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Abstract

In this paper, we proposea generalframework for studyinga classof weightedhighpassfilters. Our framework,
basedon a multiscalesignaldecomposition,allows us to studya wide classof filters andto assessthe meritsof
each. We derive an automaticprocedureto tunea filter to the local structureof the imageunderconsideration.
Theentirealgorithmis fully automaticandrequiresno parameterspecificationfrom theuser. Severalsimulations
demonstratetheefficacy of theproposedalgorithm.
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1 Introduction
Recognitionof imagefeaturesdependson the local level andcontrastin the neighborhoodof the feature. Oneof

the primary stepsin recognitionis edgeor boundaryextraction. To aid in this taskit is often desirableto enhance

the imagedetail andedgesusinga highpassfiltering scheme.Unfortunately, highpassfiltering alsoamplifiesnoise

presentin theimage.

The local intensityaffectsthe eye’s sensitivity to noisein images.Specifically, the visual systemis muchless

sensitive to noisein bright areasof an imagethanit is in darkareas.This observation is commonlyreferredto as

Weber’s Law [2]. In view of Weber’s Law, an imageenhancementfilter canavoid degradingnoiseamplification

by sharpeningdark regionsof an imagelessthanbright regions. Onevery simplemethodto accomplishthis is to

weight theamountof highpassfiltering proportionalto thelocal mean.This givesriseto a classof nonlinearimage

enhancementfiltersknown asmean-weightedhighpassfilters [4,9].

Empiricalevidencealsosuggeststhatthevisualsystemis lesssensitiveto noisein theedgesor highly structured

regionsof an image. This effect is known asmaskingby structure [7]. The maskingeffect implies that noiseam-

plification dueto highpassfiltering is lessnoticablein highly structuredareasof an image.Therefore,a reasonable

approachto improve highpassfiltering enhancementis to weight theoutputof thehighpassfilter proportionalto the

outputof a localedgedetector. This ideahasled to nonlinearedge-weightedhighpassfilters [1,8].

Onelimitation of existingweightedhighpassfilters is thatthefilter structureis fixed.Thismeansthatthescaleof

thelocalmeanor edgedetectoris fixed.Hence,theusermustspecifya localneighborhoodfor themeanor explicitly

definewhatis meantby alocaledge.Also, thesealgorithmstypically requireuserspecifiedweightingparametersand

oftenthresholdthenonlinearhighpassimagein anadhocfashion.

In this paper, we proposea generalframework for studyingthe classof weightedhighpassfilters basedon a

multiscalesignaldecomposition.In orderto find the bestweightedhighpassfilter for a given image,we projecta

linearhighpassfilteredversionof the imageontoa subspaceof multiscaleweightedhighpassfiltered images.Each

weightedhighpassfilteredimagein thesubspaceprovidesadegreeof enhancementtemperedby thesuppressionof the

highpassamplificationin darkor homogeneousregionsof theoriginal image.Projectingthelinearhighpassfiltered

versionontothissubspaceproducesalinearcombinationof weightedhighpassfilteredimagesthatmatchtheimportant

imagedetails,while suppressingexcessivenoiseamplificationin darkor homogeneousregions.In effect, this design

methodproducesanadaptively weightedhighpassfilteredimagethatbalancesthetrade-off betweenenhancementand

noiseamplification.

Thepaperis organizedasfollows. In Section2,wereview previouswork onweightedhighpassfiltersanddiscuss

someof thelimitationsof existing methods.We alsogive a brief review of multiscaleanalysis.Section3 introduces

a novel weightedhighpassfilter basedon multiscaleanalysis. Several simulationsdemonstratethe efficacy of the

proposedfilter in Section4. Conclusionsaredrawn in Section5.
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2 Previous Work
2.1 Unsharp

�
Masking: A standardmethodof imageenhancementis unsharpmasking[2, p. 249]. In unsharp

masking,the original imageis enhancedby subtractinga signalproportionalto a smootherversionof the original

image. Equivalently, a signalproportionalto a highpassfiltered versionof the original imagecanbe addedto the

original. Let � denotealinearhighpassfilter, let �����
	���
 beanimage,andconsidertheenhancedimage�������������
Addingthehighpassfilteredimageto theoriginalenhancesor emphasizesedgesanddetailin theimage.Alternatively,

supposewe have a blurredimage � anda linearrestorationfilter � . We mayconsiderthedifferencebetween� and

therestored��� asahighpassfilter, thatis, ������������� . With thisnotation,lineardeblurringcanalsobeviewedas

a form of unsharpmasking.

2.2 Weighted Highpass Filters: The enhancedor restoredimage � maybeundesirableif noisein the original

image � is amplifiedby � . Weber’s Law andthe maskingeffect [2] suggestthe following nonlinearapproachto

imageenhancement.Let � denotea linear filter that is tunedto a specifictype of local imagefeature. By “local”

we meanthat theoutputimage ��� at thepoint ��� 	!�"
 dependsonly on thelocal neighborhoodof � about ���
	���
 . By

“tuned” we meanthat #$�%�&�'�
	!�"
(# is large if a local imagefeature,suchasanedgeor region of high intensity(high

localmean),is near ��� 	!�"
 in � . A weightedhighpassfilter is definedby themapping�����
	���
*)+ � W �&�'�
	!�"
*,.-'/� #$�%�����
	���
(# 021
�������
	���
.	 354�67� (1)

Here, #$�%��# 0 is theimageformedby raisingevery point ������� 	!�"
 in theimage �%� to the 3 -th power. Theimage #$����# 0
“weights” the highpassfiltered image ��� pointwiseaccordingto the strengthof the local featuresassociatedwith� . For instance,if � correspondsto a local mean,then � W � is roughly proportionalthe outputimageobtainedby

applying � only in regionswith high localmean[4,9]. If � is a local edge-detector, then � W � is proportionalto the

outputimageobtainedby applying � only in regionswhereanedgeis detected[1,8].

2.3 Limitations of Previous Work: Oneimportantdrawbackto the mean-weightedandedge-weightedfilters

previously studiedin [1,4,8,9] is that thefilter scaleis fixed. Hence,suchfilters mayonly beappropriatefor image

detailat a fixedscale.Our ideais to wedtheideasof multiscaleanalysisandweightedhighpassfilters to producean

adaptive filter thatautomaticallyadjuststo the local detail of the imageat hand. Beforediscussingour method,we

briefly review themultiscaleanalysisof images.

2.4 Signal Characterization Using Multiscale Edges: The notionof multiscalesignalanalysisis motivated

by theneedto detectandcharacterizetheedgesof smallandlargeobjectsalike. In animage,differentstructuresgive

riseto edgesat varyingscales— smallscalescorrespondto fine detailandlargescalescorrespondto grossstructure.

In orderto detectall imageedges,onemuststudytheimageateachscale.Multi-scaleimageprocessingtoolsinclude

scalespace,pyramidalgorithms,andwavelettransforms.

In this paper, we will follow the approachof Mallat and Zhong, who usethe scalesof a separablewavelet

transformto characterizethe importantedgesin an image(see[3] for moreinformationon the wavelet transform).

Considerfirst the analysisof continuousimages. To analyzesuchimages,we employa smoothingfunction 8 , a

waveletfunction 9 , andaninfinite numberof scales.Thefunctions8 and 9 proposedin [3] aredepictedin Fig. 1.
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Smoothedversionsof theimage � areobtainedby convolution with 8 in both � and � directions.Largerscales

(smootherimages)areobtainedby dilating 8 . Dilation of 8 by factorsof two halvestheresolutioneachtime aswe

move up throughscales.We denotethesmoothedimageatscale:<; by =
>@?A� . Notethat =CB!�D�E� .

Edgeanddetailinformationin � is obtainedby convolutionwith 9 . Detail informationatlargerscalesis obtained

by dilating 9 . At scale:<; we have threedetail images: FHG> ? � , FEI> ? � , and FKJ> ? � , wherethesuperscriptsL , M , and N
denotethehorizontal,vertical,anddiagonal(bothhorizontalandvertical)applicationsof 9 , respectively.

To analyzediscreteimages,we useanundecimatedtwo-channelfilterbankwith discreteanalysisfilters L and �
anda rangeof scalesO limited by the numberof pixels in the image. In general,:QPSRUT for an TWVXT image.

(See[3] for moreinformationon thediscretewavelettransform.In particular, TablesI andII in [3] provide thefiltersL and � correspondingto 8 and 9 of Fig. 1.

In [3] it is shown that themodulusmaximaof thewavelet transformprovide a nearlycompletecharacterization

of animage.Mallat andZhongcharacterizetheimageedgesatscale: ; by thelocalmaximaofY > ? �����
	���
��[Z #\F G>]? ����� 	!�"
(# > ��#$F I>]? �����
	���
<# > � (2)

3 AdaptiveWeighted Highpass Filters
In this section,we utilize local edgeandlocal meaninformationcarriedby thesmoothanddetail imagesat varying

scalesto developa classof weightedhighpassfilters. Our goal is to choosethe bestweightedhighpassfilter for a

givenimage.

3.1 Multiscale Mean-Weighted Filters: We caneasilyformulatethemean-weightedhighpassfilter in themul-

tiscaleframework. Pointwisemultiplicationof thehighpassimage ��� with #\=
>]?!��# 0 yieldsa 3^��6 storder1 weighted

highpassfilter with responsestrongestin regionswherethe local mean(at thescale: ; ) is large. Adjustingthescale: ; is equivalentto adjustingthesizeof thelocalneighborhoodusedto computethemean.Wethushave thefollowing

collectionof mean-weightedhighpassfilteredimages:_ #$= > ? ��# 0 1C�`�Eacbd�e6Q	(�(�<�f	!O�	�3D�e6Q	(�(�<�g	!hji�� (3)

Theexponent3 controlstherelativeweightingin light anddarkregions;increasing3 tendsto emphasizeareasof

peakintensity. ThescaleboundO limits therangeof scalesusedfor local featuredetection.O actsasa regularization

parameter:a smallvalueof O givesmaximumregularizationby focusingthefiltersononly very local features,while

a large valueallows the filters to incorporatemoreglobal, grossstructureat the expenseof lessregularization. In

practice,thechoiceof O is problem-dependent,but prior informationmaysuggesta resonablechoicedependingon

which typesof featuresaredominantin the imageunderstudy. Experiencehasshown (seeSection4 below) that

reasonablevaluesfor O lie in therange6kRlOmRSn .
3.2 Multiscale Edge-Weighted Filters: We definethedetailmodulusas#$o > ?!����� 	!�"
(#(� Z #$F G>@? ����� 	!�"
(# > �K#$F I>]? ����� 	!�"
(# > �K#$F J>]? �����
	���
<# > � (4)

1Thepointwiseproductof a linearfilteredimageanda p th orderfilteredimageis prq�s st orderpolynomialin thedata.
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Our experimentshave shown that #$o�> ? ��# providesbetterresultsfor our applicationthan
Y > ? � from (2), possibly

becauseit treatsedgesat differentorientationsmorefairly. Pointwisemultiplicationof thehighpassimage ��� with#$o�>]?.�&# 0 producesa 3t�X6 st-orderweightedhighpassfilteredimagetunedto edgesat thescale:<; — anedge-weighted

highpassfiltered image. The multiscaleanalysisproducesa setof edge-weightedhighpassfilters; eachis tunedto

edgesata prescribedscale: _ #$o�> ? ��# 0`1
���Kaub��e67	(�<�(�g	!O�	�3��e6Q	(�(�<�f	!hji�� (5)

Increasingtheexponent3 tendsto localizetheweightingto areaswherethedetailmodulusis large.

3.3 Adaptive Filter Design: Multiscaleanalysisprovidesasuiteof weightedhighpassfilters,(3) and(5), suitable

for imageenhancement.Thequestionnow becomes:Whichoneis bestfor a givenimage?Evenmoregenerally, we

mayconsiderthecollectionof filteredversionsof �vxw � yz { P| ;~} B
�|0 } Bx� ;g� 0 #$o > ?!��# 0 1
������� ;g� 0 #$= > ?A��# 0 1
����� �� 	 (6)

with arbitraryreal coefficients
_ � ;g� 0 	f� ;@� 0 i . The collection

v w
is simply the subspaceof weightedhighpassfiltered

imagesspannedby (3) and(5). The collection
vxw

is quite general. In particular, it canmodelany nonlinearfilter

schemeinvolving polynomialcombinationsof theoriginal imagepixels.

We now proposeanautomaticprocedurefor choosingapproximatingtheoptimalfilteredimagein
vxw

for agiven

image. The ideais very straightforward.By design,all of the filtered imagesin
v�w

arehighpassenhancedyet also

suppressnoisein smoothor low intensityregions.However, eachof theseenhancedimageswasobtainedusingfilters

tunedto structuresatadifferentscale.Weightedhighpassfiltersatonescalemaybepreferableto othersdependingon

thesignalandnoisestructure.Moregenerally, a combinationof weightedhighpassfilteredimagesmaybepreferable

to any one.

We would like to choosethe “best” weightedhighpassfiltered imagefrom all possibilities. Ideally, the best

weightedhighpassfilter providesthesamelevel of enhancementasthelinearhighpassfilter in regionsof highintensity

or in regionsaroundalocaledge,while reducingnoiseamplificationin otherareas.Hence,ourobjectiveis to preserve

asmuchsignaldetailaspossiblein theweightedhighpassfilteredimage.However, duetheconflictingrequirements

of enhancementandnoisesuppression,differentweightedhighpassfiltersprovidevaryingdegreesof enhancement.

We advocatefinding the weightedhighpassfiltered imagethat is closestto the linear highpassfiltered image.

The underlyingprinciplebehindthis approachis that,by design,noneof theweightedhighpassfiltered imagescan

“match” the amplified noisecomponentof the linear highpassfiltered image. However, thereis a bestweighted

highpassfilteredimagethatcomescloseto matchingthedesiredenhancementof trueimagedetail.

Mathematically, we justify ourapproachasfollows. Considertheoptimisationprogramme���(�[� arg ������
W

w��<���
� � W ���X��� � >� 	 (7)

where � 1 � � denotesFrobeniusmatrix-norm.Thesolution � � � is theweightedhighpassfilteredimagein
v w

closest

in normto thelinearhighpassfilteredimage,or equivalently, theprojectionof thelinearhighpassfilteredimageonto
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the subspacespannedby thesetof weightedhighpassfiltered images.We cancompute� � � by adjustingthefilter

parameters
_ � ;g� 0 	f� ;g� 0 i in (6).

Let usconsiderthis minimisationmorecarefully. Theerror � � W �5�S��� � >� canbedecomposedinto two com-

ponents.Let � B ��� W ��	!����
 denotethe sumof squarederrorsin pixelsof high intensityand/orthosepixelsnearan

edge.Let � > ��� W ��	!����
 denotethesumof squarederrorsin theremainingpixels. Thuswe have � � W ������� � >� ���B���� W ��	��`��
��l� > ��� W ��	!����
.� Since,by design,all weightedhighpassfiltershavea verysmallgainexceptin bright

or edgyregions,theerror � > ��� W ��	!����
 canbewell approximatedby� > �'� W ��	�����
��E� > ����	�����
�� (8)

That is, � > ��� W ��	!����
 is dominatedby the contribution due to the linear highpassfilter. Hence,this component

of the overall error is approximatelyindependentof the choiceof weightedhighpassfilter. Programme(7) is thus

approximatelyequivalentto thedesirableminimisation�*�(�[� arg ��� ��
W

w��<� � ��B��'� W ��	�����
�� (9)

Therefore,� � � is approximatelyequalto theweightedhighpassfiltered imagethat is closestto the linearhighpass

filteredimagein bright regionsand/ornearedges.By design,� � � is very smallin otherareasof theimage.

Remark1: � � � is not necessarilythe weightedhighpassfiltered imagethat providesthe greatestreductionin

noiseamplificationin bright regionsand/ornearedges.In fact if two highpassfilters have equal �¡B errors,thenthe

minimisationin (7) producesthe filtered imagewith the smaller � > error and hencethe lesserreductionof noise

amplification.However, equation(8) showsthatthis suboptimalreductionof noiseis negligible in comparisonto the

noisein thelinearhighpassfilteredimage,andequation(9) showsthat � � � verycloseto theoptimalsolution.

Remark2: Theminimization(9) would requireprior knowledgeof thelocationof edgesand/orbright regionsin

thenoise-freeimage.In problemsof practicalinterest,we only have thenoisyimageto work with andthereforesuch

prior knowledgeis unavailable.Theminimizationin (7) representsa practicalalternative to thedesiredoptimisation.

Theexamplesin Section4 demonstratetheexcellentperformanceof theproposedweightedhighpassfilters.

Remark3: Notethatwemayposetheminimizationover any subspacespannedby a subsetof theedge-weighted

and/ormean-weightedfilteredimages.

Remark4: Thefilter � � is uniqueandcanbecomputedin a simplefashion.First let¢ ;@� 0 � vec�£#$o > ?!��# 0 1¤����
.	[¥ ;@� 0 � vec�£#$= > ?!��# 0 1¤����
.	§¦�� vec���K��
.	 (10)

wherethe operator“vec” formsa columnvectorfrom a matrix by stackingits columns.Sincethe Frobeniusnorm

coincideswith thevector : -norm,(7) canberewritten as¦ � � arg ��� �¨ �(� �¤©©© P| ;f} B
�|0 } B � ;g� 0 ¢ ;@� 0 �ª� ;g� 0 ¥ ;@� 0 �m¦ ©©© >> � (11)

It is clear that the filter is specifiedby the :7O¤h parameters
_ � ;@� 0 i and

_ � ;g� 0 i . Now define the matrix « �¬ ¢ B � B 	<�(�<�f	 ¢ P � � 	!¥ B � B 	(�<�(�f	�¥ P � ��­ andtheparametervector ®¯� ¬ � B � B 	<�(�<�f	 � P � � 	f� B � B 	(�<�(�g	f� P � �
­±° � Thefilter parameters
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aregivenby ® � � arg �����® ��² ³�´fµf¶ � «·®u�S¦ � >> � (12)

Theadaptiveweightedhighpassimage,in vectorizedform, is givenby¦ � ��«·® � � (13)

Recallthat,oncewehave � � in hand,weform theenhancedimage� astheunsharpmask�������S� � � .

3.4 Local Adaptive Weighting: Theadaptiveweightedhighpassfilter describedin theprevioussectionis tunedto

eachindividualimage.Thistuningis aglobaloptimisationovertheentireimage.However, thescaleof localstructure

maydiffer within theimageitself. Consequently, nosinglescale,norweightedhighpassfilter, is locally optimalatall

pointsin theimage.

In this section,we briefly describean adaptive filter that adjustsits weightingcoefficientsat eachpoint in the

image.A relatedideais consideredin [5] to improve theperformanceof theweightedhighpassfilter proposedin [1].

Theadaptive algorithmis morecomputationallyintensive,but canprovide significantimprovementsover theglobal

adaptive weightedhighpassfilter describedin theprevioussection.The local adaptive algorithmcomputesthefilter

at the point �'�
	!�"
 by consideringthe error betweenweightedand linear highpassfiltered imagesonly in a local

neighborhoodaround ��� 	!�"
 ratherthanby consideringthe total error over the entireimage. The procedurefor the

localadaptivefilter algorithmis straightforward;we giveabrief descriptionbelow.

We againconsiderthecollectionof weightedhighpassfilters
vxw

definedin (6). However, ratherthancomputing

the globally adaptive filter accordingto (7), at eachpoint �'�
	!�"
 in the imagewe computea local adaptive filter

as follows. First, let ¸D��� 	!�"
 denotea local neighborhoodabout �'�
	!�"
 in the imageand let � 1 �A¹�º¼» � ½!¾ denotethe

Frobeniusmatrixnormrestrictedto theneighborhooḑ����
	���
 . Thatis, for images� and �� ���5� � >¹�º¼» � ½!¾ � |º¼¿ � ;~¾ � ¹%ºÀ» � ½�¾ ¬ ����Á£	Âb�

�5�¤��Á£	Âb�
 ­ > � (14)

We will usethesamenotationfor thevector2-normwhenworking with vectorizedversionsof the images.Now at

eachpoint in theimage,theadaptivefilter parametersareobtainedby solving®������
	���
5� arg �����® ��² ³�´fµf¶ � «·®u�m¦ � >¹%º¼» � ½!¾ � (15)

Usingtheseparameters,theoutputof thelocaladaptiveweightedhighpassfilter at thepoint ��� 	!�"
 is givenby¦ � ���
	���
��Ã«u��� 	!�"
]® � ��� 	!�"
.	 (16)

with «u��� 	!�"
 therow vectorÄ #$o B �����
	���
(# 	(�(�.�g	�#$o�> µ �����
	���
<# � 	�= B �����
	���
<#¼	(�.�<�@	�#$=
> µ ����� 	!�"
(# ��Å � (17)
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4 Simulations
In this sectionwe presentseveral examplesto illustrate the performanceandflexibility of the both the global and

adaptivemultiscaleadaptiveweightedhighpassfilters.

4.1 Edge-Weighted Enhancement: We considertwo examplesof imageenhancement.The original images

areshown in Fig. 3(a) (blurredLennaimage),andFig. 4(a) [PET (PositronEmissionTomography)brain image].2

The :QÆ7Ç�Vu:7ÆQÇ Lennaimagewasblurredthroughconvolution with thekernel È.É^� ÊË 6 � 6� Ì �6 � 6
ÍÎ

with Ì*�§Ï . The6(:7Ï�Vu6<:7Ï PETimagewasblurredalsothrough È.É , with Ì��Ãn .
The key featurein theseexamplesis that both imagesare processedby exactly the sameadaptive weighted

highpassfilter algorithm— with no tweakingof parametersto handlethedrasticallydifferingimagestructures.First,

theimagesareenhancedusinga linearhighpassfilter � whoseconvolutionmaskis givenbyÐ �Ñ�x�ÒÆ ÊË ��6 � ��6� n ���6 � ��6
ÍÎ � (18)

Thelinearly enhancedimages,shown in Figs.3(b)and4(b),arecomputedas ���E�d�j��� .

Thespaceof edge-weightedhighpassfilteredimagesconsideredin bothcasesis

Span
_ #$o > ? �&#C1C����acbd�Ó67	(�<�(�g	fnÔi�� (19)

The adaptive weightedfilter parametersfor the Lennaimageare Õ � �Ö���Ò��6(×·V ¬ ���ÒØQ:�	��t���Ù�7Ø�	��t���Ò�7Úx	�6Q�Ò� ­Û° 	 where

the orderingis
¬ #\o > ?!��#f����	·bd�e6Q	(�(�<�g	fn ­ . Theglobally adaptive nonlinearenhancement���¯� � � of the Lennais

shown in Fig. 3(c). Note that the adaptive combinationof the weightedhighpassfiltered imagesinvolvesnegative

coefficients— partsof theimageareboth“built up” and“chippedaway” by thecomponentfiltersin orderto optimise

theenhancement.

The adaptive filter parametersfor the PET imageare Õ � �Ü���Ò�7ØQØ*V ¬ ���ÒÇ7×x	��t�x�ÒÆ7Ç�	����Ò:QÆ�	�67�Ù� ­ ° � The globally

adaptivenonlinearenhancement���l� � � of thePETimageis shown in Fig. 4(c).

Notethattheadaptivefiltersarequitedifferentfor thetwo images.However, in bothcasestheresultingnonlinear

filter enhancesthedetailof theimagewhile reducingthenoiseamplifiedby thelinearhighpassfilter.

4.2 Locally Adaptive Edge-Weighted Enhancement: We comparetheglobaladaptive weightedfilter (13) to

the adaptive adaptive weightedfilter (16). The imageof Fig. 5(a) wasobtainedby first convolving the :7Æ7Ç�Vm:7Æ7Ç
bridgeimagewith È.É asabove (with Ì��Ãn ) andthenaddinga smallamountof whiteGaussiannoise.Theimagewas

enhancedusingthelinearhighpassfilter givenin (18). Thelinearhighpassfilter enhancementis shown in Fig. 5(b).

Thespaceof edge-weightedhighpassfiltersconsideredin thiscaseis

Span
_ #$o·> ? �&# > 1
���Kacbd�Ó67	(�<�(�g	!ØÝi�� (20)

Theglobally adaptiveedge-weightedhighpassfilter enhancementis shown in Fig. 5(c). Theadaptive, local adaptive

enhancementbasedona 6(Ç�VX6<Ç adaptationregion is picturedin Fig. 5(d). Notethattheadaptivealgorithmis better

2Courtesyof Col. BrianW. Murphy, CenterFor PositronEmissionTomography, StateUniversityof New York at Buffalo.
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ableto adjustto thelocalstructurewithin theimage,yet still reducesthenoisethatis amplifiedby thelinearhighpass

filter in homogeneousregionsof theimage.

4.3 Adaptive Weighted Restoration: In [6], weconsidertheadaptiveweightedrestorationof a degradedimage

with a known blurring function. Theresultspresentedthereshow thatour methodperformsbetterthanconventional

linearrestorationin bothavisualandsquarederrorsense.

5 Conclusions
We have developeda family of adaptive weightedhighpassfilters basedon multiscaleanalysis. Two significant

featuresdistinguishourmethodfrom previouswork. First,thefiltersdonothaveafixedform like previouslyproposed

filters. Therefore,thefilters arecapableof matchingthestructureof the imageat hand.Secondly, thedesignof the

adaptive filter is fully automatic.Previously proposedfilters have requireduserspecifiedparametersand/orad hoc

thresholdingschemes.We have alsoderivedanadaptive filter thatautomaticallyadjuststo varyingstructurewithin

an imageitself. Simulationshave demonstratedthat the proposedfilter providesvery goodresultsfor imageswith

differing localstructure.

Therearemany possibleavenuesfor futurework in this area.For example,multiscaleanalysesotherthanthat

of [3] may producebetterresultsin certaincases.Also, it may be advantageousto decomposethe linear highpass

filtered image ��� at differentscalesaswell. A deeperunderstandingof the nonlinearfiltering conceptspresented

heremaybegainedby notingthatweightedhighpassfilters belongto theclassof nonlinearfilters known asVolterra

filters. Thetheoryof Volterrafiltersshouldprovide insightinto theanalysis,implementation,anddesignof nonlinear

enhancementfilters. On a final, moreambitiousnote,adaptive weightedhighpassfilters could provide a plausible

modelfor studyingmaskingphenomenain thehumanvisualsystem.
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Figure1: Smoothingfunction 8 (dashed)andwavelet 9 (solid)employedin themultiscaledecomposition.

set of weighted
highpass images

set of all images

H    f
opt

H f

Þ
f

Figure2: Theprojectionof thehighpassfiltered image �`� onto thesetof all weightedhighpassfiltered images
v�w

definedin (6) yieldstheoptimalweightedhighpassfilteredimage � opt� .
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(a)

(b)

(c)

Figure3: Optimally weightedenhancement.(a) Original image(blurredLenna). (b) Imageenhancedusinglinear
highpassfilter. (c) Imageenhancedusingoptimaledge-weightedhighpassfilter. At left, we show theimage;at right,
we show averticalcross-sectionthroughthecenterof theimage.
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(a)

(b)

(c)

Figure4: Optimally weightedenhancement.(a) Original image(PET reconstruction).(b) Imageenhancedusing
linearhighpassfilter. (c) Imageenhancedusingoptimaledge-weightedhighpassfilter. Notethatthenonlinearfiltering
algorithmemployedhereis identicalto thatusedin Figure3.
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(a) (b)

(c) (d)

Figure5: Optimaladaptiveweightedimagerestoration.(a)Blurred,noisyimageof bridge.(b) Imagerestoredusing
linear highpassfilter. (c) Imagerestoredusingglobally optimal edge-weightedhighpassfilter. (d) Imagerestored
usinglocally optimaladaptiveedge-weightedhighpass.
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