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Abstract.

In the lastfew yearstherehave beenmary imagerestorationrandrelated
techniquesppliedto opticalandnearlR imagingfrom HST andground-based
images.The ST-ECEF, largely underthe guidanceof Leon Lucy, hasworkedin
this areaand several new algorithmshave beenimplementecand madeavail-
able. The purposeof this paperis to give an overview of this work so that
confusioncanbe avoided andthe relatve meritsand applicability of different
method<larified. A substantiasectionon the combinationof ditheredimages
is includedasit is closelyrelatedandof importancen the HST community

This articleis very biasedtowardssoftware developedat the ST-ECFand
doesnotattemptto becomprehense.

1. SingleChannel Restoration

Classicalsingle channelrestorationattemptsto remove or reducethe blurring of an
imagewhich resultsfrom its convolution with aninstrumentalor atmospherigoint-
spreadunction (PSF).Thetopic wasextensvely discussedollowing the discorery of
sphericalaberrationin imagesfrom the Hubble SpaceTelescopeén summer1990. It
wasquickly foundthatsuchmethodsouldcertainlyimprove thecontrastandapparent
sharpnessfimagego someextentbut thatsuchimprovementswveretightly constrained
by thenoisecharacteristicsf thedata knowledgeof thePSFaswell asthe presencef
artifacts.At thisstageheRichardson-Lug (RL, Richardsorl972,Lucy 1974)method
waswidely adoptedsit is aformally correctmaximumlik elihoodalgorithmfor images
with Poissoniar{andhencenon-ngative) noisecharacteristicsLucy hasinvestigated
in detailthetrue gainin resolutionwhich is possiblefrom restoratiormethodson test
imageshaving differing signalto noiseratios (Lucy 1992). This study revealsthat
resolutiongainsof greaterthan2, or possibly3, are possiblefor high signalto noise
imagesbut thathigherresolutionenhancementequiredatawith s/nratioswhich are
impossibleto achieve in practice.

MethodssuchasRL areiterative andnon-linear As iterationsproceedhe result
getssharpelbut after a while the methodoverfits the noise. It becomesanimportant
guestionto determinghe numberof iterationsto applyfor optimumresultsandunfor
tunatelytheanswetto this questionvarieswithin theimage— high signal-to-noiseatio
areagfor examplethe bright nuclearregion of a galaxy)requiremoreiterationsthan
the faint and noisy background.The non-linearityleadsto mary kinds of artifactsas
well ashighly correlatechoise.lt is hencemuchmoredifficult to decidewhetheror not
afeaturein arestoredmageis realusingsimplestatisticateststhanfor animagewith
known pixel-to-pixel noisecharacteristics.

In orderto reducethecomputationatequirementsf RL, whichcanbedemanding
for largeimages several acceleratiorschemehave beenproposedeg, Hook & Lucy,
1993b).Theseareimplementedn boththeacoaddandthelucy tasksin STSDAS.
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More complex methodssuchasthoseusingentrofy constraintsaswell aslike-
lihood maximisationhave proved quite successfuin mary fields. They have the ad-
vantageover RL that stoppingrulesdo not have to be so arbitraryand control of the
resolutionto be attempteds possible.Anothervery powverful approachs the ‘pixon’
method(Dixon et al. 1996)which overcomeshe problemthat differentpartsof the
imagecontaindifferentamountf informationby only allowing theresultto containa
level of detailwhichis 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 quantitatve analysis. In
mary casesa more appropriateapproachis to incorporatethe known degradationof
thedatainto the analysisprocessAn exampleis modelfitting. Typically it is betterto
produceamodel,degradeit usingknowledgeof the PSFandfit theresultto theoriginal
data(wherethe noisecharacteristicare knovn and canbe usedto give meaningful
statisticalsignificanceto the results)ratherthantry to fit a modelto a restoredmage
directly.

Anotherimportantthing to consideris the questionof artifacts. Becausehese
methodsarenon-lineay resolutioncanbeafunctionof positionin theimage.A typical
caseof thisis whentwo starsarevery close.A “bridge” of flux will stretchfrom oneto
theotherin therestoredmageandhencethe effective resolutionwill belessalongthe
line joining thetwo maximawhencomparedo perpendiculato theline.

Perhapshe mostcommonobjectionableartifactsarethoseaffecting photometry
For a point-sourceon a bright backgroundhe RL methodwill “dig” a circular ditch
aroundthepointsourceandtransferthis flux into thecentralstar Thisleadsto anover-
estimateof the stellarflux aswell asan ugly artifact. Othermethodssuchas MEM
which have smoothnessonstraintsalsotendto introducephotometricerrors. These
problemsareaddressetb alarge extentby thetwo-channebutputmethodsnentioned
below.

1.2. Choiceof Software

Comprehenseimplementationsf boththeRL andMEM methodsanbefoundin the

Iraf/[STSDAS packagen the ‘restore’ sub-packageAs this software hasbeenwidely

usedt hasbecomehestandardmplementatiorfor opticalastronomicalmagerestora-
tion.

2. Multiple Input Channel Restoration Methods

The RL methodlendsitself easilyto a multiple input-channebeneralisationn which
information from several frames,eachwith a differentPSFE are combinedto give a
singleoutputimage. As wasshavn in Lucy & Hook (1991)this methodalsoformsa
way of performing“generaliseccoaddition”of a stackof imagestakenwith the same
ground-basedelescopeunderdiffering seeingconditions. In this casethe outputis
not the maximumlik elihood standard-esultbut insteadthe corvolution of this image
with a selectedbest” PSF This hasthe greatvirtue of largely suppressingheartifacts
describedabore, usinginformationfrom all input frames,even thosewith lessgood
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seeing,but retainingthe resolutionof the bestof them. An implementationof this
methodis acoaddin the STSDAS ‘contrib’ packagevhichis alsodescribedn section
4 belov whichdiscussetheapplicationof thealgorithmto thecombinatiorof dithered
undersample@nages.This methodis sometimesall “Lucy-Hook combination”.

Thismethodhasalsobeenproposedor combininggroundandspacébasedmages
andhasbeensuccessfullysedfor this purposeparticularlyin casesvheretheground-
basedimageis of high quality (resolutionnot too dramaticallyinferior to that from
spaceanddeep).An exampleof thisis givenin Figurel wherea deepKeckimageis
combinedwith ashallav HST one.

Althoughthis approacHargely overcomegheproblemof artifacts,by beingmod-

estin its resolutionenhancemerdims, the problemsassociatedvith correlatednoise
in the outputremain.

Figurel. A comparisorbetweerdeepKeckimaging(courtesyM. Cohen

andco-workers)andHST imagingand shaving an acoadd combinationof
both



3. Multiple Output Channel Restoration Methods

In orderto addresghe problemof point-sourcephotometryin restoredmagesLucy
(1994) proposedand testeda two channel‘photometricrestorationmethod”. In the
initial conceptheoutputrestoredmagewasdividedinto two channelsOnecontained
point-sourcesvhich were representeds d-functionsat userspecifiedpositions. The
other channelwas constrainedo be smoothby an additionalentrofy term and was
usedto modelthe backgroundntensitydistribution dueto bothobjectsin thefield with
extendecemissiorandary othersource®f backgroundThismethodwasimplemented
andmadeavailableasa codeknown asplucy in the STSDAS ‘contrib’ package This
is describedn Hook & Lucy 1995. This codehasbeensuccessfullyusedfor several
astronomicalprojects. Seefor exampleCloseet al. (1998)or Brandl et al. (1996)
wherethe methodis usedto processaadaptie opticsimages.Hook et al. (1994)shav
how it canbe usedto reveala QSOhostgalaxyunderlyinga very bright pointsource.

3.1. Enhancementso PLUCY

CPLUCY The plucy methodhasseveral disadwantagesor somework. Firstly the

requirementhatpointswered-functionswhichhadto belocatedatthecentreof pixels

in the point-sourceimage madesettingthe correctpositions,which could really be

arywherewithin apixel, problematiandnormallyrequiredhighly sub-samplednages
which led to unrealisticallylarge images. This restrictionhasbeenremoved in the

modified codecplucy. In this casethe pointsare not é-functionsbut insteadsimply

X,Y positionsatarbitrarysub-piel positions.At the startof thecodethe suppliedPSF
(which shouldbewell-sampledandmaybeonafiner pixel grid thanthedata)is shifted
to theappropriatgositionfor eachpointsourceanda smallinternallibrary of correctly
positionedPSFsusedduring subsequerprocessing.This alsoallows the PSFimages
to be muchsmallerthanthe full dataframeswhich is normally the case. The cplucy

codeis availableon the Web! andwill form partof theforthcomingreleasef thestecf
IRAF packagelongwith mary of theothertasksdescribedhere.An exampleof using
CPLUCY onHST/NICMOSimagesof the Orionmolecularcloudis describedn Hook

& Stolovy 1998.

GIRA Anotherdeficieng of plucy wasthatit madeuseof anentrofy constrainton

the background. This meantthat the userhadto choosevaluesfor two free param-
eters: the “smoothingkernel” for the backgroundandthe “coupling constant"which

controlledhow stronglythe entrogy term contrikutedto the objective function which

was being maximised. The compleity of this two-term methodalso could leadto

corvergenceproblemsundersomecircumstancesLeon Lucy thereforedevelopedan

alternatve approachwhich achieved similar endswithin a pure maximumlikelihood
frameawork. In this casethe backgroundchannelis representedhot asa setof inde-

pendenpixels but asthe sumof a setof Gaussianspnefor eachpixel. The width of

theseGaussianss a free parameterthe only one,which constrainghe maximumfine

structurein the backgroundn anintuitively simplemanner This methodalsohasthe

potentialto optimisethe positionsof the point-sourcesswell astheir flux. Theimple-

mentatiorof thismethod calledgira, is well advancedandis describedn acompanion
paperby Pirzkaletal. in this newsletter

Lttp:/fecf.hq.eso.org/rhook/cplucy



3.2. Other Methods

Many of the problemsaddressedy the family of algorithmsdescribedn this section
have alsobeenstudiedin parallelby Magainetal. (1998). They have developedan-
othermulti-channelmethodbasedon the premisethatrestorationrmustbe contrained
by the samplingtheorem.This techniquealsoaddressethe determinatiorof accurate
positionsandmagnitudedor objectsaspartof therestoratiomprocess.This algorithm
hasbeenvery successfullyappliedto gravitation lenssystemsandhasgreatpotential.
On the otherhandthereis at presenino publicly available implementationn a stan-
darddataanalysissystemusedin astronomy It shouldalsobe notedthat mostof the
criticismsnotedin their papey althoughapplyingto theoriginal plucy implementation,
have beenaddressedndovercomein cplucy (which doesnotrequirepoint-sourceso
be centredon pixels)or gira.

4. UndersampledDithered Image Combination

Marny imaging systemsin astronomyhave pixels which are too large to adequately
samplethe imagefalling on them. It is widely known that “dithering” — shifting by
smallamountsbetweenexposures- canallow someof this lost informationto be re-
covered. This techniques extensvely usedfor HST WFPC2andNICMOS imaging
andis proposedor othersystems.

Algorithms have beendeveloped,by the authorand others,to allow the effec-
tive combinationof suchditheredundersampledata. This sectiondescribes simple
imagingmodelwhich allows the limits of ditheredimagingto be readily appreciated
andbriefly reviews available software. The virtuesand dravbacksof differentmeth-
odsarepresentedasa guideto workerswith dithereddata. An exampleusingHST
NICMOS datais given.

4.1. An Intr oduction to Undersampledimaging

Imaging detectorsystemssuchas CCDs are often regardedas arraysof little square
buckets which countup incoming photonswhich fall into the appropriatepixel area.
An equialent, moreinstructive view of the imagingprocesss to considerthe image
formationasa convolution of theopticalimageatthesurfaceof thechipwith the“pixel

responsdunction” (PREF typically, but not awaysa squaretop-hatfunctionthe same
sizeasthepixel) followedby a point-samplingof this new, smoothercontinuoudlistri-

bution. In theundersampledasethis secondamplingstepis notdoneon asuficiently

fine grid to extractall the detail from the image. Ditheredimaging canimprove this

sampling. However, the initial smoothingfrom the convolution with the PRF of the
detectohasalreadysuppressefine structurein the opticalimage- thisis madeworse
by thenoise- andthis lostinformationcannotbefully recovered.For this reasornarge

pixelswith ditheredimagingcannotfully replaceafully sampledmagingsystem.

4.2. Algorithms for Combination

Several methodshave beenproposedor the reconstructiorof the true intensity dis-
tribution on the sky from ditheredundersampledmages. Reviews of the situationa
few yearsback,biasedtowardstherequirement®f HST WFPC2imagingaregivenin
Hook & Adorf (1995)andAdorf & Hook (1995). Thesedescribeaterative methodspne



(acoadd a simple multiple input channelgeneralizatiorof the standardrichardson-
Lucy restorationmethodwhich hasbeendescribedalreadyabose and the seconda
“projection onto corvex sets”(POCS)approach ACOADD wasoriginally developed
for combiningimageswith differentPSFsbut canalsobe used with shiftedPSFsand
sub-sampledutputimages for combiningditheredundersampledmages.Its results
are normally presentedas restorationarriedto corvergenceand subsequentlhgon-
volved with a kernelfunctionwhich suppressespurioushigh spatialfrequeng infor-
mation. This allows a choiceof the effective outputP SFwithin the constraintof arti-
factson onesideanddestrging too muchresolutionon theother Theacoaddmethod
is availablein the stsdas.contribpackagewithin Iraf.

The requirementof the Hubble DeepField imaging projectlate in 1995led to
the developmentof a direct, non-iteratve linear approachto this problemwhich has
becomeknown as“drizzling” andwidely usedfor HST andotherdata. The methodis
describedn Fruchter& Hook (1997& 1998).1t is availablewithin thedither package
in STSDAS andalsofrom the Wel?. Drizzling wasusedfor the combinationof all the
imagingdatafrom the HubbleDeepField Southobserationsin October1998.

RecentlyLauer (1998) hasapproachedhe problemin a differentway and has
derived a formally correctway of reconstructinganimagefrom multiple ditheredun-
dersamplednput imageswhich hasno loss of resolutionat the Nyquist scale. This
is achieved by suppressingurtifactscausedoy aliasingin Fourierspace.This paperis
alsoadetaileddiscussiorof thesubjecin general Althoughthis approachmaywell be
optimalin somecasesits recentappearancandthe lack of a common-usesoftware
implementatiorat presentmeanthatit cannotbe includedin the comparisongiven
below.

Both Drizzling andthe Lauermethoddo not attemptto remaove the effectsof the
optical PSFor the PRF of the detector The imageswhich they produceare hence
free of the artifactswhich arisewhenusingnon-linearmethodsto attemptto recover
higherspatialfrequeng informationwhich may not exist in the original data. On the
other handthey fail to usesuchinformationwhenit doesexist — typically in high
contrasthigh signalto noiseregionsof well-exposedmages.In thisregimenon-linear
restoratiorbasednethodscanbevaluable.

4.3. Comparison of Combination Methods

Themethodglescribedbore arein somerespectsomplementaryTo guidetheprospec-
tive user someof themostimportantadiantagesnddisadwantagesretakulatedhere.

Multichannel Lucy Restoration (ACOADD):

+ canattemptreconstructiomf higherspatiaffrequeng information(supesresolution)
+ cancreateoutputimageswith a specifiedresolution

+ cancombineimageswith differentPSFs

—mayintroducephotometricbiasof point-sourcesindotherartifacts

— cannothandlegeometriadistortion

— createoutputimageswith stronglycorrelatedhoise

—requiresgoodknowledgeof the PSF

—is computationallyintensve anditerative

2http://www.stsci.edu/ ~ fruchter/dither/
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4.4,

+ is photometricallyfaithful andintroducesminimal artifacts

+ producesoisecorrelationsonly on smallscalesandin predictablevays

+ canhandlearbitrarygeometriadistortions

+ canhandlepixel weightingin afully flexible way

+ is relatively fastandefficient for largeimages

—requiresmageswith matched®SFs

— cannotachieve supefresolution

— producesutputimagesthathave a smallamountof space-ariantsmoothing

An Image Combination Example

To illustratethe relative meritsof the two methodscomparedabore, somedeepHST
NICMOS camerad imagingat 9 ditherpositionswerecombinedusingboth ACOADD

and Drizzle asthe combinationengines. The resultsare shavn in Figure 2 for two

differentparametersn eachcase.For all imagesthe outputimagehada pixel spacing
which wasthreetimesasfine asthat of theinput. The contrastandslight resolution
enhancemertfferedby ACOADD is clearasis thestronglycorrelatechoisespeckling
in thebackground.

5. References

Adorf, H.-M. & Hook,R. 1995,“High resolutionimagedrom multiple ‘dithered’
frames”,in: Proc. ST-ECFworkshopon “Calibrating and understandingdST
and ESOinstruments” April 1995,Garchingb. Munchen,EuropearSouthern
Obsenratory 251

Brandl, B., Sams,B. J., Bertoldi, F., Eckart,A., Genzel,R., Drapatz,S., Hof-
mann,R., Loewe, M., QuirrenbachA., 1996, “Adaptive Optics NearInfrared
Imagingof R136in 30 Doradus:The StellarPopulationof a NearbyStarturst”,
ApJ, 466,254

Close,L. M., Dutrey, A., Roddier F., Guilloteau,S.,Roddier C., Northcott,M.,
Menard,F., Duvert,G., Graves,J.E., Potter D., 1998,“Adaptive Opticsimaging
of the CircumbinaryDisk aroundthe T Tauri Binary UY Aurigae: Estimatef
theBinary MassandCircumbinaryDustGrainSizeDistribution”, ApJ,499,883
Dixon, D. D., JohnsonW. N., Kurfess,J. D., Pina,R. K., PuetterR. C., Pur
cell, W. R., Tuemer T. O., WheatonW. A., Zych, A. D., 1996, “Pixon-based
decowolution”, A & A Suppl.Ser, 120,683

Fruchter A. S.& Hook, R. N. 1997,“A novel imagereconstructioomethodap-
pliedto deepHubbleSpaceTelescopeémages” Invited paperin Applicationsof
Digital ImageProcessingX, ed.A. TescherProc.S.PI.E. vol. 3164,120
FruchterA. S.& Hook,R. N. 1998,“A Methodfor the LinearReconstructiomf
Undersampledmages”,astro-ph/980808 ubmittecto PASP

Hook,R.N. & Lucy L. B., 1993a,'Experimentswith AcceleratedmageRestora-
tion”, Proc. Sciencewith the Hubble SpaceTelescope(eds. P. Benvenuti & E.
Schreier) 245

Hook,R.N. & Lucy L. B., 1993b,“Co-addingimageswith differentPSFs- III”,
ST-ECFNewsletterl9, 6

Hook, R. N., Lucy. L. B., Stockton,A. & Ridgway, S., 1994,“Two Channel
PhotometridmageRestoration” ST-ECFNewsletter21, 16

7



Figure2. A comparisorof combinationof deepHST NICMOS Camera
3 data.Therewere9 evenly-spacediitherpositions.Theuppercombinations
weredonewith Drizzle andthe lower oneswith ACOADD. The upperleft
had pixfrac 10 andthe upperright pixfrac 05. The lower left was
smoothedvith a Gaussiammf o 1 0 outputpixelsandthatatthelowerright
witho 0 7. DatacourtesyMark Dickinson(STScl).

Hook,R.N. & Lucy, L.B. 1994,in “The Restoratiorof HST ImagesandSpectra-

II” R.Hanisch& R.White (eds),86

Hook,R. N. & Adorf, H.-M. 1995,“Methodsfor combining‘dithered’ WFPC-2

images”,in: Proc.CalibratingHubbleSpaceTelescopePostServicingMission,

Baltimore,MD, SpaceTelescopéeciencdnstitute,341

Hook, R.N. & Stolovy, S. R., 1998, “Some Experimentswith the Restoration

of NICMOS Camera2 Imagesof OMC-1", in the Proceedingsf the workshop

“NICMOS andtheVLT", Pula,Sardiniataly, May 26-27th,1998,eds.Wolfram

FreudlingandRichardHook, 71

Lauer T. R.1998,“CombiningUndersample®itheredimages” astro-ph/9810394,

submittecto PASP

e Lucy, L. B. 1974,“The Rectificationof Obsered Distributions”, AJ, 79,745

e Lucy L.B., & Hook R.N., 1991 “Co-addinglmageswith DifferentPSFs’,Pro-
ceedings of the 1st annual Conference on Astronomical Data Analysis Software
and Systems, Tucson 277

e Lucy, L. B. 1992,“Resolutionlimits for decowolvedimages”,AJ, 104,1260

8



e Lucy, L. B.1994,in “The Restoratiorof HST ImagesandSpectra-II"R. Hanisch
& R.White (eds),79

e Magain, P, Coubin,F., & Sohy S., 1998, “Deconvolution with CorrectSam-
pling”, ApJ, 494,472

¢ RichardsonW. H. 1972, Journalof the Optical Societyof America,62,55



