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Abstract

Bilateral ®ltering smoothsimageswhile preserving
edges,by meansof a nonlinear combinationof nearby
imagevalues. Themethods nonitemtive,local, and sim-
ple. It combinegray levelsor colors basedon boththeir
geometricclosenessind their photometricsimilarity, and
prefersnear valuesto distantvaluesin both domainand
range In contrast with ®ltersthat opeiate on the three
bandsof a colorimagesepaately, a bilateral ®ltercanen-
force the perceptualmetric underlyingthe CIE-Lab color
space,and smoothcolors and preserveedgesin a way
that is tunedto humanperception. Also, in contrast with
standad ®ltering,bilateral ®lteringproduceso phantom
colorsalongedgesn color imagesandreducegphantom
colorswhele they appearin theoriginal image

1 Intr oduction

Filtering is perhapghe mostfundamentabperationof
image processingand computervision. In the broadest
sensef theterm@®ltering? thevalueof the®lteredmage
at a given locationis a function of the valuesof the in-
putimagein asmallneighborhooaf thesamdocation.In
particular Gaussiatow-pas®lteringcomputesweighted
averageof pixel valuesin the neighborhoodin which, the
weightsdecreaswith distancdrom theneighborhooden-
ter. Althoughformal andquantitatve explanationsof this
weightfall-off canbegiven[11], theintuitionisthatimages
typically vary slowly over space so nearpixels arelikely
to have similar values,andit is thereforeappropriateto
averagethemtogether The noisevaluesthatcorruptthese
nearbypixels are mutually lesscorrelatedthanthe signal
valuessonoiseis averagedaway while signalis presered.

Theassumptiorof slow spatialvariationsfails atedges,
whichareconsequentlplurredbylow-pass®lterng. Many
efforts have beendevotedto reducingthis undesireceffect
[1,2,34,5,6,7,8,9,10, 12 13,14, 15, 17]. How can
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we prevent averagingacrossedges,while still averaging
within smoothregions?Anisotropicdiffusion[12, 14] is a
popularanswerlocalimagevariationis measurectevery
point, and pixel valuesare averagedfrom neighborhoods
whosesizeandshapealepencdnlocal variation. Dif fusion
methodsaverageover extendedregionsby solving partial
differentialequationsandarethereforénherentlyiterative.
Iterationmayraiseissue®f stabilityand,dependingnthe
computationabrchitecture gi®cieng. Otherapproaches
arereviewedin section6.

In this paperwe proposeanoniteratveschemédor edge
preservingsmoothingthatis noniteratve andsimple. Al-
thoughwe claimsno correlationwith neurophysiological
obsenations we pointout thatour schemesouldbeimple-
mentedy asinglelayerof neuronli kedeviceshatperform
their operatioronceperimage.

Furthermore our schemeallows explicit enforcement
of ary desirednotion of photometricdistance. This is
particularly important for ®lteringcolor images. If the
three bandsof color imagesare ®lteredseparatelyfrom
oneanother colorsarecorruptedcloseto imageedges.In
fact, differentbandshave differentlevels of contrast,and
they aresmoothedlifferently Separatsmoothingoerturbs
the balanceof colors,andunexpectedcolor combinations
appear Bilateral®lters,on the otherhand,canoperateon
the threebandsat once,and canbe told explicitly, so to
speak,which colorsare similar and which are not. Only
perceptuallysimilar colorsarethenaveragedogetherand
theartifactsmentionedhbove disappear

The idea underlyingbilateral ®lteringis to do in the
rangeof animagewhattraditional®Itersdo in its domain.
Two pixels can be closeto one anothey that is, occupy
nearbyspatiallocation, or they canbe similar to onean-
other thatis, have nearbyvaluespossiblyin aperceptually
meaningfulfashion.Closenessefersto vicinity in the do-
main, similarity to vicinity in therange. Traditional®lter
ing is domain®ltering,andenforceslosenesby weighing
pixel valueswith coef®cientsthat fall off with distance.
Similarly, we de®neange®ltering,which averagesmage



valueswith weightsthat decaywith dissimilarity Range
®ltersarenonlineaecaus¢heirweightsdependnimage
intensityor color. Computationallythey arenomorecom-
plex thanstandarchonseparabl®lters. Most importantly
they presere edgesaswe shaw in sectiord.

Spatiallocality is still an essentiahotion. In fact, we
shav thatrange®lteringby itself merelydistortsanimages
color map. We thencombinerangeand domain®ltering,
andshaw thatthe combinationis muchmore interesting.
We denoteteh combined®lteringasbilateral ®ltering.

Sincebilateral®ltersassumean explicit notion of dis-
tancein thedomainandin therangeof theimagefunction,
they canbe appliedto ary function for which thesetwo
distancexanbede®nedIn particulay bilateral®lterscan
beappliedto colorimagegustaseasilyasthey areapplied
to black-and-whiteones. The CIE-Lab color space[16]
endavsthespaceof colorswith a perceptuallymeaningful
measureof color similarity, in which shortEuclideandis-
tancescorrelatestronglywith humancolor discrimination
performancg16]. Thus,if we usethis metricin our bilat-
eral®lterimagesaresmoothedndedgesarepreseredin a
waythatis tunedto humarperformanceOnly perceptually
similar colorsareaveragedogetherandonly perceptually
visible edgesarepresered.

In the following section, we formalize the notion of
bilateral ®ltering. Section3 analyzesrange®Iteringin
isolation. Sections4 and5 shav experimentsfor black-
and-whiteandcolor images,respectrely. Relationswith
previous work are discussedn section6, and ideasfor
furtherexplorationaresummarizedn section?.

2 Theldea
A low-pasglomain®Ilterappliedto imagef x produces
anoutputimagede®nedsfollows:

h x X f X Q)

where X measureshe geometricclosenesbetween
theneighborhoodenterx anda nearbypoint . Thebold

font for f and h emphasizeshe fact that both input and
outputimagesmaybe multiband.If low-pass®lteringis to

presere thedc componenbf low-passsignalswe obtain

X X (2)
If the ®lteris shift-invariant, x is only a function of
thevectordifference  x,and s constant.
Range®lteringis similarly de®ned:
h x X f f o fx 3)

exceptthatnow f  f x measurethephotometricsim-
ilarity betweerthe pixel at the neighborhooaenterx and

that of a nearbypoint . Thus,the similarity function
operatesn the rangeof the image function f, while the
closenesfunction operatesn thedomainof f. Thenor-
malizationconstan{(?2) is replacecby

X f fx 4)

Contraryto whatoccurswith the closenes$unction , the
normalizatiorfor the similarity function depend®nthe
imagef. We saythatthe similarity function is unbiased
if it depend®nly onthedifference fx.

Thespatialdistributionof imageintensitieplaysnorole
in range®lteringtakenby itself. Combiningintensities
from the entireimage, however, makeslittle sense since
imagevaluesfar away from x oughtnot to affectthe ®nal
valueat x. In addition,section3 shawvs thatrange®Itering
by itself merelychangeghe color map of animage,and
is thereforeof little use. The appropriatesolutionis to
combinedomainandrange®ltering therebyenforcingboth
geometri@andphotometridocality. Combined®lteringcan
bedescribedsfollows:

h x X f x f  fx (5)

with thenormalization

X x f  fx (6)

Combineddomainandrange®Ilteringwill be denoted
asbilateral ®ltering It replaceghe pixel valueat x with
an averageof similar andnearbypixel values. In smooth
regions,pixel valuesn asmallneighborhoodresimilarto
eachother andthe normalizedsimilarity function is
closeto one. As a consequencéhebilateral®lteractses-
sentiallyasastandardlomain®lter andaverageswaythe
small, weakly correlateddifferencedetweerpixel values
causedy noise. Considemow a sharpboundarybetween
a dark and a bright region, asin ®gurel (a). Whenthe
bilateral®lteris centeredsay ona pixel onthebrightside
of the boundarythe similarity function assumewalues
closeto onefor pixelsonthesameside,andcloseto zerofor
pixelsonthedarkside. Thesimilarity functionis shavn in
®gurel (b) for a ®ltersupportcenteredwo pixels
to the right of the stepin ®gurel (a). The normalization
term x ensureshattheweightsfor all the pixelsaddup
to one. As aresult,the®lterreplaceshebright pixel atthe
centerby anaverageof the bright pixelsin its vicinity, and
essentiallyignoresthe dark pixels. Corversely whenthe
®lteris centeredon a dark pixel, the bright pixels areig-
noredinstead.Thus,asshavnin ®gurel (c), good®Itering
behaior is achieved at the boundariesthanksto the do-
maincomponenbf the®lter andcrispedgesarepresered
atthesametime, thanksto therangecomponent.



Figurel: (a) A 100-gray-level stepperturbedoy Gaussiamoisewith
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graylevels. (b) Combinedsimilarity weights x f fx fora

neighborhoodenteredwo pixelsto theright of the stepin (a). Therangecomponeneffectively suppressethe pixelson thedarkside. (c) The

stepin (a) afterbilateral®lteringwith graylevelsand

2.1 Example: the GaussianCase

A simple and important caseof bilateral ®lteringis
shift-invariantGaussiar®Iltering,in which boththe close-
nessfunction X andthesimilarity function f are
Gaussiariunctionsof theEuclideardistancebetweertheir
amguments.More speci®cally is radially symmetric

where
X X X

is the Euclideandistancebetween andx. Thesimilarity
function is perfectlyanalogouso :

where
f f f

is a suitablemeasuref distancebetweerthetwo intensity
values andf. In the scalarcase this maybe simply the
absolutedifferenceof the pixel differenceor, sincenoise
increasesvith imageintensity anintensity-dependener
sionof it. A particularlyinterestingexamplefor the vector
caseis givenin sectionb.

Thegeometricspread in thedomainis choserbased
on the desiredamountof low-pass®Itering. A large
blurs more, thatis, it combinesvaluesfrom moredistant
imagelocations.Also, if animageis scaledupor down,
mustbe adjustedaccordinglyin orderto obtainequialent
results. Similarly, the photometricspread in theimage
rangeis setto achie/e the desiredamountof combination
of pixel values.Looselyspeakingpixelswith valuesmuch
closerto eachotherthan  aremixedtogetherandvalues
muchmoredistanthan arenot. If theimageis ampli®ed
or attenuated, mustbe adjustedaccordinglyin orderto
leave theresultsunchanged.

Justasthis form of domain®lteringis shift-invariant,
the Gaussiamange®Iterintroducedabore is insensitve to
overalladditve change®sf imageintensity andis therefore

pixels.

unbiasedif ®lteringf x produce# x ,thenthesame®lter
appliedtof x ayieldsh x a, since f afx

a f a fx a f f x . Ofcourse,
the range®lteris shift-invariantaswell, ascanbe easily
veri®edrom expressiong3) and(4).

3 RangeVersusBilateral Filtering

Intheprevioussectionwe combinedange®lteringwith
domain®Iteringto producebilateral®lters.We now shav
thatthiscombinatioris essential For notationakimplicity,
we limit our discussionto black-and-whiteimages, but
analogousesultsapplyto multibandimagesaswell. The
main point of this sectionis that range®lteringby itself
merelymodi®eghe graymapof theimageit is appliedto.
This is a directconsequencef the fact that a range®lter
hasnonotionof space.

Let bethefrequeng distribution of graylevelsin
theinputimage.In thediscretecase, is thegraylevel
histogram: istypically anintegerbetween and ,and

is thefraction of imagepixelsthathave a grayvalue
of . In the continuouscase, is the fraction of
imageareawhosegrayvaluesarebetween and
For notationalconsisteny, we continueour discussionn
thecontinuouscaseasin the previoussection.

Simplemanipulationomittedfor lack of spaceshavs
thatexpressiong3) and(4) for therange®ltercanbecom-
binedinto the following:

(7)

where

independentlypf the positionx. Equation(7) shavsrange
®lteringto be a simpletransformatiorof graylevels. The
mappingkernel is a densityfunction, in the sense
that it is nhonngative and hasunit integral. It is equal
to the histogram weightedby the similarity function
centeredat andnormalizedto unit area. Since is



formally adensityfunction,equation(7) representamean.
We canthereforeconcludewith thefollowing result:

Range®lteringmerelytransformshe gray map
of theinputimage. Thetransformedjrayvalueis
equalto themeanof theinput'shistogranvalues
aroundthe input gray level , weightedby the
rangesimilarity function centeredat .

It is usefulto analyzethe natureof this graymaptrans-
formationin view of our discussiorof bilateral ®ltering.
Speci®callywe wantto shaw that

Range®lteringcompressasnimodahistograms.

In fact, supposethat the histogram of the input
imageis asingle-modeurveasin ®gure? (a),andconsider
aninputvalueof locatedon eithersideof thisbell curve.
Sincethe symmetricsimilarity function is centeredat ,
ontherising ank of thehistogam theproduct produces
a skaved density . Ontheleft sideof thebell is
skavedto theright, andvice versa. Sincethe transformed
value isthemeanof this skaveddensity we have
on the left sideand on theright side. Thus,the
“anks of the histogramarecompressetbgether

At ®rsttheresultthatrange®lteringis a simpleremap-
ping of the gray mapseemdo makerange®Iteringrather
uselessThingsareverydifferent,however, whenrange®I-
teringis combinedwith domain®Iteringto yield bilateral
®lteringasshavnin equationg5) and(6). Infact,consider
®rsta domainclosenesgunction thatis constanwithin
awindow centeredatx, andis zeroelsavhere. Then,the
bilateral®lteris simplyarange®lterappliedto thewindow.
The ®lteredimageis still the resultof a local remapping
of the gray map, but a very interestingone, becauseéhe
remappings differentat differentpointsin theimage.

For instance the solid curve in ®gure2 (b) shavs the
histogranof the stepimageof ®gurel (a). Thishistogram
is bimodal, andits two lobesare suf®cientlyseparateo
allow us to apply the compressiorresult abose to each
lobe. The dashedine in ®gure2 (b) shaws the effect of
bilateral®lteringonthehistogram.Thecompressioeffect
is obvious, andcorrespondso the separatesmoothingof
the light and dark sides,shovn in ®gurel (c). Similar
considerationsapply when the closenesgunction has a
pro®leother than constant,as for instancethe Gaussian
pro®leshavn in section2, which emphasizepointsthat
arecloserto the centerof thewindow.

4 Experiments with Black-and-White Im-
ages
In this sectionwe analyzethe performanceof bilateral
®lterson black-and-whitémages.Figure5 (a)and5 (b) in
the color platesshaw the potentialof bilateral®Iteringfor

theremoval of texture. Someamountof gray-level quan-
tization canbe seenin ®gure5 (b), but this is causedy
the printing processnot by the ®lter The pictureasim-
pli®cation®illustrated by ®gure5 (b) can be useful for
datareductionwithoutlossof overall shapeeaturesn ap-
plicationssuchasimagetransmissionpicture editingand
manipulationjmagedescriptionfor retrieval. Notice that
the kitten's whiskers,much thinnerthan the ®lter's win-
dow, remaincrisp after ®ltering. The intensity valuesof
dark pixels are averagedtogetherfrom both sidesof the
whisker while the bright pixelsfrom thewhiskeritself are
ignoredbecausef therangecomponenof the®lter Con-
verselywhenthe®Iteris centeredsomevhereonawhisker
only whiskerpixel valuesareaveragedogether

Figure3 shaws the effect of differentvaluesof the pa-
rameters and ontheresultingimage. Rows corre-
spondto differentamountof domain®ltering,columnsto
differentamountsf range®Iltering.Whenthevalueof the
range®lteringconstant islarge(1000r 300)with respect
to theoverall rangeof valuesin theimage(1 through254),
therangecomponenbf the®lterhaslittle effect for small

: all pixel valuesin ary givenneighborhoodave about
thesameweightfrom range®ltering,andthe domain®Iter
actsasa standardGaussiar®lter This effect canbe seen
in the lasttwo columnsof ®gure(3). For smallervalues
of therange®Iterparameter (10 or 30), range®ltering
dominategerceptuallypecausét preseresedges.

However, for , Imagedetailthatwasremoedby
smallewvaluesof  reappearsThisapparentiyparadoxical
effect can be noticedin the last row of ®gure3, andin
particularlydramaticform for , . This
imageis crisperthanthataboveit, althoughsomevhathazy
Thisis a consequencef the gray maptransformatiorand
histogramcompressionesultsdiscussedn section3. In
fact, is a very broad Gaussianandthe bilateral
®lter becomesessentiallya range®lter Since intensity
valuesare simply remappedy a range®Itet no loss of
detailoccurs.Furthermoresincea range®ltercompresses
theimagehistogramtheoutputimageappeardo be hazy
Figure?2 (c) shavs the histogramdor theinputimageand
for the two outputimagesfor , , andfor

, . Thecompressiorffectis obvious.

Bilateral ®lteringwith parameters pixels and
intensityvaluess appliedto theimagein ®guret
(a) to yield theimagein ®gure4 (b). Noticethatmostof
the®netexture hasbeen®lteredaway, andyetall contours
areascrispasin theoriginalimage.

Figure4 (c) shaws a detail of ®gure4 (a), and®gure
4 (d) shows the correspondinglteredversion. The two
onionshave assumedh graphics-likeappearanceandthe
®netexture hasgone. However, the overall shadingis
presered,becausé is well within thebandof thedomain
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Figure2: (a) A unimodalimagehistogram (solid), andthe Gaussiarsimilarity function (dashed)Theirnormalizedproduct (dotted)is skevedto
theright. (b) Histogram(solid) of imageintensitiesfor the stepin ®gurel (a) and(dashedfor the ®lteredmagein ®gurel (c). (c) Histogramof image

intensitiesfor theimagein ®gure5 (a) (solid) andfor the outputimageswi
®gures.

®lterandis almostunafectedby therange®Iter Also, the
boundarie®f the onionsarepresered.

In termsof computationatostthebilateral®lteris twice
as expensve asa nonseparabldomain®Iter of the same
size. The rangecomponentdependsonlinearlyon the
image,andis nonseparableA simpletrick thatdecreases
computatiorcostconsiderablys to precomputell values
for thesimilarity function . In the Gaussiarcasejf
theimagehas levels,thereare possiblevaluesfor

, onefor eachpossiblevalueof the difference

5 Experimentswith Color Images

For black-and-whiteimages, intensitiesbetweenary
two grey levels arestill grey levels. As a consequence,
whensmoothingblack-and-whiteémageswith a standard
low-pass®lter intermediatelevels of gray are produced
acros®dgestherebyproducingolurredimagesWith color
imagesanadditionalcomplicatiorarisesrom thefactthat
betweenary two colorsthereare other often ratherdif-
ferentcolors. For instance,betweenblue and red there
are variousshadeof pink and purple. Thus, disturbing
colorbandamaybeproducedvhensmoothingacrossolor
edges. The smoothedmage doesnot just look blurred,
it alsoexhibits odd-looking,coloredaurasaroundobijects.
Figure6 (a)in thecolorplatesshavsadetailfrom apicture
with aredjacketagainstabluesky. Evenin thisunblurred
picture, a thin pink-purpleline is visible, andis caused
by a combinationof lensblurring andpixel averaging. In
fact, pixelsalongthe boundarywhen projectedbackinto
the scene,intersectboth red jacketandblue sky, andthe
resultingcolor is the pink averageof redandblue. When
smoothingthis effect is emphasizedasthe broad,blurred
pink-purpleareain ®gures (b) shavs.

To addresshis dif®culty edge-preservingmoothing
couldbeappliedto thered,greenandbluecomponentsf
theimageseparatelyHowever, theintensitypro®lescross
the edgein the threecolor bandsarein generaldifferent.
Separatesmoothingresultsin an even more pronounced

ith

(dashedyandwith (dotted)from

pink-purplebandthanin the original,asshavn in ®gure6
(c). Thepink-purpleband,however, is notwidenedasit is
in the standard-blurredersionof ®gures (b).

A muchbetterresultcanbe obtainedwith bilateral®I-
tering. In fact, a bilateral®Ilterallows combiningthe three
color bandsappropriatelyandmeasuringphotometriadis-
tanceshetweenpixelsin the combinedspace. Moreover,
this combineddistancecanbe madeto correspondalosely
to perceveddissimilarityby using Euclideardistancdn the
CIE-Labcolor spaceg16]. This spaceis basedon alarge
body of psychophysicatlata concerningcolor-matching
experimenterformedoy humanobserers. In thisspace,
small Euclideandistancesorrelatestronglywith the per
ceptionof colordiscrepangasexperiencedyan®averagé@
color-normalhumanobserer. Thus,in a sensebilateral
®lteringperformedin the CIE-Labcolor spacds the most
naturaltypeof ®lteringfor colorimages:only perceptually
similar colors are averagedtogether and only perceptu-
ally importantedgesarepresered. Figure6 (d) shovsthe
imageresultingfrom bilateralsmoothingof the imagein
®gureb (a). The pink bandhasshrunkconsiderablyand
no extraneousolorsappear

Figure7 (c) in the color platesshavs the resultof ®we
iterationsof bilateral®Iteringof theimagein ®gure7 (a).
While a single iteration producesa much cleanerimage
(®gure7 (b)) thanthe original, andis probablysuf®cient
for mostimageprocessingneedsmultiple iterationshave
the effect of "attening the colorsin animageconsiderably
but withoutblurringedgesTheresultingimagehasamuch
smallercolor map,andthe effectsof bilateral®lteringare
easielto seewhendisplayedon a printedpage.Noticethe
cartoon-likeappearancef ®gure7 (c). All shadavs and
edgesarepresered, but mostof the shadings gone,and
no2new® colorsareintroducedby ®Iltering.

6 Relationswith Previous Work

The literatureon edge-preservin®Iteringis vast, and
we makeno attemptto summarizdt. An earlysurey can
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Figure4: A picturebefore(a) andafter(b) bilateral®Iltering.(c,d) aredetailsfrom (a,b).



be foundin [8], quantitatve comparisonsn [2], andmore
recentresultsin [1]. In the latter paper the notion that
neighboringpixelsshouldbe averagedonly whenthey are
similar enoughto the central pixels is incorporatedinto
the de®nitionof the so-called®G-neighbor®. Thus, G-
neighborsarein a sensenextremecaseof our method,n
whichapixelis eithercountecbr it is not. Neighbordgn [1]
arestrictly adjacenpixels,soiterationis necessary

A common technique for preserving edges during
smoothingis to computethe medianin the ®lters sup-
port, ratherthanthe mean. Examplesof this approachare
[6, 9], andan importantvariation[3] thatuses -means
insteadof mediando achieve greaterrobustness.

More relatedto our approachare weighting schemes
thatessentiallyaveragevalueswithin aslidingwindow, but
changethe weightsaccordingto local differential[4, 15]
or statistical[10, 7] measuresOf these the mostclosely
relatedarticleis [10], which containgheideaof multiply-
ing ageometricanda photometridermin the ®lterkernel.
However, that paperusesrationalfunctionsof distanceas
weights,with a consequenslow decayrate. This forces
applicationof the ®lterto only the immediateneighbors
of every pixel, andmandatesnultiple iterationsof the ®I-
ter. In contrast,our bilateral ®lter usesGaussianss a
way to enforcewhat Overtonand Weimouthcall 2center
pixel dominancé. A singleiterationdrastically@cleans®
an imageof noiseand othersmall "uctuations, and pre-
senesedgesven whena very wide Gaussians usedfor
thedomaincomponent.Multiple iterationsarestill useful
in somecircumstancesas illustratedin ®gure? (c), but
only whenacartoon-likeimageis desiredastheoutput. In
addition,no metricsareproposedn [10] (or in ary of the
other papersmentionedabore) for color images,and no
analysisis givenof the interactionbetweerthe rangeand
thedomaincomponentsOur discussion#n sections3 and
5 addresdoththesessuesn substantiatlietail.

7 Conclusions

In this papemwe have introducedhe concepof bilateral
®lteringfor edge-preservingmoothing.The generalityof
bilateral®Iteringis analogoudo that of traditional ®lter
ing, which we called domain®lteringin this paper The
explicit enforcementf aphotometriadistancen therange
componenbf abilateral®ltermakest possibleto process
colorimagedsn a perceptuallyappropriatdashion.

The parametersisedfor bilateral®Iteringin our illus-
trative exampleswere to someextent arbitrary This is
however a consequencef the generalityof this technique.
In fact, just asthe parameteref domain®Itersdependon
imagepropertiesandon theintendedesult,so do thoseof
bilateral®lters.Givenaspeci®a@pplicationtechniquegor
theautomatiaesignof ®lterpro®lesandparametevalues
maybepossible.

Also, analogouslyo whathappengor domain®ltering,
similarity metricsdifferentfrom Gaussiarcanbe de®ned
for bilateral®lteringaswell. In addition range®lterscanbe
combinedwith differenttypesof domain®Iters,including
oriented®Iters. Perhapsven a new scalespacecan be
de®nedn whichtherange®lterparameter corresponds
to scale.Iln suchaspacegetailis lostfor increasing , but
edgesarepresered at all rangescalesthatarebelow the
maximumimageintensityvalue. Althoughbilateral®Ilters
areharderto analyzethandomain®Iters becausef their
nonlinearnature,we hopethatotherresearchersiill ®nd
themasintriguing asthey areto us,andwill contributeto
theirunderstanding.
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Figure5: A picturebefore(a) andafter (b) bilateral®ltering.
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Figure 7: [above] (a) A color image,and its bilaterally smoothed
versionsafterone(b) and®ve(c) iterations.

Figure6: [left] (a) A detail from a picturewith a redjacketagainsta

bluesky. Thethin, pink line in (a) is spreadandblurredby ordinarylow-

pass®ltering(b). Separateilateral ®ltering(c) of the red, green,blue
componentsharpenghe pink band,but doesnot shrinkit. Combined
bilateral®Iltering(d) in CIE-Lab color spaceshrinksthe pink band,and
introduceso spuriouscolors.



