Shadow Identification using ColourR a t i o s Kobus Barnard1 and Graham Finlayson21Computer Science Division, U. C. Berkeley, Berkeley, CA, 94720Email: kobus@cs.berkeley.edu2Department of Computer Science, University of East AngliaEmail: graham@sys.uea.ac.ukAbstractIn this paper we present a comprehensive methodfor identifying probable shadow regions in an image. Doingso is relevant to computer vision, colour constancy, andimage reproduction, specifically dynamic range compression.Our method begins with a segmentation of the image intoregions of the same colour. Then the edges between theregions are analyzed with respect to the possibility that eachis due to an illumination change as opposed to a materialboundary. We then integrate the edge information to producean estimate of the illumination field.IntroductionIn this paper we present a comprehensive method foridentifying probable shadow regions in an image. Shadowidentification is an important problem which receivesrelatively little attention. Shadow identification is relevantto computer vision, colour constancy, and imagereproduction. In the case of computer vision, a shadowboundary often has the same effect as a segmentation error.Such ambiguities can increase the amount of searchingamong the possible collections of segments used to formobjects. In the case of colour constancy, illumination whichvaries spatially over a scene presents major problems formost colour constancy algorithms. Furthermore, it has beenshown that illumination change can be very useful forcolour constancy [1, 2], but the algorithms so far require theillumination change to be identified. This is done in [2] inthe case of smooth illumination, but fails if there is a hardshadow boundary. The work in this paper is a first step inthe integration of abrupt illumination change and colourconstancy.Moving onto image reproduction, an importantapplication of this work is dynamic range compression. Asis well known, the dynamic range of natural scenes is muchlarger than that which can be reproduced. Thus, there ismuch interest in compressing image dynamic range for moreappropriate reproduction [3-6], especially as the ability torecord the range of such scenes is improving. The majorcontributor to the large dynamic range of scenes isillumination variation. Material changes rarely have a ratiolarger than 30 to 1, whereas the differences between brightsunlight and a nearby shadow can easily exceed this [3].Despite this observation, current methods do not modelshadows. Rather, pixels are modified based on how theycompare to simple statistics of surrounding neighbourhoods,often combining the results of a number of scales orinstances. Such methods cannot distinguish between a darkshadow and a dark region with the same camera response,even if it can be argued that there is ample evidencesuggesting one case or the other. Thus we posit that fordynamic range compression it is helpful, and perhapsnecessary, to take a physics based approach. We will nowoutline such a method.We begin with a conservative segmentation of theimage. As in Barnard et al. [2], since we are mostlyconcerned with analyzing the illumination, it does notmatter if areas due to surfaces with very similar colour (suchas a white piece of paper on a white wall) are combined.These considerations mean that we can normally obtain asufficiently accurate segmentation for the task at hand.Given a segmentation, we then apply a number oftests to pairs of neighboring segments. Some of these tests(in fact, the most interesting ones) include consideration ofother segment pairs. Each test leads to a different degree ofbelief about the boundary between the two segments being ashadow, and each test therefore has an associated score. Thefinal score for a pair of neighboring segments is simply themaximal score found among all tests. From these edgescores we then compute the relative illumination field forthe image, which can be used for colour constancy,computer vision applications, and dynamic rangecompression. We now provide additional details.Determining Crisp Shadow EdgesOur method deals both with crisp shadows and soft shading.We first develop the theory for crisp shadows, and thenintroduce modifications to deal with, and take advantage of,the observation that shadow boundaries are often gradual. Toestimate the plausibility that an edge is a shadow edge weuse a number of tests, each of which has a score associated

that four segments are formed, two in shadow and two not inshadow (see Figure˚1). Even more evidence, is associatedwhen an additional similar shadow jump (but with yet adifferent shadow RGB) occurs elsewhere in the image.Finally, when that third shadow boundary is adjacent to theother two, the score is even higher. In this case, the shadowboundary crosses three adjacent regions, to form 6 patches.We include one more test in our method. If theshadow jump is so large that there is no material boundarywhich can account for it, we also take this as very strongevidence as a shadow boundary. We currently use a ratio of30 to 1 as the upper limit of albedo change.Incorporating Soft Shadow Edges andGradual ShadingSo far we have been treating shadow boundaries ascrisp, and thus the illumination change across the boundaryis well determined. However, it is well known that shadowboundaries are often quite soft, and, in fact, this observationhas been used to classify shadow and non-shadow edges [13].Certain segmentation approaches, such as region growingbased on small changes between neighboring pixels, cansometimes properly ignore the shadow boundary, and grow aregion which corresponds to physical edges only. However,it is very hard to make this work in a consistent fashionwhen there is a mix of shadow boundary strengths.Normally any reasonable choice of thresholds leads to asegmentation which stops at some shadow boundaries, butgrows into others, and, as the number of shadow boundarieswhich are missed increases, so do the number of other edgeswhich are missed. Therefore, we take quite a differentapproach. In general, the philosophy is to find as many ofthe putative shadow boundaries as possible, and then use thehigher level reasoning to determine which ones are shadows.It should be clear that the tests developed above will farebetter when fewer shadow boundaries are absorbed. Thus weuse a segmentation method which ensures that the RGB’swithin each region2 are within a certain small range of eachother, which errs on the side of having too many segments.For example, a nicely shaded ball may have a number ofstripes, each one representing the next increase inillumination with respect to our allowed RGB range.Given this sort of segmentation, applying the testsas described above may run into trouble, as the shadowboundaries may be divided into several steps at somewhatarbitrary points. The key to using such boundaries is to notethat the steps have a well defined structure, discussed furtherbelow, which can be identified. Then a candidate shadowboundary is declared as two regions separated by zero ormore steps. We ensure that the maximal number of steps areused, and therefore the steps themselves are not considered asshadows until later. Interestingly, the steps are characteristicof illumination change, and thus strengthen the case for the

2Technically, for the results presented in this work,we segmented using (r=R/(R+G+B), g=G/(R+G+B),L=R+G+B), not RGB.proposed shadow boundary. Therefore, in the case that theplausible shadow has these steps, the score is increased inproportion to the number of steps. Thus this methodincorporates the use of the softness of shadows withoutrelying on them. Further, it applies to quite large steps,such as a classic penumbra region, or big stripes on alightly shaded ball.We now provide further details on the identificationof the shadow steps. The first criteria is location. In general,we want to consider regions which are between other regionsin the "right way". A clean criteria that covers the desirablecases exactly is difficult to determine. However, thefollowing heuristic seems to work well. Consider a regionadjacent to two different regions A and B, and connected tothem via the (possibly broken) boundaries, bA and bB. Wetest whether the center of mass of the region is in theconvex hull of bA and bB.We move onto the colour constraints on the stepregions. We assume that the steps are due to varyingillumination, specifically a blend of the illumination at thetwo regions surrounding them. This means, first, that thesequence of regions are each a plausible illumination changeapart, and second, that the RGB of each step region is(approximately) a convex combination of the RGB’s of thetwo regions surrounding it. So far, the combination of thelocation and colour tests has proven to be quite robust.A few remarks with regard to the integration of theshadow step analysis with the tests explained above are inorder. First, the tests are applied using illumination changesbetween the two outside regions. The shadow steps are notused for this. However, as mentioned above, if the tworegions being considered are separated by shadow steps, thenthe score will increase. Finally, the shading boundariesbetween the steps inherit the score from the outside regions.Determining the Illumination Field.For some applications, such as segmentation into regions ofsimilar surface reflectance, the shadow information computedabove may be sufficient. However, for many applications,we need to integrate the information to determine the overallillumination field. Our method for doing so is as follows:We simplify matters by solving for the logarithm of theillumination at each segment. We solve for the illuminationfield of each channel separately. We set up a number ofequations which are solved in the least squares sense. Tobegin, we note that our method essentially computes relativeillumination, and thus we specify the unknown factor bysetting the sum of the logs of the illuminations to zero.Also, since our method is based on the relative changesacross adjacent regions, we need to deal with the possibilitythat the graph is not connected. Thus we introduce anequation setting the log of each illuminant component tozero. Since we solve the equations in the least squares sense,we arrange that these equations have little effect, exceptwhen there is ambiguity, by giving them a relatively smallweight. The system of equations described so far will ensure that the recovered relative illumination field is uniformlyone in the absence of any other information.Each edge between regions is a source ofinformation. On the assumption that the ratio of the redpixel values for adjacent regions i and j are due to theillumination, we have:

log(e_i^R )− log(e_j^R ) = log(RiR j )

(2)where

eiR

is the relative value of the red component of theillumination at region i, and

e jR

is the analogous quantityfor region j. We weight this with the plausibility of theedge, p, and the length of the edge,˚L:

pLlog(eiR )− pLlog(ejR ) = pLlog(RiRj )

(3)Similarly, to the extent we believe the edge is not a shadowedge, the illumination should not change at that boundary:

(1− p)Llog(eiR )− (1− p)Llog(ejR ) = 0

(4)These equations are solved in the least squares sense for eachchannel. Then the illumination is set to the appropriatevalue at each region. Since there are always pixels which donot belong to any of the segments, we linearly interpolatethe result for those pixels.ResultsWe have tested our method on several complex real imageswith both distinct and subtle shadows, and have obtainedvery promising results. However, shadow identification oncomplex real images is a difficult problem, andmisclassification does occur. One of the strengths of thismethod is that the shadow information propagation stepserves to resolve ambiguity and mitigate the effect ofmisclassification, especially when the goal is simply animproved image for human viewing.Figure 2 shows the results on an image with astrong shadow, and some gentle shading due to surfacecurvature. Although not apparent in the black and whitereproduction, there is a significant colour change across theshadow boundary. The background (shadow) illuminant isquite blue, and the foreground illuminant is quite yellow.Thus this scene emulates a standard outdoor scene where theshadows are illuminated by the blue sky, and the non-shadow regions are illuminated by both the blue sky anddirect sunlight. The image was taken with a Sony DXC-930camera which supports the diagonal model well. Figure 2(a)shows the input image. Figure 2(b) shows the candidateshadow edges with line segments joining the two regionssharing the edge. The plausibility of the edges is representedby the brightness of the segments. White segments joinregions where there is strong evidence that one of them is ashadow, or more specifically, that the edge between them isan illumination edge. If the process were perfect, thenadjacent regions from the same surface would be joined withwhite segments. Figure 2(c) shows the estimatedillumination field, which is very close to the actualillumination field. Since the method rarely completelycommits to a specific edge being due to an illuminationchange (i.e. "p" in (2) is rarely 1), the least squares fittingprocedure will always produce a few artifacts of the materialedges. We feel this is a reasonable tradeoff for the gain inrobustness. Figure 2(d) shows the spatial variation of theillumination removed by dividing by the illumination field.Applications seeking to enhance dynamic range wouldnormally provide an image somewhere between (a) and (d),possibly with additional transforms. (Removing all shadingfrom an image is usually detrimental). Finally we note thatFigure 2(d) has artifacts at the reduced/removed shadowedges. We are currently considering several methods fordealing with such artifacts. Since our method implicitlycontains quite a good understanding of the underlyingprocesses producing the edges, we feel that these problemscan be dealt with.ConclusionWe have developed a method for analyzing edges with regardto whether they are likely an illumination edge or a materialedge. The method includes considering whether the edge is apossible illumination edge based on a set of commonilluminants, whether there are similar changes acrossdifferent surfaces, whether the edge is in a geometricconfiguration suggestive of a shadow, and whether the edgeis too strong to be a material change. We integrate thesecriteria with the observation that illumination changes areoften gradual or somewhat gradual, leading to a specificstructure with our segmentation approach, which can beexploited. Finally we show how to compute an estimate ofthe illumination field from the edge hypothesis. Our methodis therefore ready to be used in conjunction with colourconstancy algorithms, dynamic range compression, as wellas a number of computer vision applications.References1.G. D. Finlayson, B. V. Funt, and K. Barnard, ColorConstancy Under Varying Illumination, Proc. FifthInternational Conference on Computer Vision, pp. 720-725(1995).2.K. Barnard, G. Finlayson, and B. Funt, Colour constancy forscenes with varying illumination, Computer Vision andImage Understanding, 65, pp. 311-321 (1997).3.D. J. Jobson, Z. Rahman, and G. A. Woodell, A Multi-ScaleRetinex For Bridging the Gap Between Color Images and theHuman Observation of Scenes, IEEE Transactions on ImageProcessing: Special Issue on Color Processing, 6, pp. 965-976 (1997).4.K. Barnard and B. Funt, Investigations into Multi-ScaleRetinex, in Colour Imaging in Multimedia ’98, L. W.MacDonald and M. Ronnier Luo, Eds.: John Wiley and Sons,1999, pp. 9-17.5.J. Frankle and J. McCann, Method and Apparatus forLightness Imaging, United States Patent 4,384,336 (1983).

6.J. McCann, Lessons learned from Mondrians applied to realimages and color gamuts, Proc. IS&T/SID Seventh ColorImaging Conference: Color Science, Systems andApplications, pp. 1-8 (1999).7.G. D. Finlayson, Coefficient Color Constancy, Simon FraserUniversity, School of Computing, Ph.D. thesis (1995).8.G. D. Finlayson, M. S. Drew, and B. V. Funt, SpectralSharpening: Sensor Transformations for Improved ColorConstancy, Journal of the Optical Society of America A, 11,pp. 1553-1563 (1994).9.K. Barnard and B. Funt, Experiments in Sensor Sharpeningfor Color Constancy, Proc. IS&T/SID Sixth Color ImagingConference: Color Science, Systems and Applications, pp. 43-46 (1998).10.K. Barnard, Practical colour constancy, Simon FraserUniversity, School of Computing, Ph.D. thesis (1999),available fromftp://fas.sfu.ca/pub/cs/theses/1999/KobusBarnardPhD.ps.gz.11.G. D. Finlayson, Color in perspective, IEEE Transactions onPattern Analysis and Machine Intelligence, 18, pp. 1034-1038 (1996).12.Available from http://www.cs.sfu.edu/~colour/data.13.C. Jiang and M. O. Ward, Shadow identification, Proc. IEEEConference on Computer Vision and Pattern Recognition, pp.606-612 (1992).