Color Constancy with Specular andNon-Specular SurfacesKobus Barnard and Brian FuntSchool of Computing Science, Simon Fraser UniversityBurnaby, British ColumbiaCanada V5A 1S6{kobus, funt}@cs.sfu.caAbstractThere is a growing trend in machine color constancy researchto use only image chromaticity information, ignoring themagnitude of the image pixels. This is natural because themain purpose is often to estimate only the chromaticity ofthe illuminant. However, the magnitudes of the imagepixels also carry information about the chromaticity of theilluminant. One such source of information is throughimage specularities. As is well known in the computationalcolor constancy field, specularities from inhomogeneousmaterials (such as plastics and painted surfaces) can be usedfor color constancy. This assumes that the image containsspecularities, that they can be identified, and that they do notsaturate the camera sensors. These provisos make itimportant that color constancy algorithms which make useof specularities also perform well when the they are absent.A further problem with using specularities is that the keyassumption, namely that the specular component is thecolor of the illuminant, does not hold in the case of coloredmetals.In this paper we investigate a number of colorconstancy algorithms in the context of specular and non-specular reflection. We then propose extensions to severalvariants of Forsyth�s CRULE algorithm [1-4] which makeuse of specularities if they exist, but do not rely on theirpresence. In addition, our approach is easily extended toinclude colored metals, and is the first color constancyalgorithm to deal with such surfaces. Finally, our methodprovides an estimate of the overall brightness, whichchromaticity-based methods cannot do, and other RGB basedalgorithms do poorly when specularities are present.IntroductionThe image recorded by a camera depends on three factors:The physical content of the scene, the illumination incidenton the scene, and the characteristics of the camera. This leadsto a problem for many applications where the main interestis in the physical content of the scene. Consider, forexample, a computer vision application which identifiesobjects by color. If the colors of the objects in a database arespecified for tungsten illumination (reddish), then objectrecognition can fail when the system is used under the veryblue illumination of a clear sky. This is because the changein the illumination affects object colors far beyond thetolerance required for reasonable object recognition. Thus theillumination must be controlled, determined, or otherwisetaken into account.The ability of a vision system to diminish, or inthe ideal case, remove, the effect of the illumination, andtherefore �see� the physical scene more precisely, is calledcolor constancy. There is ample evidence that the humanvision system exhibits some degree of color constancy.Interest in human vision, as well as robotics and imagereproduction applications, has led to much research intocomputational methods to achieve color constancy. In thispaper we build on this body of work, and propose andalgorithm which combines the strengths of two differentapproaches to color constancy. We combine the informationinherent in collections of matte surfaces and the informationinherent in specularities. Interestingly, our method is easilyextended to work with specularities from colored metals suchas copper, and is the only method we know of which does so(but see [5-9] for related work).The use of specularities for machine colorconstancy has its origin in the dichromatic model ofreflectance [10, 11]. This model separates the light reflectedfrom inhomogeneous materials such as plastics and paintsinto a diffuse (body) component, and a specular (interface)component. The body reflection blends the spectralreflectance properties of the object with that of theillumination, whereas the specular component has the samespectral makeup as the illuminant. Reflections from differentparts of the same surface have varying amounts of the tworeflection components due to changes in geometry, andvarious researchers have used this property to estimate theilluminant color [10, 12-16]. Alternatively, since themaximal specular reflection is typically much larger than thebody reflection, a bright specularity can be a good estimateof the illuminant color as is, if it can be identified as aspecularity. Either way, using specular reflection for colorconstancy typically requires an implicit physical segmentation of the image pixels, and the difficulties indoing this have, in part, inspired the present work.In this paper we investigate a number of colorconstancy algorithms in the context of specular and non-specular reflection. We then propose extensions to severalvariants of Forsyth�s CRULE algorithm [1-4] which makeuse of specularities if they exist, but do not rely on theirpresence. In addition, our approach is easily extended toinclude colored metals, and is the first color constancyalgorithm to deal with such surfaces. Finally, our methodprovides an estimate of the overall brightness, whichchromaticity-based methods cannot do, and other RGB basedalgorithms do poorly when specularities are present.Approaches to Computational ColorConstancyFor the purposes of this study, we will assume that the goalof the algorithms is to estimate the response of the visionsystem to a perfect white patch. This response will looselybe referred to as the color of the illuminant. It is mostnatural for that response to be the same dimension as thenumber of sensors in the vision system, and thus, for astandard color camera, the response would be the (R,G,B) ofa white patch under that illuminant. However, it is often thecase that we are most interested in the chromaticity of theilluminant, and an estimate of that chromaticity will suffice.This being the case, a number of color constancy algorithmshave been developed which work entirely in somechromaticity spaces [2, 4, 17-20], and much progress hasbeen made by taking advantage of the simplificationsafforded by this strategy.Nonetheless, if we now consider the case wherespecularities are present, we observe that certain RGB basedalgorithms, such as the original CRULE algorithm,estimate the illuminant chromaticity surprisingly well�even though they were not designed to optimizechromaticity estimation [3, 21]. The success of thesealgorithms when specularities are present is limited by thedynamic range of the vision system. We expect moredynamic range to become available to machine visionsystems (see [22] for information about one high dynamicrange camera), but currently, specularities tend to be clipped,and such pixels must be excluded as unreliable. As clippingbecomes severe, these methods degrade, especially Retinex[21]. We also note that using these algorithms forillumination brightness estimation fails when strongspecularities are present.Chromaticity-based approaches, on the other hand,cannot use specular information on a pixel by pixel basis,and cannot provide illuminant brightness estimation.However, as noted above, we are often most interested inilluminant chromaticity estimation, and these approachestend to be robust with respect to specularities. This isbecause specularities in chromaticity space simply desaturatecolors, leading to colors which are perhaps less useful to thealgorithm, but are nonetheless plausible [2], and thus thedegradation is graceful. The essence of this observation alsoapplies in the case of colored metals.In contrast to the above algorithms (and others),which we analyze post hoc with respect to their abilities toignore or take advantage of specularities, several researchershave developed computational color constancy methodswhich explicitly use and rely on specularities [10, 12-16]. Infavorable situations, these methods can work well, butstrong specularities are not always present, and as notedabove, are often clipped. Furthermore, specularities fromcolored metals are not the same color as the illuminant, andthese methods do not address this. These considerations leadus to propose extensions to several of the variants ofForsyth�s CRULE method which take advantage ofspecularities if they exist, but continue to be strongalgorithms if there are no specularities present.Extending CRULE for specularitiesWe will now provide some additional details of theextension beginning with a brief review of Forsyth�s method[1]. First we form the set of all possible RGB due tosurfaces in the world under a known, �canonical� illuminant.The set is convex and is represented by its convex hull. Wewill refer to this set as the canonical gamut. The set of allpossible RGB under the unknown illuminant is similarlyrepresented by its convex hull. Now, under the diagonalassumption of illumination change, these two hulls are aunique diagonal mapping (a simple 3D stretch) of eachother. To understand this assumption further, suppose thatthe RGB of white under the unknown illuminant is (Wr,Wg, Wb), and the RGB of white under the canonicalilluminant is (Wr�, Wg�, Wb�). Then the RGB of white inthe unknown gamut is mapped to the corresponding RGB inthe canonical gamut by multiplication by the matrixDIAG(Wr�/Wr, Wg�/Wg, Wb�/Wb). To the extent that thissame mapping applies to other, non-white surfaces, we saythat we have a diagonal model of illumination change. Theefficacy of this model is partly a function of the visionsystem sensors, and is a good approximation for our camera.The gamut mapping strategy is to constrain the setof possible diagonal maps, with each map corresponding toan illuminant estimate. Figure 1 illustrates the situationusing triangles for the gamuts. The upper thicker trianglerepresents the unknown gamut of the possible sensorresponses under the unknown illuminant, and the lowerthicker triangle represents the known gamut of sensorresponses under the canonical illuminant. We seek themapping between the sets, but since the one set is notknown, we estimate it by the observed sensor responses,which form a subset, illustrated by the thinner triangle.Because the observed set is normally a proper subset, themapping to the canonical is not unique, and Forsythprovides a method for effectively computing the set ofpossible diagonal maps. (See [1-4, 23] for more details ongamut mapping algorithms). Another importantcontribution was the observation that the set of maps couldfurther be constrained by restricting them to ones corresponding to common or expected illuminants [2]. Wewill make use of this extra constraint in this study, and wewill denote algorithms using them as "extended" CRULE, orE-CRULE for short.The convex hull of measured RGB is taken as an approximation of the entire gamut under the unknown illuminant

The unknown gamut of all possible

all possible RGB under the known, canonical illuminant.

Possible maps

Figure 1: Illustration of the basic idea of gamut mapping colorconstancy.Once the set of possible maps has been computed,an important second stage of the algorithm is to choose asolution from the feasible set. The original method was tochoose the mapping which maximized the volume of themapped set. Although it was not designed to do so, we haveobserved that this method is a good choice for estimating theilluminant chromaticity, especially in the presence ofspecularities. (Note that the selected diagonal map implicitlyspecifies an estimate of the illuminant color as definedabove). A second method for choosing a solution is toaverage the possible maps. This method potentially gives abetter estimate of the illuminant RGB [3, 21], and can bemore robust under clipping.In order to use Forsyth’s method in the case ofspecularities, we model specular reflection and extend thecanonical gamuts appropriately. The canonical gamuts arepolytopes in RGB space, having roughly the shape of twomulti-faceted pyramids which are joined together at theiridentical bases. We normally include the origin as one of thevertices (and thus it is the apex of one of the pyramids),because, a priori, the observed RGB could all be due tosurfaces which are arbitrarily dark as a result of beingobliquely illuminated. At the other extreme (the apex of theother pyramid) there is a vertex corresponding to the whitestreflectance. To include specularities we take that vertex, andmove it away from the origin, along the line connecting tothe origin. Thus the hull facets adjacent to the origin remainthe same, but the ones adjacent to the RGB of white arestretched away from the origin. In other words, we add asingle reflectance to our world which is a multiple of auniform reflectance. The multiple should be large enough toaccommodate a bright specularity taking the dynamic rangeof the vision system into account, but the exactspecification of the value is not very important. (We haveexperimented with factors of 2, 4, and 8). The concept isillustrated using two dimensions in Figure 2.

Projection of observed gamut. The shaded part is the gamut due to diffuse surfaces. Projection of the canonical gamut. The broken line shows the inclusion of specularities. The dotted line shows the gamut used by chromaticity methods. Here the gamuts are cones in RGB space.

Mapping the observed

sense if we model the specularities.Figure 2. Illustration of gamut extension used for specularities.The gamuts are actually polytopes in 3 dimensional RGB space.While very simple, the method naturally modelsreal specularities which are always a combination of thespecular reflection and the underlying body reflection. Boththe specular reflection and the body reflection are part of theconvex hull, and thus any convex combination of them isalso in the hull. Finally, to include the specular reflection ofcolored metals (brass, copper, gold), we add multiples of thereflections for these substances into the canonical gamut.The color of specularities is still quite restricted, beingsomewhere between white and the color of copper, but theexistence of metallic specularities will now work with,instead of against, the information provided by the othercolors.

The new canonical gamut is then used as part ofstandard RGB based gamut-mapping algorithms. As in [3]and [21] we used Finlayson’s illumination constraint. Weinvestigate the two methods for choosing a solution fromthe constraint set that were mentioned above, those beingthe original maximum volume method and the average overthe feasible set. When the illumination constraint is used,this set is not precisely convex, and we numericallyintegrate to obtain the average.This method works well even if there are nospecularities. The work of Finlayson and Hordley [4]suggests that the most important facets in the non-specularcase are the ones adjacent to the origin; specifically the onesnot modified by our method. The arguments in that workalso imply that our method should be at least as strong asany chromaticity-based gamut-mapping algorithm, regardlessof the presence of specularities. Of course, whenspecularities are present, our algorithm should excel.Finally, when there are strong un-clipped specularities, ouralgorithm estimates the overall illuminant brightness betterthan all other algorithms.Experiments and ResultsWe have tested the above methods both on synthetic imagedata, and on real image data. For the former, we generateddata without specularities, with non-metallic specularities,and with a mixture of metallic and non-metallicspecularities. To model the metallic specularities wemeasured the specular reflectance of a number of metallicobjects using a Photoresearch PR-650 spectraradiometer.The metallic samples included several brass and coppersurfaces, as well as gray metallic surfaces such as aluminumand stainless steel. We modeled non-specular reflectanceusing a database of roughly 2000 reflectance spectra obtainedfrom a number of sources including some of our ownmeasurements. For each simulated "world" we ran all thealgorithms on 200 randomly selected groups of 4 surfacesunder randomly selected illuminants. Color constancy onsuch a small number of surfaces is difficult on average, andthus doing well requires specularities. For each set ofgenerated data we also simulated pixel clipping.We provide the results of the algorithms using twodifferent error metrics. The first measures the ability of thealgorithms to estimate the chromaticity of the illuminant.Here we consider the illuminant RGB and the correspondingestimate thereof as vectors in RGB space, and compute theangle between these two vectors in degrees. The second errormetric is simply the Euclidean distance between these twovectors.In general, the results are very encouraging. We seethat the original CRULE algorithm (with Finlayson’sillumination constraint) and the Retinex method work wellwhen there are good specularities, but that these algorithmsare more sensitive than the others to clipping, and give poorilluminant brightness results (Table 3). On the other hand,the new algorithms, as exemplified by "SP-ECRULE-AVE", do not have these problems. We also found, notsurprisingly, that if metallic specularities are present, thenmodeling metallic specularities yields better results. On thenegative side, the error in the illuminant chromaticityestimates increases somewhat when such surfaces are absent.Further work is needed to characterize this tradeoff.We also provide some results on real images fromtwo data sets (Table 4). The first data set consisted of sceneswith and without significant specularities, but with fewmetallic specularities. In this data set there are 33 scenestaken under 11 different illuminants. Several images wereculled due to problems, leaving 321 test images. For thesecond set we used seven scenes with metallic specularitiesunder the same 11 illuminants. Again, some images wereculled, leaving 71. The images were taken at low enoughlight to minimize clipping due to specularities, and thedynamic range was extended by averaging multiple frames.This allows us to investigate strong specularities, and thepossibilities afforded by higher dynamic range cameras.The image data results generally confirm the resultsfound with synthetic data. Overall the gamut mappingalgorithms do well compared to the other algorithms on realdata. However, part of their success may be due to the useof images with extended dynamic range, and therefore futurework will look at the effect of artificially clipping such data.ConclusionsWe have considered computational color constancy in thecontext of scenes with both specular and non-specularsurfaces. We have also proposed an algorithm which isexplicitly designed to make use of both types ofinformation. This is in contrast to most current colorconstancy algorithms which generally focus on using onlythe matte surfaces or only the specularities. Unlike otheralgorithms using specular information, our method does notneed to identify groups of pixels as corresponding to thesame surface under different geometry. Instead, the methodimplicitly uses the information inherent in the brightness ofthe image pixels. However, since the method extends thealready capable gamut mapping approach, the method cangive good results even when specularities are not present. Inaddition, our method is easily extended to deal with specularreflection from colored metals, and is the first colorconstancy algorithm to do so. The new algorithms yieldgood results on both synthetic and real image data.AcknowledgmentsWe are grateful for the support of Hewlett-PackardCorporation and the Natural Sciences and EngineeringCouncil of Canada. In addition we acknowledge the efforts ofLindsay Martin and Adam Coath who helped greatly withthe data collection.

Table 1: Key to algorithmsECRULECRULE with illumination constraint

MVSolution maximizes volume of mapped set

AVESolution is the average of feasible set

RetinexEstimate illuminant color by the maximum of each channel.

Gray WorldEstimate illuminant color by image average

Table 2: Average angular error in RGB space of illuminant estimate (generated data)No specularitiesSimulatedspecularitiesSimulatedspecularities andsimulatedclippingSimulated metallicand non-metallicspecularitiesSimulated metallicand non-metallicspecularities andclipping

ECRULE-MV8.43.638.93 7.44 9.29

ECRULE-AVE8.06.558.43 7.00 8.57

SP-ECRULE-MV8.64.229.37 7.69 9.56

SP-ECRULE-AVE7.63.848.03 6.46 8.59

MET-ECRULE-MV9.45.8810.497.4110.17

MET-ECRULE-AVE8.77.019.556.25 9.52

Retinex13.25.1212.8810.3012.80

Gray World11.96.6613.38 9.9512.41

Color by correlation8.05.129.246.81 9.08

Neural Net7.36.128.136.59 8.52

Table 3: Average RMS error of illuminant RGB estimate (generated data)No specularitiesSimulatedspecularitiesSimulatedspecularities andsimulatedclippingSimulated metallicand non-metallicspecularitiesSimulated metallicand non-metallicspecularities andclipping

ECRULE-MV14711031594574163

ECRULE-AVE12520201497653152

SP-ECRULE-MV206 1662411944237

SP-ECRULE-AVE138 2361693327176

MET-ECRULE-MV227 204261478257

MET-ECRULE-AVE161 171205 905204

Retinex201 8841983487204

Gray World14110651733046162

Table 4: Average angular error in RGB spaceof illuminant estimate (image data).

Images withoutmetallic surfacesImages withmetallic surfaces

ECRULE-MV5.312.0

ECRULE-AVE6.611.2

SP-ECRULE-MV6.310.9

SP-ECRULE-AVE6.410.9

MET-ECRULE-MV7.210.4

MET-ECRULE-AVE7.510.6

Retinex7.813.9

Gray World12.016.4

Color by correlation11.013.6

Neural Net9.812.2

References1 . D. Forsyth, A novel algorithm for color constancy,International Journal of Computer Vision, 5, pp. 5-36(1990).2 . G. D. Finlayson, Color in perspective, IEEE Transactionson Pattern Analysis and Machine Intelligence, 18, pp.1034-1038 (1996).3 . K. Barnard, Computational colour constancy: takingtheory into practice, Simon Fraser University, School ofComputing (1995).4 . G. Finlayson and S. Hordley, A theory of selection forgamut mapping colour constancy, Proc. IEEE Conferenceon Computer Vision and Pattern Recognition(1998).5 . G. J. Klinker, S. A. Shafer, and T. Kanade, A physicalapproach to color image understanding, InternationalJournal of Computer Vision, 4, pp. 7-38 (1990).6 . B. Maxwell, Segmentation and interpretation usingmultiple physical hypotheses of image formation, CMU,(1996).7 . B. A. Maxwell and S. A. Shafer, Physics-basedsegmentation: moving beyond color, Proc. IEEE ComputerSociety Conference on Computer Vision and PatternRecognition, pp. 742-749 (1996).8 . B. A. Maxwell and S. A. Shafer, Physics-basedsegmentation of complex objects using multiplehypotheses of image formation, Computer Vision andImage Understanding, 65, pp. 269-295 (1997).9 . G. Healey, Using color for geometry-insensitivesegmentation, Journal of the Optical Society of America A,6, pp. 920-937 (1989).10.S. A. Shafer, Using color to separate reflectioncomponents, COLOR Research and Application, 10, pp.210-218 (1985).11.S. K. Nayar, K. Ikeuchi, and T. Kanade, Surface reflection:physical and geometric perspectives, IEEE Transactions onPattern Analysis and Machine Intelligence, 13, pp. 611-634 (1991).12.M. D’Zmura and P. Lennie, Mechanisms of colorconstancy, Journal of the Optical Society of America A, 3,pp. 1662-1672 (1986).13.H.-C. Lee, Method for computing the scene-illuminantchromaticity from specular highlights, Journal of theOptical Society of America A, 3 pp. 1694-1699 (1986).14.S. Tominaga and B. A. Wandell, Standard surface-reflectance model and illuminant estimation, Journal of theOptical Society of America A, 6, pp. 576-584 (1989).15.S. Tominaga, Realization of color constancy using thedichromatic reflection model, Proc. IS&T/SID 2nd. ColorImaging Conference: Color Science, Systems andApplications, pp. 37-40 (1994).16.W. M. Richard, Automated detection of effective sceneilluminant chromaticity from specular highlights in digitalimages, : Center for Imaging Science, Rochester Instituteof Technology (1995).17.G. D. Finlayson, P. H. Hubel, and S. Hordley, Color byCorrelation, Proc. IS&T/SID Fifth Color ImagingConference: Color Science, Systems and Applications, pp.6-11 (1997).18.B. Funt, V. Cardei, and K. Barnard, Learning ColorConstancy, Proc. IS&T/SID Fourth Color ImagingConference: Color Science, Systems and Applications, pp.58-60 (1996).19.V. Cardei, B. Funt, and K. Barnard, Modeling colorconstancy with neural networks, Proc. InternationalConference on Vision Recognition, Action: Neural Modelsof Mind and Machine (1997).20.V. Cardei, B. Funt, and K. Barnard, Adaptive IlluminantEstimation Using Neural Networks, Proc. InternationalConference on Artificial Neural Networks (1998).21.B. Funt, K. Barnard, and L. Martin, Is Colour ConstancyGood Enough?, Proc. 5th European Conference onComputer Vision, pp. I:445-459 (1998).22.U. Seger, G. H.-G. Graf, and M. E. Landraf, Visionassistance in scenes with extreme contrast, IEEE Micro,13, pp. 50-56 (1993).23.G. D. Finlayson, Coefficient Color Constancy, SimonFraser University, School of Computing (1995).