Is Machine Colour Constancy Good Enough?Brian Funt, Kobus Barnard and Lindsay MartinSchool of Computing Science,Simon Fraser UniversityBurnaby, British ColumbiaCanada V5A 1S6{funt, kobus, colour}@cs.sfu.caAbstractThis paper presents a negative result: current machine colour constancy algorithmsare not good enough for colour-based object recognition. This result has surprised ussince we have previously used the better of these algorithms successfully to correctthe colour balance of images for display. Colour balancing has been the typicalapplication of colour constancy, rarely has it been actually put to use in a computervision system, so our goal was to show how well the various methods would do onan obvious machine colour vision task, namely, object recognition. Although all thecolour constancy methods we tested proved insufficient for the task, we consider thisan important finding in itself. In addition we present results showing the correlationbetween colour constancy performance and object recognition performance, and asone might expect, the better the colour constancy the better the recognition rate.This paper was presented at the 5th European Conference in computer vision.Brian Funt, Kobus Barnard, and Lindsay Martin, ÒIs Colour Constancy GoodEnough,Ó5th European Conference on Computer Vision, 1998. pages 445-459.© Springer-Verlag (The copyright of this paper has been transferred to Springer-Verlag. As outlined in the agreement(www.springer.de/comp/lncs/miscella/copyrigh.pdf) Springer-Verlag kindly allowauthors to distribute their work through their own web sites.)

Is Machine Colour Constancy Good Enough?Brian Funt, Kobus Barnard and Lindsay MartinSchool of Computing Science, Simon Fraser UniversityBurnaby, British ColumbiaCanada V5A 1S6{funt, kobus, colour}@cs.sfu.caAbstract. This paper presents a negative result: current machine colourconstancy algorithms are not good enough for colour-based objectrecognition. This result has surprised us since we have previously used thebetter of these algorithms successfully to correct the colour balance ofimages for display. Colour balancing has been the typical application ofcolour constancy, rarely has it been actually put to use in a computer visionsystem, so our goal was to show how well the various methods would do onan obvious machine colour vision task, namely, object recognition.Although all the colour constancy methods we tested proved insufficient forthe task, we consider this an important finding in itself. In addition wepresent results showing the correlation between colour constancyperformance and object recognition performance, and as one might expect,the better the colour constancy the better the recognition rate.1IntroductionWe set out to show that machine colour constancy had matured to the point where itwould be useful in other aspects of machine vision. Since all the different colourconstancy algorithms require only a fraction of a second to run, they could be practicalso long as their results were sufficiently accurate. ÔSufficiently accurateÕ begs thequestionÑÒAccurate enough for what?ÓÑso we needed to choose a representative taskthat would provide an answer to the question and simultaneously give us a way tomeasure accuracy.In the past the performance of colour constancy algorithms has been reported interms of average angular error or RMS error between the predicted and target images[1]. In this paper, we test colour constancy by putting it to use in colour-based objectrecognition. The object recognition strategy is Swain and BallardÕs Òcolour indexingÓmethod [2], which is based on comparing histograms of the distribution of imagecolours. Colour indexing fails miserably when the ambient light illuminating theobject to be recognized differs from that used in constructing the database of modelimages. Swain and Ballard suggest using colour constancy preprocessing as a way ofaddressing this problem; however, it has since been solved by introducingillumination-independent representations (e.g., relative colour instead of absolutecolour [3] or by moment-based representations of colour histograms [4]).Nonetheless, if colour constancy methods work then it seems a natural task for themto be used in preprocessing images prior to indexing as Swain and Ballard originallysuggested.

Clearly, the fact that colour indexing is sensitive to variations in the ambientscene illumination is to be expected since its an entirely colour-based method and thescene illumination directly affects the image RGB colour1. The question we addresshere is whether or not existing colour constancy algorithms are effective enough atgenerating illumination-independent colour descriptors that colour indexing will workunder the typical range of scene illuminations that are encountered in practice such asdaylight, tungsten light, and fluorescent office lighting. Since our goal is to testcolour constancy, not to develop a new and improved object-recognition scheme, weuse colour indexing without modification.The outline of the paper is as follows: first colour indexing and the importance ofcolour constancy for it will be discussed; then the method for colour correction given agood estimate of the illumination will be considered; this will be followed by a briefdescription of each of the colour constancy methods (greyworld, white-patch retinex,neural net, 2D gamut-constraint, and 3D gamut-constraint); next is the experimentalsetup and a description of the database of test images; following this are results anddiscussion.2Colour Indexing and Colour ConstancyThe task for a machine colour constancy algorithm is to generate illumination-independent descriptors of the scene colours measured in terms of the camera RGBcoordinates. The camera output is affected by the surface reflectance and theillumination. For the red channel we have

R(x,y) = E(∫ λ )S(x,y,λ )C^R (λ )

(1)where

CR (λ )

is the spectral sensitivity of the cameraÕs redchannel(similar equationsfor the greenandblue channels

G(x,y)

and

B(x,y)

),

E(λ )

is the spectrum of theincident illumination, and

S(x,y,λ )

is the spectral reflectance of the surface.We assume that the relative spectral power distribution of

E(λ )

is spatiallyinvariant (its intensity may vary), although some colour constancy methods have beendeveloped that exploit spatial variation in illumination [5]. Surface colours as theywould have appeared under some chosen ÔcanonicalÕ illuminant will be used asillumination-independent colour descriptors. Hence the machine colour constancyproblem can be expressed as that of deriving an image of the scene as it would appearunder the canonical illuminant RGBcanonical(x,y) given the image of the sceneRGBunknown(x,y) underthe unknown illuminant. The mapping has only to accountfor the changein relative spectralpowerdistribution betweenthe unknown andcanonical illuminants.Many colour constancy methods estimate only the chromaticity of the coloursunderthe canonicalilluminant andignore the intensity component. Therearemany

1 RGB space defined as the output of our SONY DXC-930 3-CCD colour video camera.Strictly speaking ÔcolourÕ is what a human observer perceives, but in this paper we willalso use it to refer to a pixelÕs RGB.

ways of normalizing the RGB to eliminate the effect of intensity of which we will usetwo different ones here. Colour indexing will be based on the standard chromaticitycoordinate space:r=R/(R+G+B); g=G/(R+G+B)(2)For colour correction and the 2D gamut-constraint algorithm discussed below, we willuser=R/B; g=G/B(3)Colour constancy algorithms will be used to convert between chromaticityÔimagesÕ, in other words from the chromaticity under the unknown illuminationrgunknown(x,y) they will providean estimate of what the chromaticity rgcanonical(x,y)would have been under the canonical illumination.Colour indexing is performedusing 2-dimensional chromaticity histograms.Swain andBallarddidthe majority of their tests using RGB but they includedsometests with rg-chromaticity space. The methodis quitesimple. First a databaseofmodel(chromaticity) histograms is createdfrom images of the objects that wewishthe system to recognize. The objects needto be separatedfrom the backgroundbeforethe database is built. This segmentation canbe donemanually if needbe. Given animage of an object to be recognizedÑcallit the ÔtestÕ objectÑits chromaticityhistogram is determined. Unlike the casefor the modelobjects, the test object doesnot needto be separatedfrom the image background.The test histogram T is thenintersected with each model histogram M in the database, where intersection is definedas,

H(T,M)= min(Tj

j=1∑ ,Mj) / Mjj=1∑

(4)The model with the highest histogram intersection score is used to identify theunknown object.In our implementation the chromaticity histograms are 16x16. This samplingmight be too coarse for a very large image database, but for our purposes the coarsesampling should help tolerate inaccuracies in colour constancy.3Colour Constancy and Colour CorrectionWe test 5 different colour constancy algorithms: greyworld, white-patch retinex, 2Dgamut-constraint, 3D gamut-constraint and neural network. These algorithms alleither estimate the colour of the incident illumination and then use that estimate totransform the image colours to canonical colour descriptors, or as in the case of thegamut-constraint algorithms, they estimate the transformation directly. We do nottest the Maloney-Wandell [6] algorithm since previous tests [7] have shown it toperform very poorly, often worse than doing no colour constancy at all.The colour correction step is in each case based on a diagonal model ofillumination change. Other names for the diagonal model are von Kries adaptation and

coefficient rule [8] . The diagonal model simply states that the effect of moving fromone scene illuminant to another can be modeled by scaling the R, G, and B channelsby independent scale factors. These scale factors can be written as the elements of adiagonal matrix. Previous work has shown that the diagonal model works almost aswell as a full 3x3 linear model for typical scene illuminants [9]. In particular, for thetype sensors found in our video camera, which have relatively narrow band and non-overlapping sensitivity functions, the diagonal model works very well.Some of the algorithms work in a 2-dimensional chromaticity space. In this casea 2x2 diagonal transform can still model the change in chromaticity caused by movingbetween illuminants. For the diagonal model to hold, the two-dimensionalchromaticity coordinates must be those defined by Equation 3. Finlayson [10] showsthat this choice of chromaticity coordinates is crucial in preserving, in 2-dimensionalcoordinates, the diagonal model of illumination change that was present in the original3-dimensional coordinates.Each of the colour constancy algorithms we test will be described briefly in turn.The version of the greyworld algorithm we use compares the average of all the RGBin the image to a 50% ideal grey under the canonical, i.e., to RGBgrey given byRGBgrey=(1/2)*RGBcanonical. The diagonal scale factors for colour correction then aresimply Rgrey / R a v e r a g e , G g r e y / G a v e r a g e and B g r e y / B a v e r a g e .The white-patch retinex algorithm compares the RGB of white under the canonicalto the maximum found in each of the 3 image bands separately. There are manydifferent variants of retinex and our white-patch version corresponds to the infinite-path-without-reset case described by Brainard and Wandell [11]. It differs from theretinex described by McCann et al. [12] Once the maximum in each colour channel isfound, the diagonal scale factors for colour correction are simply Rcanonical/Rmax,Gcanonical/Gmax and Bcanonical/Bmax.Previously studies [1] have shown the various gamut-constraint methods [8, 10,13] to be some of the best performing machine colour constancy methods. The gamut-constraint method derives constraints on the ambient illumination by evaluating thedifferences between the gamut of colours found in the image and those of a canonicalgamut. For our experiments we constructed the canonical gamut from a database ofhundreds of reflectance spectra from a wide variety of common objects. The canonicalgamut is given by the convex hull of the set of RGB values that would have arisen ifthese reflectances were to be illuminated by the canonical illuminant. To understandthe gamut-constraint method, consider an RGB triple a arising in an image of a sceneunder some unknown illumination. What does aÕs presence reveal about theillumination? Since the canonical gamut represents the full set of RGBÕs everexpected to occur, the same spot under the canonical illuminant must correspond tosome RGB inside the canonical gamut. However, since a has been obtained under anilluminant different from the canonical one, it may no longer lie within the canonicalgamut. The set of diagonal transformations mapping a back to the canonical gamutrepresents the set of possible unknown illuminations.Consider as a simple example a database having only 4 reflectances resulting inthe 4 chromaticities (1,2), (2,5), (4,4), (4,3) under the canonical illuminant. Thecanonical gamut is defined by the convex hull of these 4 points, which in this example happen to all be on the hull. Intensity in this case is eliminated by movingto the two-dimensional chromaticity coordinates defined in Equation 3.Consider an image RGB triple, a=(6,10,2), converted to chromaticity coordinates(3,5), which turns out not to lie within the canonical gamut. What does it take to mapit to the canonical gamut? If we suppose that a corresponds to one of the 4 knownreflectances, say that represented by (1,2) in the canonical gamut, then to map itthere requires a scaling of the first component by 0.33 and the second component by0.4. On the other hand, it might correspond to the canonical gamut point (2,5) inwhich case a scaling of 0.67 and 1.0 is needed. The other 2 canonical gamut pointsyield 2 more scaling pairs. Figure 1 plots the four mappings as filled diamonds.Of course it might have been the case that a corresponds to one of the pointsinside the convex hull of the canonical gamut. However, only linear scalings areinvolved, so mapping to those interior gamut points would only result in scalingswithin the interior of the convex hull (solid lines) of the mappings in Figure 1. Theconvex hull of the set of mappings, therefore, represents the complete set of mappingsthat could take a into the canonical gamut. . Each point within the convex hull inFigure 1 represents a different hypothesis about the unknown illumination. Eachpoint models the change in (r,g) created by moving from the canonical illumination toa possible unknown illumination.The convex hull in Figure 1 therefore expresses the constraints that finding a inthe image imposed on what the unknown illumination might be. The illuminationmust be represented by one of the points within the convex hull because these are allthe illuminations that could possibly have resulted in one of the colours in thecanonical gamut appearing as a.One RGB a yields constraints on the unknown illumination and a second one bwill yield further constraints. Suppose the second chromaticity is (2,4), then themappings taking b to the hull vertices of the canonical gamut are as shown by theopen circles in Figure 1 superimposed on the mappings for a. Since both a and bappear in the image, and by assumption, both scene points are lit by the sameunknown illumination, the unknown illumination must be represented by one of themappings in the intersection of the two convex hulls. All other candidateilluminations are eliminated from consideration.

00.511.5012

Intersection of lluminationpossibilitiesFigure 1. Solid lines show theconvex hull of four diagonalmappings (0.33,0.4), (0.67,1.0),(1.33,0.8) and (1.33,0.6) thattransform chromaticity (3,5) to the 4vertices of the canonical gamut.Dashed lines show convex hull ofmappings taking (2,4) to thecanonical gamut. The mappingsdescribing the unknown illuminationare therefore restricted to theintersection (shaded) of the twoconvex sets

The convex hull of the set of distinct rgÕs in the image is called the image gamut.Each vertex of the image gamut will yield some new constraints on the unknownillumination that can be intersected with the constraints obtained from the othervertices. Once the mapping constraint set has been established some heuristic methodmust be used to pick one of the remaining candidates as the estimate of the unknownillumination. We have used the hull centroid as the final estimate.ForsythÕs CRULE [8] gamut-constraint method does not consider the possibilityof illumination constraints. The experimental results reported below are based on thegamut-constraint method with added illumination constraints [10]. Measurement oflots of different light sources reveals quite a restricted gamut. Our sampling ofilluminants includes 100 measurements of illumination around the university campus,including both indoor and outdoor illumination. Some inter-reflected light wasincluded such as that from concrete buildings and light filtering through trees, butillumination that was obviously unusual was excluded. The resulting illuminationgamut is reformulated in terms of the set of diagonal transformations mapping eachilluminant to the canonical illuminant. In this form it can be intersected with theconstraints from the image gamut to further constrain the estimate of the unknownillumination.Gamut-constraint methods can be carried out either in a 2D chromaticity space or a3D RGB space. The 3D gamut-constraint method is just like the 2D case except thatthe constraint sets are now polyhedral convex hulls. Potentially the 3D case can beused to estimate the surface brightness in addition to surface chromaticity, but for ourexperiments we do not require the brightness information, so after running the 3Dmethod we convert back to 2D chromaticity space. It should be noted that carrying outthe gamut-constraint method in 3D and converting the result to 2D is not equivalentto carrying it out in 2D in the first place. In addition, when the 3D method is beingused to estimate chromaticity, the final estimate is made by maximizing the volumeof the intersection set. This method of choosing the final estimate originates in [8]and gives better chromaticity estimates than the hull centroid in the 3D case.4Neural Network Colour ConstancyPreviously reported results [1] have shown good performance using a neural networkfor colour constancy. The network estimates the illuminant chromaticity based on thegamut of colours present in the image. The neural network is a Perceptron [14] withone hidden layer and an input layer consisting of 1000 to 2000 binary inputsrepresenting the chromaticity of the RGBÕs present in the scene. The hidden layer hasa much smaller size, usually about 16-32 neurons and the output layer is composed ofonly two neurons. Each image RGB from a scene is transformed into standard rg-chromaticity space (Equation 2) which then is coarsely, but uniformly, discretized andpresented to the networkÕs input layer. The input is binary indicating either thepresence or absence of the corresponding chromaticity in the image. The output layerof the neural network produces the values r and g (in the chromaticity space) of theilluminant. The output values are real numbers ranging from 0 toÊ1.

We trained the network using a back-propagation algorithm withoutmomentum[15] on thousands of synthetic images generated by randomly selecting 1illuminant and from 1 to 60 reflectances from our database of surface reflectances andilluminants, and then integrating them with the with the spectral sensitivity functionsof our camera in accordance with Equation 1. During the learning phase the network isprovided the image data along with the chromaticity of its illuminant.5The Test ImagesThe images used for our experiments are of 11 different, relatively colourful objects.(Figure 2 shows the objects). The pictures were taken with a Sony DXC-930 3-CCDcolour video camera balanced for 3200K lighting with the gamma correction turned offso that its response is essentially a linear function of luminance. The RGB responseof the camera was calibrated against a Photoresearch 650 spectraradiometer. Theaperture was set so that no pixels were clipped in any of the three bands (i.e.R,G,B<255). Since most of the images had some specular highlights, reducing theaperture in this manner left much of each image quite dark. To overcome this problemwe also extended the dynamic range of the images roughly 5-fold by averaging 25frames (and storing the result as floating point images). Recording the images in thisway produced a more versatile image database since it can then be used to simulateboth the effect of brightening the images by increasing the aperture and the effect ofclipping bright spots.We took images under 5 different illuminants using the top section (the partwhere the lights are mounted) of a Macbeth Judge II light booth. The illuminants werethe Macbeth Judge II illuminant A, a Sylvania Cool White Fluorescent, a PhilipsUltralume Fluorescent, the Macbeth Judge II 5000 Fluorescent, and the Macbeth JudgeII 5000 Fluorescent together with a Roscolux 3202 full blue filter, which produced ailluminant similar in colour temperature to a very deep blue sky. The effect created bychanging between these illuminants can be seen in Figure 3 where the same ball isseen under each of the illuminants. The illuminant spectra are plotted in Figure 4.Two sets of images were taken. For the "model" set, we took images of eachobject under each of the five illuminants, without moving the object. In other words,we have 11 groups of 5 registered images. The "test" set is similar, except that theobject was purposefully moved before taking each image. With these two sets ofimages we are then able both to evaluate colour indexing under different sceneilluminants with and without changes in object position. In total, 110 images wereused.

Figure 2. The 11 objects in the image database as seen under a single illuminantFigure 3. Ball-2 as seen under 4 of the 5 illuminants

Spectra of the illuminants0.00e+001.00e-032.00e-033.00e-034.00e-035.00e-036.00e-037.00e-038.00e-039.00e-031.00e-02380480580680780Wavelenth (nm)

Luminance (relative units)

Macbeth 5000K

Macbeth 5000K + 3202 Filter

Sylvania Cool White

Philups Ultralume

Sylvania HalogenFigure 4. Spectra of the five test illuminants as measured by a PhotoresearchspectrometerBefore using the images, they were first adjusted according to our cameracalibration model. To do this we first subtract the variation of the background fromthe average background level, as determined by averaging a large number of imageswith the lens cap on. Then we adjusted pixels darker than a certain amount with a pre-established look-up table to make up for a small non-linearity in the camera. Finally,we subtracted the per-channel intercept of the camera linearity data from the images.The result is an image which is closer to one taken by an "ideal" camera, under themodel that the RGB values are simply integrals as in Equation 1 of the incomingspectra multiplied by sensor sensitivity functions. When computing imagehistograms, the data is further cleaned up by averaging 5-by-5 blocks of pixels andexcluding very dark pixels.

7ResultsOur experiments confirm the obvious hypothesis that colour constancy is likely toimprove colour indexing in situations where the illumination impinging on the testobject is different from that used in constructing the model database. Figure 5 shows aclear correlation between colour indexing performance and colour constancy error.The recognition performance measure used in Figure 5 is based on a weightedaverage of colour indexingÕs rankings. During the recognition phase, colour indexingcalculates match strengths for each model in the database. If the strongest match is infact the correct object, then we say that we have a rank one match. If the correct object

Recognition Performance vs Colour Constancy Error010203040506070809010000.020.040.060.080.10.120.14RMS error in rgb mapping to canonical

Object recognition performance

No clipping

Clipped at 100

Rough FitFigure 5. Object recognition performance as a function of colour constancy error.

is the algorithmÕs second choice, then we have a rank two match, and so on. For eachalgorithm, we obtain a percentage of the total (220 possible) matches by rank. Todistill these results into a single representative value, we use a weighted sum of thepercentages of the first three ranks: the weight for rank one is one, the weight for ranktwo is 1/2, and the weight for rank three is 1/3. Matches beyond rank 3 are consideredfailures and count as zero.The measure for colour constancy error is based on a comparison of corrected andÒtargetÓ images. Using the set of registered model images, we compute the root meansquare difference on a pixel-by-pixel basis taken across the entire image inchromaticity between the target imageÑthe one taken under the canonicalilluminantÑand the colour corrected image. Of the 5 illuminants, 4 are adequate foruse as a canonical illuminant. One illuminant creates such a blue cast in the imagesthat many of the red and green intensities are very low and possibly less reliable. Asresult for each colour constancy algorithm we obtain 4x55=220 colour constancyresults, which are averaged to produce the data plotted as filled diamonds in Figure 5.As noted above, our data set has an extended dynamic range with the images beingpurposefully underexposed in order to prevent any clipping. Visual checking by animpartial colleague suggested that exposure levels for normal viewing would be onaverage 2.5 times higher. Thus we simulated image capture at this level by scaling by2.5 and thresholding anything greater than to 255 to 255. We then re-ran thematching experiments; the results are plotted with filled triangles in Figure 5.Part of our motivation for experimenting with the clipping level was theunexpectedly good performance of the white-patch retinex method which wascomparable to the gamut-constraint and neural net methods This was surprising givencomparative results reported by Funt et al. [1]. Upon reflection, however, one mightexpect retinex to do relatively well given the special unclipped nature of our images.Clipping often is the cause of RetinexÕs failure because it relies on the brightestpixels being accurate, and clipped pixels clearly are not accurate. Specular highlightsprovide excellent clues to retinex as to the colour of the illuminant, again, providingthey are not clipped. Our images generally do contain unclipped specularities. Evenwithout specularities, preserving the maxima in each channel definitely will increasethe performance of white-patch Retinex.Under the more usual case, where either the human user or automatic aperturecontrol has adjusted the capture process to obtain a pleasing image, there areinvariably clipped pixels. In this case retinex starts to break down because bydefinition, the maximum value in at least one channel is a bad data point. To verifythat this degradation does occur, we simulated clipping at various levels. The result isplotted in Figure 6. Here it is clear that as the clipping level increases, the retinexalgorithm degrades much more quickly than the others, and when clipping is at thelevel of 75-100Ñconsistent with the scaling of 2.5 used aboveÑthen its performanceis close to previously reported results. The performance of all the algorithms in thenon-clipped case is shown in Table 1.

RMS Mapping Error vs. Clipping Level00.020.040.060.080.10.12050100150200250Artificial clipping level of extended dynamic range images

RMS error in rgb mapping to canonical

Nothing

White Patch Retinex

Grey World

2D Gamut Mapping

Neural Net

Actual Illuminant

Best 2D Diagonal MapFigure 6. The RMS mapping error versus the artificially imposed clipping level. TheRMS mapping error is the RMS difference between the chromaticity of the correctedimages and the target image. The curve for the ÒalgorithmsÓ which do not explicitly dependon the data, such as ÒnothingÓ are almost flat, but not exactly flat, because as the clippingincreases, we take the RMS difference between fewer and noisier data points. Asconjectured, the white-patch Retinex method degrades much faster than the otheralgorithms.

Our original question was: Is machine colour constancy good enough? Based onour results, we feel that the answer is no. Table 2 shows the indexing performance ofcolour indexing using each algorithm for preprocessing. The best performer finds only67% of the objects (rank 1 matches); whereas, the results (92% rank 1) based onusing the actual illuminant RGB for colour correction indicate that both colourindexing and the diagonal model of illumination change will together support muchbetter performance. Thus we conclude that we still have some distance still to gobefore machine colour constancy is up to the task of supporting object recognition.In terms of our methodology, we feel that we gave machine colour constancy everyreasonable chance, and thus the results should be considered closer to the Òbest caseÓthan the Òworst caseÓ. For example, we used illumination with spatially uniformchromaticity and were careful to remove noise through temporal and spatial averaging.We have also taken some trouble to develop a good camera model as required by someAlgorithmRMS ErrorNothing0.1114Actual0.0306White-Patch Retinex0.0625Greyworld0.09752D Gamut-Constraint0.06493D Gamut-Constraint0.0555Neural Net0.0634Table 1: Colour Constancy Error by Algorithm: The error is the RMS difference inchromaticity between mapped image and registered target image. The results are the averageof 220 results, being the estimated maps for 55 images to each of 4 illuminants. "Nothing"denotes doing no colour constancy and simply using the input image as the output image."Actual" denotes using the true unknown illuminant RGB to do colour correction based onthe diagonal model.Rank1234567891011Nothing28.410.29.19.18.56.84.56.25.74.56.8Perfect97.72.3Actual92.35.51.40.9Retinex67.78.65.91.82.71.81.43.25.50.90.5Grey world46.49.17.38.22.35.01.82.35.99.52.32D Gamut60.010.98.65.51.83.62.32.31.81.41.83D Gamut67.38.65.52.32.73.23.21.82.30.52.7Neural net61.47.77.74.11.82.31.41.41.85.94.5Table 2: Number of matches by rank in percent. The total number of attempted matches is220 for each except for "perfect" where only 44 matches make sense. ÒPerfectÓ indicates thecase where the test illumination is the same as the canonical illumination and hence there isexact Òcolour constancy.Ó of the algorithms. Finally, the database was relatively small, and we avoided badmatches due to colours appearing coincidentally in the background by placing theobjects on black cloth.Having said that, we wish to emphasize some aspects of the experiment that werenot open to compromise. First, and foremost, the data is real image data, and theobjects are random everyday objects as opposed to, for example, planer non-specularÒMondriansÓ. In particular, the object database includes several objects with asignificant fluorescent component (e.g., the Tide box image). The fluorescentcomponent does not change in the same way as the matte component which presents aproblem for the diagonal model. It is perhaps also of some significance that theimages were taken by a research assistant who had little understanding of the intendedpurpose of the experimentÑpossibly eliminating any unintended bias in the choice ofobjects to test. Finally, the illuminants represent quite a dramatic range in terms ofwhat is usually encountered in common natural lighting and standard man-madelighting situations without adding the unusual effects of things like heavily filteredtheater lights.8ConclusionWe tested machine colour constancy algorithms using the computer vision task ofcolour-based object recognition based on colour histogram intersection. The colourconstancy algorithms did not perform as well as expected based on previous resultswith colour balancing images. We expected that colour constancy processing wouldprovide colour descriptors that would be accurate enough that colour indexingperformance would be close to that obtained when there is no change in the ambientillumination. As shown in Table 2, this is did not turn out to be the case. Colourconstancy pre-processing did, however, yield a significant improvement over doing nopre-processing, it simply was not enough of an improvement. Figure 5 shows that thedegree of improvement in histogram matching appears almost linearly related to theRMS error in colour prediction.The results of Brainard et al. [16] indicate that human colour constancy is not allthat accurate and state (p. 2101) ÒOur results represent neither complete constancy nora complete absence of constancy.Ó The results of our experiments raise the questionas to whether or not human colour constancy would be sufficiently accurate forhistogram-based object recognition?We take the current state of machine colour constancy performance as a challengefor future research. It is clear that without RMS errors in colour prediction under 0.04,a typical vision task such as object recognition can not be based on absolutedescriptors (as opposed to relative ones, like ratios) of colour.

References1.Funt, B.V. and Cardei, V., Barnard, K., Learning Color Constancy, IS&T FourthColor Imaging Conference, Scottsdale, Nov. 1996.2 Swain, M., and Ballard, D., ÒColor Indexing,Ó Int. J. Comp Vision, 7:11-32, 1991.3. Funt, B.V., and Finlayson G.D., Color Constant Color Indexing, IEEE Trans. Patt.Anal. and Mach. Intell, 17(5), May 1995.4. Healey, G. and Slater, D. ÒGlobal Color Constancy: recognition of objects by use ofillumination invariant properties of color distributions,Ó J. Opt. Soc. Am. A,11(11):3003-3010, Nov. 1994.5. Barnard. K., Finlayson, G., Funt, B., Colour Constancy for Scenes with SpectrallyVarying Illumination, ECCV’96 Fourth European Conference on Computer Vision,Vol. II, pages 3-15, April 1996.6. Maloney, L. and Wandell, B., ÒColor constancy: a method for recovering surfacespectral reflectance,Ó J. Opt. Soc. Am. A, 3:29-33, 1986.7. Finlayson, G., Funt, B. and Barnard, J., Colour Constancy Under a VaryingIllumination, Proc. Fifth Intl. Conf. on Comp. Vis., Jun 1995.8. Forsyth, D., A novel algorithm for color constancy, Intl. Journal of Computer Vision5:5-36, 1990.9. Finlayson, G., Drew, M., and Funt., B., Color Constancy: Generalized DiagonalTransforms Suffice, J. Opt. Soc. Am. A, 11(11):3011-3020,199410. Finlayson, G. Color in Perspective, PAMI Oct. 1996. Vol. 18 number 10, p1034-103811. Wandell, B.A. Analysis of the Retinex Theory of Color Vision, Journal of the OpticalSociety of America A, V 3, pp.1651-1661, Oct. 1986.12. McCann, J.J., McKee, P., and A Taylor, T.H., Quantitative Studies in RetinexTheory, Vision Res. Vol. 16 pp. 445-458, 1976.13.Kobus Barnard, "Computational colour constancy: taking theory into practice," MScthesis, Simon Fraser University, School of Computing (1995).14. Hertz, J., Krogh, A., and Palmer, R.G. Introduction to the Theory of NeuralComputation, Addison-Wesley Publishing Company, 1991.15. Rumelhart, D.E., Hinton, G.E., and. Williams, R.J, Learning InternalRepresentations by Error Propagation in D.E. Rumelhart & J.L. McClelland (Eds.),Parallel Distributed Processing: Explorations in the Microstructure of Cognition.Vol.1: Foundations. MIT16 Brainard, D., Brunt, W., and Speigle, J., Color Constancy in the nearly naturalimage. I. Asymmetric matches, Journal of the Optical Society of America A, V 14,pp.2091-2110, Sept. 1997.