. 2. 

Achromatic loci," Journal of the Optical Society of America A. 15, 

pg. 307-325 (1998). 

 

Author Biography 
Kinjiro Amano (k.amano@manchester.ac.uk) received his Ph.D in 

1998 from the Tokyo Institute of Technology, Japan. He has worked at 

Aston University and UMIST, and is currently at the University of 

Manchester. His research work has concentrated on the psychophysics 

of human colour perception, in particular colour constancy. 

 

 

garden
house

farm
flowers

0.76
0.47

0.49
0.48

-0.95
0.65

-0.44
-0.41

0.30
-

0.40
-

0.88
0.92

0.89
0.97

0.31
0.91

0.71
-0.05

0.74
0.86

0.95
0.54

0.89
0.60

0.85
0.64

0.61
0.59

0.56
0.65

natural scene red yellow blue pink purple brown orangegreen

colour category

Table 1. Focal colour constancy indices for four natural scenes. 

292 ©2010 Society for Imaging Science and Technology


	CGIV 2010
	Copyright
	Corporate Member Conference Sponsors
	Welcome to CGIV 2010 and MCS'10
	Organizing Committee
	IS&T Board of Directors
	Technical Papers Program: Schedule and Contents
	Tuesday Keynote
	Gegenfurtner, Cortical Mechanisms of Color...pg. 1

	Colour Vision/Psychophysics
	Lucassen, Adding Texture to Color: Quantitative...pg. 5
	Lachheb, Testing the Color Harmony...pg. 11
	Robert-Inacio, Visual Attention Simulation...pg. 19
	Mylonas, Online Colour Naming Experiment...pg. 27
	Vazquez-Corral, A Compact Singularity Function...pg. 33
	Zolliker, Error Estimation of Paired...pg. 39
	Nascimento, Chromatic Effects of Metamers...pg. 45
	Parraga, Accurate Mapping of Natural Scenes...pg. 50

	Interactive Paper Session I
	Color Image Processing and Color Analysis
	Linhares, Chromatic Diversity Index...pg. 58
	Herwig, Regularized Color Demosaicing...pg. 62
	Bochko, Medical Image Colorization...pg. 70
	Pedersen, Framework for the Evaluation...pg. 75

	Color Reproduction and Color Science
	Clonts, Effect of Colorimetric Attributes...pg. 83
	Wang, Evaluating the Effect of Noise...pg. 88
	Turunen, Modeling of Fluorescent Color Mixing...pg. 94
	Wei, The Influence of Coloured Backgrounds...pg. 101
	Parraman, Experiments in Inkjet Colour...pg. 107
	Perales, Estimation of Spectral Bands...pg. 113
	Nuutinen, Recovering Spectral Data...pg. 120
	Brauers, Camera-Supervised Monitor Shading...pg. 126
	Gadia, New Experiments on Color in Context...pg. 132
	Andersen, Estimation of an Individual's...pg. 138
	Trumpy, Digital Reproduction of Small Gamut...pg. 143
	Barz, Validating Photometric...pg. 148
	Bodrogi, Dimensions of Light Source Color...pg. 155


	Colour Reproduction I
	Willamowski, Supporting "Good Enough"...pg. 160
	Oleari, Electronic Image Color Conversion...pg. 167
	Hill, Softproofing System for Accurate...pg. 173
	Scheller Lichtenauer, Estimation of Backing...pg. 181
	Villa, Psychovisual Assessment...pg. 189
	Wan, The Compositional Markovian Reflectance...pg. 197
	Rossier, Ink-Dependent n-Factors...pg. 202

	Wednesday Keynote
	Logvinenko, Object-Colour Space Revisited...pg. 207

	Colour Image and Video Processing
	Gossow, Extending SURF to the Color Domain...pg. 215
	Saez, Evaluation Perceptual Color Edge...pg. 222
	Rojas, Color Edge Saliency Boosting Using...pg. 228
	Torres, Unsupervised Hierarchical...pg. 235
	Maalouf, Color Image Super Resolution...pg. 240
	Ivanovici, Colour Fractal Analysis for Video...pg. 247
	Moreno, Local Perceptual Weighting...pg. 255
	Danielyan, Denoising of Multispectral Images...pg. 261

	Interactive Paper Session II
	Color Image Processing and Color Analysis
	Fondon, Perceptually Adapted Color-Texture...pg. 267
	Nishino, Imaging of  Cosmetics Foundation...pg. 275
	Hashimoto, Color Enhancement...pg. 282
	Amano, Tracking Categorical Surface Colour...pg. 289
	Le Moan, Convex Objects Recognition...pg. 293
	Yamamoto, Hyperspectral Imaging of Face...pg. 300
	Alvarez Gila, Combining Color Descriptors...pg. 306
	Porebski, A Multi Color Space Approach...pg. 314
	Lacroix, Optimal Palette Extraction as Part...pg. 320
	Rump, Groundtruth Data for Multispectral...pg. 326
	Sefi, Color Texture Classification Across...pg. 332
	Grzegorzek, Recognition of  Objects...pg. 338
	Geisler-Moroder, Estimating Melatonin...pg. 346
	Solli, Color Semantics for Image Indexing...pg. 353

	Color Reproduction and Color Science
	Kobayashi, Prediction and Visualization...pg. 359
	Chorro, Evaluation of the Repeatability...pg. 366
	Toyota, Perceptual Reproduction...pg. 372
	Stauder, Gamut Mapping for Motion Picture...pg. 380
	Plata, Recovering Normal Vectors and Albedo...pg. 387


	Colour Science
	Kohei, On Curvature of Color Spaces...pg. 393
	van Dalen, Colour and Appearance Analysis...pg. 399
	Neuman, Angular Variations of Color...pg. 407
	Sarkar, A Color Matching Experiment Using...pg. 414
	Shamey, Evaluation of Performance of Twelve...pg. 423

	Thursday Keynote
	Hardeberg, Color by Numbers - Quantifying...pg. 429

	Colour Reproduction II
	Singnoo, RGBE vs Modified TIFF for Encoding...pg. 431
	Cao, Saliency Models as Gamut-Mapping...pg. 437
	Ukishima, Spectral Image Prediction of Color...pg. 444
	Fierro, RAW Image Files: The Way...pg. 452
	Bakke, Simplified Gamut Boundary...pg. 459
	Mosny, Cubical Gamut Mapping Colour...pg. 466
	Poynton, Wide-gamut Image Capture...pg. 471

	Colour Difference Equations
	Lissner, Improving Color-Difference Formulas...pg. 483
	Ajagamelle, Analysis of the Difference...pg. 489
	Pant, Evaluating Color Difference Formulae...pg. 497
	Huertas, Checking Recent Colour-Difference...pg. 504
	Kivinen, Comparison of Colour Difference...pg. 510

	Multispectral Colour Science MCS'10
	Klein, Spatial and Spectral Analysis...pg. 516
	Shimano, Noise Analysis of a Multispectral...pg. 523
	Horiuchi, Effective Illumination Control...pg. 529
	Kohonen, Multiresolution-Based Pansharpening...pg. 535
	Kohonen, Enhancing Spectral Color Images...pg. 541
	Martinez, Spectral Variability...pg. 547
	Antikainen, Fast Non-Iterative PCA...pg. 554
	Kwon, Surface Reflectance Models Based...pg. 560


	Author Index
	IS&T Corporate Members




