REGULARIZA TION OF DECONVOLUTION USING STEERABLE PYRAMIDS
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ABSTRACT

In this paper a methodis proposedo regularizedecowo-
lution basedon steerablgoyramids. Decorvolution is the
procesof recorering anidealimagefrom an obsenation,
usually degradedby blurring and a certainnoise process
(additive, multiplicative, ...). Sincedecowolutionis anill-
posedproblem,noisewill beamplifiedwhenno regulariza-
tionis applied.Thisregularizationstepformulatesour prior
knowledgeabouttheimage like generasmoothness,.

We proposea regularizationapproachwheredecomwo-
lution is combinedwith a noisereductionschemebasedn
steerablgyramids.

1. INTRODUCTION

Fig. 1. Examplesof two steerablébasekernels,andanin-
terpolatedrotatedversion.
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Fig. 2. Exampleof an input image,filtered with the two
basiskernels.Thelastimagewasinterpolatedrom thetwo
basemages.
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1.1. Principle of steerablefilters

In computervision,one often wants to analyseoriented
structuresin an image, like edgesundera certainangle.
One could analysethe imagewith a rangeof orientedfil-
terswhich coversthewhole continuumof anglespresenin
theimage.This would demanda high computationatost.

In literature,it is shavn that one canrestrictthe com-
putationsto calculatea numberof basisorientations,and
interpolateall the otherorientationsform thesebasisorien-
tations[6, 11]. Suchabasissetof filters aresteerabldilters.
The mostillustrative exampleis the first derivative of the
gaussiarfunction.

Gla,y) = @)

The derivative in the x-directionis given by G, (z,y) =

—2¢ ¢ @*+¥") and in the y-direction by G (z,y) =

—2y e~(@*+¥) | Thisis a steerablebasisset: to calculate
the derivative underan anglef, onecantake alinearcom-
binationof thetwo basisfunctions:

Gylw,y) = cos(0) Gz, y) + sin(0) G (z,y)

Becauseconvolution is a linear operation, we can also
calculatetheimagefilteredunderary anglef (Ry(z,v)) by
takingalinearcombinationof the original image(I(x, y)),
filteredwith thetwo basisfilters:

Ra(w.y) = (I Gy)(z,y)
Ry(z,y) = (I G,)(z,y)
Ry(z,y) = cos(0) Ry(z,y) + sin(d) Ry(z,y)

This kernel was already used in the Canry edge de-
tector[3], but hasthedisadwantageof having a very limited
orientationsensitvity. Higherorderderivativesof thegaus-
sianfunction provide a betterorientationsensitvity. In [6],
thegenerakonditionsweregivenfor afilter to besteerable.
In [8] theseconditionswere generalizedand extendedto
the notion of scale. In [11], a multiscaledecomposition,
the so-called steerablepyramid is described. This is a



decompositiorthatis similar to a wavelet decomposition,
but hasa muchbetterorientationsensitvity.

2. QUADRATURE FILTERS AND PHASE
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(a) A line, astepedgeandstructuresn between(b)
Structureswith differentphasesn animage.Images
from [7] with permissiorof theauthor
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In animage,alot of structureswith differentphasesre
presentStructuresvith anevenphasearesymmetricalvith
respectto a centralpoint. A line is an exampleof sucha
structure:if one standson the line, the situationis similar
on both sidesaroundthe line. A stepedgeis an example
of an odd-phasdeature. In animage,one canalso have
featuresthat have a phasebetweena line anda step,asis
illustratedin figure 2.

To analysethis features pone could usedifferentfilters.
Wewill now briefly discusghe outputof differentfilters on
evenandodd structuredn a signal,andillustratethis with
a onedimensionasyntheticexample that containsa delta
peak,a stepedgeanda stepedgeplusdeltapeak(figure 2).
If we usean odd filter, the responsef the deltapeakwill
be an odd structure with a zerocrossingat the deltapeak.
The responseof the stepedgewill be a maximum. This
filter is sometimesalso referedto asan edgedetector If
we filter the signalwith an evenfilter, we will have a max-
imum at the deltapeak,while we will find a zerocrossing
at the stepedge. Sometimesan evenfilter is calleda line
detector In bothcasestheresponsatthecombinededgeis
somethingambiguous.However, if we take the sumof the
squaredesponsesf bothfilters, we will find a nice max-
imum at all featuresof interestin the signal. The sum of
the responsesf an evenandan oddfilter is calledthe lo-
cal enegy of a signalat that positionif both filters arein
guadraturdi.e. areeachotherhilbert transform,which is
atransformatiorof a signalinto onewith the samefourier
spectrumbput with all phaseshiftedover 7/2. Theresultis
thatan evenis transformednto an odd function, andvice
versa). So, filtering the imagewith a quadraturesetof fil-
tersremovesthe phasedependeng of the responseof the
analysisprocedure.A very extendeddiscussiorof usinga
guadraturesetof filters is givenin [9]. With a quadrature
setof filters, it is alsopossibleto calculatethedominantori-
entationat a certainpositionin animagefrom the phaseof
thefirst harmonic[6].

(b) Input signalandoutput
of evenfilter

(a) Inputsignalandoutput
of oddfilter
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(c) Input signalandlocal enegy

(a)A setof two 1D  Theused2D quadraturdilters
filtersin quadrature (basedn Matcadfilesfrom
Castlemarj4])

So we took an image decompositionwhere we could
combinethe adwantagesof wavelets (place-frequeng in-
formation), steerabldilters (strongorientationsensitvity)
and quadraturdilters (phase-independeyp@nd possibility
for local orientationanalysis). The steerablgpyramid with
quadraturdilters we implementedwasbasedon [11] and
the simplificationsin [4]. For this design,the fourier do-
mainis dividedin aninitial hghpasgraction H, anda low-
passfraction Ly. This lowpassfraction is thendivided in
abandpaséraction BP anda secondowpassfraction L;.
Forthenext level, fraction L; is furthersubdvedin oriented
bandpasfractionsandalowpasdfraction. This decomposi-
tion is illustratedin figure 2. The bandpass$ractionis then
subdvidedin orientedbandpasfractionsB; to B4. There-
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(a) Testimage (b) Dominant (c) Dominant

orientationwith-  orientationwith
outquadrature  quadrature&om-
component ponent

Fig. 3. Applicationof usingquadraturdiltersin orientation
analysis.
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Fig. 4. Designof a steerablegoyramid: lowpass,highpass
andbandpasdraction (basedon Matcadfilesof Castleman

[4])
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Fig. 5. Designof a steerablgoyramid: orientedbandpasses.

(basedn Matcadfilesof Castlemarj4])

combinationof thebandpas$§ractionreturnsB P (figure?2).
The pyramid with the quadraturdilters was obtainedin a
similar way, andwe hadatool to analysdocal orientations
in multiple resolutionscales.

3. NOISE REDUCTION BASED ON STEERABLE
PYRAMIDS

This techniquewasappliedin noisesuppressiofin images
(figure 3), like describedn [11].

We will briefly summerizethe used noise reduction
schemdrom [11]. Theimageis decomposeih the differ-
entfrequengbandswith the differentorienationsubbands.
From the bands B; to B, (and their quadraturecompo-
nents),the local dominantorientationwas calculated. For
every pixel, the outputof the filter steerednto the direc-
tion of thelocal dominantorientationis calculatedandthe
othersubbandsvere put to zero. After this, the subbands
wererecombinedwith the lowpassandhighpassubbands.
We comparedhis methodto wavelet-basednethodscom-
binedwith Hidden Markov Tree (HTM models[5, 10] and
could concludethat the methodbasedon steerabl€filters
betterpreserescontoursin theimage.

4. RESULTS OF APPLYING AS
REGULARIZA TION IN DECONVOLUTION

Our contritution was to combineall the techniquesde-
scribedbefore as a regularizationto improve the perfor
manceof a decowolution scheme.We first appliednoise
reductionbasedon the steerablgyramid, which preseres
theimagesharpnessAfter this, a wienerfilter wasapplied

€) Originl :(b) Noiy |

(c) Filteredwith HTM  Filteredwith steerablgyramids

Fig. 6. Noisereductionbasecdon steerablgyramids.

with anoverestimate@NR, whichintroducedsomeartifacts
typical to the wienerfilter, like ringing and spots. These
artifactswere removed by an additionalfiltering with the
steerablgoyramid. Whencomparedo the bestwienerfilter

ing, we saw a considerablemprovementin the quality of

theimage.
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