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Bilateral ®ltering smoothsimageswhile preserving
edges,by meansof a nonlinear combinationof nearby
imagevalues.Themethodis noniterative,local, andsim-
ple. It combinesgray levelsor colorsbasedon boththeir
geometricclosenessand their photometricsimilarity, and
prefersnear valuesto distantvaluesin both domainand
range. In contrast with ®ltersthat operate on the three
bandsof a color imageseparately, a bilateral ®ltercanen-
force theperceptualmetricunderlyingtheCIE-Lab color
space,and smoothcolors and preserveedgesin a way
that is tunedto humanperception. Also, in contrast with
standard ®ltering,bilateral ®lteringproducesno phantom
colorsalongedgesin color images,andreducesphantom
colorswhere they appearin theoriginal image.

1 Intr oduction
Filtering is perhapsthe mostfundamentaloperationof

imageprocessingand computervision. In the broadest
senseof thetermª®ltering,º thevalueof the®lteredimage
at a given location is a function of the valuesof the in-
put imagein asmallneighborhoodof thesamelocation.In
particular,Gaussianlow-pass®lteringcomputesaweighted
averageof pixel valuesin theneighborhood,in which, the
weightsdecreasewith distancefromtheneighborhoodcen-
ter. Althoughformal andquantitativeexplanationsof this
weightfall-off canbegiven[11], theintuitionis thatimages
typically vary slowly over space,so nearpixelsarelikely
to have similar values,and it is thereforeappropriateto
averagethemtogether. Thenoisevaluesthatcorruptthese
nearbypixelsaremutually lesscorrelatedthanthe signal
values,sonoiseis averagedawaywhile signalis preserved.

Theassumptionof slow spatialvariationsfails atedges,
whichareconsequentlyblurredbylow-pass®ltering.Many
effortshave beendevotedto reducingthis undesiredeffect
[1, 2, 3, 4, 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
popularanswer:local imagevariationis measuredatevery
point, andpixel valuesareaveragedfrom neighborhoods
whosesizeandshapedependon localvariation.Dif fusion
methodsaverageover extendedregionsby solvingpartial
differentialequations,andarethereforeinherentlyiterative.
Iterationmayraiseissuesof stabilityand,dependingonthe
computationalarchitecture,ef®ciency. Otherapproaches
arereviewedin section6.

In thispaper, weproposeanoniterativeschemefor edge
preservingsmoothingthat is noniterative andsimple. Al-
thoughwe claimsno correlationwith neurophysiological
observations,wepointout thatourschemecouldbeimple-
mentedbyasinglelayerof neuron-likedevicesthatperform
theiroperationonceperimage.

Furthermore,our schemeallows explicit enforcement
of any desirednotion of photometricdistance. This is
particularly important for ®lteringcolor images. If the
threebandsof color imagesare ®lteredseparatelyfrom
oneanother, colorsarecorruptedcloseto imageedges.In
fact, differentbandshave differentlevels of contrast,and
they aresmootheddifferently. Separatesmoothingperturbs
thebalanceof colors,andunexpectedcolor combinations
appear. Bilateral®lters,on theotherhand,canoperateon
the threebandsat once,andcanbe told explicitly, so to
speak,which colorsaresimilar andwhich arenot. Only
perceptuallysimilarcolorsarethenaveragedtogether, and
theartifactsmentionedabove disappear.

The idea underlyingbilateral ®ltering is to do in the
rangeof animagewhattraditional®ltersdo in its domain.
Two pixels can be closeto one another, that is, occupy
nearbyspatiallocation,or they canbe similar to onean-
other, thatis,havenearbyvalues,possiblyin aperceptually
meaningfulfashion.Closenessrefersto vicinity in thedo-
main,similarity to vicinity in therange.Traditional®lter-
ing is domain®ltering,andenforcesclosenessby weighing
pixel valueswith coef®cientsthat fall off with distance.
Similarly, we de®nerange®ltering,which averagesimage



valueswith weightsthat decaywith dissimilarity. Range
®ltersarenonlinearbecausetheirweightsdependonimage
intensityor color. Computationally, they arenomorecom-
plex thanstandardnonseparable®lters.Most importantly,
they preserve edges,asweshow in section4.

Spatiallocality is still an essentialnotion. In fact, we
show thatrange®lteringby itselfmerelydistortsanimage's
color map. We thencombinerangeanddomain®ltering,
andshow that the combinationis muchmore interesting.
We denotetehcombined®lteringasbilateral ®ltering.

Sincebilateral®ltersassumean explicit notion of dis-
tancein thedomainandin therangeof theimagefunction,
they can be appliedto any function for which thesetwo
distancescanbede®ned.In particular, bilateral®lterscan
beappliedto color imagesjustaseasilyasthey areapplied
to black-and-whiteones. The CIE-Lab color space[16]
endowsthespaceof colorswith aperceptuallymeaningful
measureof color similarity, in which shortEuclideandis-
tancescorrelatestronglywith humancolor discrimination
performance[16]. Thus,if weusethis metricin our bilat-
eral®lter, imagesaresmoothedandedgesarepreservedin a
waythatis tunedtohumanperformance.Onlyperceptually
similarcolorsareaveragedtogether, andonly perceptually
visibleedgesarepreserved.

In the following section,we formalize the notion of
bilateral ®ltering. Section3 analyzesrange®ltering in
isolation. Sections4 and5 show experimentsfor black-
and-whiteandcolor images,respectively. Relationswith
previous work are discussedin section6, and ideasfor
furtherexplorationaresummarizedin section7.

2 The Idea
A low-passdomain®lterappliedto imagef
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anoutputimagede®nedasfollows:
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where �
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x � measuresthe geometricclosenessbetween
theneighborhoodcenterx anda nearbypoint
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. Thebold
font for f and h emphasizesthe fact that both input and
outputimagesmaybemultiband.If low-pass®lteringis to
preserve thedc componentof low-passsignalsweobtain
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If the ®lter is shift-invariant, �
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x � is only a function of
thevectordifference
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 is constant.
Range®lteringis similarly de®ned:
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exceptthatnow �
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x ��� measuresthephotometricsim-
ilarity betweenthepixel at theneighborhoodcenterx and

that of a nearbypoint
�

. Thus, the similarity function �

operatesin the rangeof the imagefunction f, while the
closenessfunction � operatesin thedomainof f. Thenor-
malizationconstant(2) is replacedby
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Contraryto whatoccurswith theclosenessfunction � , the
normalizationfor thesimilarity function � dependson the
imagef. We saythat thesimilarity function � is unbiased
if it dependsonly onthedifferencef
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Thespatialdistributionof imageintensitiesplaysnorole

in range®lteringtakenby itself. Combiningintensities
from the entireimage,however, makeslittle sense,since
imagevaluesfar away from x oughtnot to affect the®nal
valueat x. In addition,section3 shows thatrange®ltering
by itself merelychangesthe color mapof an image,and
is thereforeof little use. The appropriatesolution is to
combinedomainandrange®ltering,therebyenforcingboth
geometricandphotometriclocality. Combined®lteringcan
bedescribedasfollows:
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with thenormalization
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Combineddomainandrange®lteringwill be denoted
asbilateral ®ltering. It replacesthe pixel valueat x with
anaverageof similar andnearbypixel values. In smooth
regions,pixel valuesin asmallneighborhoodaresimilar to
eachother, andthenormalizedsimilarity function �

�	�

� is
closeto one. As a consequence,thebilateral®lteractses-
sentiallyasastandarddomain®lter, andaveragesawaythe
small,weaklycorrelateddifferencesbetweenpixel values
causedby noise.Considernow a sharpboundarybetween
a dark anda bright region, as in ®gure1 (a). Whenthe
bilateral®lteris centered,say, ona pixel on thebrightside
of the boundary, the similarity function � assumesvalues
closetoonefor pixelsonthesameside,andclosetozerofor
pixelsonthedarkside.Thesimilarity functionis shown in
®gure1 (b) for a %'&)(*%+& ®ltersupportcenteredtwo pixels
to the right of thestepin ®gure1 (a). Thenormalization
term �

�

x � ensuresthattheweightsfor all thepixelsaddup
to one.As aresult,the®lterreplacesthebrightpixel at the
centerby anaverageof thebrightpixelsin its vicinity, and
essentiallyignoresthe dark pixels. Conversely, whenthe
®lteris centeredon a dark pixel, the bright pixelsare ig-
noredinstead.Thus,asshown in ®gure1 (c),good®ltering
behavior is achieved at the boundaries,thanksto the do-
maincomponentof the®lter, andcrispedgesarepreserved
at thesametime, thanksto therangecomponent.



(a) (b) (c)

Figure1: (a) A 100-gray-level stepperturbedby Gaussiannoisewith ������� graylevels. (b) Combinedsimilarity weights ���
	�� x 
���� f �
	�
�� f � x 
�
 for a
���������

neighborhoodcenteredtwo pixelsto theright of thestepin (a). Therangecomponenteffectively suppressesthepixelson thedarkside.(c) The
stepin (a)afterbilateral®lteringwith ��������� graylevelsand ��� ��� pixels.

2.1 Example: the GaussianCase
A simple and important caseof bilateral ®ltering is

shift-invariantGaussian®ltering,in which boththeclose-
nessfunction �

�����

x � andthesimilarity function �
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f � are
Gaussianfunctionsof theEuclideandistancebetweentheir
arguments.Morespeci®cally, � is radially symmetric
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is a suitablemeasureof distancebetweenthetwo intensity
values
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andf. In thescalarcase,this maybesimply the
absolutedifferenceof the pixel differenceor, sincenoise
increaseswith imageintensity, anintensity-dependentver-
sionof it. A particularlyinterestingexamplefor thevector
caseis givenin section5.

ThegeometricspreadA


 in thedomainis chosenbased
on the desiredamountof low-pass®ltering. A large A




blurs more,that is, it combinesvaluesfrom moredistant
imagelocations.Also, if animageis scaledupor down, A




mustbeadjustedaccordinglyin orderto obtainequivalent
results.Similarly, thephotometricspreadA

� in the image
rangeis setto achieve thedesiredamountof combination
of pixel values.Looselyspeaking,pixelswith valuesmuch
closerto eachotherthan A

� aremixedtogetherandvalues
muchmoredistantthanA

� arenot. If theimageisampli®ed
or attenuated,A � mustbeadjustedaccordinglyin orderto
leave theresultsunchanged.

Justas this form of domain®lteringis shift-invariant,
theGaussianrange®lterintroducedabove is insensitive to
overalladditivechangesof imageintensity,andis therefore

unbiased:if ®lteringf
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the range®lter is shift-invariantaswell, ascanbe easily
veri®edfrom expressions(3) and(4).

3 RangeVersusBilateral Filtering
In theprevioussectionwecombinedrange®lteringwith

domain®lteringto producebilateral®lters.We now show
thatthiscombinationis essential.For notationalsimplicity,
we limit our discussionto black-and-whiteimages,but
analogousresultsapplyto multibandimagesaswell. The
main point of this sectionis that range®lteringby itself
merelymodi®esthegraymapof theimageit is appliedto.
This is a direct consequenceof the fact that a range®lter
hasnonotionof space.

Let E

��!

� bethefrequency distributionof graylevels in
theinput image.In thediscretecase,E
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� is thegraylevel
histogram:
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is typicallyanintegerbetweenF and %�GHG , and
E
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� is thefractionof imagepixelsthathave a grayvalue
of
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. In the continuouscase, E
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For notationalconsistency, we continueour discussionin
thecontinuouscase,asin theprevioussection.

Simplemanipulation,omittedfor lack of space,shows
thatexpressions(3) and(4) for therange®ltercanbecom-
binedinto thefollowing:
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independentlyof thepositionx. Equation(7) shows range
®lteringto bea simpletransformationof gray levels. The
mappingkernel

K ��!���M

� is a densityfunction, in thesense
that it is nonnegative and hasunit integral. It is equal
to the histogramE

��!

� weightedby thesimilarity function
� centeredat

M

and normalizedto unit area. Since
K

is



formallyadensityfunction,equation(7) representsamean.
We canthereforeconcludewith thefollowing result:

Range®lteringmerelytransformsthe gray map
of theinputimage.Thetransformedgrayvalueis
equalto themeanof theinput'shistogramvalues
aroundthe input gray level

M

, weightedby the
rangesimilarity function � centeredat

M

.

It is usefulto analyzethenatureof this graymaptrans-
formation in view of our discussionof bilateral®ltering.
Speci®cally, wewantto show that

Range®lteringcompressesunimodalhistograms.

In fact, supposethat the histogram E

��M

� of the input
imageisasingle-modecurveasin ®gure2(a),andconsider
aninputvalueof

M

locatedoneithersideof thisbell curve.
Sincethesymmetricsimilarity function � is centeredat

M

,
ontherising¯ank of thehistogram,theproduct��E produces
a skeweddensity

K ��!���M

� . On the left sideof thebell
K

is
skewedto theright, andvice versa.Sincethetransformed
value

I

is themeanof thisskeweddensity, wehave
I
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M

on the left sideand
I��

M

on the right side. Thus, the
¯anks of thehistogramarecompressedtogether.

At ®rst,theresultthatrange®lteringis a simpleremap-
ping of thegraymapseemsto makerange®lteringrather
useless.Thingsareverydifferent,however, whenrange®l-
tering is combinedwith domain®lteringto yield bilateral
®ltering,asshownin equations(5)and(6). In fact,consider
®rsta domainclosenessfunction � that is constantwithin
a window centeredat x, andis zeroelsewhere. Then,the
bilateral®lterissimplyarange®lterappliedto thewindow.
The ®lteredimageis still the resultof a local remapping
of the gray map,but a very interestingone, becausethe
remappingis differentat differentpointsin theimage.

For instance,the solid curve in ®gure2 (b) shows the
histogramof thestepimageof ®gure1 (a). Thishistogram
is bimodal, and its two lobesare suf®cientlyseparateto
allow us to apply the compressionresult above to each
lobe. The dashedline in ®gure2 (b) shows the effect of
bilateral®lteringonthehistogram.Thecompressioneffect
is obvious, andcorrespondsto the separatesmoothingof
the light and dark sides,shown in ®gure1 (c). Similar
considerationsapply when the closenessfunction has a
pro®leother than constant,as for instancethe Gaussian
pro®leshown in section2, which emphasizespoints that
arecloserto thecenterof thewindow.

4 Experiments with Black-and-White Im-
ages

In this sectionwe analyzetheperformanceof bilateral
®ltersonblack-and-whiteimages.Figure5 (a)and5 (b) in
thecolor platesshow thepotentialof bilateral®lteringfor

theremoval of texture. Someamountof gray-level quan-
tization canbe seenin ®gure5 (b), but this is causedby
the printing process,not by the ®lter. The pictureªsim-
pli®cationº illustratedby ®gure5 (b) can be useful for
datareductionwithout lossof overall shapefeaturesin ap-
plicationssuchasimagetransmission,pictureeditingand
manipulation,imagedescriptionfor retrieval. Notice that
the kitten's whiskers,much thinner than the ®lter's win-
dow, remaincrisp after ®ltering. The intensityvaluesof
dark pixels areaveragedtogetherfrom both sidesof the
whisker, while thebrightpixelsfrom thewhiskeritself are
ignoredbecauseof therangecomponentof the®lter. Con-
versely, whenthe®lteris centeredsomewhereonawhisker,
only whiskerpixel valuesareaveragedtogether.

Figure3 shows theeffect of differentvaluesof thepa-
rametersA


 and A

� on the resultingimage. Rows corre-
spondto differentamountsof domain®ltering,columnsto
differentamountsof range®ltering.Whenthevalueof the
range®lteringconstantA � is large(100or300)with respect
to theoverall rangeof valuesin theimage(1 through254),
therangecomponentof the®lterhaslittle effect for small

A


 : all pixel valuesin any givenneighborhoodhave about
thesameweightfrom range®ltering,andthedomain®lter
actsasa standardGaussian®lter. This effect canbeseen
in the last two columnsof ®gure(3). For smallervalues
of therange®lterparameterA

� (10 or 30), range®ltering
dominatesperceptuallybecauseit preservesedges.

However, for A




��� F , imagedetailthatwasremovedby
smallervaluesof A


 reappears.Thisapparentlyparadoxical
effect can be noticedin the last row of ®gure3, and in
particularlydramaticform for A

�

��� F�F , A




����F . This
imageiscrisperthanthataboveit, althoughsomewhathazy.
This is a consequenceof thegraymaptransformationand
histogramcompressionresultsdiscussedin section3. In
fact, A




��� F is a very broadGaussian,andthe bilateral
®lter becomesessentiallya range®lter. Since intensity
valuesare simply remappedby a range®lter, no lossof
detailoccurs.Furthermore,sincea range®ltercompresses
theimagehistogram,theoutputimageappearsto behazy.
Figure2 (c) shows thehistogramsfor the input imageand
for the two outputimagesfor A

�

����F�F , A




� & , andfor
A

�

��� FHF , A




��� F . Thecompressioneffect is obvious.

Bilateral ®lteringwith parametersA




� & pixels and
A

�

�5G�F intensityvaluesis appliedto theimagein ®gure4
(a) to yield the imagein ®gure4 (b). Noticethatmostof
the®netexturehasbeen®lteredaway, andyetall contours
areascrispasin theoriginal image.

Figure4 (c) shows a detail of ®gure4 (a), and®gure
4 (d) shows the corresponding®lteredversion. The two
onionshave assumeda graphics-likeappearance,andthe
®netexture hasgone. However, the overall shadingis
preserved,becauseit is well within thebandof thedomain
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Figure2: (a)A unimodalimagehistogram� (solid),andtheGaussiansimilarity function � (dashed).Theirnormalizedproduct� (dotted)is skewedto
theright. (b) Histogram(solid)of imageintensitiesfor thestepin ®gure1 (a) and(dashed)for the®lteredimagein ®gure1 (c). (c) Histogramof image
intensitiesfor the imagein ®gure5 (a) (solid) andfor theoutputimageswith �H� ������� , �����

�

(dashed)andwith ����� �:��� , ��� � �:� (dotted)from
®gure3.

®lterandis almostunaffectedby therange®lter. Also, the
boundariesof theonionsarepreserved.

In termsof computationalcost,thebilateral®lteris twice
asexpensive asa nonseparabledomain®lterof the same
size. The rangecomponentdependsnonlinearlyon the
image,andis nonseparable.A simpletrick thatdecreases
computationcostconsiderablyis to precomputeall values
for thesimilarity function �

��!���M

� . In theGaussiancase,if
theimagehas� levels,thereare %

�

B � possiblevaluesfor
� , onefor eachpossiblevalueof thedifference

!$� M

.

5 Experimentswith Color Images
For black-and-whiteimages,intensitiesbetweenany

two grey levels arestill grey levels. As a consequence,
whensmoothingblack-and-whiteimageswith a standard
low-pass®lter, intermediatelevels of gray are produced
acrossedges,therebyproducingblurredimages.With color
images,anadditionalcomplicationarisesfrom thefactthat
betweenany two colors thereareother, often ratherdif-
ferent colors. For instance,betweenblue and red there
arevariousshadesof pink andpurple. Thus,disturbing
colorbandsmaybeproducedwhensmoothingacrosscolor
edges. The smoothedimagedoesnot just look blurred,
it alsoexhibits odd-looking,coloredaurasaroundobjects.
Figure6 (a) in thecolorplatesshowsadetailfromapicture
with aredjacketagainstabluesky. Evenin thisunblurred
picture, a thin pink-purple line is visible, and is caused
by a combinationof lensblurring andpixel averaging. In
fact, pixelsalongthe boundary, whenprojectedbackinto
the scene,intersectboth red jacketandblue sky, andthe
resultingcolor is thepink averageof redandblue. When
smoothing,thiseffect is emphasized,asthebroad,blurred
pink-purpleareain ®gure6 (b) shows.

To addressthis dif®culty, edge-preservingsmoothing
couldbeappliedto thered,green,andbluecomponentsof
theimageseparately. However, theintensitypro®lesacross
the edgein the threecolor bandsarein generaldifferent.
Separatesmoothingresultsin an even more pronounced

pink-purplebandthanin theoriginal,asshown in ®gure6
(c). Thepink-purpleband,however, is not widenedasit is
in thestandard-blurredversionof ®gure6 (b).

A muchbetterresultcanbeobtainedwith bilateral®l-
tering. In fact,a bilateral®lterallows combiningthethree
colorbandsappropriately, andmeasuringphotometricdis-
tancesbetweenpixels in the combinedspace.Moreover,
this combineddistancecanbemadeto correspondclosely
toperceiveddissimilarityby usingEuclideandistancein the
CIE-Labcolor space[16]. This spaceis basedon a large
body of psychophysicaldata concerningcolor-matching
experimentsperformedby humanobservers. In thisspace,
smallEuclideandistancescorrelatestronglywith the per-
ceptionof colordiscrepancy asexperiencedbyanªaverageº
color-normalhumanobserver. Thus,in a sense,bilateral
®lteringperformedin theCIE-Labcolor spaceis themost
naturaltypeof ®lteringfor colorimages:only perceptually
similar colors are averagedtogether, and only perceptu-
ally importantedgesarepreserved. Figure6 (d) showsthe
imageresultingfrom bilateralsmoothingof the imagein
®gure6 (a). The pink bandhasshrunkconsiderably, and
noextraneouscolorsappear.

Figure7 (c) in the color platesshows theresultof ®ve
iterationsof bilateral®lteringof the imagein ®gure7 (a).
While a single iteration producesa much cleanerimage
(®gure7 (b)) thanthe original, andis probablysuf®cient
for mostimageprocessingneeds,multiple iterationshave
theeffectof ¯atteningthecolorsin animageconsiderably,
butwithoutblurringedges.Theresultingimagehasamuch
smallercolor map,andtheeffectsof bilateral®lteringare
easierto seewhendisplayedona printedpage.Noticethe
cartoon-likeappearanceof ®gure7 (c). All shadows and
edgesarepreserved, but mostof the shadingis gone,and
noªnewº colorsareintroducedby ®ltering.

6 Relationswith Previous Work
The literatureon edge-preserving®lteringis vast,and

wemakeno attemptto summarizeit. An earlysurvey can
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Figure3: A detailfrom ®gure5 (a) processedwith bilateral®lterswith variousrangeanddomainparametervalues.
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Figure4: A picturebefore(a) andafter(b) bilateral®ltering.(c,d)aredetailsfrom (a,b).



befoundin [8], quantitativecomparisonsin [2], andmore
recentresultsin [1]. In the latter paper, the notion that
neighboringpixelsshouldbeaveragedonly whenthey are
similar enoughto the centralpixels is incorporatedinto
the de®nitionof the so-calledªG-neighbors.º Thus, G-
neighborsarein a senseanextremecaseof ourmethod,in
whichapixel is eithercountedor it is not. Neighborsin [1]
arestrictly adjacentpixels,soiterationis necessary.

A common technique for preserving edges during
smoothingis to computethe medianin the ®lter's sup-
port, ratherthanthemean.Examplesof this approachare
[6, 9], andan importantvariation[3] that uses

�

-means
insteadof mediansto achieve greaterrobustness.

More relatedto our approachare weighting schemes
thatessentiallyaveragevalueswithin aslidingwindow, but
changethe weightsaccordingto local differential[4, 15]
or statistical[10, 7] measures.Of these,themostclosely
relatedarticleis [10], which containstheideaof multiply-
ing a geometricanda photometrictermin the®lterkernel.
However, thatpaperusesrationalfunctionsof distanceas
weights,with a consequentslow decayrate. This forces
applicationof the ®lter to only the immediateneighbors
of every pixel, andmandatesmultiple iterationsof the®l-
ter. In contrast,our bilateral ®lter usesGaussiansas a
way to enforcewhat OvertonandWeimouthcall ªcenter
pixel dominance.º A single iterationdrasticallyªcleansº
an imageof noiseand othersmall ¯uctuations,andpre-
servesedgeseven whena very wide Gaussianis usedfor
thedomaincomponent.Multiple iterationsarestill useful
in somecircumstances,as illustratedin ®gure7 (c), but
only whenacartoon-likeimageis desiredastheoutput. In
addition,no metricsareproposedin [10] (or in any of the
other papersmentionedabove) for color images,and no
analysisis givenof the interactionbetweentherangeand
thedomaincomponents.Ourdiscussionsin sections3 and
5 addressboththeseissuesin substantialdetail.

7 Conclusions
In thispaperwehave introducedtheconceptof bilateral

®lteringfor edge-preservingsmoothing.Thegeneralityof
bilateral®lteringis analogousto that of traditional®lter-
ing, which we calleddomain®lteringin this paper. The
explicit enforcementof aphotometricdistancein therange
componentof a bilateral®ltermakesit possibleto process
color imagesin a perceptuallyappropriatefashion.

The parametersusedfor bilateral®lteringin our illus-
trative exampleswere to someextent arbitrary. This is
howevera consequenceof thegeneralityof this technique.
In fact, just astheparametersof domain®ltersdependon
imagepropertiesandon theintendedresult,sodo thoseof
bilateral®lters.Givenaspeci®capplication,techniquesfor
theautomaticdesignof ®lterpro®lesandparametervalues
maybepossible.

Also,analogouslyto whathappensfor domain®ltering,
similarity metricsdifferentfrom Gaussiancanbe de®ned
for bilateral®lteringaswell. In addition,range®lterscanbe
combinedwith differenttypesof domain®lters,including
oriented®lters. Perhapseven a new scalespacecan be
de®nedin which therange®lterparameterA � corresponds
to scale.In suchaspace,detailis lostfor increasingA

� , but
edgesarepreserved at all rangescalesthat arebelow the
maximumimageintensityvalue.Althoughbilateral®lters
areharderto analyzethandomain®lters,becauseof their
nonlinearnature,we hopethatotherresearcherswill ®nd
themasintriguingasthey areto us,andwill contributeto
theirunderstanding.
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(a)
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Figure5: A picturebefore(a)andafter(b) bilateral®ltering.

(a) (b)

(c) (d)

(a)

(b)

(c)

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 red jacketagainsta
bluesky. Thethin, pink line in (a) is spreadandblurredby ordinarylow-
pass®ltering(b). Separatebilateral®ltering(c) of the red, green,blue
componentssharpensthe pink band,but doesnot shrink it. Combined
bilateral®ltering(d) in CIE-Labcolor spaceshrinksthe pink band,and
introducesno spuriouscolors.


