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ABSTRACT

In this paper, a methodis proposedto regularizedeconvo-
lution basedon steerablepyramids. Deconvolution is the
processof recovering an ideal imagefrom an observation,
usually degradedby blurring and a certainnoiseprocess
(additive, multiplicative, ...). Sincedeconvolution is an ill-
posedproblem,noisewill beamplifiedwhenno regulariza-
tion is applied.This regularizationstepformulatesourprior
knowledgeabouttheimage,like generalsmoothness,...

We proposea regularizationapproachwheredeconvo-
lution is combinedwith anoisereductionscheme,basedon
steerablepyramids.

1. INTR ODUCTION

Fig. 1. Examplesof two steerablebasekernels,andan in-
terpolated,rotatedversion.

Fig. 2. Exampleof an input image,filtered with the two
basiskernels.Thelastimagewasinterpolatedfrom thetwo
baseimages.
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1.1. Principle of steerablefilters

In computervision,one often wants to analyseoriented
structuresin an image, like edgesunder a certain angle.
Onecould analysethe imagewith a rangeof orientedfil-
terswhich coversthewholecontinuumof anglespresentin
theimage.This would demandahigh computationalcost.

In literature,it is shown that onecanrestrict the com-
putationsto calculatea numberof basisorientations,and
interpolateall theotherorientationsform thesebasisorien-
tations[6,11]. Suchabasissetof filtersaresteerablefilters.
The most illustrative exampleis the first derivative of the
gaussianfunction.
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thederivative underanangle ) , onecantake a linearcom-
binationof thetwo basisfunctions:
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Becauseconvolution is a linear operation, we can also
calculatetheimagefilteredunderany angle ) ( 9 * �������
	 ) by
takinga linearcombinationof theoriginal image(: ��������	(	 ,
filteredwith thetwo basisfilters:
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This kernel was already used in the Canny edge de-
tector[3], but hasthedisadvantageof having avery limited
orientationsensitivity. Higherorderderivativesof thegaus-
sianfunctionprovide a betterorientationsensitivity. In [6],
thegeneralconditionsweregivenfor afilter to besteerable.
In [8] theseconditionswere generalizedand extendedto
the notion of scale. In [11], a multiscaledecomposition,
the so-calledsteerablepyramid is described. This is a



decompositionthat is similar to a wavelet decomposition,
but hasamuchbetterorientationsensitivity.

2. QUADRATURE FILTERS AND PHASE
INDEPENDENCE
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(a) A line, astepedgeandstructuresin between.(b)
Structureswith differentphasesin animage.Images

from [7] with permissionof theauthor.

In animage,a lot of structureswith differentphasesare
present.Structureswith anevenphasearesymmetricalwith
respectto a centralpoint. A line is an exampleof sucha
structure:if onestandson the line, the situationis similar
on both sidesaroundthe line. A stepedgeis an example
of an odd-phasefeature. In an image,one can also have
featuresthat have a phasebetweena line anda step,asis
illustratedin figure2.

To analysethis features,onecouldusedifferentfilters.
Wewill now briefly discusstheoutputof differentfilterson
evenandoddstructuresin a signal,andillustratethis with
a onedimensionalsyntheticexamplethat containsa delta
peak,a stepedgeanda stepedgeplusdeltapeak(figure2).
If we usean odd filter, the responseof the deltapeakwill
beanoddstructure,with a zerocrossingat thedeltapeak.
The responseof the stepedgewill be a maximum. This
filter is sometimesalso referedto as an edgedetector. If
we filter thesignalwith anevenfilter, we will have a max-
imum at the deltapeak,while we will find a zerocrossing
at the stepedge. Sometimes,an even filter is calleda line
detector. In bothcases,theresponseatthecombinededgeis
somethingambiguous.However, if we take thesumof the
squaredresponsesof both filters, we will find a nice max-
imum at all featuresof interestin the signal. The sumof
the responsesof an even andan odd filter is calledthe lo-
cal energy of a signalat that position if both filters are in
quadrature(i.e. areeachotherhilbert transform,which is
a transformationof a signalinto onewith thesamefourier
spectrum,but with all phasesshiftedover A /2. Theresultis
that an even is transformedinto an odd function, andvice
versa).So,filtering the imagewith a quadraturesetof fil-
ters removesthe phasedependency of the responseof the
analysisprocedure.A very extendeddiscussionof usinga
quadraturesetof filters is given in [9]. With a quadrature
setof filters,it is alsopossibleto calculatethedominantori-
entationat a certainpositionin animagefrom thephaseof
thefirst harmonic[6].
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(a)A setof two 1D Theused2D quadraturefilters
filters in quadrature (basedonMatcadfilesfrom

Castleman[4])

So we took an imagedecompositionwherewe could
combinethe advantagesof wavelets (place-frequency in-
formation), steerablefilters (strongorientationsensitivity)
andquadraturefilters (phase-independency andpossibility
for local orientationanalysis).Thesteerablepyramidwith
quadraturefilters we implemented,wasbasedon [11] and
the simplificationsin [4]. For this design,the fourier do-
mainis dividedin aninitial hghpassfraction BDC anda low-
passfraction E�C . This lowpassfraction is thendivided in
a bandpassfraction FHG anda secondlowpassfraction E#I .
For thenext level, fraction E#I is furthersubdivedin oriented
bandpassfractionsanda lowpassfraction.Thisdecomposi-
tion is illustratedin figure2. Thebandpassfraction is then
subdividedin orientedbandpassfractionsFJI to F#K . There-

(a)Testimage (b) Dominant (c) Dominant
orientationwith- orientationwith
out quadrature quadraturecom-
component ponent

Fig. 3. Applicationof usingquadraturefilters in orientation
analysis.
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Fig. 4. Designof a steerablepyramid: lowpass,highpass
andbandpassfraction (basedon Matcadfilesof Castleman
[4])
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Fig. 5. Designof asteerablepyramid: orientedbandpasses.
(basedonMatcadfilesof Castleman[4])

combinationof thebandpassfractionreturnsFHG (figure2).
The pyramid with the quadraturefilters wasobtainedin a
similar way, andwe hada tool to analyselocal orientations
in multiple resolutionscales.

3. NOISE REDUCTION BASED ON STEERABLE
PYRAMIDS

This techniquewasappliedin noisesuppressionin images
(figure3), likedescribedin [11].

We will briefly summerizethe used noise reduction
schemefrom [11]. The imageis decomposedin thediffer-
entfrequencybands,with thedifferentorienationsubbands.
From the bands FJI to FìK (and their quadraturecompo-
nents),the local dominantorientationwascalculated.For
every pixel, the output of the filter steeredinto the direc-
tion of thelocal dominantorientationis calculated,andthe
othersubbandswereput to zero. After this, the subbands
wererecombinedwith the lowpassandhighpasssubbands.
We comparedthis methodto wavelet-basedmethodscom-
binedwith HiddenMarkov Tree(HTM models[5, 10] and
could concludethat the methodbasedon steerablefilters
betterpreservescontoursin theimage.

4. RESULTS OF APPLYING AS
REGULARIZA TION IN DECONVOLUTION

Our contribution was to combine all the techniquesde-
scribedbefore as a regularizationto improve the perfor-
manceof a deconvolution scheme.We first appliednoise
reductionbasedon the steerablepyramid,which preserves
theimagesharpness.After this, a wienerfilter wasapplied

(a)Original (b) Noisy

(c) Filteredwith HTM Filteredwith steerablepyramids

Fig. 6. Noisereductionbasedonsteerablepyramids.

with anoverestimatedSNR, whichintroducedsomeartifacts
typical to the wiener filter, like ringing and spots. These
artifactswere removed by an additionalfiltering with the
steerablepyramid.Whencomparedto thebestwienerfilter-
ing, we saw a considerableimprovementin the quality of
theimage.
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