Analysis and Improvement of Multi-Scale RetinexKobus Barnard and Brian FuntSimon Fraser UniversityBurnaby, BC, CanadaAbstractThe main thrust of this paper is to modify themulti-scale retinex (MSR) approach to imageenhancement so that the processing is more justifiedfrom a theoretical standpoint. This leads to a newalgorithm with fewer arbitrary parameters that is moreflexible, maintains color fidelity, and still preserves thecontrast-enhancement benefits of the original MSRmethod. To accomplish this we identify the explicit andimplicit processing goals of MSR. By decoupling theMSR operations from one another, we build analgorithm composed of independent steps that separatesout the issues of gamma adjustment, color balance,dynamic range compression, and color enhancement,which are all jumbled together in the original MSRmethod. We then extend MSR with color constancy andchromaticity-preserving contrast enhancement.IntroductionRecent work [1,2,3,4] advocates MSR as a method ofimage enhancement which provides color constancy anddynamic range compression. Nonetheless, there are anumber of problems with the original MSR method.The chief conceptual problem is that a number ofimage-processing tasks are performed simultaneouslywithout sufficient regard to the interactions occurringbetween them. The main practical consequence of this isthat MSR is not appropriate for applications which aresensitive to color.MSR serves a subset of the following five imageprocessing goals, depending on the circumstances:1)Compensating for uncalibrated devices (gammacorrection)2)Color constancy processing3)Local dynamic range compression4)Global dynamic range compression5)Color enhancementIn the original MSR method all the processing steps areintertwined, and as a result, the colors are changed inimage dependent and unpredictable ways. We willdisentangle these tasks, and develop a sound theoreticalbasis for them. In addition, when the fifth task isappropriate, it is our view that this processing shouldproceed relative to a well defined color baseline, andsuch a baseline is provided by our approach. To do thiswe use an effective, neural-network-based, colorconstancy algorithm [5] to correct for mismatchesbetween the illuminant and the camera balance. Then weuse a modified version of MSR which does not changethe color. This results in an appropriate, well defined,baseline for subsequent color enhancement if required bythe application.Overview of the original MSR methodMSR is explained easily from single-scale Retinex [2,3, 4]. For SSR we have:

Ri (x, y, c) = log Ii(x,y) { }− log{F(x,y,c)⊗ Ii(x,y)}

(1)where

Ri (x, y, c)

is the output for channel "i",

Ii (x, y)

is the image value for channel "i",

⊗

denotesconvolution, and

F(x, y, c)

is a Gaussian surroundfunction explicitly given by:

F(x, y, c) = Ke− (x2 +y2 )/c2

(2)with K selected so that:

F(x, y, c)

∫∫ dxdy =1

(3)In the above, the constant "c" is the scale. The MSRoutput is simply the weighted sum of several SSR’swith different scales:

RM i (x, y,w,c) = wnn=1N∑ Ri(x,y,cn )

(4)where

RM i (x, y)

is the MSR result for channel "i",

w = (w1,w2, ... , wN )

where

wn

is the weight of then’th SSR,

c = (c1,c2, ... , cN )

, where

cn

is the scaleof the n’th SSR, and we insist that

wn n=1N∑ =1

. In [2]the authors state that the choice of scales is applicationdependent, but that for most applications at least threescales are required, and that equal weighting is usuallyadequate. The example illustrated in Figure 1 of [2] usesscales of 15, 80, and 250 pixels, which is also the setused in [4].The result of the above processing will have bothnegative and positive RGB values, and the histogramwill typically have large tails. Thus a final gain-offsetis applied as mentioned in [3] and discussed in moredetail below.

This processing can cause image colors to gotowards gray, and thus an additional processing step isproposed in [1]:

′RM^i (x,y,w,c,C) = RM^i (x,y,w,c)∗ ′Ii(x,y,C)

(5)where

′Ii(x,y,C)

is given by:

′Ii(x,y,C) = log 1+C Ii(x,y)Ii(x,y) i=13∑

(6)where we have taken the liberty to use log(1+x) in placeof log(x) to ensure a positive result. In [4] a value of125 is suggested for C; for [6] we empirically settled ona value of 100 for a specific test image. The differencebetween using these two values is small. In formula (5)of [4] a second constant is used which is simply amultiplier of the result:

′′Ii(x,y,C,b) = β ′Ii(x,y,C)

.However, in our implementation this constant isabsorbed in the final gain-offset step.A few more words about the final gain-offset stepare warranted. Figure 8 of [3] shows how clipping isneeded to have good contrast, as the resultant imagehistogram has quite large tails. We assume that the goalof consistently removing these tails led to the pair ofgain-offset constants recently published in [4]1 .However, our experience prior to that publication didnot leave us confident that the best choice is particularlyimage independent, especially for images from variouss o u r c e s . T h u s w e s e t t l e d o n i m p l e m e n t i n g w h a t w e b e l i e v e i s t h e i n t e n t o f t h e a d j u s t m e n t , a n d s e t t h e clipping point based on clipping a few percent of thepixels on either side. The extrema of the clipping pointsf r o m e a c h o f t h e t h r e e c h a n n e l s i s u s e d , i n o r d e r t o apply the same gain-offset to all three. We have alsoexplored clipping a fixed percentage of the range, asw e l l a s l o o k i n g f o r i m a g e i n d e p e n d e n t g a i n o f f s e t parameters, as suggested in [4]. All methods work tosome extent, but we do not have an appropriate metricfor performance, and additional work is required in thisarea.Unfortunately, for the purposes of comparison, them e t h o d s a n d c o n s t a n t s u s e d f o r t h e g a i n - o f f s e t c a n substantially affect image appearance. This is especiallythe case where the part of the range which is of mosti n t e r e s t h a s b e e n c o m p r e s s e d w i t h a l o g a r i t h m operation. In addition, the resulting color is sensitive tot h e g a i n - o f f s e t a d j u s t m e n t b e f o r e c o l o r c o r r e c t i o n . Formula (6) of [4] seems to imply that none is needed,but in our implementation it is necessary to get areasonable result. Furthermore, the color is sensitive tothe associated constants.

1We have not yet been able to obtain reasonable resultsusing the formula and constants in [4].MSR and Color fidelityTo preserve image chromaticity while doing dynamicrange compression, we must begin with calibrated inputand output devices. In particular, we require a linearrelationship between scene radiance and CRT luminanceof the three channels (up to a uniformly appliedmultiplicative nonlinear function). This means that theCRT’s gamma must be taken into account. Thestandard power-law method of gamma correction is onlyan approximation, and the best value of "gamma" variesfrom monitor to monitor. As a result, we have found itworthwhile to calibrate our monitor with a spectra-radiometer.There is an interesting relationship with theoriginal formulation of MSR and gamma correction.That method uses a channel-independent logarithm,which normally would have the side effect of changingthe image colors. However, the operation somewhatapproximates monitor gamma correction, and thus thecolor shift is far less of a problem when displaying theresult without gamma correction than would beexpected. In fact, applying gamma correction to theresult of MSR processing normally gives poor results.Specifically the images look washed out and overgamma corrected. The problem with just accepting andusing this coincidence as a conveniently providedgamma correction is that device calibration (gammacorrection) is meant to compensate for devices, but nowone is committed to a single method, and thus the resultis device dependent. Regardless, since MSR can to someextent play the role of gamma correction, it isimportant to ensure proper gamma correction is beingapplied to the original image when being compared toMSR results on a monitor.Device calibration is also an issue on input. It isinteresting to note that given a histogram or range basedgain-offset adjustment as described above, the originalMSR method can be quite resilient to insufficientinformation about whether a gamma correction has beenapplied to the input. The gamma becomes roughly aconstant factor due to the channel independent logarithm(although not exactly, due to the convolution). Thisconstant is then essentially absorbed by the histogrambased gain-offset adjustment. For confirmation, we haveverified that there is little visual difference betweenMSR output of gamma corrected and non gammacorrected input.The second color problem with the original MSRapproach is that the image colors tend to be desaturatedgrayish. This is due to the manner in which gray-world-based color constancy processing is applied to relativelysmall image neighbourhoods. Each pixel’s color iscompared to the average of the colors in a surroundingneighbourhood. For regions of constant color thismeans that the MSR result will tend towards grayregardless of the color of the region.

Later versions of MSR include a processing stepwhich puts back some of the color that was removed.The intermediate image colors are modified by a non-linear function of the original image colors. Thisprocessing has the obvious problem of changing theimage colors in ways that are hard to characterize andpredict. A second problem with the color correction stepis that it seems to defeat the color constancy processinggoal of MSR. A gray wall under blue light, as seen bya camera balanced for a redder light, will be too blue.MSR without color correction will move the color ofthe wall towards gray, and thus achieve some degree ofcolor constancy. However, if the color correction step isnow used, the color of the wall will be moved backtowards blue!Another color problem with standard MSRprocessing is complement color bleeding at certain coloredges due to the local contrast enhancement. Consider awhite card mounted on a yellow background. Forsimplicity, consider that the red and the green channelsof the yellow are similar to that of white, and the blueis substantially smaller. Then only the blue channelwill change due to the boundary, and the blue channel ofthe white near the boundary will be enhanced relative tothe others which represent neutral. Hence the white cardwill have a blue halo near the boundary.Color preserving MSRWe now outline an alternative approach to MSR. Asmentioned earlier, the main idea is to separate theprocessing goals/effects of MSR so that each one can bedone more optimally. First we ensure that the input islinear. Then we optionally apply color constancyprocessing followed by MSR style processing to anappropriately defined image luminance. The processinghere can take many forms, of which two are discussed indetail below. The RGB of the output image pixels arethen set so that their chromaticity is the same as in the(possibly color corrected) linear input image, but theirluminances are the result of the previous processingstep. At this point color enhancement, such asincreasing the color saturation, can be applied. Finally,the image is mapped into the appropriate space to givelinear output on the target device. In the case of a CRTmonitor, this can be approximated by a gammacorrection. We now provide some additional details.As discussed above, color fidelity is best achieved ifthe input is proportional to scene radiance. Thus weattempt to linearize the input if this is not the case. Wehave experimented with input from a Sony CCD cameraas well as Kodak photo CD images. In the case of thecamera, we have verified that it is linear. We linearizephoto CD images by inverting the algebra described in[7]. It is not known how well this corresponds to theradiance in the original scenes, but for the purposes ofexperimentation we assume it is linear.If color constancy is an issue for the application, itis dealt with next. For the purpose of this paper, wedefine color constancy processing as a correction for amismatch between the illuminant chromatically forwhich the imaging system is calibrated and the actualilluminant chromaticity of the scene. Color correctionso defined is different than simply determining anilluminant independent description of the scene. Mostmethods available to do this correction implicitlyassume that the input is linear, and thus a good result isdependent on the linearity considerations discussedabove. In fact, using the above definition for colorconstancy processing almost demands reference to alinear space.Standard MSR has its roots in the latest colorconstancy work by Land [8,9,10], and color constancyprocessing is one of the purported goals of MSRprocessing. However, the color constancy processinginherent in standard MSR processing has severalweaknesses. First, it attempts to do color correction ina non-linear space. Second, it essentially is based on thegray world assumption, which is not a major problem,except that there are better algorithms available (see, forexample, [5,11,12,13]). A more serious problem is thatthe implementation of the gray world algorithm is notoptimal. Color constancy algorithms generally makesome assumption about how the illuminantchromaticity varies spatially (the most commonassumption being that it is uniform), and then exploitthat assumption. In the case of MSR, the use of a largescale implies some confidence that the illuminationuniformity is wide, but the use of smaller scales yieldspoor color constancy results due to local violations ofthe gray world assumption, and leads to a grayed outimage. Averaging the results mitigates the errors, butalso reduces the chances for good performance, and thusis unsatisfactory. We posit that if illuminationuniformity is an issue, it should be dealt with explicitlyin the algorithm (as is done in [14]). Otherwise, theillumination chromaticity should be assumed constant,as this gives the most effective color constancyprocessing.The color constancy algorithm used for ourexperiments is a neural network trained to predict thechromaticity of the scene illuminant [5]. This is thenused to compute an estimate of what the scene wouldlook like, had it been illuminated by an appropriateilluminant for the imaging system. The performance ofthis algorithm is significantly better than gray worldbased methods.The next step is to apply MSR style processing onan appropriately defined expression of the imageluminance. We offer two methods to do this. The firstmethod is simpler and changes the image less, and maybe preferable for images from sources known to havesmall dynamic range. The second method is designed toapproximate the dynamic range compression of theoriginal MSR method. The significance of the second

method is that it is more appropriate on images withhigh dynamic range. In order to investigate therelationship of the various methods and input dynamicrange we created some images with extended dynamicrange by either combining a number of images taken atdifferent apertures, or averaging a large number ofimages.For the first method we apply MSR styleprocessing without taking logarithms on the imageluminance defined by

II = Ii∑

(in the case of three-channels

II = Ired + Igreen + Iblue

) as follows. For eachscale we map the input intensity to the outputintensity,

RI = Ri∑

, using formula (1) where withoutlogarithms the subtraction becomes a division:

RI (x, y, c) = II(x,y) F(x,y,c)⊗ II(x,y)

(7)with

F(x, y, c)

given by (2) above. To get a luminanceversion of MSR, we simply use formula (4) with thearbitrary channel "i" being replaced by the singleintensity result. This method has the appeal that theluminance is in a space which is locally approximatelylinear, and thus the image which require little or nochange should look more natural.With an appropriate choice of scales, the abovemethod can give an arbitrary amount of dynamic rangecompression. This is the case because a very small scalewill remove all intensity differences, and reduce theimage to a chromaticity image. Nonetheless, applyingthe above method to images with large dynamic rangeoften gives a poor result at sharp shadow edges. Theregion in shadow is typically brightened significantly,but the edge itself becomes a dark area between twolight areas, and thus looks unnatural.Standard MSR typically does not brighten theshadow as much, but has much less of this edge effect,and the shadow simply looks like a less dark shadow.The reason for this difference is that a large part of thedynamic range compression of standard MSR is due tothe logarithm operation. This can be verified byapplying the processing without any ratios. Theobservation that the logarithm operation has a definitebenefit leads us to the second method for luminancebased MSR style processing.This method is designed to provide the samedynamic range compression as original MSR. Here wedefine the image luminance by the geometric mean ofthe channels :

II = IiiN∏ 1N

. Although it is possibleto use the arithmetic mean (as was done in [6]), thegeometric mean is intuitively superior, as it gives acleaner correspondence between the luminance ofstandard MSR and the luminance based alternative.Having computed the luminance, standard MSRprocessing is now applied to it, this time including thelogarithm operation. In order to obtain an outputluminance comparable to standard MSR, an additionalstep is needed. This is due to the observation above thatMSR output should not be gamma corrected. Since wewish to gamma correct the output of the modifiedalgorithm, we apply a reverse gamma correction to theMSR luminance result. Again the correspondencebetween the effect and the desired result is better servedby the use of the geometric mean in place of thearithmetic mean. It should be noted that since we areonly dealing with luminance, the reverse gammacorrection need not be exact, and is adequatelyimplemented with a power function. Specifically weraise the luminance to the 2.2 power, with any power inthe 1.8 to 2.8 range being reasonable, depending on themonitor. If even more dynamic range compression isrequired, it can be obtained by simply omitting thereverse gamma correction step, but images processed inthis manner to tend to look unnatural.The next step is to apply the histogram based (orother) gain-offset method described above to theluminance. Thus having determined the desired relativeintensify, we set each channel to the same chromaticityas in the input by:

Ri (x, y) = RI(x,y) Ii(x,y)II(x,y)

(8)The processing so far has been designed to maintaincolor fidelity. However, this is not the same asproducing the most pleasing color. If color enhancementis desired, then it is best added at this stage. Forexample, for some applications, increasing colorsaturation may be desired.Next we map the pixels into the output range,typically [0, 255], recalling that the zero point isalready set by the bottom clipping of the intensity. Onepossible solution is to simply scale the range to fit.However, often a better result is obtained by allowingsome clipping of the upper range. The chromaticities ofthe pixels that are clipped will be a slightly incorrect,but this is not normally noticeable. It is notrecommended, however, to do the same with the bottomof the range, as this can affect the chromaticities of allthe pixels. Instead it is generally better to increase theamount of clipping on the bottom by doing so whenthe luminance range is adjusted.The final step of the algorithm is to map theoutput into a space which produces linear output on thetarget device. In the case of a CRT monitor, this maybe approximated by gamma correction. In summary, we have an algorithm whichmaintains the dynamic range compression benefits ofstandard MSR, but is precise with respect to color. Inaddition, the algorithm requires less processing becausewe only need to perform convolutions on theluminance. Even if convolutions are performed usingFourier transforms, this is a non-negligible saving.ResultsWe have tested the modified method of MSR processingon a number of images. Rather than attempt to portray

color results in black and white, we have made some ofthe results available on the internet [15].We first verified that for standard images, the firstform of the dynamic range compression usually givesreasonable results. These images included ones fromKodak photo CD and ones taken with a three chip, 8bit, Sony CCD camera. However, even some of theseimages had sufficiently strong shadow boundaries thatthe edge effect described above is noticeable. For theseimages, the second method gave better results. This iseven more the case for images with extended dynamicrange. Thus we conclude that overall the second methodis a better choice when the dynamic range compressionrequired is significant.Next we explored the inter-play of the variousmethods and color constancy. We took images of thesame scene with a shadow of varying strengths usingtwo very differently colored lights. The first was aregular incandescent bulb which is a good illuminant forthe indoor setting on our Sony CCD camera. Thesecond illuminant was a cool white fluorescent togetherwith a blue filter which creates an illuminant similar inchromaticity to that of deep blue sky. The same cameracolor temperature setting was always used, creating acolor constancy problem. In one image the incandescentlight source was near the camera resulting in an imagewhich was both well color balanced and devoid ofshadows. This was used as a reference. Then shadows ofincreasing strengths were put across the images. In orderto explore the method fully, for each illuminant animage with a extraordinarily dark shadow was taken bycombining several images taken at different apertures.In general, the original MSR method without colorcorrection grayed out the images. We used the colorcorrection scheme to correct the color in the case of thereference image using a value of 125 for C in equation(6). This value gave reasonable color, but it is hard toverify that it is optimum without introducing a metric.There is no value of C which gives exactly the originalcolor. Since we are comparing standard MSR to amethod that has no such parameter, we feel it is fair toleave the value of C at the specified value. Since themodified algorithm was designed to preserve color, theresults with that method did not gray out the image, andthus did not require color correction.We turn now to the images taken under anillumination which is too blue due to the incorrectcamera balance. Here the original MSR without colorcorrection moves the image towards gray, and somewhattowards the appropriate color, achieving some degree ofcolor constancy. The color is still far from the standard.When the color correction was applied, using the sameconstant as above, the image colors moved back towardsthe original, incorrect color. In fact, it is hard to seehow to fix this problem with the original colorcorrection method, even if one is allowed to change theparameter manually.In the case of the modified algorithm, the colorconstancy processing using the method describe in [5]works well, producing an image close to the desiredcolor, as set by the standard image. The subsequentMSR processing preserves this color, producing animage which has the benefits of the MSR dynamicrange compression, and is the desired color.ConclusionStandard Multi-scale retinex processing works quite wellas a method of compressing an image’s dynamic rangeso that the image contrast looks better. Standard MSRperforms a mixture of local (via ratios) and global (vialogarithms) contrast adjustment. Unfortunately, standardMSR has the drawback that it perturbs the image colorsin quite unpredictable ways. We have analyzed thefundamental steps of MSR and disentangled the variousoperations so that their effects can be handled separately,which also makes it possible to add in true colorconstancy processing as one of the steps. The resultingalgorithm provides better color fidelity, has fewerparameters to specify. In addition, it is lesscomputationally expensive.AcknowledgmentsThis work was made possible in part by support fromthe Hewlett-Packard Corporation and the NaturalSciences and Engineering Council of Canada (NSERC).References1.D. J. Jobson, Z. Rahman, and G. A. Woodell,"Retinex Image Processing: Improved Fidelity ToDirect Visual Observation", Proceedings of theIS&T/SID Fourth Color Imaging Conference: ColorScience, Systems and Applications, Scottsdale,Arizona, November, pp. 124-126, 1996.2.Z. Rahman, D. J. Jobson, and G. A. Woodell, "AMultiscale Retinex for Color Rendition andDynamic Range Compression", SPIE InternationalSymposium on Optical Science, Engineering andInstrumentation, Applications of Digital ImageProcessing XIX, Proceedings SPIE 2825, Andrew G.Tescher, ed., 1996.3.D. J. Jobson, Z. Rahman, and G. A. Woodell,"Properties and Performance of a Center/SurroundRetinex," IEEE Transactions on Image Processing,March 1997.4.D. J. Jobson, Z. Rahman, and G. A. Woodell, "AMulti-Scale Retinex For Bridging the Gap BetweenColor Images and the Human Observation ofScenes," IEEE Transactions on Image Processing:Special Issue on Color Processing, July 1997.

5.B. Funt, V. Cardei, and K. Barnard, �LearningColor Constancy,� Proc. Fourth IS&T/SID ColorImaging Conf., pp. 58-60, Scottsdale, Nov. 19-22,1996.6.B. V. Funt, K. Barnard, M. Brockington, and V.Cardei, "Luminance-based multi-scale Retinex,"Proceedings AIC Color 97, Kyoto, Japan, May 25-30 (1997).7.Eastman Kodak Company, "Fully Utilizing PhotoCD Images: Article No. 4�PhotoYCC ColorEncoding and Compression Schemes," 1994,available from 15://15.Kodak.com/pub/photo-cd/general/pcd045.txt.8.E. H. Land, "Recent advances in Retinex theoryand some implications for cortical computations:Color vision and the natural image", Proc. Natl.Acad. Sci., 80, pp. 5163-5169, 1983.9.E. H. Land, �Recent advances in Retinex theory�,Vision Res., 26, pp. 7-21, 1986.10.E. H. Land, "An alternative technique for thecomputation of the designator in the Retinex theoryof color vision". Proc. Natl. Acad. Sci. USA, Vol.83, pp. 3078-3080, 1986.11.D. Forsyth, "A novel algorithm for colorconstancy," International Journal of ComputerVision, 5, pp. 5-36, 1990.12.G. D. Finlayson, �Color Constancy in DiagonalChromaticity Space," In Proceedings: FifthInternational Conference on Computer Vision, pp218-223, (IEEE Computer Society Press, 1995).13.W. Freeman and D. Brainard, �Bayesian DecisionTheory, the Maximum Local Mass Estimate, andColor Constancy," in Proceedings: FifthInternational Conference on Computer Vision, pp210-217, (IEEE Computer Society Press, 1995).14.K. Barnard, G. Finlayson, and B. Funt, "Colorconstancy for scenes with varying illumination," InProceedings of the 4th European Conference onComputer Vision, pp. II:1-15, Bernard Buxton andRoberto Cipolla, eds., Springer, 1996.15.ftp.cs.sfu.ca://pub/cs/color/IST-97