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ABSTRACT

We reporton theuseof a new joint phasediversespecklecode,animplementationof a methodwherea singleobjectand
individual phasesareestimatedfrom several pairsof phasediversedata. The codewasusedon 430.5nm G-banddata
collectedwith thenewly installedSwedish1-metersolartelescopein La Palma,equippedwith a low-orderadaptiveoptics
system.We describethealgorithmbrie�y , show wavefrontstatisticsandobjectestimatesfrom theprocessinganddiscuss
the results. We demonstratea resolutionof 0.12 arc secondsfor a time sequenceanda large �eld of view, which is a
break-throughfor groundbasedsolartelescopes.
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1. INTRODUCTION

Seeingis theprimaryobstacleto obtaininghigh resolutiontime-seriessolarobservationsfrom theground.Turbulencein
theatmospherealongtheline of sightrandomlydistortsthewavefronts.Theresultis blurring andgeometricaldistortions
in thecollectedimages.PhaseDiversity (PD) methods1–3 canestimatetheun-aberratedobjectaswell astheaberrations
responsiblefor theblurring. This is accomplishedby useof simultaneousimagestakenin di� erentfocuspositions,where
informationabouttheobjectandtheinstantaneouswavefrontat thetime of exposureareencodedin linearly independent
ways. We refer to techniques,whereseveral pairsof PD datawith a commonobjectareusedto make a singlerestored
frame, as phase-diversespeckle(PDS) methods.4 A small numberof atmosphericrealizationsis su� cient for good
restorations,signi�cantly reducingtheamountof dataneededcomparedto specklemethods.This easesthedatastorage
requirementsfor a given samplerate, and increasesthe chancesof collecting only good datain eachsampleinterval.
Anotherappealingpropertyof phasediversitymethodsis thatthetotalwavefrontof theopticalsystem,includingtelescopic
aberrations,is estimatedandcorrectedfor.

We havealmost10yearsexperiencewith developingandusingphasediversitymethodsfor restorationof imagesfrom
our previous solartelescope,the 0.5 m SwedishVacuumSolarTelescope(SVST).Although the wavefront sensingwas
doneon a PD pair by PD pair basis,we could make partitionedphasediversespeckle(PPDS)reconstructions,wherea
singleimagereconstructionwasmadefrom severalpairswith separatelyestimatedwavefronts.5,6

TheSVSTwasdismountedfrom ourobservatoryin August2000,to makeroomfor thenew SwedishD = 1-metersolar
telescope,7–9 �rst openedwith the full aperturein May 2002. ThewavefrontRMS scalesasD5=6 andalthoughadaptive
optics(AO)10,11 will partly correctthewavefronts,we expecteddatafrom thenew telescopeto requirehigherorderpost-
factocorrectionsthandatafrom theSVST. We knew from experience5 that joint phasediversespeckle(JPDS),12 where
thewholePDSdatasetis jointly processedundertheassumptionthattheobjectis thesame,worksbetterfor toughercases
andcanestimatehigherorderaberrations.We thereforedecidedto developsucha code.

We believe that PD methodsaremorepromisingthanspecklemethodsfor large �eld of view (FOV) AO corrected
images.Thisis becausecurrentspecklemethodsdependonKolmogorov statistics,whichareinvalidatedby AO correction.
It is possiblethat specklemethodscould be adaptedto accommodateAO correctedstatisticsbut we believe it will be
di� cult dueto anisoplanatism.

Here we describework in progress,the �rst attemptat restoringa large dataset from an AO corrected1-m solar
telescopewith thenew code.
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2. JOINT PHASE DIVERSE SPECKLE METHOD

Thenew codeusedfor restoringthedatapresentedhereis basedonanalgorithmthatisdescribedin Ref.13. It is formulated
quitegenerallyasantechniquefor solvingtheinverseproblemof jointly estimatingthecommonobjectandtheaberrations
in a seriesof imagesthatdi� er only in the aberrations.With no extra informationbeyond the forward imageformation
model, including unknown aberrationsfrom the phasein the generalizedpupil transmissionfunction, it is a Maximum-
Likelihood(ML) Multi-FrameBlind Deconvolution(MFBD)14 method.ConstrainingthePSFsto bephysicalby requiring
that they comefrom anunderlyingparameterizationof thephaseover thepupil is a powerful technique.Althoughsuch
methodsdo work,15,16 methodsusingmoreinformationwork better.17 Datasetsusedin Phase-DiverseSpeckle(PDS)
interferometryhassuchextra informationin theform of two (or more)imagingchannelswith aknown di� erencein phase.
This informationis enteredin the form of linear equalityconstraintsto the optimizationof a metric, that measuresthe
mismatchbetweentheobserveddataandimagesbasedon theestimatedquantities.

We usean isoplanaticimageformation model with additive Gaussiannoise. GaussiannoisePD is a good model
for low-contrastobjectslike thesolarphotosphere.The optical systemcanthenbe characterizedby a generalizedpupil
function,whichcanbewritten, for animageframewith numberj 2 f1; : : : ; Jg, as

P j = A j expfi� jg (1)

where� j is thephaseandA j is a binary functionthatspeci�esthegeometricalextentof thecorrespondingpupil. A data
framed j canthenbeexpressedastheconvolution of anobject, f , anda point spreadfunction(PSF),sj = j F� 1fP jgj2. In
theFourierdomainweget

D j(u) = F(u) � S j(u) + N j(u); (2)

whereS j is theOTF, N j is anadditive noisetermwith Gaussianstatisticsandu is the2-D spatialfrequency coordinate.
For brevity, we now dropthis coordinate.

We parameterizethe unknown phasesby expandingthemin a suitablebasis,f mg, allowing for a known part of the
phase,� j , to beexceptedfrom theexpansion,

� j = � j +
MX

m

� jm m; 8 j: (3)

We usedKarhunen–Love (KL) functionsasa basisfor expandingthe unknown wavefronts. We madeapproximateKL
functionsassumsof Zernike (Z) polynomialsby diagonalizinga 2000� 2000submatrixof the atmosphericcovariance
matrix,18 usingtheproceduredescribedin Ref.19.

TheGaussiannoiseassumptionallowsusto usetheinverseWiener�lter estimateof theobject,
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to derive a metric in a form that doesnot explicitly involve the object1 andthat hasbeenshown to correspondto a ML
estimateof thephases.2 With a slight simpli�cation of thesecondtermdueto theuseof KL functions,we follow Ref.20
andwrite themetricwith two regularizationparameters,
 obj and
 wf, as
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where� is thevectorof all � jm and� m is theexpectedvarianceof modem. Whenminimizing L, the
 obj termin Q hasthe
e� ectof establishingstabilitywith respectto perturbationsin theobject.Its usein Eq.(4) suggestssetting
 obj to something
proportionalto the inverseof thesignalto noiseratiosof theimagedataframes.Theotherregularizationparameter, 
 wf,
stabilizesthewavefrontestimates.

The codeis new andwe arestill exploring regularizationstrategies. Here,no wavefront regularizationis used,i.e.

 wf=0. It is possibleto setthis parameterby examiningtherelationbetweenL andtheRMS of thewavefront.21 When
this is implemented,it will probablyallow higher-orderexpansionof the wavefronts. For the object regularization,we
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useda 
 obj setto approximatelythenoiseto signalratio (NSR),de�ned astheaverageof theratiosof thenoiseandimage
variances.This wasfoundto work reasonablywell whentestedwith a small numberof datasets.Comparedto running
with 
 obj = 0, therestoredobjectsarebetterresolvedandtheestimatedwavefrontsaremorespatiallyconsistent.We are
workingonanalgorithmfor setting
 obj automaticallyfor eachJPDSdataset,thatwill allow it to besetoptimallyonaper
iterationbasis.

Minimizing theerrormetricgivesaMFBD solution.Applying alsoLECsdescribingthedatacollectionmodelinvolved
in PDSgivesajoint inversionof theJPDSset.Thedetailsof thisMFBD with LECsalgorithmaredescribedin Ref.13. The
actualnon-linearminimizationproblemcanbe treatedwith standardmethods.We usedtheBFGSmethod,22 a Newton
methodthat needsonly gradientsto be calculatedbut builds up an approximateinverseHessianfrom the gradientsin
previousiterations.

3. DATA COLLECTION AND OPTICS

The datapresentedherewere collectedon 15 July 2002 with the recentlyinstallednew Swedishsolar telescope7–9 in
La Palma,Canaries,Spain. A Shupmanncorrectore� ectively removesany chromaticaberrations.The diameterof the
un-obstructedapertureis 96 cm. The telescopeis equippedwith a correlationtracker andan AO systemwith a Shack–
Hartmann(SH) wavefront sensor(WFS)with 19 hexagonalmicrolensescontrollinga 19-electrodebimorphmirror, cor-
rectingZ modes2–15and19.9–11 The automaticframeselectionsystemwassetto storethe bestfour framescollected
every20s interval. Theaveragecadenceof therestoredsequenceis 22s.

Thedatawerecollectedwith a MegaPlus1.6 camerawith a KAF 1600CCD from EastmanKodakat an imagescale
of 0:041arcsecondsperpixel. Theexposuretime was6 ms. Mountedin front of thecamerawasa 1.2nmwide 430.5nm
G-band�lter anda PhaseDiversitybeam-splitter/mirror device thatputstwo simultaneousimageson thesameCCD with
a focusdi� erenceof 8.85mm,correspondingto 1.14wavespeak-to-peakin theG-band.

In the26 � 40 arcsecondFOV is abouthalf of a largesunspotaswell assomegranulation.Theprocessedsubsetis
from between13:03UT and13:31UT.

4. PROCESSINGAND RESULTS

We used128� 128 pixel sub�elds with a modi�ed Hanningwindow with an 8 pixel cosineincline from zeroto unity,
correspondingto an undisturbedFOV of 5 � 5 arc seconds.This shouldmake the isoplanaticapproximationvalid. The
framesweredividedinto sub�eldsona 64-pixel grid, allowing ampleoverlapfor seamlessmosaicking.

We found that the quality of the �nal restoredobject improved if we basedit on the focuseddataonly, ratherthan
focusedaswell asdiversitydata.Althoughthediversitydatais essentialto theinversions,in orderto provide information
ontheaberrations,thedefocusedPSFsappearto belesswell determinedthanthefocusedonesandcanthereforepreferably
bediscarded.

In Fig. 1 we show restoredimagestogetherwith the raw datafrom the focuschannelfor threecases,onegood,one
intermediateandonebadquality. The bestrestoredimageis of courseobtainedfrom the bestraw databut the greatest
improvementis probablyin the intermediatecase,where�ne detail is restoredthat is not easyto seein the raw data.
Notealsothat thereappearsto besigni�cant improvementin theworstdata,althoughonewould have to examineframes
adjacentin time to believe in someof the �ne structure.Althoughof little valueby themselves,suchlow quality frames
cansometimesbeusefulfor maintainingvisualcontinuity in moviesmadefrom long time sequencesof restoredimages.
Althoughwe have not yet tried it, it is unlikely thatour old PD codewould beableto make a successfulinversionsof the
worstdata.

We show the full FOV23 of the good imagein Fig. 2. Note the �ne detailsvisible in andaroundthe intergranular
lanesandin thepenumbra.A powerspectrumfor a 256� 256-pixel sub�eld from thelower left partof theFOV is shown
in Fig. 3(a). In Fig. 3(b) we show angularaveragesof power spectrafor all threeexamplesfrom Fig. 1. For all the
images,thereis power to or beyondthereciprocalof theRayleigh1:22�= D limit, indicatingthat the informationcontent
is di� ractionlimited, althoughthedeviationsfrom a power law indicatethat they arenot fully restored.Theworst image
deviatesfrom thepower law from about0.3D=� andthebettertwo imagesfrom about0.6D=� .
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(a)Goodqualitydata (b) Intermediatequality (c) Badquality

Figure 1. Imagequality beforeandafter restoration.Top row: Restoredimages.Four bottomrows: correspondingimagesfrom the
focuschannel.Not shown: correspondingimagesfrom diversitychannel.Notethat theFOVs in (a), (b), and(c) areseparatedin time
andspaceanddonotshow thesamestructures.Tick marksare1 arcsecondapart.
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Figure2. Full FOV of oneof thebestmosaickedimagesin theset.23 Tick marksare1 arcsecondapart.
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(a) 2D map(log scale)for the im-
agein Fig. 1(a).Thecircleperime-
ter correspondsto the �= D di� rac-
tion limit.

(b) Angular averagesof the three examples in
Fig. 1(a) solid, (b) dashed,(c) dot-dashed,respec-
tively. The insetscaleshows resolutionin arcsec-
onds. The dottedline correspondsto the Rayleigh
limit at 0.113arcseconds.

Figure3. Power spectraof restoredobjectimages.

We now turn to theestimatedwavefronts.We will show somestatistics,althougha detailedanalysiswill have to wait.
Onereasonfor this is a small error in the pre-processingof the raw data,that werenot intensitynormalizedproperly.�

However, the restoredimageslook so goodthat we believe the wavefront dataareprobablynot grosslyin error. Also,
modelmismatchusuallymakesthePD algorithmtry to compensateby introducingerrorsin thewavefrontestimates;this
would mostlikely make theRMSwavefrontsover-estimated.With this in mind, in Fig. 4 we show statisticsfor a sub�eld
roughlycorrespondingto the5 � 5 arcsecondFOV of theAO system'sSH WFS.In Fig. 4 (a) we show theaverageRMS
of thewavefrontsfor eachframe.In Fig. 4 (b) we show theaveragewavefrontandin Fig. 4 (c) thevariances.

The performanceis expectedto deteriorateaway from the sensorFOV. Figure5 shows the samequantitiesbut for
a larger FOV. As shown in Fig. 6, thereis somecorrelationbetweenimagecontentand the magnitudeof the restored
wavefronts.ThemeasuredaverageRMSis higherin theumbraandinnerpenumbrathanin theouterpartsof thepenumbra
andgranulation. Becausethis higherRMS is partly from the umbra,that haslow signal to noise,andpartly from the
high-contrasttransitionbetweenpenumbraandumbra,we trust theseresultslessthanthosefrom theouterpenumbraand
granulation.We thereforebasethestatisticsin Fig. 5 on thehalf of thesub�eldsthatis outsidethespot,i.e. thelowerhalf
of Fig. 6 (b).

In thebestframes,theRMS of theestimatedwavefrontsis in the0.10–0.20wavesrangeneartheWFSandsomewhat
pooreroutside.This indicatesgoodAO correctionover a largeFOV (visual impressionagrees)andbetterneartheWFS
FOV. Our plannedupgradeof the AO systemto a 37 microlensSH anda 37 mirror electrodesis expectedto make the
distributionof RMSvaluestighterandmovethepeakto smallervaluesby afactorof about1.5.11 Thesmallaveragemodes
indicatethattherearenosigni�cant telescopeaberrations,thatcannotbehandledby theAO. Althoughsmall,theaverages
of modes4 and22 aresomewhat larger thantheothers.A slight systematicfocus(4) errorcanbe expectedat this level
becausethesciencecamerahasto befocusedby eyewith respectto theSHsensor(co-focusingonapin-holeattheprimary
focusis hardto do better).A bit moremysteriousit mayseemthatther4 sphericalmode(11) is well correctedwhile the
r6 sphericalmode(22) is relatively larger. ThecorrespondingZ modeis not sensedwell by our current19-microlensSH
sensorand is alsonot correctedby the AO. We suspectthat the AO producesZ 22 when it compensatesZ 11. Some
slowly varyingsphericalmodessuperimposedon therapidlyvaryingatmosphericwavefrontswouldnotbesurprising,due
to heatingof thetelescopelens.

� Notethattheimagerestorationsdiscussedabovearebasedonproperlynormalizeddata.Weareworkingonre-processingtheentire
dataset.
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(a)RMS wavefronts.

(b) Averagewavefront.

(c) Mode variancescomparedwith r0 = 20 cm
Kolmogorov statistics.

Figure 4. Wavefront statisticsas measurednear the
FOV of theSHwavefrontsensor.

(a)RMS wavefronts.

(b) Averagewavefront.

(c) Mode variancescomparedwith r0 = 20 cm
Kolmogorov statistics.

Figure 5. Wavefront statisticsasmeasuredoutsidethe
spot,bottomhalf of theFOV in Fig. 6.
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(a)RMS map. (b) FOV.

Figure6. WavefrontRMS map.Notehighervaluesin theupperpart,correspondingto thelocationof thespot.

Thevariancesareshown togetherwith theKolmogorov statisticsfor r0 = 20 cm. This r0 valueis not measured,just
shown for comparison,chosenbecausethe level of the �rst uncorrectedmodes(16–24)areat aboutthe samelevel (for
WFS FOV). It is not clearhow to interpretthe variancesof the highestmodes,28–36,that don't follow the expected
statisticsat all. They areprobablylesswell sensedby theJPDSinversionsbut thereis alsoa mismatchbecausetheAO
correctsZ modeswhile theJPDSestimatesKL modes.We just notethat thedataareconsistentwith r0 = 20 cm, to the
extentthatr0 is a usefulconceptfor frameselecteddata.

5. CONCLUSION

Wehavesuccessfullymigratedfrom PPDSto JPDS,althoughsigni�cant work remainsin orderto usethenew algorithmto
its full potential.It clearlyworkswith AO correcteddatafrom 1-m solartelescopeat a goodsite. Inversionswill improve
aswe learnto properlysettheregularizationparameters.

It is an importantbreak-throughfor ground-basedsolar observations,that with the combinationof a 1-metertele-
scope,excellentseeing,low-orderAO, andJPDSrestorationwe areableto producelarge-FOV di� raction-limitedimage
sequencesat suchashortwavelengthas430nm.
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