Colour by Correlation in a Three-Dimensional Colour SpaceKobus Barnard, Lindsay Martin, and Brian FuntDepartment of Computing Science,Simon Fraser University,888 University Drive, Burnaby, BC, Canada, V5A 1S6email: {kobus, funt, colour}@cs.sfu.caphone: 604-291-4717; fax: 604-291-4424Abstract. We improve the promising Colour by Correlation method forcomputational colour constancy by modifying it to work in a threedimensional colour space. The previous version of the algorithm uses onlythe chromaticity of the input, and thus cannot make use of the informationinherent in the pixel brightness. Our work is thus motivated by twoobservations. First, based on pervious work with the related gamut-mapping class of algorithms, we know that the pixel brightness can make asubstantial contribution to colour constancy, even if only the chromaticity ofthe illuminant is sought. Second, the success of the initial version of Colourby Correlation indicates that its use of statistical knowledge about the worldis also useful for colour constancy.We develop the algorithm for the Mondrian world (matte surfaces),the Mondrian world with fluorescent surfaces, and the Mondrian world withspecularities. We also point out how to extend the algorithm to take intoaccount metallic specularities. The statistical occurrence of each of thesetypes of surfaces in the real world can be modeled by the algorithm, whichis significant because, ideally, colour constancy algorithms should be readyto deal with a wide variety of input, even though specific instances of aspecific type of input are uncommon.We test the new algorithm on synthetic data, and on a data set of 321carefully calibrated images. We find that on the synthetic data, the newalgorithm significantly out-performs all other colour constancy algorithms.In the case of image data, the results are also promising. The new algorithmdoes significantly better than its chromaticity counter-part, and itsperformance approaches that of the best algorithms. Since the research intothe method is still young, we are hopeful that the performance gap betweenthe real and synthetic case can be narrowed.Key Words. colour, computational colour constancy, colour bycorrelation, gamut constraint, CRULE, Bayesian statistics

Colour by Correlation in a Three-Dimensional Colour SpaceAbstract. We improve the promising Colour by Correlation, method forcomputational colour constancy by modifying it to work in a threedimensional colour space. The previous version of the algorithm uses onlythe chromaticity of the input, and thus cannot make use of the informationinherent in the pixel brightness. Our work is thus motivated by twoobservations. First, based on pervious work with the related gamut-mapping class of algorithms, we know that the pixel brightness can make asubstantial contribution to colour constancy, even if only the chromaticity ofthe illuminant is sought. Second, the success of the initial version of Colourby Correlation indicates that its use of statistical knowledge about the worldis also useful for colour constancy.We develop the algorithm for the Mondrian world (matte surfaces),the Mondrian world with fluorescent surfaces, and the Mondrian world withspecularities. We also point out how to extend the algorithm to take intoaccount metallic specularities. The statistical occurrence of each of thesetypes of surfaces in the real world can be modeled by the algorithm, whichis significant because, ideally, colour constancy algorithms should be readyto deal with a wide variety of input, even if specific instances of a giventype of input are uncommon.We test the new algorithm on synthetic data, and on a data set of 321carefully calibrated images. We find that on the synthetic data, the newalgorithm significantly out-performs all other colour constancy algorithms.In the case of image data, the results are also promising. The new algorithmdoes significantly better than its chromaticity counter-part, and itsperformance approaches that of the best algorithms. Since the research intothe method is still young, we are hopeful that the performance gap betweenthe real and synthetic case can be narrowed.

21IntroductionThe image recorded by a camera depends on three factors: The physical content of the scene, theillumination incident on the scene, and the characteristics of the camera. It is the goal ofcomputational colour constancy to identify, separate, or mitigate the effects of these factors. Doingso has applications in computer vision and image reproduction.In this paper we improve the promising Colour by Correlation [1] method forcomputational colour constancy by casting it in a three-dimensional colour space. Colour byCorrelation is promising because it can combine more sources of information than the related state-of-the-art gamut-mapping approach [2-6], and thus it is potentially even more effective. The extrasource of information that becomes available is the statistical distribution of expected surfaces andilluminants, and how their interactions affect the expected distribution of the observed cameraresponses. However, the current version of Colour by Correlation uses only chromaticityinformation. Since the algorithm works in a chromaticity space, it has no way of using anyinformation that might be available in the pixel brightness. However, previous work has shownthat it is beneficial to use the pixel brightness information [4, 6, 7], even if only the illuminantchromaticity is being sought. Thus it is natural to modify Colour by Correlation so that it can alsouse this information.In this paper we provide details of the changes required to have this algorithm work in athree-dimensional colour space. The modified algorithm naturally allows extensions for bothmetallic and non-metallic specularities, in analogy with previous work on gamut-mapping for theseconditions [7, 8]. In addition, the algorithm can deal with fluorescent surfaces, much like the two-dimensional version, as described in [7, 9]. We begin with a brief discussion of the two-dimensional Colour by Correlation algorithm.2Colour by Correlation in Chromaticity SpaceFinlayson et el. introduced Colour by Correlation [1] as an improvement on the Colour inPerspective method [3]. The basic idea of Colour by Correlation is to pre-compute a correlationmatrix which describes how compatible proposed illuminants are with the occurrence of imagechromaticities. Each row in the matrix corresponds to a different training illuminant. The matrixcolumns correspond to possible chromaticity ranges resulting from a discretization of (r,g) space,ordered in any convenient manner. Two versions of Colour by Correlation are described in [1]. Inthe first version, the elements of the correlation matrix corresponding to a given illuminant arecomputed as follows: First, the (r,g) chromaticities of the reflectances in the training set under thatilluminant are computed using the camera sensors. Then the convex hull of these chromaticities isfound, and all chromaticity bins within the hull are identified as being compatible with the givenilluminant. Finally, all entries in the row for the given illuminant corresponding to compatiblechromaticities are set to one, and all other elements in that row are set to zero.To estimate the illuminant chromaticity, the correlation matrix is multiplied by a vectorwhose elements correspond to the ordering of (r,g) used in the correlation matrix. The elements ofthis vector are set to one if the corresponding chromaticity occurred in the image, and zerootherwise. The i’th element of the resulting vector is then the number of chromaticities which areconsistent with the illuminant. Under ideal circumstances, all chromaticities in the image will beconsistent with the actual illuminant, and that illuminant will therefore have maximal correlation.As is the case with gamut-mapping methods, it is possible to have more than one plausibleilluminant, and in our implementation we use the average of all candidates close to the maximum.We label this algorithm C-by-C-01 in the results.

3In the second version of Colour by Correlation, the correlation matrix is set up to computethe probability that the observed chromaticities are due to each of the training illuminants. The bestilluminant can then be chosen using a maximum likelihood estimate, or using some other estimateas discussed below. To compute the correlation matrix, the set of (r,g) for each illuminant usingour database of surface reflectances is again found. The frequency of occurrence of each discrete(r,g) is then recorded. If additional information about the frequency of occurrence of thesereflectances is available, then the frequency counts are weighted accordingly. However, since sucha distribution is not readily available for the real world, in our implementation we simply useuniform statistics. The same applies for the illuminant data set. The counts are proportional to theprobability that a given (r,g) would be observed, given the specific illuminant. The logarithms ofthese probabilities for a given illuminant are stored in a corresponding row of the correlationmatrix. The application of the correlation matrix, which is done exactly as described above, nowcomputes the logarithm of the posterior distribution.This computation of the posterior distribution is a simple application of Bayes’s rule.Specifically, the probability that the scene illuminant is I, given a collection of observedchromaticities C, is given by:

P(I|C) = P(C| I)P(I)

P(C)

(1)Since we are assuming uniform priors for I, and since P(C) is a normalization which is not ofinterest, this reduces to:

P(I|C)∝ P(C| I)

(2)Assuming that the observed chromaticities are independent, P(C|I) itself is the product of theprobabilities of observing the individual chromaticities c, given the illuminant I:

P(C| I) = P(c| I) c∈C∏

(3)Taking logarithms gives:

log(P(C| I)) = log(P(c| I) c∈C∑ )

(4)This final quantity is exactly what is computed by the application of the correlation matrix to thevector of chromaticity occurrences. Specifically, the i’th element of the resulting vector is thelogarithm of the posterior probability for the i’th illuminant.The method described so far will work fine on synthetic data, provided that the testilluminant is among the training illuminants. However, once we apply the method to the realworld, there are several potential problems. First, due to noise, and other sources of mismatchesbetween the model and the real world, an observed set of chromaticities can yield zero probabilityfor all illuminants, even if the illuminant, or a similar one, is in the training set. Second, theillumination may be a combination of two illuminants, such as an arbitrary mix of direct sunlightand blue sky, and ideally we would like the method to give an intermediate answer. We deal withthese problems as follows. First, as described below, we ensure that our illuminant set covers (r,g)space, so that there is always a possible illuminant not too far from the actual. Second, as we buildthe correlation matrices, we smooth the frequency distribution of observed (r,g) with a Gaussianfilter. This ensures that there are no holes in the distribution, and compensates for noise.

4Example Colour by Correlation Posterior Distribution^{0.25 0.3 0.35 0.210.220.230.240.250.260.270.280.2900.51 r = R/(R+G+B) g = G/(R+G+B)Normalized Probability}Figure 1: An example posterior distribution, showing the probabilities that the illuminant in the training set with

The Extension to Three Dimensions

Algorithm Summary

G. D. Finlayson, P. H. Hubel, and S. Hordley, Color by Correlation, Proc. IS&T/SID Fifth Color ImagingConference: Color Science, Systems and Applications, pp. 6-11 (1997).

D. Forsyth, A novel algorithm for color constancy, International Journal of Computer Vision,

, pp. 5-36

G. D. Finlayson, Color in perspective, IEEE Transactions on Pattern Analysis and Machine Intelligence

, pp. 1034-1038 (1996).

K. Barnard, Computational colour constancy: taking theory into practice, MSc Thesis: Simon FraserUniversity, School of Computing (1995).

G. Finlayson and S. Hordley, A theory of selection for gamut mapping colour constancy, Proc. IEEEConference on Computer Vision and Pattern Recognition (1998).

B. Funt, K. Barnard, and L. Martin, Is Colour Constancy Good Enough?, Proc. 5th European Conferenceon Computer Vision, pp. I:445-459 (1998).

K. Barnard, Practical colour constancy, Ph.D. Thesis: Simon Fraser University, School of Computing

Color Imaging Conference: Color Science, Systems and Applications (1999).

Conference: Color Science, Systems and Applications (1999).

D. H. Brainard and W. T. Freeman, Bayesian color constancy, Journal of the Optical Society of America

, pp. 1393-1411 (1997).

E. L. Krinov, Spectral Reflectance Properties of Natural Formations: National Research Council of

, pp. 576-585 (1999).

RMS Algorithm Chromaticity Performance versusNumber of Surfaces in Synthetic Scenes

Figure 2: The chromaticity performance of the new method as compared to the two-dimensional version of thealgorithm and two gamut mapping methods. For both Colour by Correlation methods we provide results using bothmaximum likelihood (MAP) and mean likelihood (MMSE) estimation.

of the input.

Estimate illuminant by the max RGB in each channel.

Estimate illuminant colour by assuming that image average is the colour of a 50% reflectance

Estimate illuminant colour by assuming that image average is the colour of the average of a

CRULE with illumination constraint

Solutions are chosen from the feasible set delivered by the gamut mapping method using themax volume heuristic chosen to emphasize illuminants with chromaticities around the maximum volume solution,

Colour by Correlation [1], with a Gaussian mask to smooth the correlation matrix andmaximum likelihood estimate.

Colour by Correlation [1], with a Gaussian mask to smooth the correlation matrix and meanlikelihood estimate.

paper, and using the maximum likelihood estimate.

Correlation, this is described in [9]. For 3D-C-by-C, the algorithm is developed in this work.

by-C, the algorithm is developed in this work.

Table 1: Key to the algorithms referred to in the results.

Synthetic scenes with

: Algorithm chromaticity performance under three different conditions of variants of the new methodsdesigned for the various conditions, as well as that for a number of comparison algorithms. For these results, the

chromaticity of the illuminant.

Table 3: Algorithm chromaticity performance in the Mondrian world of the new method (MAP and MMSE), aswell as that for a number of comparison algorithms. For these results, the second method of dealing with our

chromaticity of the illuminant.Table 4: Algorithm chromaticity performance on 321 images of the new method with two estimators (MAP andMMSE), as well as that for a number of comparison algorithms. For these results, the second method of dealing

INSERT COLOUR PLATE HEREFigure 3: The images of the scenes used for real data under a standard illuminant