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Abstract

The multiscaleretinex with color restoration(MSRCR)
hasshown itself to be a very versatileautomaticimage
enhancementalgorithmthat simultaneouslyprovidesdy-
namicrangecompression,color constancy, andcolor ren-
dition. A numberof algorithmsexist that provide one
or more of thesefeatures,but not all. In this paperwe
comparetheperformanceof theMSRCRwith techniques
thatarewidely usedfor imageenhancement.Speci�cally,
we comparethe MSRCRwith color adjustmentmethods
suchasgammacorrectionandgain/offsetapplication,his-
togrammodi�cation techniquessuchashistogramequal-
izationandmanualhistogramadjustment,andothermore
powerful techniquessuchas homomorphic�ltering and
`burninganddodging'. Thecomparisonis carriedout by
testingthe suiteof imageenhancementmethodson a set
of diverseimages. We �nd that though someof these
techniqueswork well for someof theseimages,only the
MSRCRperformsuniversallywell on thetestset.

Intr oduction

TheMultiscaleRetinex1 (MSR) is a generalizationof the
single-scaleretinex2� 4 (SSR),which,in turn,isbasedupon
the last versionof Land's center/surroundretinex5. The
currentversionof theMSR combinestheretinex dynamic
rangecompressionandcolorconstancy with acolor`restora-
tion' �lter thatprovidesexcellentcolor rendition6� 8. This
versionof the MSR is calledthe MultiscaleRetinex with
ColorRestoration(MSRCR).TheMSRCRhasbeentested
with averylargesuiteof imagesandhasconsistentlyproven
tobebetterthanany conventionalimageenhancementtech-
nique.In thispaperwepresentacomparisonof theMSRCR
with severalof themostpopularimageenhancementmeth-
ods. Theseinclude point transformssuchas automatic
gain/offset, non-lineargammacorrection,non-linearin-
tensitytransformssuchasthelogarithmictransformor the
`square-root'transform;andglobaltransformssuchashis-
togramequalization9, homomorphic�ltering 10, andman-
ual `burninganddodging.'

State-of-the-artTechniques

In this sectionwe brie�y describethe characteristicsof
someof thestate-of-the-arttechniquesmostcommonlyused
for imageenhancement.

Gain/offsetcorrection

One of the most commonmethodsof enhancingan im-
age is the applicationof a gain and an offset to stretch
thedynamicrangeof an image.This is a linearoperation
andhencehaslimited successon scenesthatencompassa
muchwiderdynamicrangethanthatthatcanbedisplayed.
In thiscase,lossof detailoccursdueto saturationandclip-
ping aswell asdueto poorvisibility in thedarker regions
of the image. For a scenewith dynamicrangebetween

�����	� and ����

� , andadisplaymediumwith dynamicrange
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���	� , this transformcanberepresentedby
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where
�


 is the ! th inputband,and
�

�


 is the ! th outputband.
Thisparticulartransformwill transformthesceneto com-
pletely�ll thedynamicrangeof thedisplaymedium.This
doesnot imply, however, that this processwill provide a
goodvisualrepresentationof theoriginalscene.

Non-linear Point Transforms

Anotherwell known methodusedfor providing dynamic
rangecompressionis the applicationof non-lineartrans-
formssuchasthegammanon-linearity, thelogarithmfunc-
tion, and the power-law function to the original image.
Thesefunctionsaretypically biasedtowardincreasingthe
`visibility' in the `dark' regionsby sacri�cing thevisibil-
ity in the `bright' areas.Theoutputof such�lters canbe
describedby
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where (.*/, representsthe point non-linearity. A typical
pointnon-linearityis illustratedin Fig. 1.
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Figure1: A typicalnonlinearpoint transformfunction.

Histogram Equalization

A global techniquethat works well for a wide variety of
imagesis histogramequalization.This techniqueis based
on the ideaof remappingthe histogramof the sceneto a
histogramthathasanear-uniformprobabilitydensityfunc-
tion. This resultsin reassigningdark regionsto brighter
valuesandbrightregionstodarkervalues.Histogramequal-
izationworkswell for scenesthathaveunimodalorweakly
bi-modalhistograms(i.e. very dark, or very bright), but
not so well for thoseimageswith stronglybi-modalhis-
tograms(i.e. scenesthatcontainverydarkandverybright
regions).

Homomorphic Filtering

Thetechniquethatmostresemblesoursconceptuallyand
functionallyis homomorphic�ltering 10. Thegeneralidea
of homomorphic�ltering is shown in Fig. 2. The image
is �rst passedthrougha logarithmicnon-linearitythatpro-
videsdynamicrangecompression.It is thenFouriertrans-
formed,andits representationin thespatialfrequency do-
main is modi�ed by applying a �lter that providescon-
trast enhancement.The modi�ed image is then inverse
Fourier transformedandis passesthroughanexponential
non-linearitythat `reverses'the effectsof the logarithmic
nonlinearity. � Mathematically,
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A modi�ed colorversionof thehomomorphic�lter wasproposedby
Faugeras11 in 1979. Our implementationsimply appliesthe black and
white versionof thehomomorphic�lter to eachbandof thecolor image
andcombinestheresultsto form a coloroutputimage.
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where � *-, , and �

���

*/, representthe Fourier and the in-
verseFourier transformsrespectively, and � represents
thehomomorphic�lter . It is in its �nal exponentialtrans-
form thatthehomomorphic�lter differsthemostfrom the
MSRCR.MSRCRdoesnotapplya �nal inversetransform
to gobackto theoriginaldomain!

Manual ImageEnhancement

As bothprofessionalandamateurphotographersfacethe
limitations of the narrow dynamicrangein currentprint-
ing technology, andthe inadequateperformanceof image
enhancementalgorithms,moreandmoreattentionis being
focusedonmanualenhancementmethods.Onesuchtech-
niqueis `burning-and-dodging' wheredifferentregionsof
an imageareinteractively modi�ed by a user' . Theburn
and dodgetool provides the capabilityof modifying the
color contentof a region by using tools of varying sizes
andshapesthatwork aselectronic“scrims.”

Multiscale Retinexwith Color Restora-
tion

The generalform of the MSRCRcanbe summarizedby
thefollowing equation:
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where
(

)
+

is the ! th bandof theMSRCRoutput, @ is the
numberof scalesbeingused,

1

/ is theweightof thescale,
�


 is the ! th bandof theinput image,,and > is thenumber
of bandsin theinput image.Thesurroundfunction 9

/ is
de�ned by
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/ is thestandarddeviationof the � thsurroundfunc-
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� �R; . Thenum-
berof scales,@ , andthewidthsof thesurroundfunctions,

H

/ , are imageindependentS . In otherwords, thesehave
beenchosento maximizeenhancementfor a largeT num-
berof images.Oncetheconstantshavebeenselected,then
theprocessis truly automaticandindependentof thevari-
ationsin scenestatistics.

U

Adobe Photoshop4.0, a commercialphoto manipulationsoftware
package,providesaburnanddodgetool.

V

Typically for WYX!Z,[\WYX!Z images.The ]�^ maychangewith the di-
mensionof images.

_

We have not yet found an exceptionafter having processed1000+
images!
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Figure2: Homomorphic�ltering 9

Comparison

We have comparedtheMSRCRwith all of the imageen-
hancementtechniquesdescribedabove.Wepresentthere-
sults in Figs. 3, and4. We presentthe comparisonwith
manualburninganddodgingseparately.

Point operations

Figure3 showsa collageof imagesthatcomparestheout-
put of the MSRCRwith the point transforms.As canbe
seen,theMSRCRprovidedthebestoverall visualquality
in eachcase.Thetechniquessuchashistogramequaliza-
tion performwell for a widerangeof scenes,but they also
fail for a large set. The MSRCR outperformsthe other
methodsuniversally.

Homomorphic �ltering

Figure4 shows a comparisonof theMSRCRwith homo-
morphic�ltering. Thehomomorphic�lter consistentlypro-
videdexcellentdynamicrangecompressionbut is lacking
in �nal color rendition. The outputof the homomorphic
�lter in effect appearsextremelyhazycomparedwith the
outputof theMSRCRthoughthedynamicrangecompres-
sionof thetwo methodsappearsto becomparable.

Manual Burning and Dodging

Figure5 shows a comparisonof theMSRCRwith there-
sultsobtainedby usingmanualburninganddodging.The
manuallyprocessedimageshowsanimprovementoverthe
originalasfar astheinformationanddetail in thedarkar-
easis concernedbut it lacksthevividnessandcolor satu-
ration that theMSRCRimageretainsandevenenhances.
Thereis obviousstreakingfrom theverylocaloperationof
thetool stroke—thiscouldbeeliminatedbutonly attheex-
penseof addingconsiderablyto thetotal processingtime.
In the high detail areaswheretherearesharpdifferences
in re�ectance,a tool with sizeapproachingthatof a single
pixel would berequiredto bring out all thedetails.Since
the time neededfor enhancinga region is roughly in in-
verseproportionto thesizeof the tool beingusedfor the
processing,this suggeststhata very largeamountof time
would be neededto performsuchan enhancement.On a
scene-by-scenebasis,thetimeandeffort requiredfor man-
ual manipulationcanbereasonable;but theMSRCRpro-
ducesimagesthat areequivalentor betterin quality at a

fraction of the time. Becausethe visual quality of man-
ual burninganddodgingis solely limited by thepatience
andtime commitmentof the user, the caseshown is per-
hapstypicalof theperformanceachievedby thepersistent
non-specialist.

Conclusions

We have provided a brief descriptionof the most com-
monlyusedimageenhancementtechniquesandcompared
theiroperationwith themultiscaleretinex with colorrestora-
tion. We have shown that theMSRCRoutperformsthese
techniquesin all casesin termsof dynamicrangecompres-
sion achieved,andthe renditionof the �nal color image.
Theautomaticnatureof theprocessalsoenablesusto use
thesamesetof parameters̀blindly' for eachandeveryim-
agethatis encountered.Of course,therearea few images
for whichtheMSRCRhassub-parperformance.But these
arefairly rareandgenerallyrelateto defectsin the orig-
inal imagedata—suchaspreferentialclipping of a spec-
tral band.Wearecurrentlyinvestigatingmethodsto detect
suchscenesandadaptively adjustthe MSRCRto correct
for thesesub-parperformances.
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