Colour Constancy for Scenes with VaryingIlluminationKobus Barnard1, Graham Finlayson2, and Brian Funt11School of Computing Science, Simon Fraser University, Burnaby BC, Canada,V5A 1S6kobus@cs.sfu.ca, funt@cs.sfu.ca2 Department of Computer Science, University of York, Heslington, York,YO1 5DD, United Kingdomgraham@minster.cs.york.ac.ukAbstract. We present an algorithm which uses information from bothsurface reflectance and illumination variation to solve for colourconstancy. Most colour constancy algorithms assume that theillumination across a scene is constant, but this is very often not valid forreal images. The method presented in this work identifies and removes theillumination variation, and in addition uses the variation to constrain thesolution. The constraint is applied conjunctively to constraints found fromsurface reflectances. Thus the algorithm can provide good colour constancywhen there is sufficient variation in surface reflectances, or sufficientillumination variation, or a combination of both. We present the results ofrunning the algorithm on several real scenes, and the results are veryencouraging.1IntroductionMany colour constancy algorithms have been developed, but all are subject to quiterestrictive assumptions and few have been tested on real images. Of the existingalgorithms we believe that the one by Finlayson [8] is currently the most general andmost thoroughly tested. Nonetheless, it is restricted to scenes in which theillumination is constant or at least locally constant. This assumption is more oftenviolated than one might at first suspect given that the incident illumination from anyfixed direction does generally vary slowly as function of position. The problem isthat the surface orientation even of smooth surfaces can vary quite rapidly withposition so that light at nearby surface locations may be received from very differentregions of the illumination field. Since these different regions of the illuminationfield often posses substantially different spectral power distributions�such as is thecase in a room in which where there is light from a light bulb mixed with daylightfrom a window�nearby points on the surface in fact can receive very differentincident illumination.This paper addresses the problem of colour constancy in scenes where thespectral power distribution of the incident illumination is allowed to vary with scenelocation. Finlayson et. al. [7], D�Zmura et. al. [18], and Tsukada et. al. [16] haveshown that a difference in illumination, once it has been identified, providesadditional constraints that can be exploited to obtain colour constancy, but they donot provide an automatic method of determining when such a difference exists. We present a new algorithm that first uncovers the illumination variation in an imageand then uses the additional constraint it provides to obtain better colour constancy.The algorithm presupposes a diagonal model for illumination changes, and that theillumination varies spatially slowly. However it is quite robust to moderateviolations of these assumptions.The colour constancy problem is the retrieval of an illumination-independentdescription of a scene�s surface colours. This is essentially equivalent to modeling theillumination incident on the scene, since if the illumination is known the surfacecolours can be calculated. Following Forsyth [9] we interpret colour constancy astaking images of scenes under unknown illumination and determining the cameraresponse to the same scene under a known, canonical light. In a general context thisproblem has proven difficult to solve, so to make progress, restrictive assumptionsare made. In particular, it is common to assume that the scene is flat [9, 13, 14],that the illumination is constant throughout [2, 3, 9, 10, 15], and that all reflectancesare matte. Finlayson [8] has shown that if we focus on solving only for surfacechromaticity and forego estimating surface lightness then the restriction to flat mattesurfaces can be relaxed. However, the assumption that the chromaticity of theillumination does not change is more troublesome.The Retinex algorithm [1, 11, 13, 14] partially addresses the issue of varyingillumination. At least in principle�it does not in fact work in practice�Retinexeliminates the variation in illumination and computes surface lightnesses for each ofthe three colour channels independently. Since eliminating the illumination andrecovering the illumination are equivalent problems [4], if Retinex worked it could beused to recover the incident illumination. Retinex operates on the principle thatwithin a single colour channel small changes in image intensity arise from changesin illumination while large changes indicate changes in surface colour. The smallchanges are thresholded away and the big changes are preserved so that the surfacelightness can be reconstructed, essentially by integration. Unfortunately any error inclassifying the intensity changes can lead to serious errors in the recovered result. Inessence the Retinex algorithm uses a primitive, gradient-based-edge-detection strategyto identify the reflectance edges, so given the long history of edge-detection research,it should not be surprising that it does not perform well.To overcome the weaknesses of Retinex�s edge detection method, weincorporate knowledge about the set of plausible illuminants and from this set deriveinformation about the kinds of chromaticity change that a change in illumination caninduce within a region of uniform reflectance. This constraint is more global thanlocal edge detection and using both types of constraint together yields good results.Once the illumination variation is uncovered it is combined with the otherconstraints arising from the set of colours found in the image as will be discussedbelow.2The Colour Constancy AlgorithmOur colour constancy algorithm has two main components: one to extract theillumination field and another to combine the constraints provided by the a prioriknowledge of the surface and illumination gamuts with those obtained from theobserved surfaces and the extracted illumination field. The constraint part of thealgorithm will be described first.

2 . 1 Surface and Illumination ConstraintsIn order to represent the constraints efficiently, we make the approximation that theeffect of the illumination can be modeled by a diagonal matrix [5, 6]. Specifically, if

[r, g, b]

is the camera response of a surface under one illumination, then

[r, g, b]D =[rD11, gD22 , bD33]

, where D is a diagonal matrix, is the cameraresponse to the same surface under a second illumination. In other words, each camerachannel is scaled independently. The accuracy of the diagonal approximation dependson the camera sensors, which for the camera used in the experiments is within 10%(magnitude of

[r, g, b]

difference) of the general linear model. For sensors for whichthe diagonal model is too inaccurate, it is usually possible to improve it byspectrally sharpening the sensors [5].Following Finlayson [8], we work in the chromaticity space [r/b, g/b]. Thisspace preserves the diagonal model in the sense that if illumination was exactlymodeled by a diagonal transform applied to [r, g, b], then it will also be exactlymodeled by a diagonal transform (now 2D) applied to [r/b, g/b]. If either theillumination is spatially constant or pre-processing has removed all illuminationvariation, then transforming the input image to what it would have looked like underthe canonical illuminant requires simply transforming it by a single diagonal matrix.The goal of the colour constancy algorithm is to calculate this matrix.The algorithm�s basic approach is to constrain the set of possible diagonalmaps by adding more and more information so that only a small set of possible mapsremains. The first constraints are the those due to Forsyth [9]. He observed that theset of camera responses that could be obtained from all combinations of a large set ofsurfaces viewed under a fixed illuminant is a convex set which does not fill all of the[r, g, b] colour space. This set is referred to as that illuminant�s gamut, and in thecase of the canonical illuminant is called the canonical gamut. For a typical sceneunder unknown illumination, the camera responses will lie in a subset of theunknown illuminant�s full gamut. Since all possible surfaces are assumed to berepresented within the canonical gamut, whatever the unknown illuminant is, it isconstrained by the fact that it is a diagonal map projecting the scene�s observedresponse set into the canonical gamut. There will be many possible diagonal mapssatisfying this constraint because the scene�s set is a subset of the full gamut and soit can �fit� inside the larger gamut many different ways. Forsyth shows that theresulting constraint set of diagonal maps is convex. As shown in [8], all the requiredrelationships hold in the [r/b,˚g/b] chromaticity space.The second source of constraint arises from considering the set of commonilluminants as has been formulated by Finlayson [8]. After applying Forsyth�ssurface constraints, the resulting set of diagonal maps typically includes many thatcorrespond to quite atypical illuminants. The illumination constraint excludes all theilluminants that are not contained in the set of typical illuminants. Finlaysonrestricted the illumination to the convex hull of the chromaticities of the 6 daylightphases provided by Judd et al [12], the CIE standard illuminants A, B, C [17], a2000K Planckian radiator, and uniform white. We have improved upon this samplingof illuminants by using 100 measurements of illumination around the universitycampus, including both indoor and outdoor illumination. Some inter-reflected lightwas included such as that from concrete buildings and light filtering through trees,but illumination that was obviously unusual was excluded. The set of chromaticitiesof the measured illuminants is larger in area than the original set, but it does not

contain it entirely, as the 2000K Planckian radiator is more red than what iscommon.It should be noted that the set of typical illuminants provides a constraint onmappings from the canonical to the unknown, which is the reverse of that forsurfaces discussed above in which the restriction was on mappings from the unknownilluminant to the canonical illuminant. To make use of the constraint it must beinverted which means that the restriction on the set of illuminants becomes a non-convex set in the mapping space used for surface constraints. This potentiallypresents a problem since the sets must be intersected in order to combine constraintsand in three-dimensions it is much faster to compute intersections of convex setsthan non-convex ones. While in the two-dimensional case the set intersections can bedirectly computed, in practice the inverse of the measured illumination non-convexgamut was found to be close enough to its convex hull that for convenience the hullcould be used anyway.Varying illumination provides the third source of constraint. Our use of it heregeneralizes the algorithm presented in [7]. In that work the map taking thechromaticity of a single surface colour under an unknown illuminant to itschromaticity under the canonical illuminant is constrained to lie on a line.Effectively this amounts to assuming all the candidate illuminants are approximatelyPlankian radiators and their chromaticities lie roughly on the Plankian locus. Thechromaticity of the same surface viewed under a second illuminant defines a secondline. If the difference in the illuminations� chromaticities is non-trivial, the two lineswill intersect, thereby constraining the surface�s chromaticity to a unique value.We extend the idea of using the variation in illumination in two ways. Firstwe use the entire illumination gamut instead of simply the Plankian radiators.Second we exploit the illumination variation across the entire image, as opposed tojust that between two points on one surface patch. Thus the illumination over theentire image is both used, and solved for. The details follow.For the moment assume that we already have the relative illumination field forthe image. The relative illumination field for each pixel P is defined by the diagonaltransform required to map the illumination at some chosen base pixel B to theillumination at P. The relative illumination field describes all the pixels only withrespect to one another, so given it, the remaining problem is to solve for theillumination at B and hence establish the illumination everywhere in absolute terms.The approach is motivated by the following argument. Suppose that the leftside of the image is illuminated by a blue light. This means that the relativeillumination field at a pixel on the left side transforms illuminants so that they aremore blue. However, the illumination at the center of the image cannot be so bluethat making it even more blue produces an illumination that falls outside the set ofpossible illuminants. Thus the illumination at the center is constrained by the jumptowards blue. All entries in the field contribute this sort of constraint. This will nowbe made more formal.First we verify the intuitive claim that the constraint provided by one of thevalues D in the relative illumination field is the set of possible illuminants scaled by

D− 1

. Consider the illumination gamut, I which is a convex set:

I = X X = λ iXi where λ i =1i∑ i∑ for hull points Xi{ }

(1)

We have the constraint that we can map the illumination by the diagonal map D andstill be in this set:

XD ∈ I

(2)This means that:

XD = λ iXi

i∑ for some λ i with λ i =1^i∑ , λ i ≥ 0

(3)And

X = λ i Xi D− 1 ( ) i∑ for some λ i with λ i =1^i∑ , λ i ≥ 0

(4)So we define a new constraint set V as:

V = X X = λ i Xi D− 1

( ) where λ i =1, λ i ≥ 0 i∑ i∑

(5)It is clear that for all

X ∈ V

,

XD ∈ I

. Furthermore, the argument is reversible. Thatis, if

Y = XD ∈ I

,

X ∈ V

. It should be noted that the above also shows that we canidentify the convex constraint set with the mapped hull points

Xi D− 1

.Next we note that the convex hull of these constraints is just as powerful asthe entire set. The motivation for using the hull is that it saves a significant amountof processing time. We are free to use the hull regardless, but it is comforting toknow that doing so does not weaken the algorithm.Despite the details, the additional constraint is very simple in that it says thatwe have to be able to scale the illuminant by a certain amount and still satisfy theillumination constraint. This constraint is realized by simply scaling the set ofilluminants by the inverse. As a simple example, consider the one-dimensional linesegment [0,1]. If we have a condition on these points that when they are scaled by afactor of two the result must still be in that segment, then the set of points in ourconstrained set must be [0,

12

]. In other words, the set was scaled by the inverse ofthe scale factor.2.2Combining the ConstraintsGiven the above formulation of the various constraints they can be easily combinedinto a forceful colour constancy algorithm. First the relative illumination field isused to remove the illumination variation from the image leaving an image which isof the scene with chromaticities as they would have appear if it had been illuminatedthroughout by the illumination at the base point. Starting from this intermediateresult a constraint on the possible illumination maps is derived for each of the surfacechromaticities. The illumination constraint provided by the set of plausibleilluminants is fixed by the initial measurement of the various illuminants around thecampus. Each hull point of the set of the relative illumination field furnishes yetanother constraint; namely, the illumination constraint multiplied by the appropriatediagonal transform. The illumination constraint and the transforms due to the relativeillumination field are intersected, and the result is inverted. As mentioned above, thisinverted set was approximated well by its convex hull. The inverted set is thenintersected with the intersection of all the surface constraints.

The final step of the algorithm is to chose a solution from the set of possiblesolutions. In [8, 9] the solution chosen maximizes the volume of the mapped set,which is equivalent to maximizing the product of the components of the mapping. Inthis work, however, we use the centroid of the solution set, which is more natural.This choice can be shown to minimize the expected error if all solutions are equallylikely and error is measured by the distance from the choice to the actual solution.Furthermore, in both synthesized and real images, the centroid was found to givebetter results.The colour constancy algorithm that incorporates all the different constraintswas tested first on generated data. One thousand sets containing 1,˚2,˚4,˚8, and 16surfaces were randomly generated and used in conjunction with 1 of 5 illuminants,with 0 through 4 of the remaining lights playing the role of additional illuminantsarising as a result of varying illumination. Table 1 gives the results which areexactly as wished. As either the number of surfaces or the number of extra lightsincreases, the answer consistently improves. Thus it was verified that varyingillumination is a powerful constraint, and furthermore, it can be effectively integratedwith the other constraints.3Finding the Relative Illumination FieldWe now detail an algorithm for finding the relative illumination fielddescribing the variation in the incident illumination. This algorithm can be dividedinto two parts. The first is a new technique for image segmentation appropriate forscenes with varying illumination. The second part uses the segmentation todetermine the illumination map robustly.Unless the illumination is known to be constant, it is essential that asegmentation method be able to accommodate varying illumination. In general, thesegmentation problem is quite difficult, especially with varying illumination, as inthis case an area of all one reflectance can exhibit a wide range of colour. Fortunatelyfor our purposes, it is not critical if an occasional region is mistakenly divided intotwo pieces, nor if two regions which have almost the same colour are incorrectlymerged. This is because the goal at this point is simply to identify the illumination,not the surfaces. Nonetheless, the better the segmentation, the more reliable andaccurate the possible colour constancy.One approach to segmentation is that used by Retinex theory [13, 14]. InRetinex small changes in pixel values at neighboring locations are assumed to be dueto changes in the illumination and large changes to changes in surface reflectance.This idea can be used to segment an image into regions of constant surface reflectanceproperties by growing regions by including pixels only if they are less than somesmall threshold different from their neighbours. The threshold must be large enoughto allow for both noise and the illumination changes and yet not admit small changesin surface reflectance�a balance which is of course impossible to establish.We use this method as part of our algorithm, but alone, it is not sufficient.The problem is that two dissimilar regions will eventually mistakenly merge if thereexists a sequence of small jumps connecting them. This can occur if the edge isgradual or because of noise. In essence, a threshold large enough to allow for noise(and varying illumination) allows for enough drift in the pixel values to include anentirely dissimilar region. Local information alone is insufficient, so we resolve theproblem by adding a more global condition involving illumination constraints.

Number of Surfaces124816

BF0.0730.0730.0730.0730.073

BDT0.1160.1160.1160.1160.116

GW1.621.010.690.5130.428

RET1.621.100.720.4780.354

S12.44.41.650.5850.285

SI2.2751.680.990.4800.271

SIV11.651.260.790.4200.256

SIV21.1540.8960.6200.3510.242

SIV30.8000.6560.4880.3110.231

SIV40.3840.360.3170.2740.228

Solution Method KeyBFError of best possible solution using full linear mapBDTError of best possible solution using a diagonal mapGWNaive Grey World Algorithm (scale each channel by average)RETNaive Retinex Algorithm (scale each channel by maximum)SSurface constraints aloneSISurface and illumination constraintsSIVSurface and illumination constraints with view under one extra illuminantSIV2Surface and illumination constraints with view under 2 extra illuminantsSIV3Surface and illumination constraints with view under 3 extra illuminantsSIV4Surface and illumination constraints with view under 4 extra illuminantsTable 1. Results of color constancy experiments for 1000 sets of 1,˚2,˚4,˚8,˚and16 surfaces under all combinations of test lights and extra lights for varyingillumination. The canonical illuminant was a Philips CW fluorescent light. Thevalues shown are the average magnitude of the chromaticity vector difference betweenthe estimate and the desired answer, averaged over all results.

Solution MethodThe new global segmentation condition is based on the idea that in order fortwo pixels�no matter how far apart they are spatially�to be considered part of thesame region, a plausible illumination change between them must exist. The set ofplausible illuminant changes can be derived in advance from the initial set plausibleilluminants. This condition binding pixels within a single region based on plausibleillumination changes is called patch coherence. The patch coherence condition differsfrom the Retinex condition in two important ways. First, the cumulative drift inpixel values along a path is limited, as opposed to growing linearly with the pixeldistance. Second, the allowable drift is constrained more in certain directions due tothe nature of the set of common illuminants. For example, green illuminants arerare, which means that the set of common illuminants is narrow in the greendirection, and thus overall, the drift towards or away from green is more restrictedthan that towards or away from blue.It was found to be useful to retain the Retinex condition as well as the patchcoherence method described above for two reasons. First, the Retinex condition is

faster to compute, and thus can be use to reject pixels that do not need to be testedfurther for inclusion. Second, if a comprehensive set of possible illuminants is used,then an occasional surface boundary change will also be a possible illuminationchange. Since the Retinex method by itself works much of the time, theseexceptional cases in which a surface change mimics an illumination change generallywill be covered by the Retinex condition.In detail our segmentation algorithm begins with an arbitrary initial startingpoint in a region and assumes that the illumination at that point is constrained to bein the set of plausible illuminants. It is important to update the constraints on theillumination at the starting point each time a new point is added to the region. Eachnewly included point further constrains the possible illuminations at the startingpoint. Updating the constraints is similar to using the relative illumination field tosolve for colour constancy as described above. The element-wise ratio of thechromaticities of the new point to that of the initial point induces a constraint set Vdefined by (5). Specifically, the illumination gamut is transformed by the inverse ofthe ratio interpreted as a diagonal transform. This convex set is intersected with thecurrent constraint set. If the intersection is null, then the new point is excluded andthe constraint set is left unchanged. If it is not null, then the intersection becomesthe updated constraint set and the new point is added to the region.Similar to the situation when solving for colour constancy, it is sufficient toperform the intersection only when the new transform to be applied to theillumination gamut is outside the convex hull of the preceding transforms. Althoughcalculations are relative to the initial point, this procedure ensures that all points inthe region can be assigned illuminants from the set of plausible illuminants whichare consistent with the illumination jumps between them. Furthermore, the inclusionof any of the rejected points would violate this condition.Given our segmentation we reduce the problem of finding the relativeillumination field to that of finding the illumination at the center of each regionrelative to that at the center of the base region. Since the center of a region, as definedby the center of mass, need not be inside the region, the implementation uses a pointin the region close to the center of mass, preferably a few pixels from the boundary.The illumination at a point relative to that of the region center is simply the ratio ofits response to the response of the center point. This follows directly from theassumption that the pixels are from the same surface, given that we accept a diagonalmodel for illumination change. Thus the map at an arbitrary point is simply the mapat the center, adjusted by this relative jump.To determine the maps at the center points we make the assumption thatillumination does not change significantly at the region boundaries. Thus every jumpacross a boundary gives a condition on the relative maps of the centers of the twoadjacent regions. More specifically, consider two regions A and B, with centers CAand CB, and boundary points BA and BB close to each other. Denote responses by Rsubscripted by the point label and denote the diagonal map relative to the grandcentral point as D, also subscripted by the point label. Each channel or chromaticitycomponent is dealt with independently, so the quantities in the equations are scalars.The assumption that the illumination does not change significantly at the boundaryis simply:

DBA = DBB

(6)

Since we are assuming a diagonal model of illumination change, and CA is on thesame surface as BA, and similarly for the center and boundary of surface B, we have:

DBA = DCA RBA RC^A and D^{BB} = D^{CB} RBB R^{CB}

(7)Combining (10) and (11) yields:

DC A RBA RC A = DCB RBB RCB

(8)Taking logarithms of both sides of (12), and rearranging terms gives:

ln(DC A )− ln(DCB ) = ln(RBB )− ln(RBA )+ ln(RCA )− ln(RCB )

(9)This final equation is at the heart of the method. Here we have a condition on thecomponent of the map for two of the regions. Other boundary point pairs produceadditional equations. In order to have a robust method, one would like longboundaries to have more weight in the process than short ones, since the latter maydue to a small region consisting entirely of noise. But this is exactly what we willget if we enter one equation for each boundary pair and solve the resulting system ofequations in the least squares sense. Furthermore, some boundary pairs can beidentified as being more reliable and these are weighted even more by scaling theequation by a number greater than one (typically five). In addition, some boundarypairs should contribute less, and their equations are scaled by a number less thanunity.In order to have a solution to the set of equations, it must be insured that allsegments connect to each other through the boundary pairs. This might beaccomplished simply by assigning a region to every point, and using each break ineither the horizontal or vertical directions to produce a boundary pair. This is usuallynot an option because often some parts of the image should not be used; for example,when an area is too dark. Therefore the likelihood of connectedness between regionswas increased in the following manner. Boundary pairs were assigned at eachhorizontal and vertical change of region. If one of the regions was to be ignored, agood region was sought in the same direction, taking as many pixels as required. Theresulting equation was weighted inversely to the distance taken to find a good region.Thus such a boundary would contribute little to the solution, but connectivity wasnot a problem for reasonable images (it is still possible to construct an image whichwill lack connectivity).Several additional steps were taken to improve robustness. First very smallregions were excluded from the computations. Second, it was found to be better touse pixels one unit towards the insides of the respective regions, if these wereavailable. This way the pixels would tend to have contributions that were solely dueto a single surface, as opposed to the possibility that they straddled more than onesurface. These boundary pairs were weighted by a factor of five compared to oneswhere it was necessary to use pixels exactly on the boundary.The final step in determining the relative illumination field is to interpolateover any excluded areas.4ResultsThe algorithm has been tested on a set of images of real scenes. In all cases the�unknown� illumination consists of light from an incandescent bulb coming from

Object3D MondrianBallGreen CardPaper onWall

BT0.780.5360.1950.265

BDT0.800.6030.2400.273

N0.960.930.2790.405

GW0.881.370.3120.349

RET0.870.750.2460.290

S0.860.921.0300.476

SI0.870.730.5400.472

VIR-BT0.1480.2240.0420.093

VIR-BDT0.1760.2270.0440.133

VIR-N0.440.5950.2620.530

VIR-GW0.681.360.2750.306

VIR-RET0.610.950.2750.228

VIR-S0.331.111.9290.211

VIR-SI0.390.380.2690.163

VIR-SIV0.260.450.0730.151

Error between the result and the canonical using the various solution methodsBTBest possible linear map solutionBDTBest possible diagonal mapNNo processing. Simply use the input image as the result.GWNaive Grey World Algorithm (scale each channel by average)RETNaive Retinex Algorithm (scale each channel by maximum)SUsing Surface ConstraintsSIUsing Surface and illumination constraintsVIR-BTBest linear map applied after varying illumination is removedVIR-BDTBest diagonal map applied after varying illumination is removedVIR-NNo processing applied after varying illumination is removedVIR-GWNaive Grey World Algorithm with varying illumination removed.VIR-RETNaive Retinex Algorithm with varying illumination removed.VIR-SUsing surface constraints with varying illumination removed.VIR-SIUsing surface and illumination constraints with varying illuminationremoved.VIR-SIVComplete new algorithm using surface, illumination, and varyingillumination constraints with varying illumination removed.Table 2. Results of color constancy algorithms applied to four images. Thecanonical illuminant was a Philips CW fluorescent light. The values shown are theRMS (over all pixels) magnitude of the chromaticity vector difference between theestimate and the desired answer, which is a view of the scene under the canonicallight.

Algorithm

accounting for and utilizing the illumination variation our new algorithm reduces theerror to 0.26.Table 2 also shows the chromaticity error for the case of doing nothing at all.The grey world algorithm, which uses the average image chromaticity as anillumination estimate, and the Retinex normalization strategy of taking themaximum response from each colour band as an illumination estimate are tried eventhough the comparison is somewhat unfair because they both assume theillumination to be constant. Similar tests are run using surface constraints alone andsurface constraints with the additional constraints on the set of plausible illuminants.To make the comparison fairer, we also include similar tests with thesealgorithms but applied after the illumination variation has been discounted. In otherwords, we combined the first part of our algorithm (removal of the illuminationvariation) with each of the other algorithms. In this case, the other algorithms areapplied to data which does not violate the constant illumination assumption, but theystill do not exploit the information contained in the illumination variation. TheRetinex normalization applied in this way gives an algorithm which is close, intheory, to the original Retinex idea.The results show first that if the varying illumination is not accounted for,then all the colour constancy algorithms perform poorly. In all cases, the completenew VIR-SIV algorithm did better than any algorithm which assumed thechromaticity of the illumination to be constant. In fact, the performance is betterthan that of the best diagonal and best linear fits. The complete algorithm alsoperformed better than the others applied to the data with the varying illuminationremoved, except when compared to applying the combination of surface andillumination constraints to the ball image. Most importantly, the algorithm performsbetter than the Retinex scaling applied to the data with the variation removed. Asmentioned above, this procedure is close to the spirit of the original Retinexalgorithm, which is unique as an alternative to our algorithm, even though its testinghas been limited to scenes with more controlled illumination.The results for the green card are included to illustrate that the varyingillumination constraint can be very useful in the case when there is a paucity of otherinformation. Most colour constancy algorithms require a good selection of surfacesfor reliable performance. The ability of this algorithm to go beyond that in the caseof varying illumination is encouraging.5ConclusionWe have presented a new algorithm for colour constancy which builds upon therecent gamut-based algorithms of Forsyth [9] and Finlayson [7, 8]. The newalgorithm models the illumination via a diagonal transform or equivalently acoefficient rule model. Within the diagonal model framework, the algorithmcombines the constraints provided by the observed gamut of image colours, by apriori knowledge of the set of likely illuminants, and by the variation in illuminationacross a scene. Existing algorithms that use the information inherent in illuminationvariation assume that some unspecified pre-processing stage has already identified thevariation, and thus are not fully automated.Identifying illumination variation is in itself a difficult problem. The Retinexalgorithm is the only alternative colour constancy algorithm designed for sceneconditions similar to those investigated in this paper. Nonetheless, it was restrictedto flat Mondrian scenes and is known not to work very well for a variety of reasons.

The new algorithm is more powerful than Retinex both because it incorporates a newtechnique for identifying the relative illumination field and because the it actuallyuses the illumination variation when solving for colour constancy. While manyimprovements are still possible, tests using both synthetic and real image data forthree-dimensional scenes verify that the algorithm works well.6References1.A. Blake, "Boundary conditions for lightness computation in Mondrian world�,Computer Vision, Graphics, and Image Processing, 32, pp. 314-327, (1985)2.G. Buchsbaum, "A spatial processor model for object colour perception", Journalof the Franklin Institute, 310, pp. 1-26, (1980)3.W. Freeman and David Brainard, �Bayesian Decision Theory, the Maximum LocalMass Estimate, and Color Constancy�, in Proceedings: Fifth InternationalConference on Computer Vision, pp 210-217, (IEEE Computer Society Press,1995)4.B. V. Funt, M. S. Drew, M. Brockington, �Recovering Shading from ColorImages�, in Proceedings: Second European Conference on Computer Vision, G.Sandini, ed., 1992.5.G.D. Finlayson and M.S. Drew and B.V. Funt, "Spectral Sharpening: SensorTransformations for Improved Color Constancy", J. Opt. Soc. Am. A, 11, 5, pp.1553-1563, (1994)6.G.D. Finlayson and M.S. Drew and B.V. Funt, "Color Constancy: GeneralizedDiagonal Transforms Suffice", J. Opt. Soc. Am. A, 11, 11, pp. 3011-3020, (1994)7.G. D. Finlayson, B. V. Funt, and K. Barnard, �Color Constancy Under VaryingIllumination�, in Proceedings: Fifth International Conference on ComputerVision, pp 720-725, 1995.8.G. D. Finlayson, �Color Constancy in Diagonal Chromaticity Space�, inProceedings: Fifth International Conference on Computer Vision, pp 218-223,(IEEE Computer Society Press, 1995).9.D. Forsyth, "A novel algorithm for color constancy", Int. J. Computer. Vision, 5,pp. 5-36, (1990)10.R. Gershon and A.D. Jepson and J.K. Tsotsos, "Ambient illumination and thedetermination of material changes", J. Opt. Soc. Am. A, 3, 10, pp. 1700-1707,(1986)11.B.K.P. Horn, "Determining lightness from an image�, Computer Vision, Graphics,and Image Processing, 3, pp. 277-299, (1974)12.D.B. Judd and D.L. MacAdam and G. Wyszecki, "Spectral Distribution of TypicalDaylight as a Function of Correlated Color Temperature", J. Opt. Soc. Am. , 54, 8,pp. 1031-1040, (August 1964)13.E.H. Land, "The Retinex theory of Color Vision", Scientific American, 108-129,(1977)14.John J. McCann, Suzanne P. McKee, and Thomas H. Taylor, �Quantitative Studiesin Retinex Theory�, Vision Research, 16, pp. 445—458, (1976)15.L.T. Maloney and B.A. Wandell, "Color constancy: a method for recoveringsurface spectral reflectance", J. Opt. Soc. Am. A, 3, 1, pp. 29-33, (1986)16.M. Tsukada and Y. Ohta, "An Approach to Color Constancy Using MultipleImages", in Proceedings Third International Conference on Computer Vision,(IEEE Computer Society, 1990)17.G. Wyszecki and W.S. Stiles, Color Science: Concepts and Methods, QuantitativeData and Formulas, 2nd edition, (Wiley, New York, 1982)18.M. D’Zmura and G. Iverson, "Color constancy. I. Basic theory of two-stage linearrecovery of spectral descriptions for lights and surfaces", J. Opt. Soc. Am. A, 10,10, pp. 2148-2165, (1993)