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Abstract.
In the last few yearstherehave beenmany imagerestorationandrelated

techniquesappliedto opticalandnearIR imagingfrom HSTandground-based
images.TheST-ECF, largely undertheguidanceof LeonLucy, hasworked in
this areaandseveral new algorithmshave beenimplementedandmadeavail-
able. The purposeof this paperis to give an overview of this work so that
confusioncanbeavoidedandthe relative meritsandapplicabilityof different
methodsclarified. A substantialsectionon thecombinationof ditheredimages
is includedasit is closelyrelatedandof importancein theHSTcommunity.

This article is very biasedtowardssoftwaredevelopedat theST-ECFand
doesnotattemptto becomprehensive.

1. SingleChannelRestoration

Classicalsinglechannelrestorationattemptsto remove or reducethe blurring of an
imagewhich resultsfrom its convolution with an instrumentalor atmosphericpoint-
spreadfunction(PSF).Thetopic wasextensively discussedfollowing thediscovery of
sphericalaberrationin imagesfrom the HubbleSpaceTelescopein summer1990. It
wasquickly foundthatsuchmethodscouldcertainlyimprove thecontrastandapparent
sharpnessof imagestosomeextentbut thatsuchimprovementsweretightly constrained
by thenoisecharacteristicsof thedata,knowledgeof thePSFaswell asthepresenceof
artifacts.At thisstagetheRichardson-Lucy (RL, Richardson1972,Lucy 1974)method
waswidelyadoptedasit isaformallycorrectmaximumlikelihoodalgorithmfor images
with Poissonian(andhencenon-negative) noisecharacteristics.Lucy hasinvestigated
in detail thetruegain in resolutionwhich is possiblefrom restorationmethodson test
imageshaving differing signal to noiseratios (Lucy 1992). This study revealsthat
resolutiongainsof greaterthan2, or possibly3, arepossiblefor high signalto noise
imagesbut thathigherresolutionenhancementsrequiredatawith s/n ratioswhich are
impossibleto achieve in practice.

MethodssuchasRL areiterative andnon-linear. As iterationsproceedtheresult
getssharperbut aftera while the methodoverfits the noise. It becomesan important
questionto determinethenumberof iterationsto applyfor optimumresultsandunfor-
tunatelytheanswerto thisquestionvarieswithin theimage– highsignal-to-noiseratio
areas(for examplethebright nuclearregion of a galaxy)requiremoreiterationsthan
the faint andnoisybackground.Thenon-linearityleadsto many kindsof artifactsas
well ashighly correlatednoise.It is hencemuchmoredifficult to decidewhetheror not
a featurein a restoredimageis realusingsimplestatisticalteststhanfor animagewith
known pixel-to-pixel noisecharacteristics.

In orderto reducethecomputationalrequirementsof RL, whichcanbedemanding
for largeimages,severalaccelerationschemeshave beenproposed(eg, Hook & Lucy,
1993b).Theseareimplementedin boththeacoaddandthe lucy tasksin STSDAS.
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More complex methodssuchasthoseusingentropy constraintsaswell as like-
lihood maximisationhave proved quite successfulin many fields. They have the ad-
vantageover RL that stoppingrulesdo not have to be so arbitraryandcontrol of the
resolutionto beattemptedis possible.Anothervery powerful approachis the ‘pixon’
method(Dixon et al. 1996)which overcomesthe problemthat differentpartsof the
imagecontaindifferentamountsof informationby only allowing theresultto containa
level of detailwhich is statisticallyjustifiedby thedata.

1.1. Guidelines& Advice

Restorationmethodscan enhancethe contrastand to someextent the resolutionof
images.This canbe valuablefor qualitative studybut it is rarethat suchprocessing
leadsto an outputimagewhich canbe subjecteddirectly to quantitative analysis. In
many casesa moreappropriateapproachis to incorporatethe known degradationof
thedatainto theanalysisprocess.An exampleis modelfitting. Typically it is betterto
produceamodel,degradeit usingknowledgeof thePSFandfit theresultto theoriginal
data(wherethe noisecharacteristicsareknown andcanbe usedto give meaningful
statisticalsignificanceto the results)ratherthantry to fit a modelto a restoredimage
directly.

Another importantthing to consideris the questionof artifacts. Becausethese
methodsarenon-linear, resolutioncanbeafunctionof positionin theimage.A typical
caseof this is whentwo starsareveryclose.A “bridge” of flux will stretchfrom oneto
theotherin therestoredimageandhencetheeffective resolutionwill belessalongthe
line joining thetwo maximawhencomparedto perpendicularto theline.

Perhapsthemostcommonobjectionableartifactsarethoseaffectingphotometry.
For a point-sourceon a bright backgroundthe RL methodwill “dig” a circular ditch
aroundthepointsourceandtransferthisflux into thecentralstar. This leadsto anover-
estimateof the stellarflux aswell asan ugly artifact. OthermethodssuchasMEM
which have smoothnessconstraintsalso tendto introducephotometricerrors. These
problemsareaddressedto a largeextentby thetwo-channeloutputmethodsmentioned
below.

1.2. Choiceof Software

Comprehensive implementationsof boththeRL andMEM methodscanbefoundin the
Iraf/STSDAS packagein the ‘restore’sub-package.As this softwarehasbeenwidely
usedit hasbecomethestandardimplementationfor opticalastronomicalimagerestora-
tion.

2. Multiple Input ChannelRestorationMethods

TheRL methodlendsitself easilyto a multiple input-channelgeneralisationin which
information from several frames,eachwith a differentPSF, arecombinedto give a
singleoutputimage.As wasshown in Lucy & Hook (1991)this methodalsoformsa
way of performing“generalisedcoaddition”of a stackof imagestakenwith thesame
ground-basedtelescopeunderdiffering seeingconditions. In this casethe output is
not themaximumlikelihoodstandardresultbut insteadtheconvolution of this image
with aselected“best” PSF. Thishasthegreatvirtueof largelysuppressingtheartifacts
describedabove, usinginformationfrom all input frames,even thosewith lessgood
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seeing,but retainingthe resolutionof the bestof them. An implementationof this
methodis acoaddin theSTSDAS ‘contrib’ packagewhich is alsodescribedin section
4 below whichdiscussestheapplicationof thealgorithmto thecombinationof dithered
undersampledimages.Thismethodis sometimescall “Lucy-Hookcombination”.

Thismethodhasalsobeenproposedfor combininggroundandspacebasedimages
andhasbeensuccessfullyusedfor thispurpose,particularlyin caseswheretheground-
basedimageis of high quality (resolutionnot too dramaticallyinferior to that from
space,anddeep).An exampleof this is givenin Figure1 wherea deepKeckimageis
combinedwith ashallow HSTone.

Althoughthisapproachlargelyovercomestheproblemof artifacts,by beingmod-
estin its resolutionenhancementaims,theproblemsassociatedwith correlatednoise
in theoutputremain.

Figure1. A comparisonbetweendeepKeckimaging(courtesyM. Cohen
andco-workers)andHST imagingandshowing anacoaddcombinationof
both

3



3. Multiple Output ChannelRestorationMethods

In order to addressthe problemof point-sourcephotometryin restoredimagesLucy
(1994)proposedand testeda two channel“photometricrestorationmethod”. In the
initial concepttheoutputrestoredimagewasdividedinto two channels.Onecontained
point-sourceswhich wererepresentedasδ-functionsat userspecifiedpositions. The
other channelwas constrainedto be smoothby an additionalentropy term and was
usedto modelthebackgroundintensitydistributiondueto bothobjectsin thefield with
extendedemissionandany othersourcesof background.Thismethodwasimplemented
andmadeavailableasa codeknown asplucy in theSTSDAS ‘contrib’ package.This
is describedin Hook & Lucy 1995. This codehasbeensuccessfullyusedfor several
astronomicalprojects. Seefor exampleCloseet al. (1998)or Brandl et al. (1996)
wherethemethodis usedto processadaptive opticsimages.Hook et al. (1994)show
how it canbeusedto revealaQSOhostgalaxyunderlyingaverybrightpointsource.

3.1. Enhancementsto PLUCY

CPLUCY The plucy methodhasseveral disadvantagesfor somework. Firstly the
requirementthatpointswereδ-functionswhichhadto belocatedatthecentresof pixels
in the point-sourceimagemadesettingthe correctpositions,which could really be
anywherewithin apixel,problematicandnormallyrequiredhighlysub-sampledimages
which led to unrealisticallylarge images. This restrictionhasbeenremoved in the
modifiedcodecplucy. In this casethe pointsarenot δ-functionsbut insteadsimply
X � Y positionsatarbitrarysub-pixel positions.At thestartof thecodethesuppliedPSF
(whichshouldbewell-sampledandmaybeonafinerpixel grid thanthedata)is shifted
to theappropriatepositionfor eachpointsourceandasmallinternallibrary of correctly
positionedPSFsusedduringsubsequentprocessing.This alsoallows thePSFimages
to bemuchsmallerthanthe full dataframeswhich is normally thecase.Thecplucy
codeis availableon theWeb1 andwill form partof theforthcomingreleaseof thestecf
IRAF packagealongwith many of theothertasksdescribedhere.An exampleof using
CPLUCYonHST/NICMOSimagesof theOrionmolecularcloudis describedin Hook
& Stolovy 1998.

GIRA Anotherdeficiency of plucy wasthat it madeuseof anentropy constrainton
the background.This meantthat the userhad to choosevaluesfor two free param-
eters: the “smoothingkernel” for the backgroundandthe “coupling constant”which
controlledhow stronglythe entropy term contributed to the objective function which
was being maximised. The complexity of this two-term methodalso could lead to
convergenceproblemsundersomecircumstances.LeonLucy thereforedevelopedan
alternative approachwhich achieved similar endswithin a puremaximumlikelihood
framework. In this casethe backgroundchannelis representednot asa setof inde-
pendentpixelsbut asthesumof a setof Gaussians,onefor eachpixel. Thewidth of
theseGaussiansis a freeparameter, theonly one,which constrainsthemaximumfine
structurein thebackgroundin an intuitively simplemanner. This methodalsohasthe
potentialto optimisethepositionsof thepoint-sourcesaswell astheirflux. Theimple-
mentationof thismethod,calledgira, is well advancedandis describedin acompanion
paperby Pirzkaletal. in thisnewsletter.

1ftp://ecf.hq.eso.org/rhook/cplucy
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3.2. Other Methods

Many of theproblemsaddressedby the family of algorithmsdescribedin this section
have alsobeenstudiedin parallelby Magainet al. (1998). They have developedan-
othermulti-channelmethodbasedon the premisethat restorationmustbecontrained
by thesamplingtheorem.This techniquealsoaddressesthedeterminationof accurate
positionsandmagnitudesfor objectsaspartof therestorationprocess.This algorithm
hasbeenvery successfullyappliedto gravitation lenssystemsandhasgreatpotential.
On the otherhandthereis at presentno publicly availableimplementationin a stan-
darddataanalysissystemusedin astronomy. It shouldalsobenotedthatmostof the
criticismsnotedin theirpaper, althoughapplyingto theoriginalplucy implementation,
have beenaddressedandovercomein cplucy (whichdoesnot requirepoint-sourcesto
becentredonpixels)or gira.

4. UndersampledDithered ImageCombination

Many imaging systemsin astronomyhave pixels which are too large to adequately
samplethe imagefalling on them. It is widely known that “dithering” – shifting by
small amountsbetweenexposures– canallow someof this lost informationto be re-
covered. This techniqueis extensively usedfor HST WFPC2andNICMOS imaging
andis proposedfor othersystems.

Algorithms have beendeveloped,by the authorand others,to allow the effec-
tive combinationof suchdithered,undersampleddata.This sectiondescribesa simple
imagingmodelwhich allows the limits of ditheredimagingto be readily appreciated
andbriefly reviews availablesoftware. The virtuesanddrawbacksof differentmeth-
odsarepresentedasa guideto workerswith dithereddata. An exampleusingHST
NICMOSdatais given.

4.1. An Intr oduction to UndersampledImaging

ImagingdetectorsystemssuchasCCDsareoften regardedasarraysof little square
bucketswhich countup incomingphotonswhich fall into the appropriatepixel area.
An equivalent,moreinstructive view of the imagingprocessis to considerthe image
formationasaconvolutionof theopticalimageat thesurfaceof thechipwith the“pixel
responsefunction” (PRF, typically, but not alwaysa squaretop-hatfunction thesame
sizeasthepixel) followedby apoint-samplingof thisnew, smoother, continuousdistri-
bution. In theundersampledcasethissecondsamplingstepis notdoneonasufficiently
fine grid to extract all the detail from the image. Ditheredimagingcanimprove this
sampling. However, the initial smoothingfrom the convolution with the PRFof the
detectorhasalreadysuppressedfine structurein theopticalimage- this is madeworse
by thenoise- andthis lost informationcannotbefully recovered.For this reasonlarge
pixelswith ditheredimagingcannotfully replacea fully sampledimagingsystem.

4.2. Algorithms for Combination

Several methodshave beenproposedfor the reconstructionof the true intensitydis-
tribution on the sky from ditheredundersampledimages. Reviews of the situationa
few yearsback,biasedtowardstherequirementsof HSTWFPC2imagingaregivenin
Hook& Adorf (1995)andAdorf & Hook(1995).Thesedescribeiterativemethods,one
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(acoadd) a simplemultiple input channelgeneralizationof the standardRichardson-
Lucy restorationmethodwhich hasbeendescribedalreadyabove and the seconda
“projectionontoconvex sets”(POCS)approach.ACOADD wasoriginally developed
for combiningimageswith differentPSFsbut canalsobeused,with shiftedPSFsand
sub-sampledoutputimages,for combiningditheredunder-sampledimages.Its results
arenormally presentedasrestorationscarriedto convergenceandsubsequentlycon-
volvedwith a kernelfunctionwhich suppressesspurioushigh spatialfrequency infor-
mation.This allows a choiceof theeffective outputPSFwithin theconstraintsof arti-
factsononesideanddestroying toomuchresolutionon theother. Theacoaddmethod
is availablein thestsdas.contribpackagewithin Iraf.

The requirementsof the HubbleDeepField imagingproject late in 1995led to
the developmentof a direct, non-iterative linear approachto this problemwhich has
becomeknown as“drizzling” andwidely usedfor HST andotherdata.Themethodis
describedin Fruchter& Hook(1997& 1998).It is availablewithin thedither package
in STSDAS andalsofrom theWeb2. Drizzling wasusedfor thecombinationof all the
imagingdatafrom theHubbleDeepFieldSouthobservationsin October1998.

RecentlyLauer (1998)hasapproachedthe problemin a different way and has
deriveda formally correctway of reconstructingan imagefrom multiple ditheredun-
dersampledinput imageswhich hasno lossof resolutionat the Nyquist scale. This
is achievedby suppressingartifactscausedby aliasingin Fourierspace.This paperis
alsoadetaileddiscussionof thesubjectin general.Althoughthisapproachmaywell be
optimal in somecases,its recentappearanceandthe lack of a common-usersoftware
implementationat presentmeanthat it cannotbe includedin the comparisonsgiven
below.

Both Drizzling andtheLauermethoddo not attemptto remove theeffectsof the
optical PSFor the PRF of the detector. The imageswhich they produceare hence
free of the artifactswhich arisewhenusingnon-linearmethodsto attemptto recover
higherspatialfrequency informationwhich maynot exist in theoriginal data.On the
other handthey fail to usesuchinformation when it doesexist – typically in high
contrast,highsignalto noiseregionsof well-exposedimages.In thisregimenon-linear
restorationbasedmethodscanbevaluable.

4.3. Comparisonof Combination Methods

Themethodsdescribedabovearein somerespectscomplementary. Toguidetheprospec-
tiveuser, someof themostimportantadvantagesanddisadvantagesaretabulatedhere.

Multichannel Lucy Restoration (ACOADD):
� + canattemptreconstructionof higherspatialfrequency information(super-resolution)
� + cancreateoutputimageswith aspecifiedresolution
� + cancombineimageswith differentPSFs
� – mayintroducephotometricbiasof point-sourcesandotherartifacts
� – cannothandlegeometricdistortion
� – createsoutputimageswith stronglycorrelatednoise
� – requiresgoodknowledgeof thePSF
� – is computationallyintensive anditerative

2http://www.stsci.edu/ ˜ fruchter/dither/
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Drizzling
� + is photometricallyfaithful andintroducesminimalartifacts
� + producesnoisecorrelationsonly onsmallscalesandin predictableways
� + canhandlearbitrarygeometricdistortions
� + canhandlepixel weightingin a fully flexible way
� + is relatively fastandefficient for largeimages
� – requiresimageswith matchedPSFs
� – cannotachieve super-resolution
� – producesoutputimagesthathave asmallamountof space-variantsmoothing

4.4. An ImageCombination Example

To illustratethe relative meritsof the two methodscomparedabove, somedeepHST
NICMOScamera3 imagingat9 ditherpositionswerecombinedusingbothACOADD
andDrizzle as the combinationengines. The resultsareshown in Figure2 for two
differentparametersin eachcase.For all imagestheoutputimagehada pixel spacing
which wasthreetimesasfine asthat of the input. The contrastandslight resolution
enhancementofferedby ACOADD is clearasis thestronglycorrelatednoisespeckling
in thebackground.
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