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Abstract

In this paper we proposea generalframevork for studyinga classof weightedhighpasdilters. Our framework,
basedon a multiscalesignaldecompositionallows us to study a wide classof filters andto assesshe merits of
each. We derive an automaticprocedureo tunea filter to the local structureof the imageunderconsideration.
The entirealgorithmis fully automaticandrequiresno parametespecificatiorfrom the user Several simulations

demonstrat¢heefficag/ of the proposedalgorithm.
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1 Introduction

Recognitionof imagefeaturesdependson the local level and contrastin the neighborhoodf the feature. One of
the primary stepsin recognitionis edgeor boundaryextraction To aid in this taskit is often desirableto enhance
the imagedetail and edgesusinga highpasdiltering scheme.Unfortunately highpasdiltering alsoamplifiesnoise
presenin theimage.

The local intensity affectsthe eye’s sensitvity to noisein images. Specifically the visual systemis muchless
sensiti/e to noisein bright areasof animagethanit is in dark areas. This obsenationis commonlyreferredto as
Webers Law [2]. In view of Webers Law, animageenhancemeriilter canavoid degradingnoiseamplification
by sharpeninglark regions of animagelessthanbright regions. Onevery simple methodto accomplishthis is to
weightthe amountof highpasdiltering proportionalto thelocal mean. This givesriseto a classof nonlinearimage
enhancemerftlters known asmean-weightetlighpasdilters[4, 9].

Empiricalevidencealsosuggestshatthe visual systemis lesssensitve to noisein theedgesor highly structured
regionsof animage. This effectis known asmaskingby structure [7]. The maskingeffect implies that noiseam-
plification dueto highpasdiltering is lessnoticablein highly structuredareasof animage. Therefore,a reasonable
approaclto improve highpasdiltering enhancemeris to weightthe outputof the highpasdilter proportionalto the
outputof alocal edgedetector Thisideahasled to nonlinearedge-weightetighpasdilters[1, 8].

Onelimitation of existingweightedhighpasdiltersis thatthefilter structurds fixed. Thismeanghatthe scaleof
thelocal meanor edgedetectoiis fixed. Hence the usermustspecifyalocal neighborhoodor the meanor explicitly
definewhatis meantby alocal edge.Also, thesealgorithmstypically requireuserspecifiedveightingparameterand
oftenthresholdhe nonlinearhighpassmagein anadhocfashion.

In this paper we proposea generalframevork for studyingthe classof weightedhighpasdilters basedon a
multiscalesignaldecomposition.In orderto find the bestweightedhighpasdilter for a givenimage,we projecta
linear highpasdiltered versionof theimageonto a subspacef multiscaleweightedhighpasdilteredimages.Each
weightedhighpasdilteredimagein thesubspacerovidesadegreeof enhancemeriemperedy thesuppressionf the
highpassamplificationin darkor homogeneousegionsof the originalimage. Projectingthe linear highpasdiltered
versionontothissubspaceroduceslinearcombinatiorof weightedhighpassilteredimageghatmatchtheimportant
imagedetails,while suppressingxcessie noiseamplificationin darkor homogeneousegions. In effect, this design
methodproducesinadaptvely weightechighpassilteredimagethatbalanceshetrade-of betweerenhancemerand
noiseamplification.

Thepaperis organizedasfollows. In Section2, we review previouswork onweightedhighpasdiltersanddiscuss
someof thelimitations of existing methods We alsogive a brief review of multiscaleanalysis.Section3 introduces
a novel weightedhighpasdilter basedon multiscaleanalysis. Seseral simulationsdemonstratehe efficagy of the

proposedilter in Section4. Conclusionsaredravn in Section5.



2 PreviousWork

2.1 Unsharp Masking: A standardnethodof imageenhancemeris unsharpmasking[2, p. 249]. In unsharp
masking,the original imageis enhancedy subtractinga signal proportionalto a smootherversionof the original

image. Equivalently, a signal proportionalto a highpasdiltered versionof the original imagecanbe addedto the
original. Let H denotealinearhighpasdilter, let f(z, y) beanimage,andconsideitheenhancedmageg = f + H f.

Addingthehighpasdilteredimageto theoriginalenhancesr emphasizesdgesinddetailin theimage.Alternatively,

supposeave have a blurredimage f anda linearrestoratiorfilter 2. We may considerthe differencebetweenf and
therestoredR f asahighpasdilter, thatis, H f = Rf — f. With this notation lineardeblurringcanalsobeviewedas
aform of unsharpmasking.

2.2 Weighted Highpass Filters: Theenhancedr restoredmageg may be undesirablef noisein the original

image f is amplifiedby H. Webers Law andthe maskingeffect [2] suggesthe following nonlinearapproacho

imageenhancementLet I, denotea linear filter thatis tunedto a specifictype of local imagefeature. By “local”

we meanthatthe outputimage f atthe point (z, y) depend®nly on thelocal neighborhooaf f about(z, y). By

“tuned” we meanthat|L f(z, y)| is largeif alocal imagefeature,suchasanedgeor region of high intensity (high

localmean),s near(z, y) in f. A weightedhighpasdilter is definedby the mapping

f(@y) — Hof(z,y) L, )P - Hf(,y), p> 1. (1)

Here,|L f|? is theimageformedby raisingevery point . f (z, y) in theimageL f to the p-th power. Theimage| L f|?
“weights” the highpasdiltered image H f pointwiseaccordingto the strengthof the local featuresassociatedvith
L. Forinstancejf L correspondso alocal mean,then H,, f is roughly proportionalthe outputimageobtainedby
applying H only in regionswith high localmean[4,9]. If L is alocal edge-detectothenH,, f is proportionalto the
outputimageobtainedby applying H only in regionswhereanedgeis detectedl, 8].
2.3 Limitations of Previous Work: Oneimportantdravbackto the mean-weightednd edge-weightedilters
previously studiedin [1,4,8,9] is thatthefilter scaleis fixed. Hence suchfilters may only be appropriatdor image
detailat afixed scale.Ourideais to wedtheideasof multiscaleanalysisandweightedhighpasdilters to producean
adaptve filter thatautomaticallyadjuststo the local detail of the imageat hand. Beforediscussingour method,we
briefly review the multiscaleanalysisof images.
2.4 Signal Characterization Using Multiscale Edges: The notionof multiscalesignalanalysisis motivated
by theneedto detectandcharacterizéhe edgesf smallandlarge objectsalike. In animage differentstructuregive
riseto edgesatvaryingscales— smallscalescorrespondo fine detailandlarge scalescorrespondo grossstructure.
In orderto detectall imageedgespnemuststudytheimageat eachscale .Multi-scaleimageprocessingoolsinclude
scalespacepyramidalgorithmsandwavelettransforms.

In this paper we will follow the approachof Mallat and Zhong, who usethe scalesof a separablevavelet
transformto characterizeéhe importantedgesn animage(see[3] for moreinformationon the wavelettransform).
Considerfirst the analysisof continuousimages. To analyzesuchimages,we employa smoothingfunction ¢, a

waveletfunctionty, andaninfinite numberof scales Thefunctions¢ and: proposedn [3] aredepictedn Fig. 1.
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Smoothedrersionsof theimage f areobtainedby corvolutionwith ¢ in bothz andy directions.Largerscales
(smoothelimages)are obtainedby dilating ¢. Dilation of ¢ by factorsof two halvesthe resolutioneachtime aswe
move up throughscales We denotethe smoothedmageatscale2’ by S,; f. NotethatS,; f = f.

Edgeanddetailinformationin f is obtainedoy convolutionwith . Detailinformationatlargerscaleds obtained
by dilating 7. At scale2’ we have threedetailimages:W”, f, W2, f, and W, f, wherethe superscripts:, v, andd
denotethe horizontal vertical,anddiagonal(both horizontalandvertical) applicationf «, respectiely.

To analyzediscreteimageswe usean undecimatedwo-channefilterbankwith discreteanalysidfilters » andg
anda rangeof scales/ limited by the numberof pixelsin theimage. In general2’ < N for an N x N image.
(Se€[3] for moreinformationon the discretewavelettransform.in particular Tablesl andll in [3] provide thefilters
h andg correspondingo ¢ and of Fig. 1.

In [3] it is shovn thatthe modulusmaximaof the wavelettransformprovide a nearlycompletecharacterization

of animage.Mallat andZhongcharacterizéheimageedgesat scale2’ by thelocal maximaof

My, f(e,y) = [ IWE 1 (e, 9) 2+ W5, F(,0) 2. 2)

3 AdaptiveWeighted HighpassFilters

In this section,we utilize local edgeandlocal meaninformationcarriedby the smoothanddetailimagesat varying
scalesto develop a classof weightedhighpasdilters. Our goalis to choosethe bestweightedhighpasdilter for a
givenimage.

3.1 Multiscale M ean-Weighted Filters. We caneasilyformulatethe mean-weightethighpasdilter in themul-
tiscaleframavork. Pointwisemultiplicationof the highpassmageH f with |S,, f|? yieldsap + 1stordet weighted
highpasdilter with responsestrongestn regionswherethe local mean(at the scale2’) is large. Adjustingthe scale
27 is equivalentto adjustingthe sizeof thelocal neighborhoodisedto computethemean.We thushave thefollowing

collectionof mean-weightethighpasdilteredimages:

{|52Jf|p'Hf:j:17"'7']7p:17"'7P}' (3)

Theexponentp controlstherelative weightingin light anddarkregions;increasing tendsto emphasizareasof
peakintensity Thescalebound./ limits therangeof scalesusedfor localfeaturedetection./ actsasaregularization
parametera smallvalueof .J givesmaximumregularizationby focusingthefilters on only very local featureswhile
a large value allows the filters to incorporatemore global, grossstructureat the expenseof lessregularization. In
practice,the choiceof .J is problem-dependenbut prior informationmay suggest resonablechoicedependingon
which typesof featuresare dominantin the imageunderstudy Experiencehasshovn (seeSection4 below) that
reasonablealuesfor J lie in therangel < .J < 4.

3.2 Multiscale Edge-Weighted Filters: We definethe detailmodulusas

Dy S 9)| = W T (e, 9) 2+ (W3 £, w) 2+ W £ (2, )2 (4)

Thepointwiseproductof alinearfilteredimageanda pth orderfilteredimageis p + 1storderpolynomialin thedata.
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Our experimentshave shown that | D,; f| providesbetterresultsfor our applicationthan M,; f from (2), possibly
becausét treatsedgesat differentorientationamorefairly. Pointwisemultiplication of the highpassmageH f with

| D,; f|P producesap + 1st-ordemweightedhighpasdilteredimagetunedto edgesat thescale2’ — anedge-weighted
highpasdiltered image. The multiscaleanalysisproducesa setof edge-weightedhighpasdilters; eachis tunedto
edgesataprescribedscale:

{|DyflP -Hf : j=1,....J, p=1,...,P}. (5)

Increasinghe exponentp tendsto localizetheweightingto areasvherethe detailmodulusis large.
3.3 AdaptiveFilter Design: Multiscaleanalysisprovidesa suiteof weightedhighpasdilters, (3) and(5), suitable
for imageenhancemenilhe questionnow becomesWhich oneis bestfor a givenimage?Evenmoregenerallywe

may considetthe collectionof filteredversionsof f

J P
Cp= { SN i Dy [P HE + Byl SonfIP - HS } , (6)

j=1p=1
with arbitraryreal coeficients {«; ,,, 3; ,}. The collectionC; is simply the subspacef weightedhighpasdiltered
imagesspanneddy (3) and(5). The collectionC; is quite general. In particular it canmodelary nonlinearfilter
schemenvolving polynomialcombinationf the originalimagepixels.

We now proposeanautomatigorocedurdor choosingapproximatinghe optimalfilteredimagein C for agiven
image. The ideais very straightforward.By design,all of the filteredimagesin C; arehighpassnhancedet also
suppressioisein smoothor low intensityregions. However, eachof theseenhancedmagesvasobtainedusingfilters
tunedto structuresta differentscale Weightedhighpassilters at onescalemaybe preferabldo othersdependingn
thesignalandnoisestructure More generallya combinationof weightedhighpasdilteredimagesnaybe preferable
to ary one.

We would like to choosethe “best” weightedhighpasdiltered imagefrom all possibilies. Ideally, the best
weightedhighpasdilter providesthesamdevel of enhancemerasthelinearhighpasdilter in regionsof highintensity
orin regionsaroundalocaledge while reducingnoiseamplificationin otherareasHence ourobjectiveisto presere
asmuchsignaldetailaspossiblein the weightedhighpasdilteredimage. However, duethe conflictingrequirements
of enhancemerandnoisesuppressiorgifferentweightedhighpasdilters provide varyingdegreesof enhancement.

We adwocatefinding the weightedhighpasdiltered imagethatis closestto the linear highpasdiltered image.
The underlyingprinciple behindthis approachs that, by design,noneof the weightedhighpasdilteredimagescan
“match” the amplified noise componenf the linear highpasdiltered image. However, thereis a bestweighted
highpasdilteredimagethatcomescloseto matchingthe desiredenhancemerdf trueimagedetail.

Mathematicallywe justify our approactasfollows. Considerthe optimisationprogramme

mf = ag, min, ||Hf - H f||%, (7)
where|| - || denoteg-robeniugmatrix-norm.Thesolution /7* f is theweightedhighpasdilteredimagein C closest

in normto thelinearhighpasdilteredimage,or equivalently, the projectionof thelinearhighpasdilteredimageonto
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the subspacepannedy the setof weightedhighpasdiltered images.We cancomputeH * f by adjustingthefilter
parameterga; ,, 8;,} in (6).

Let us considerthis minimisationmorecarefully Theerror| H,,f — H f||3 canbe decomposethto two com-
ponents.Let e; (Hy f, H f) denotethe sumof squarecerrorsin pixels of high intensityand/orthosepixels nearan
edge.Lete,(Hy f, H f) denotethe sumof squarederrorsin the remainingpixels. Thuswe have ||H,, f — H f||3 =
en(Hwf, Hf) + e2(Hwf, H f). Since,by design all weightedhighpasdilters have a very smallgainexceptin bright
or edgyregions,theerrore; (Hy f, H f) canbewell approximatedy

ea(Hwf, H f) 7 e3(0, H f). (8)

Thatis, ex(Hw f, H f) is dominatedby the contribution due to the linear highpasdfilter. Hence,this component
of the overall erroris approximatelyindependenbf the choiceof weightedhighpasdilter. Programme7) is thus
approximatelyequivalentto thedesirablaninimisation

H*f ~ argHmlgcfel(wa, Hf). 9)

Therefore, H* f is approximatelyequalto the weightedhighpasdilteredimagethatis closestto thelinear highpass
filteredimagein brightregionsand/ornearedgesBy design,H* f is very smallin otherareasof theimage.

Remarkl: H*f is not necessarilythe weightedhighpasdilteredimagethat providesthe greatesreductionin
noiseamplificationin bright regionsand/ornearedges.In factif two highpasdilters have equale; errors,thenthe
minimisationin (7) produceshe filtered imagewith the smallere; error and hencethe lesserreductionof noise
amplification.However, equation(8) shownsthatthis suboptimakeductionof noiseis negligible in comparisorto the
noisein thelinearhighpasdilteredimage,andequation(9) shonvsthat H* f very closeto the optimalsolution.

Remark2: Theminimization(9) would requireprior knowledgeof thelocationof edgesand/orbrightregionsin
thenoise-fredmage.In problemsof practicalinterestwe only have the noisyimageto work with andthereforesuch
prior knowledgeis unavailable. The minimizationin (7) representa practicalalternatve to the desiredoptimisation.
Theexamplesin Sectiord demonstrat¢he excellentperformancef the proposedveightedhighpasdilters.

Remark3: Notethatwe mayposethe minimizationover ary subspacspannedy a subsebf theedge-weighted
and/ormean-weightedilteredimages.

Remarld: Thefilter H* is unigueandcanbecomputedn asimplefashion.Firstlet

djp =Vved|Dy fI" - Hf), sjp=Vved|SyfI" - Hf), h=vedH f), (10)

wherethe operator‘vec’ formsa columnvectorfrom a matrix by stackingits columns. Sincethe Frobeniusnorm
coincideswith thevector2-norm,(7) canberewritten as
h* = ag min H Z Z @jpdjp + B pSip — H . (11)

NECf

It is clear that the filter is specifiedby the 2JP parameters{«a;,} and {3;,}. Now definethe matrix X =

[di1,...,dsp,s11,...,s7p] andthe parametevectory = [ay1,...,a5p, B1,1,- - .,ﬁLP]T. Thefilter parameters
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aregivenby
*

v = ag_min Xy~ bl (12)

Theadaptive weightedhighpassmage,in vectorizedform, is givenby
h* = X~*. (13)

Recallthat,oncewe have H* in hand,we form theenhancedmageg astheunsharpmaskg = f + H*f.

3.4 Local AdaptiveWeighting: Theadaptie weightechighpasdilter describedn theprevioussectionis tunedto
eachindividualimage.Thistuningis aglobaloptimisationovertheentireimage.However, thescaleof local structure
may differ within theimageitself. Consequentlyno singlescale nor weightedhighpasdilter, is locally optimalatall
pointsin theimage.

In this section,we briefly describean adaptve filter that adjustsits weighting coeficientsat eachpointin the
image.A relatedideais consideredn [5] to improve the performancef theweightedhighpasdilter proposedn [1].
The adaptve algorithmis morecomputationallyintensive, but canprovide significantimprovementsover the global
adaptve weightedhighpasdilter describedn the previous section. Thelocal adaptie algorithmcomputeghefilter
at the point (z, y) by consideringthe error betweenweightedand linear highpassfiltered imagesonly in a local
neighborhoodaround(z, y) ratherthanby consideringthe total error over the entireimage. The procedureor the
local adaptve filter algorithmis straightforwardyve give a brief descriptionbelow.

We againconsiderthe collectionof weightedhighpasdilters C; definedin (6). However, ratherthancomputing
the globally adaptve filter accordingto (7), at eachpoint (z,y) in the imagewe computea local adaptve filter
asfollows. First, let B(z,y) denotea local neighborhoodabout(z, y) in theimageandlet || - || z(, ,) denotethe

Frobeniusmatrix normrestrictedto theneighborhood3(z, y). Thatis, for imagesf andg

1f=9lbey= D, [F65) -9 (14)

(ivj)EB(‘L'vy)
We will usethe samenotationfor the vector2-normwhenworking with vectorizedversionsof theimages.Now at

eachpointin theimage the adaptve filter parameterareobtainedoy solving
* _ : 2
V(o) = ag_min, Xy~ bl (15)
Usingtheseparameterghe outputof thelocal adaptve weightedhighpasdilter atthe point (z, y) is givenby
h*(z,y) = X(z,y)7v"* (=, v), (16)
with X (z, y) therow vector

[|D1f(m7y)|7 LR |D2Jf('r7y)|P7 Slf('r7y)|7 sy |52Jf($7y)|P] . (17)



4 Simulations

In this sectionwe presentseveral examplesto illustrate the performanceand flexibility of the both the global and
adaptve multiscaleadaptve weightedhighpasdilters.

4.1 Edge-Weighted Enhancement: We considertwo examplesof image enhancementThe original images

areshawn in Fig. 3(a) (blurred Lennaimage),and Fig. 4(a) [PET (PositronEmissionTomography)orain image]?
1 0 1
The 256 x 256 Lennaimagewasblurredthroughcorvolution with the kernelb, = { 0 a O ] with @ = 8. The
1 01

128 x 128 PETimagewasblurredalsothroughb,,, with ¢ = 4.
The key featurein theseexamplesis that both imagesare processedy exactly the sameadaptve weighted
highpasdilter algorithm— with no tweakingof parameterso handlethedrasticallydifferingimagestructuresFirst,

theimagesareenhancedisingalinearhighpasdilter H whosecorvolutionmaskis givenby
-1 0 -1
H =05 0 4 0. (18)

-1 0 -1

Thelinearly enhancedmagesshaown in Figs.3(b) and4(b),arecomputedasg = f + H f.

The spaceof edge-weightettighpasdilteredimagesconsideredn bothcasess

Spar( [Dy f| - Hf : j=1,...,4}. (19)

The adaptve weightedfilter parametergor the Lennaimagearey* = 0.017 x [0.32, —0.03, —0.09, 1.0]7, where
the orderingis [| Dy, f| Hf, j=1,...,4]. Theglobally adaptve nonlinearenhancemenf + H* f of the Lennais
shavn in Fig. 3(c). Notethat the adaptve combinationof the weightedhighpasdiltered imagesinvolvesnegative
coeficients— partsof theimageareboth“built up” and“chippedaway” by thecomponenfiltersin orderto optimise
theenhancement.

The adaptve filter parametergor the PET imagearey* = 0.033 x [0.67, —0.56, 0.25, 1.0]7. The globally
adaptve nonlinearenhancemenf + H* f of the PETimageis shovnin Fig. 4(c).

Notethattheadaptvefilters arequite differentfor thetwo images However, in bothcasegheresultingnonlinear
filter enhancehedetail of theimagewhile reducingthe noiseamplifiedby thelinearhighpasdilter.
4.2 Locally Adaptive Edge-Weighted Enhancement: We comparethe globaladaptie weightedfilter (13) to
the adaptve adaptve weightedfilter (16). The imageof Fig. 5(a) wasobtainedby first corvolving the 256 x 256
bridgeimagewith b, asabove (with ¢ = 4) andthenaddinga smallamountof white Gaussiamoise.Theimagewas
enhancedisingthelinearhighpasdilter givenin (18). Thelinearhighpasdilter enhancemens shaovnin Fig. 5(b).

The spaceof edge-weightettighpasdilters consideredn this caseis

Spar [Dyif|* - Hf : j=1,...,3}. (20)

Theglobally adaptve edge-weightediighpasdilter enhancemeris shovnin Fig. 5(c). The adaptve, local adaptve

enhancemertiasedona 16 x 16 adaptationmegion is picturedin Fig. 5(d). Note thatthe adaptve algorithmis better

2Courtesyof Col. Brian W. Murphy, CenterFor PositronEmissionTomographyStateUniversity of New York at Buffalo.



ableto adjustto thelocal structurewithin theimage yet still reduceshe noisethatis amplifiedby thelinearhighpass
filter in homogeneouregionsof theimage.

4.3 Adaptive Weighted Restoration: In [6], we considetthe adaptie weightedrestoratiorof a degradedmage
with aknown blurring function. Theresultspresentedhereshow that our methodperformsbetterthancornventional

linearrestoratiorin bothavisualandsquareckerrorsense.

5 Conclusions

We have developeda family of adaptve weightedhighpassfilters basedon multiscaleanalysis. Two significant
featuredistinguishour methodfrom previouswork. First,thefiltersdonothave afixedform like previously proposed
filters. Therefore thefilters arecapableof matchingthe structureof theimageat hand. Secondlythe designof the
adaptve filter is fully automatic. Previously proposedilters have requireduserspecifiedparametersnd/orad hoc
thresholdingschemesWe have alsoderived an adaptve filter thatautomaticallyadjuststo varying structurewithin
animageitself. Simulationshave demonstratedhat the proposedilter providesvery goodresultsfor imageswith
differinglocal structure.

Therearemary possibleavenuedor futurework in this area. For example,multiscaleanalyseotherthanthat
of [3] may producebetterresultsin certaincases.Also, it may be advantageouso decomposehe linear highpass
filteredimageH f at differentscalesaswell. A deeperunderstanding@f the nonlinearfiltering conceptgpresented
heremay begainedby notingthatweightedhighpasdilters belongto the classof nonlineaffilters known as\olterra
filters. Thetheoryof Volterrafilters shouldprovide insightinto the analysisjmplementationanddesignof nonlinear
enhancemeriilters. On a final, more ambitiousnote, adaptve weightedhighpasdilters could provide a plausible
modelfor studyingmaskingphenomenan the humanvisual system.
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Figurel: Smoothingfunction¢ (dashedandwavelety; (solid) employedn the multiscaledecomposition.

set of all images

ot |
set of weighted
highpass images

Figure2: The projectionof the highpasdilteredimageH f ontothe setof all weightedhighpasdilteredimagesC ¢
definedin (6) yieldsthe optimalweightedhighpasdilteredimageH ,,.f .



(©)

Figure 3: Optimally weightedenhancement(a) Original image (blurredLenna). (b) Imageenhancedising linear
highpasdilter. (c) Imageenhancedisingoptimal edge-weightettighpasdilter. At left, we shav theimage;atright,
we shaw a vertical cross-sectiothroughthe centerof theimage.
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(b)

Figure4: Optimally weightedenhancement(a) Original image (PET reconstruction).(b) Imageenhancedising
linearhighpasdilter. (c) Imageenhancedsingoptimaledge-weightetlighpassilter. Notethatthenonlineaffiltering
algorithmemployedhereis identicalto thatusedin Figure3.
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(d)

Figure5: Optimal adaptie weightedimagerestoration.(a) Blurred, noisyimageof bridge. (b) Imagerestoredising
linear highpasdilter. (c) Imagerestoredusing globally optimal edge-weightedhighpasdilter. (d) Imagerestored
usinglocally optimal adaptye edge-weightediighpass.
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