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ProposalSummary

Solaractivity is closelyrelatedto thenearearthenvi-
ronment– summarizeddescriptively asspaceweath-
er. Changesin spaceweatherhave adverseeffect on
many aspectsof life andsystemson earthandin s-
pace,suchas safetyof spacecraftsand astronauts,
interruptionof communicationandnavigation sys-
tems,damageto power grids and trans-continental
pipelinesdueto groundingelectriccurrentscaused
by geomagneticstorms,andhazardousconditionsto
polarroutedflights. Real-time,high-qualitydataand
dataprocessingwould be a key elementto forecast
spaceweatherpromptlyandaccurately. Wepropose
to usethe innovative computationand information
technologies(IT) for real time spaceweathermoni-
toringandforecasting.

(1) Wewill usethetechnologiesof imageprocess-
ing andpatternrecognition,suchasimagemorphol-
ogy segmentation,SupportVectorMachines(SVM-
s), and neuralnetworks to detectand characterize
threeimportantsolaractivities in real-time:filament
eruptions,flares,andemerging flux regions(EFRs).
Suchdetectionmethodswill be initially appliedto
dataobtainedby our 5-stationfull-disk Global Hα
Network which monitorssolaractivity continuously
with a cadenceof 1 minuteanda pixel resolutionof
1 arcsec.Full diskmagnetogramsandotherground-
basedandspacedatawill beaddedasreal time ac-
cessto thesedatawill be improved. Combiningthe
real time detectionwith the recentstatisticalstudy
on therelationshipamongfilamenteruptions,flares,
EFRs,coronalmassejections(CMEs),andgeomag-
neticstorms,wewill establishrealtimereportof so-
lar eventsandautomaticforecastingof earthdirected
CMEsandsubsequentgeomagneticstorms.

(2) We will combinestate-of-artparallelcomput-
ing techniqueswith phasediversityspeckleimaging
techniques,to yieldnearreal-timediffractionlimited
imageswith acadenceof approximately10sec.The
parallelcomputerclusterwill include64 high speed
Pentiumprocessors.We will utilize the multiplici-
ty of parallelparadigmsto optimizethe calculation
of phasediversespeckleimagingto improve calcu-
lation speed.With suchdata,we will monitor flare
producingactive regionscontinuouslyandcarryout
targetedstudiesof the evolution and flows in flare
producingactiveregions.Observationswill bemade
in thephotosphericcontinuum,aswell asin theG-
band(around4300Å). High resolutionmagetograms
will beobtainedby speckleinversion. Our primary
scientificobjective is to understandenergy storage
andreleaseprocessesin extremelysmallscales.This

includes: (1) understandingthe complicatedstruc-
ture andflows in flux emergence,and their role in
triggeringflares;(2) detectingandcharacterizingthe
possiblemotionof magneticfootpointsin regionsin-
volved in differentscalesof energy release.There-
al time monitoringwill be integratedinto our space
weatherforecastingsystem.

The real-time phasediversity speckle imaging
will be complementand supplementto the Adap-
tive Optics(AO) systemscurrentlybeingdeveloped
atBig BearSolarObservatory(BBSO)andNational
SolarObservatory (NSO),underNSFsupport.The
hardwareanddataprocessingsoftwareof theparal-
lel clusterwill havedirectapplicationto the4-meter
AdvancedTechnologySolarTelescope(ATST) and
the planned1.6-m New Solar Telescope(NST) at
BBSO.

(3) We will develop Web basedsoftwaretools to
postourprocesseddata,eventsandforecastingin re-
al time,andto beintegratedwith currentsolaractiv-
ity andspaceweatherpredictionWebpagesat BB-
SO.This will alsobea partof Virtual SolarObser-
vatory (VSO) beingdevelopedby the solarphysic-
s community. We will also develop a high speed
server andadvanceduserinterfaceanddatavisual-
ization,so thereal-timedataandforecastingcanbe
availableto thecommunityefficiently.

Finally, let usaddresstwo criteriarequiredfor an
NSFproposal:

(1) IntellectualMerit: ImplementingIT in space
weather researchwill be a truly multi-discipline
projectinvolving faculty membersin solarphysics,
imagingtechnologyandparallelcomputingtechnol-
ogyfrom4 institutionsin 3countries.Researchteam
membersarewell known in their respective research
fields.Spaceweather, patternrecognitionandparal-
lel computingarethreeareasstandingin thefrontier
of scienceandtechnology.

(2) BroadImpact: the proposedwork will effec-
tively integrateresearchandeducation.ThreePh.D.
studentswill receive training andfinish their Ph.D.
thesesin this project. We alsoanticipatethat5 to 8
undergraduatestudentsto beinvolvedin theproject.
Several new courseswill be developedduring the
tenureof the project,andannualworkshopwill be
held involving studentsandresearchers.The tech-
nology to be developed,will not only be usefulfor
solarphysics,but alsowill have impactson medical
andmilitary applications.All our developedcodes
will befreelyavailableto thecommunity. Of course,
spaceweatherforecastingis having hugeimpacton
life andsystemsonearthandspaceunderthiseraof
moderntechnology.
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A. Background

The sun is the sourceof spaceweather– the dis-
turbanceswhoseradiative, field andparticleenergy
directly impactsearth.Solaractivity changesthera-
diativeandparticleoutputof thesun,producingcor-
respondingchangesin thenear-earthspaceenviron-
ment, as well as at the earth’s surface. The most
dramaticeventson thesun,insofar asspaceweath-
er effectsareconcerned,aresolarflaresandcoronal
massejections(CMEs).

A flare is definedasa sudden,rapid,andintense
variation in brightness. A solar flare occurswhen
magneticenergy that has built up in the solar at-
mosphereis suddenlyreleased.Radiationis emit-
tedacrossvirtually theentireelectromagneticspec-
trum, from radiowavesat the long wavelengthend,
throughopticalemissionto X-raysandgammarays
at theshortwavelengthend. Theamountof energy
releasedis theequivalentof millions of 100-megaton
hydrogenbombsexplodingat thesametime! Flares
areoftenassociatedwith CMEs.

A CME is dueto a large scalerearrangementof
the solar magneticfield which can induce a geo-
effective solarwind structure.EachCME maycar-
ry away a massof up to 1013 kg and releaseup
to 1025 J of energy from coronal magneticfield-
s (Harrison,1994,1995). Following their discov-
ery, CMEs were soonfound to be correlatedwith
the occurrenceof geomagneticstorms. CMEs are
easily observed at the solar limb, where they are
seenagainstadarkbackground.However, theearth-
directed,disk CMEsaremuchharderto detect– al-
thoughthey arethe onesthat have the most impor-
tant geomagneticeffects. Therefore,detectingthe
earlymanifestationof CMEson thesolardisk is es-
sentialto understandingearth-directedCMEsthem-
selves. Establishingthe correlationamongthe oc-
currenceof CMEsandsomeothersolarsurfacephe-
nomena,suchasfilamenteruptionsandflares,is a
long-standingproblemin solar physics. After fir-
m relationshipsare established,the correlatedso-
lar surfacephenomenacanprovideanearlywarning
of the occurrenceof earth-directedCMEs andgeo-
effectivenessof CMEs. A key challengeto move
this researchareaforwardis to have real-time,auto-
maticandaccuratedetectionandcharacterizationof
solarevents,andto usetheresultsfor realtimespace
weatherforecasts.

Spaceweatherforecastfacesanotherchallenge:
obtainingandutilizing real-timediffraction limited
images.An importantgoal in ground-basedastron-
omy is to improve theangularresolutionthatcanbe

achieved. The angularresolutionis nearly always
limited by phaseaberrationsintroducedby atmo-
sphericturbulence. For the specialcaseof ground-
basedsolarastronomy, thespatialresolutionis typi-
cally limited to about0.5

� �
for short-exposureimages

(
�

20 ms) and to about1.0
� �

for long-exposureim-
ages(about1 s). 1

� �
is about730 km on the sun.

Many basic processeson the Sun, however, take
placeat scalesbelow 1.0

� �
. The photonmeanfree

pathin the lower photospherecorrespondsto about
0.1

� �
at disk center. Magneticstructuresmay occur

on evensmallerscales.For example,magneticele-
mentsoutsidesunspotshavetypicaldiameterssmall-
er than0.2

� �
(Keller,1995).Despitetheir smallsize,

thesesmallstructuresarebelievedto play animpor-
tant role in large-scalephenomenasuchasthesolar
magneticdynamoor triggering of solar flaresand
CMEs. To understanda variety of solarphenome-
na, it is, therefore,indispensableto reacha spatial
resolutionwell below the seeinglimit andpossibly
approachingthediffraction limit of existing andfu-
ture large solar telescopes.A numberof sophisti-
catedtechniqueshave beenconceivedto combatthe
deleteriouseffectsof atmosphericturbulencein as-
tronomical imaging in general. Among theseare
speckleimaging,phase-diversity andphase-diverse
speckleimaging. Phase-diversity speckleimaging
techniquesareparticularlyattractivefor solarastron-
omy because(1) they requirerelatively simpleand
inexpensive instrumentation,(2) they performwell
with relatively few imagesin high-signalregimes,
(3) they leadto a joint estimationof the objectand
thewavefront,and(4) they obviatetheneedfor com-
plicatedcalibration.

Speckleimagingandphasediversespeckleimag-
ing apply complex numericalalgorithms for data
analysis.Usually, only a few datasetsareanalyzed
per year, and only at the end of this processdoes
one discover whethersomethingreally interesting
hasbeencaptured.This is dueto the long compu-
tation time, so raw imageshave to be saved to be
processedoff-line, anda harddisk is filled up very
quickly. The time-lagbetweenthe observation and
thedataanalysisis far too long for any sortof rapid
response,suchaswould beneededfor spaceweath-
er warningsandflare forecasting.Furthermore,the
time lag rendersthe wholescientificenterpriseless
efficient thanit needsto beconsideringtoday’scom-
putertechnologies.Thepowerof parallelcomputing
hasjust startedto beexploited in solarphysics.Su-
percomputershave beenusedfor numericalcalcula-
tions in astrophysics,however they cannotbe used
for real-timedataprocessingbecausethe observa-
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tional datacannotbe transferredto the supercom-
putercentersin real-time.

Parallelprocessingof solardatawill literally pro-
vide a new window throughwhich we canobserve
theSunin exquisitedetailandstudytheevolutionof
granulationandsunspotsin theactive regionslead-
ing to major flares. The underlyingdataprocess-
ing algorithmsareunderstood,but thecomplexity is
suchthatonly parallelcomputingenablesusto visu-
alizeandinterpretlargedatasetseffectively. This is
anexcellentchancefor scientistsandengineersto do
cutting-edge,interdisciplinarywork. The develop-
mentof multithreadednumericalalgorithmsfor high
spatialresolutionimaging becomeseven more im-
portantin thecontext of proposed,next generation,
4 meter-classsolar telescope(AdvancedTechnolo-
gy SolarTelescope–ATST). All the work proposed
herewill bebeneficialin exploiting thecapabilities
of suchan advancedtelescope.Scalablenumerical
algorithmsand computerarchitecturesensurethat
we will be in stepwith the demandsfor higher s-
patial, spectral,and temporalresolutionand larger
fields-of-view observations. In addition, Big Bear
SolarObservatory(BBSO)is planninganintermedi-
atesizetelescope:1.6-meterNew SolarTelescope,
which will be operationalin 2005/2006,a number
of yearsbeforeATST. Therefore,we will utilize the
proposedtechniquesandtoolsin thenearfuture.

B. Automatic Detection and Real-Time
Monitoring of Solar Activity

B.1 Intr oduction and Curr ent Status
In thelast few years,we have gainedsignificantex-
periencein thedetectionof suddendisappearanceof
solarfilaments.Thiswasthecenterpartof thePh.D.
thesisof J. Gao(2002). He combinedthresholding
and region growing methodswhich werebasedon
segmentationprinciple (Beveridge,1989)in thede-
tection. A sampleresultof the detectionis shown
in Figure 1, where the raw data are displayedin
the top row and detectedfilamentsare in the bot-
tom row. The positionsand sizesof all the fila-
mentsaregeneratedautomatically. A largefilamen-
t labeled“A” in Figure 1, disappearedon May 21,
1999,andwasdetectedby theprogram.In this fig-
ure,onecansee,by detailedinspection,thatthedis-
appearance/appearance of even small filamentsare
detected,demonstratingthe sensitivity of the pro-
gram. This programis running daily at Big Bear
SolarObservatory (BBSO) of New Jersey Institute
of Technology, providing real time detectionof fila-
mentsandstatisticalpropertiesof filamentsin vari-

Figure1: Imagesthatdemonstrateourdetectionof a
filamentdisappearance:Thetop row shows two Hα
imagesobtainedon May 21 and22, 1999, respec-
tively; the bottomrow shows filamentsdetectedby
our program.A big filamentmarkedby “A” clearly
disappeared,andwasjust asclearlydetectedby our
program.

oussizes.

B.2 Objectives
We proposeto advanceour studiesin the following
two areas:

(1) Wewill developnew detectionmethodsto de-
tectfilamenteruptions,flaresandEmergingFluxRe-
gions(EFRs),andcomparetheeffectivenessof dif-
ferentmethods.

Thesethreekindsof featureshave differentmor-
phologiesin solarchromosphere.Filamentsaree-
longateddark features,flaresarerapidbrightenings
andEFRshave dark fibril structurein the centerof
thegrowing region(archfilaments)andbrightpatch-
esat footpoints. Thesethreeactivities have differ-
ent time scales: impulsive flaresoccur in on time
scalesof minutes;filamenteruptionsmaybeassoci-
atedwith flares,andtheprocesslastsbetweenmin-
utesandhours;an EFR may take hoursto a day to
be fully developed. We will develop patternrecog-
nition methodsto detectall threekinds of dynam-
ic phenomenon.Examplesof existing solarfeature
includestatisticalpatternrecognitionmethoddevel-
opedby Turmon et al. (2002) to label faculaeand
sunspots;neuralnetwork detectionof flaresby Fer-
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nandezBordaet al. (2002); andMachineLearning
systemsreviewedby MjolsnessandDecoste(2001).
However, we found thatdetectionof dynamicsolar
activities is still far from beingmature.

(2) We will characterizethe detectedsolar fea-
tures. Thereare many propertiesof solar features
worthy monitoringandwe cannot includethemall.
Wewill concentrateon thefollowing featureswhich
aremostrelevantto thespaceweatherresearch:

(a) We will record the orientationof filaments,
in-conjunctionwith the magneticpolarity detection
from full disk magnetogramsto establishtheorien-
tation of magneticcloudsassociatedwith the fila-
menteruptionsandCMEs(Yurchyshynet al., 2001,
2003).Wehavereportedontherelationshipbetween
the projectionspeedof CMEs, measuredat 20R�
from SOHO/LASCOimages,and the hourly aver-
agedmagnitudeof the southwardly directedmag-
neticfield, Bz, in interplanetaryejecta,asmeasured
by theAdvancedCompositionExplorer(ACE)mag-
netometer. We found that intensityof the Bz is an
exponentialfunction of the CME’s speeds.We al-
sopresentdatawhichsupportearlierconclusionson
correlationof Bz andtheDst index. We have devel-
opeda methodto predict the intensity of geomag-
neticstorms,which is basedontheabovementioned
correlationsandthefactthattheorientationandchi-
rality of the eruptedsolar filamentscorrespondto
theorientationandchirality of interplanetaryejecta.
Sucha methodwill be usedin real-time,if we can
detectthe filamenteruptionin real time. This will
givea24 to 48 hoursadvancedwarningof arrival of
geomagneticstorms.Basedon about20 casesstud-
iedsofar (not in realtime),ourpredictionis remark-
ably accurate.The objective of the proposedstudy
is to have automaticreal-timepredictionsof earth-
directedCMEswhichhavepotentialto producegeo-
magneticstorms.

(b) We will automaticallycalculatethe eruption
speedof eruptingfilamentsby trackingthe front of
filamentsasa function of time. This will aid us to
calculatethespeedof CMEsin their earlystage.

(c) Wewill find themorphologyof solarflares:in
particular, if they aretwo-ribbonor compactflares.
From oneof our on-goingstudies,statistically, two
ribbon flaresmay be more closely associatedwith
CMEs.

(d) Wewill characterizethegrowth andseparation
speedof EFRs.EFRsarecloselyassociatedwith the
triggering of flare and CMEs (e.g. Nitta and Hud-
son,2001;FeynmanandMartin, 1995).In addition,
themagneticorientationof EFRswill bedetectedin
real-time,astheregionsthatdo not follow theHale-

Nicholsonlaw wouldbemorelikely to producesolar
flares.

B.3 Utilizing State-of-Art Pattern Recognition
Methods

In this section,we discussseveral methodsthat we
intend to use for patternrecognitionbasedon so-
lar observations. The scientific goal is to devel-
op new automaticproceduresto detectdisappear-
ing filaments,flaresand EFRs. The tasksof seg-
mentationandclassificationarechallengingsinceit
is very difficult to take into accountthecomplexity
involved in the humanclassificationprocess. The
initial data to be usedwill be from the full disk
Global Hα Network. The five stationsin the net-
work areat BBSO, Kanzelḧohe Solar Observatory
(KSO) in Austria,CataniaAstrophysicalObservato-
ry (CAO) in Italy, YunnanAstronomicalObservato-
ry (YNAO)andHuairouSolarObservingStation(H-
SOS)in China.Nominally, eachstationobtainsHα
imageevery minutewith 1 arcsecpixel resolution.
For thedetectionof EFRs,complementaryreal-time
full disk magnetogramsarevery useful. BBSOcan
obtainsuchdatasetfrom Big Bearstationof Global
OscillationNetwork Group(GONG).Of course,our
techniquesareapplicableto otherground-basedand
spacedatasets,whenthey areavailablein real-time.
Thispartof theresearchis performedwith closecol-
laborationbetweenNew Jersey Instituteof Technol-
ogy (NJIT) and CommonwealthScientific and In-
dustrialResearchOrganization(CSRIO)in Australi-
a.

For over a decadeCSIRO hasbeenactively en-
gagedin intelligent imageandvideoprocessing,fo-
cusingon databaseinformationsearchandretrieval
andautomatedmedicaldiagnosis;e.g. seeCLICK
(CSIRO Laboratory for Imaging by Content and
Knowledge)reviewed by Reeset al. (1997). A key
outcomeof the databaseresearchis SQIS(System
for Quick Image Search),a systemfor detection,
segmentationand recognitionof multiple facesin
real-timevideo,whichhasrecentlyundergonecom-
mercializationtrials (Qiao et al., 2002). SQIS us-
es a combinationof information technology(IT)
methods,includingprincipalcomponentanalysis(P-
CA) and support vector machines(SVMs). The
CLICK experiencein machinelearning, especial-
ly with SQIS,hasalreadyhad a significant,unex-
pected,impact in solar physics. We refer here to
the problemof inferring vector magneticfields in
solar active regions from the Stokes parametersof
polarizedspectrallines split by the Zeemaneffect.
Solutionof this so-calledStokesinversionproblem
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hasfor many yearsbeenachievedby nonlinearleast
squaresmodelfitting. Wehave shown thatinversion
usingPCA(Reesetal., 1998,2000)is two ordersof
magnitudefasterthanleastsquaresfitting, andinver-
sion by neuralnetworks (Carroll andStaude,2001;
Aristeetal., 2001)andSVMs(ReesandGuo,2003)
makespossibleevenfaster, nearreal-time,dataanal-
ysis.Ourgoalof automateddetectionandclassifica-
tionof solarfeaturesin realtimeprovidesanobvious
opportunityonceagainto applyour IT experiencein
patternrecognitionin theserviceof solarphysics.

Features Extraction Using Image Segmentation
Techniques
We have conductedthe preliminaryexperimentsof
filamentdetectionusinglocal thresholdingandmor-
phologicaloperators.Themethodconsistsof anad-
vancedlocal thresholdingpreprocessingstage,sep-
aratingdark featuresfrom a solar disk image,fol-
lowedby aseriesof directionalmorphologicalfilter-
ing which extractsdifferent shapes.Although, the
methodhasbeenfavorablycomparedagainsttheex-
isting technique(Gao et al., 2002), the stepof lo-
calthresholdingissomewhatheuristicandconsumes
moretime.

With additionalwork on filamentregistration,we
proposethefollowing steps.Theinitial preprocess-
ing involvesbrightnessnormalizationandlimb dark-
eningremoval. We approximatethe limb darkening
by a mathematicalfunction for adjustment.We al-
soperformequal-areanormalization.Usingthedisk
centerandradius,thedisk is transformedto achieve
uniform areaof solar featuresthroughoutthe disk.
After preprocessing,we performa globalthreshold-
ing and employ morphologicalclosing operations
with multi-directionallinearstructuringelementsto
extractelongatedshapesin the image.After logical
union of the directionalfiltering results,remaining
noiseis removedfrom thefinal outcomeusingmor-
phologicaldilationanderosionwith acircularstruc-
turingelement.

We will extensively test the performanceof the
new procedureson serialsolarimages.Theexperi-
encesin thesegmentationof filamentswill betrans-
formed into the detectionof other solar features,
suchasflaresandEFRs.

Feature ClassificationUsingMachine Learning
MjolsnessandDecoste(2001)have highlightedthe
enormouspotentialof machinelearning(ML) for the
future of science. In the context of solar physics
applicationof ML is only just beginning. Herewe
outline our plans to useseveral ML techniquesto

achieveourgoalof on-line(real-time)monitoringof
dynamicphenomenaon thesolarsurface. Not only
do we wish to detecteruptive eventslike flaresand
CMEswhenthey happen,but alsowe would like to
beableto predicttheir likely onsetbasedonspatial-
temporalsurfaceindicatorsprior to suchevents.

FEATURES CLASSIFICATION USING NEURAL

NETWORK APPROACHES

A neuralnetwork is an information-processing sys-
tem that hascertainperformancecharacteristicsin
commonwith biological neuralnetworks. Neural
networkshave beendevelopedasgeneralizationsof
mathematicalmodelsof humancognitionor neural
biology. A neuralnetwork is characterizedby (1) its
patternof connectionsbetweenthe neurons,(2) its
methodof determiningthe weightson the connec-
tions, and(3) its activation function. The architec-
ture consistsof an input layer, a numberof hidden
layers,andan output layer. The processingability
of thenetwork is storedin the inter-unit connection
weights,obtainedby aprocessof learningfrom aset
of trainingpatterns.

A major steptowardsthis goal is the automatic
real-timeflare detectionsystemdevelopedby Fer-
nandezBordaet al. (2002)usinga multiplayerper-
ceptronneuralnetwork (Rumelhart,1986).Wehave
experiencein this type of neural network applied
to data inversion in solar spectroscopy (Ariste et
al., 2001). Also we have conductedresearchon
anAdaptive-Resonance-Theory(ART) basedneural
architecturefor patternrecognitionand imageen-
hancementwithoutprior knowledgeusing(Shihand
Chang,1992). Building on this expertisewe pro-
poseto investigatethe applicability of neuralnet-
works,specificallymulti-layerperceptrons,to flares
andothersolareventdetection.

We have alreadybegun this task. We have con-
ductedresearchon an Adaptive-Resonance-Theory
(ART) basedneuralarchitecturefor patternrecog-
nition andimageenhancementwithout prior knowl-
edge(Shih andChang,1992). In orderto build the
trainingsetfor theneuralnetwork, thesolarfeatures
areselectedfrom the BBSO database.We arecur-
rently usingthefollowing imagefeatures:(1) mean
brightnessof the imageframe, (2) standarddevia-
tion of thebrightness,(3) thebrightnessof thepixel
of maximumbrightnessderivativebetweenconsecu-
tive images,(4) radialpositionof thatpixel, (5) vari-
ation of meanbrightnessbetweenconsecutive im-
ages,and(6) contrastbetweenthe point with max-
imum brightnessderivative and the minimum of 5
by 5 neighborhood.Theneuralnetwork, trainedby
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theback-propagationalgorithm(Rumelhart,1986),
is usedfor solarfeatureclassification.

RBF AND SVM APPROACHES

The focus of solar phenomenadetectionis to de-
velop efficient feature-basedclassifiersand reduce
the dimensionality. Two advancedtechniquesoth-
er than back-propagationneuralnetworks are pro-
posed:RBF classifiersandSVM classifiers.Radial
BasisFunction (RBF) network is a two-layer, hy-
brid feedforwardlearningnetwork. It is a fully con-
nectednetwork andgenerallyusedasaclassification
tool. It was introducedby Broomheadand Lowe
(1988). In a RBF model, the first layer from input
nodesto hidden neuronsis an unsupervisedlayer
and the secondlayer from hiddenneuronsto out-
put nodesis a supervisedlayer. Eachhiddenneuron
hasa radial symmetricbasisfunction as its activa-
tion function. Thecharacteristicfeatureof thebasis
functionis that its responsedecreases(or increases)
monotonicallywith distancefrom the centerof the
basisfunction. The centers,the distancescale,and
the figure of the basisfunction are the parameters
of themodel. Typically, Gaussian-like anddirector
inversemultiquadric-like radial basisfunctionsare
mostlyusedasactivation functions.Thepurposeof
the hiddenneuronsis to clusterthe input dataand
reducethedimensionality.

The transformationbetweenthe input nodesand
hiddenneuronsis non-linear. It meansthat thefirst
layerconnectingtheinputnodesandthehiddenneu-
ronshasunit weightanddoesnothave to betrained.
However, the transformationof the secondlayer is
linear. Theobjectiveof theRBFnetwork is by train-
ing datato minimize the sumof squareerrorsand
find the optimal weights betweenhidden neurons
andoutputnodes.Theseoptimalweightscanclassi-
fy effectively thetestdatainto correctcorresponding
classes.Therearesomedifferenttrainingprocedures
like two-stagetraining, back-propagationtraining,
and support-vector training that can be applied to
RBF network (Schwenker et al., 2000). The appli-
cationsof RBF network includetheclassificationof
3-D visualobjects,highresolution,handwrittendig-
its (Schwenkeretal.,2000),andfacerecognition(Er
etal., 2002;HuangandWechsler, 1999).

Thebasicideaof SupportVectorMachine(SVM)
is to separatetwo input pattern vectors into two
classesby a hyperplanein a high dimensionals-
pace.What this meansis thatwe alwaysincremen-
t the dimensionby one, if we fail to separatethe
input patternvectorsin dimensiond. We do not
stop the processuntil the desiredpropertyis satis-

fied. Hence,this dimensionis calledVC dimension
(Vapnik,1995).

SVMs are powerful new tools for solving a va-
riety of learningand function estimationproblem-
s. Unlike neuralnetworks, SVMs have a firm sta-
tistical foundationand are guaranteedto converge
to a global minimum during training. Moreover
they havebettergeneralizationcapabilitiesthanneu-
ral networks (Cristianini andShawe-Taylor, 1995).
SVMs bring usto theresearchfrontier of ML. New
theoreticalandtechnicalresultsappearon a regular
basis,oneof themostimportantbeinga fully auto-
maticprocedurefor optimalparameterspecification
in theso-calledkernelfunctionsat theheartof SVM
technology(MommaandBennett,2002). This re-
movesthetrail-and-erroraspectfrom SVM training.
RecentlyReesandGuo (2003)developedMultiple
SupportVectorRegression(MSVR), anovel, gener-
ic, techniquefor solvinginverseproblems.

SVMshavebeenshown to outperformneuralnet-
worksin anumberof applicationsincludingpharma-
ceuticaldataanalysis,dynamicreconstructionof a
chaoticsystemandtime seriesprediction(Cristiani-
ni andShawe-Taylor,1995).Wewill applySVMsto
solarfeatureandeventdetectiontoascertainwhether
they outperformneuralnetworks.

Our preliminarystudylookspromising.We have
comparedtheefficiency of usingfeature-basedclas-
sifiers to detectsolar flares: RBF, SVM and MLP
(Multi-Layer Perceptron). So far, we found that
SVM is most efficient and accurate(Ming et al.,
2003). We will explore moreimagefeaturesstatis-
tically andstructurallyto classifydifferenttypesof
solarfeatures.

C. Real-Time Image Reconstruction with
Parallel Computer Cluster

C.1 Intr oduction – Two Different Methods
Seeingis theprimaryobstacleto obtaininghigh res-
olution time-seriesof solar observations from the
ground. Turbulence in the atmospherealong the
line-of-sightrandomlydistortsthewavefronts. The
result is blurring andgeometricaldistortionsin the
collectedimages.

Adaptive optics (AO) can fix someof the prob-
lem, but the high bandwidthcorrectionneededal-
lows only partial correction. Also AO is not so ef-
fective for large fieldsof view becauseof anisopla-
natism.Largefields-of-view (FOV) arerequiredfor
spaceweatherapplications.Thesolutionis postpro-
cessingof imagedatain subfieldssmallerthan the
anisoplanaticangle,which for many applicationsis
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Figure2: Typicaldatacollectionscheme,illustrating
thedatacollectionmodel.Only thestraightthrough
pathis usedfor speckleinterferometry. Shortexpo-
sureimagesarecollectedfor eachof multiple atmo-
sphericrealization.For phasediversitymethods,the
conventionalshort-exposureimagesaresupplement-
edwith additional,simultaneousimagesthatarein-
tentionallydefocused.

on the order of 
� 5
� �
. The problemis to separate

theobjectandtheaberrations,two unknown quanti-
ties, in the imagesin the presenceof noise,a third
unknown. The exposuretime for eachframemust
beshortenoughsothattheevolving atmospherecan
beregardedasfrozenduringtheexposure.Thedata
collectionmodelis shown in Figure2. Two different
approacheshave beendevelopedandusedfor larg-
er solardatasets:SpeckleInterferometryandPhase
Diversity.

Speckleimagingis a relatively maturetechnique
for obtainingfine-resolutionimagesin thepresence
of atmosphericturbulence. This techniquerequires
the collection of many short-exposure imagesof
a static object. Clever processingof this short-
exposuretime seriesaffords the restorationof fine-
resolutioninformationthatwould be irretrievableif
asingle,long-exposureimagewerecollected(Dain-
ty, 1984). Speckleimaging requiresthe collection
of 100 or more imagesso that the ensembleaver-
ageover theclassof all possiblerealizationsmaybe
approximatedby anarithmeticaverageover a finite
numberof realizations. Speckle-imagingmethods
have beensuccessfullyadaptedto thesolar-imaging
problem(Keller and von der Lühe,1992; de Boer
andKneer,1992;von der Lühe,1993,1994). The
paralleloperationfor speckleimaginghasbeenim-
plementedat BBSO(Denker et al., 2001).This will
not be one of the primary topics in the proposal.
However, our experiencein speckleimaging with
parallel cluster will aid the more important com-
ponentof the proposal: the phasediversity speck-
le imaging. Figure3 shows an exampleof speckle
reconstructionusing1K by 1K cameraatBBSO.

PhaseDiversity (PD) methods,seeSectionC.2,
utilize a model of the imageformation processto
constrainthe estimationof the aberrationsand the
commonobjectin two imagechannelswith aknown
differencein the pupil phase,usuallya focusshift.
An imagecollectedin this secondoptical channel
will containtheeffectsof theunknown phaseaber-
rationsbut will alsobeinfluencedby theintentional
defocus,whichaddsaknown quadraticphase.

It is somewhat remarkablethat estimatesfor the
object and the unknown aberrationscan be made
from thesetwo images,given the known quadratic
phasediversity. However, in stressingregimes(e.g.,
poor seeingor weak signal levels) a single pair of
phase-diversity imagesmay not containenoughin-
formation to estimatejointly and with high fideli-
ty the objectandwavefront. Even underfavorable
conditionsfor which phasediversity is ableto pro-
ducegood wavefront estimates,we have observed
that object information at isolatedspatial frequen-
ciesmaybeirretrievably lost, resultingin objectes-
timateswith significantartifacts. Thesecasesmo-
tivate a third fine-resolutionimaging techniquere-
ferredto asPhase-DiverseSpeckle(PDS– seePax-
manet al., 1992b),which requiresthesimultaneous
collectionof oneconventionalshort-exposureimage
andat leastoneshort-exposureimagewith phasedi-
versity, for eachof multipleatmosphericrealization-
s. The problemwith missinginformationat isolat-
ed frequenciescanbe fixed by usingPD separately
on eachimagepair in a PDSdatasetbut thenusing
the full setto make a singlerestorationof thecom-
mon object (Löfdahl andScharmer,1994), a tech-
niquereferredto asPartitionedPDS(Paxmanet al.,
1996). For theproblemwith poorseeingandweak
signal, however, the solution is to jointly process
the whole set (Paxmanet al., 1992b;Paxmanand
Seldin,1994); this methodgoesby the nameJoint
PDS(Paxmanetal., 1996).

C.2 PhaseDiverseSpeckleImaging
First proposedby Gonsalves and Chidlaw (1979)
andGonsalves(1982),PDwasnotdevelopedfor so-
lar imaginguntil in thenineties,whenPDS(Paxman
etal.,1992b)wasincorporated.Typically, PDmeth-
odsusetwo light channels,onein-focusandoneout-
of-focus image; the aberrationsare then estimated
andcorrectedby combiningthe informationin im-
agesfrom thetwo channels.Theout-of-focuschan-
nelcanbeconvenientlyarrangedwith asimplebeam
splitteranda seconddetectorarraythatis translated
alongtheopticalaxisasin Figure2 or with a com-
binedbeamsplitterandmirror thatputsbothimages
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Figure3: Specklereconstructionof activeregionNOAA 8673observedwith the1k � 1k pixel, 12-bitSMD
CCDcameraon27August1999.TheFOV is 76

� � � 40
� �
, theexposuretimeis 4 ms,andtheFried-parameter

amountsto 12.6cm.

Light from telescope

CCD
�
a


�
h


� ∆z

Figure4: A simplePDdetectorcanbemadeby glu-
ing a cubebeamsplitteranda prismtogetherin this
configuration. Varying the sizeof the cube,a, and
a displacement,h, betweencubeandprism allows
somefreedomfor settingtheamountof diversitydis-
placement,∆z, and matchingthe separationof the
two imagesto thedetectorsize.

on thesamedetector, e.g.asshown in Figure4.
PDmethods,likeSpecklemethods,requireshort-

exposureimages( 
� 10ms)to ‘freeze’thewavefron-
t aberrations,which makes it possibleto separate
theobjectinformationandtheinformationonatmo-
sphericturbulence.Also thepreprocessingis similar
with the usualcorrectionsby meansof the average
darkandflat field image.The imagedisplacements
within the sequenceare estimatedalong with oth-

er aberrations.The imageformationmodelutilized
by PD methodsis only valid within the isoplanatic
patchsolargefield of view PD restorationsaretypi-
cally mosaicsof smallerrestoredsubfields.

Thefirst usesof PD to retrieve fine-resolutionso-
lar imageswerereportedby Löfdahl andScharmer
(1993, 1994) and Seldin and Paxman(1994). S-
ince thenit hasbeenusedfor large scaledatapro-
cessingby Löfdahl et al. (1998,2001), for investi-
gationsof G-bandbright point dynamics(Bergeret
al., 1998a,b;van Ballegooijen et al., 1998). Other
projectsincludereconstructionof white-light, line-
wing, andmagnetogramdatafrom a low-orderAO
systemfor deliveringnew resultsin theevolution of
small-scalemagneticfield, aswell assunspotpho-
tometry(TritschlerandSchmidt,2002;Keller et al.,
2000).

Very recently, Löfdahl(2002)developedanalgo-
rithm for Multi-FrameBlind Deconvolution (MFB-
D) togetherwith a setof linear equalityconstraints
that describethe datacollection scheme. PD and
JPDSare casesthat can be treatedwith this ap-
proach,as demonstratedby Löfdahl and Scharmer
(2002, seeFigure5), who JPDSprocesseda long
sequenceof images from the new Swedish 1-m
Solar Telescopefor studying the fine structureof
sunspotpenumbrae(Scharmeret al., 2002),seeim-
agesanda movie at ����������������������� ��!�"��#�%$�&'�(����)�*
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Figure6: Extendeddatacollection scheme.Here,
the two detectorsareequippedwith PD beamsplit-
terssimilar to the onein Figure4, so eachcamera
collectsPDSdatasets,simultaneouslyin two differ-
ent wavelengths,λ1 andλ2, respectively. Seealso
Figure2.1 ��243��') 1 �4&'5�6�6�5�* . The new formulation also ac-
commodatesjoint processingof otherkinds of da-
ta sets, e.g., several simultaneousPDS data sets
in different wavelengths,seeFigure 6. The JPDS
codescurrently usedat NSO which are developed
by Paxmanin theEnvironmentalResearchInstitute
of Michigan(known asERIM codes)areproprietary
andthe sourcecodeis not available. Our proposed
new methodwill have thegreaterflexibility andwill
befreeavailableto scienceandengineeringcommu-
nity. Dr. Löfdahlwill bethemaincontributor to this
effort.

Here follows a descriptionof the approachof
Löfdahl (2002). Unless auxiliary information is
used, the Blind Deconvolution problemfor a sin-
gle frameis not well posedbecausethe objectand
PSFinformationin a dataframecannotbe separat-
ed. Therearedifferent ways of bringing auxiliary
information to bearon the problem. MFBD uses
several frameswhich helpssomewhat, becausethe
solutionsareconstrainedby a requirementthat the
object be the same,but is often not enoughto get
usefulresultswithout furtherconstraints.Oneclass
of MFBD methodsconstrainthesolutionsby requir-
ing that the PSFscorrespondto wavefrontsover a
certainpupil geometry, expandedin a finite basis.
This is aneffectiveapproachbut thereis still aprob-
lem of uniquenessin that differentphasescangive
thesamePSF. PhaseDiversityandthemoregeneral
PDSmethodsarespecialcasesof this classof MF-
BD, wheretheobservationsareusuallyarrangedso
that in-focus data is collectedtogetherwith inten-
tionally defocuseddata,where information on the
objectis sacrificedfor moreinformationontheaber-
rations. Theknown differencesandsimilaritiesbe-
tweenthephasesareusedto getbetterestimates.

We first presenta techniquefor jointly estimat-
ing the commonobjectandthe aberrationsin a se-
ries of imagesthat differ only in the aberrations.
With no extra informationbeyondtheimageforma-
tion model,includingaberrationsfrom thephasein
the generalizedpupil transmissionfunction, it is a
Maximum-Likelihood(ML) MFBD (Schulz,1993)
method. Constrainingthe PSFsto be physicalby
requiringthatthey comefrom anunderlyingparam-
eterizationof thephaseover thepupil is a powerful
technique.Althoughsuchmethodsdo work (Schulz
etal., 1997;VanKampenandPaxman,1998),meth-
ods using more information work better (Tyler et
al., 1998). Datasetsusedin Phase-DiverseSpeckle
(PDS)interferometry(Paxmanetal.,1992b;Löfdahl
andScharmer,1994;Paxmanet al., 1996)hassuch
extra informationin theform of two (or more)imag-
ing channelswith a known differencein phase(at
leastto type),with PhaseDiversity(PD)(Gonsalves,
1982;Paxmanet al., 1992a;LöfdahlandScharmer,
1994)asthe specialcaseof only onesuchpair (or
set). Theseareall differentdatacollectionschemes
lending themselves to similar joint inversion tech-
niques. The purposeof the formulation presented
hereis to recognizethe similaritiesandoutlining a
methodfor treatingthemall with asinglealgorithm.

We use an isoplanatic image formation model
with Gaussianwhitenoise,whichmeansthatwe as-
sumethattheopticalsystemcanbecharacterizedby
a generalizedpupil function, which canbe written,
for animageframewith numberj 798 1 :<;<;<;�: J = , as

Pj > A j exp 8 iφ j =�: (1)

whereφ j is thephaseandA j is abinaryfunctionthat
specifiesthegeometricalextentof thecorresponding
pupil. A dataframed j canthenbeexpressedasthe
convolution of anobject, f , andapointspreadfunc-
tion (PSF),sj >@?BADC 1 8 Pj = ? 2. In theFourierdomain
weget

D j E uF > F E uFHG Sj E uF�I Nj E uFJ: (2)

whereu is a 2-D spatialfrequency coordinate,Sj is
theOTF, Nj is anadditive noisetermwith Gaussian
statistics,appropriatefor low contrastobjectslike
thesolarphotosphere.For brevity, we will dropthe
u coordinatefor theremainderof this section.

Weparameterizetheunknown pupil phasesby ex-
pandingthemin asuitablebasis,8 ψm = , allowing for
a partof the phase,θ j , to be exceptedfrom theex-
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Figure5: JPDSrestorationof G-band430.5nm imagesfrom thenew Swedish1-m SolarTelescope.Top
row: restoredobject;mid row: conventionalin-focusimages;bottomrow: correspondingdiversityout-of-
focusimages.Tick marksare1

� �
apart.

pansion,

φ j > θ j I M

∑
m

α jmψm; K j ; (3)

The Gaussianwhite noiseassumptionallows us to
usetheinverseWienerfilter estimateof theobject,

F > 1
Q ∑

j

SL j D j : (4)

where

Q > γobj I J

∑
j
?Sj ? 2 : (5)

to derive a metric in a form that doesnot explicit-
ly involve theobject(Gonsalves,1982)andthathas
beenshown to correspondto a ML estimateof the
phases(Paxmanet al., 1992a).With two regulariza-
tion parameters(Vogelet al., 1998),this metriccan
bewrittenas

L E α F > ∑
u

M J

∑
j
?D j ? 2 N ? ∑J

j D L j Sj ? 2
Q OI γwf

2

M

∑
m

1
λm

J

∑
j
?α jm ? 2 ; (6)

WhenminimizingL, theγobj termin Q hastheef-
fectof establishingstabilitywith respectto perturba-
tionsin theobject.Theotherregularizationparame-
ter, γwf , stabilizesthewavefrontestimates.For sim-
plicity, this term is given undertheassumptionthat
the ψm areatmosphericKarhunen–Lòeve functions
(Roddier, 1990),whereλm is theexpectedvariance
of modem. In thegeneralcase,the wavefront reg-
ularizationterm is a matrix operationinvolving the
covariances.

Notethat,althoughpresentedin aPDsetting,this
metrichasnothingto do with PD perse,it is just a
MFBD metric. Efficient minimizationof L requires
the gradientsand, for somemethods,the Hessian
with respectto theaberrationparameters.

We lexicographicallyarrangeall theα jm in a sin-
glecolumnvector, α , with N > JM elements,sothat
we canalsorefer to themasαn, with a singleindex
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n > E j N 1F M I m,

α >QPα11 α12 ;<;<; αJM R T >SPα1 ;<;<; αN R T ;
(7)

We canthenwrite thenormalequationsof theMF-
BD problemasamatrixequation,

AMFBD G δα N bMFBD T 0 : (8)

wheretheelementsof theright handsidevectorcan
bewrittenas

bMFBD
jm >QU N 2V J Im W PLj AYX p j ReP A C 1 8 F L D jN ?F ? 2Sj = R[Z]\ : ψm ^ I γwf

α jm

λm
; (9)

The constrainedminimizationproblemin α can
be transformedinto an unconstrainedminimization
problemin a reducedsetof variables,β , an N

�
el-

ementvector of parameters,βn_ . The normal e-
quationsfor the transformedproblemare obtained
by left-multiplying Eq. (8) with the null spacema-
trix of theconstraintspertinentto thedatacollection
schemeused,QT

2 , andsubstitutingQ2δβ for δα ,

QT
2AMFBDQ2 G δβ N QT

2 G bMFBD T 0 ; (10)

Oncewe have a solution for β , we easily get the
solutionfor α by backsubstitution.With theappro-
priatenull matrix,this is equivalentto thetraditional
JPDSalgorithmfor Gaussianadditive noise.

Phasediversity imaging is particularly suitedto
dataobtainedbehindanAO systemsinceit doesnot
requireanamplitudecalibration.

C.3 Parallel Computing Implementation of
Phase-DiverseSpeckleImaging

Our researchobjective is to create,in theterminolo-
gy of DefenseAdvancedResearchProjectsAgency
(DARPA) (see �����`�[a'���4�b�(�dce!4��*]fg����*hfg���46�54ib6�jk��'2]c ), a High Productivity ComputingSystem(H-
PCS)for spaceweatherresearchthatwill usestate-
of-artparallelcomputingmethodologiesandtoolsto
optimizephasediversespecklecodes,andto obtain
largesizediffractionlimited datain realtime.

As we mentionedearlier, BBSOhasdevelopeda
32-nodeparallelsystemto carry-outrealtimespeck-
le reconstruction(Denker et al., 2001)for the 1024
by 1024pixel imagesequences.The codeis writ-
ten in C++. It providesoneprocessedimageeach
minute. The numberof raw datausedis about100

(selectedout of 500). The current phase-diverse
speckleimaging systemin the National Solar Ob-
servatory(NSO)uses10 pairsof bestimagesout of
several hundreds.The currentcomputationtime is
around1 hour. Our goal is to provide real time data
with acadenceof 10 seconds.

Given the high volume of data and processing
times involving image preprocessing,FFT opera-
tions anditerative methodsthat themselves involve
sparsematrix computations,parallelism provides
probablythe only choiceto reducerunningandre-
sponsetimes to achieve real-timeor closeto real-
time performance.In general,theuseof parallelism
canimprove performancein two ways:

1. betterscalabilityof themassive numberof im-
agesis possible,sincelargerimagesor increas-
ing numberof imagescanbehandledwithin the
sameresponsetime (responsetime remainsthe
same,largeproblemsizescanbesolvedwithin
thesameamountof time),

2. a significant reductionin responsetime for a
given problemsize can be achieved (problem
sizeremainsthe same,responsetime decreas-
es).

In this researcheffort wewill mainlyconcentrateon
achieving objective 2. Objective 1, however, maybe
dealtwith if increasingthe numberof imagespro-
cessedcould substantiallyimprove performanceor
thereliability of thepredictions.

Achieving high performancein any multiproces-
sorsystemis a challengingtask.This is moresofor
theclusterof PC workstationsthat will be usedfor
computationalsupportin thisproject.Severalissues
needto be resolved relatedto optimizing proces-
sor utilization (e.g. workloadbalancingamongthe
processors),minimizing interprocessorcommunica-
tion and synchronizationtime, and achieving opti-
mal datadistribution anddecomposition.We have
beenableto dealwith all theseissuessuccessively in
thepast(GerbessiotisandValiant,1994;Gerbessio-
tis andSiniolakis,1999,2002a,b;Gerbessiotisetal.,
2002).

The implementationof the HPCSsystemfor s-
paceweatherpredictionwill be carriedout on top
of theMessagePassingInterfacearchitecture(MPI)
(Pacheco,1997;Sniretal.,1998;Groppetal.,1998,
1999a,b); the LAM-MPI (Burns et al., 1994) im-
plementationis readilyavailableandpreinstalledon
variousLinux distributions. We have had consid-
erableexperiencedealingwith suchissuesin a PC
cluster environment (Gerbessiotis,2002a,c,b). In
our implementationefforts we will useC/C++ and
avoid a less efficient mixing of C and the ANA
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programminglanguagethat wasusedbefore. This
would make our systemsimplerto useanddecrease
responsetimes to satisfy the criterion of real-time
performance.

A variety of parallelparadigmswill be explored
andutilized in this researcheffort. Becauseof the
sheervolumeof imagedatataskparallelismKumar
et al. (2001)involving the imagesequenceswill be
used. For real time specklereconstructionfor ex-
ample,this would leadto thedistribution of 100 or
moreimagesevenlyamongtheclusterprocessorsto
initiate individualandindependentprocessing.Such
an approachmay not requireany kind of complex
andnontrivial datadistribution otherthanthe obvi-
ousoneof distributingtheimages.Forphase-diverse
speckleimagingthenumberof isoplanaticsubfield-
s of approximately100 � 100 pixels may reachup
to 100in number, with 6–20imageframespersub-
field. The imageframesof a subfieldafterprocess-
ing would generatea restoredimageof thesubfield
and the combinationof the restoredimagesof the
100 subfieldswould createa restoredimageof the
entireFOV. This naturaldatadistribution of theen-
tire FOV into subfieldswill be utilized for the task
of allocatingjobs(subfieldprocessing)to processors
andthesubsequentcombinationof therestoredsub-
fields.Keepingtrackof thebusyprocessorsfrom the
idle or unavailableprocessorsandtheassignmentof
processorsto varioustaskswill involve theuseof a
staticload balancingschemein the proposedHPC-
S systemthat will ensurethat processorutilization
bemaintainedhigh;suchamethodwill alsowarrant
somelevel of fault toleranceandincreasedavailabil-
ity.

Thenatureof theproblemsthatneedto besolved
andtheuseof taskparallelism,doesnot necessitate
at leastinitially the useof dynamicload balancing
approachesto replacethestaticapproachesthatwill
be employed. High availability will be maintained
by keepingtrackof thestateof thenodesof theclus-
ter; this informationwill be collectedandusedby
theload-balancerresponsiblefor taskallocation.

In therecentpastwehaveperformedwork onpar-
allel numericalcomputingapplicationsandwe de-
signed,analyzedandalsoimplementedarchitecture
independentparallelalgorithmsfor variousdecom-
positionmethods(Cholesky, Gauss-Jordanelimina-
tion, etc.) and computationalproblemsin finance
(e.g. option price valuationson binomial and tri-
nomial treesand with the Blacks-Scholesformu-
la using the explicit finite differencemethod). We
showed theoreticallythe optimality of our designs

andverifiedtheseconclusionsby carryingoutexper-
imentalstudiesthatconfirmedthetheoreticalpredic-
tionson a varietyof parallelplatformsthatincluded
theCrayT3D, IBM SP2,SGIPowerChallenge,and
clusterof SMP PCs. In all suchproblemswe had
to deal with issuesrelatedto datadistribution and
work-load balancingin achieving optimal perfor-
mance.In additionthearchitectureindependentde-
signof our algorithmsallowedusto reliably predict
theirperformancebeforeweranthemonaparticular
parallelplatform. Thesetheoreticalpredictiontools
(Valiant,1990;GerbessiotisandValiant,1994)will
be employed in this researcheffort, asthey will al-
low us to decideearly on which approachwill lead
to significantimprovementsin performance.

We have alsoworkedon problemsof combinato-
rial computingsuchassorting,searchingandselec-
tion andtheir applicationsto parallelheapsandpar-
allel priority queues.In sucha setting,we explored
whetherfor certainproblemsit makesmoresenseto
designapurelyparallelandnew (but also,complex)
datastructureor it makesmoresenseto usea glob-
al structureconsistingof local disjoint copiesof the
correspondingsequentialstructureon every proces-
sor anduseparallelmethodsto searchandretrieve
itemsfrom thedatastructureandmaintaintheglob-
al structuresynchronized.Suchan experiencewill
alsobeusefulin thiseffort.

The end-resultof this researcheffort will be the
useof our experiencesin parallelalgorithmdesign
and implementationin building a HPCSfor space
weatherresearch.Our proposedclusterwill besta-
tionedatBBSOin California. In our initial effort we
will usethePCClusterLaboratorythathasbeenes-
tablishedat theCSDepartmentat NJIT with partial
supportfrom NSF underMRI grantNSF/9977508.
As partof anon-goingeffort underthis project,de-
signof parallelalgorithmsanddevelopmentof par-
allel codefor a variety of problemshasbeencom-
pleted.Thedevelopedcodesofar includes:

1. primitiveoperationsrelatedto broadcastingand
parallelprefix, memoryefficient (but synchro-
nization inefficient) and memory inefficien-
t (but synchronizationefficient) versions of
densematrixmultiplication,

2. binomial-treebasedstock option price valua-
tions,

3. trinomial-treebasedparalleloptionpricevalu-
ations,

4. paralleloptionvaluationsby theBlack-Scholes
formula using the explicit finite difference
method,

5. densematrix computations(eg. matrix inver-

11



sion, Gauss-Jordanelimination and Cholesky
factorization)andfunctionsthat allow the dis-
tribution to processorsandcollectionfrom pro-
cessorsof matricesunderdifferentdistribution
patterns,and

6. developmentof benchmarkprogramsthat es-
tablishthecommunicationandsynchronization
capabilitiesof thecommunicationnetwork of a
parallelplatform.

Accordingto Moore’s law of exponentialgrowth
in computingpower, we canexpect an increaseof
computingpower by a factorof 16 over the next 6
yearswhichwill allow usto operate1k � 1k or even
2k � 2kpixel CCDcamerasfor phase-diversespeck-
le imaging.Thiswill beright in time for anext gen-
erationof 4 meter-classtelescopeswhich will pro-
vide a spatialresolutionof 0 ;� � 05 at 500 nm, i.e., a
FOV of about100

�l� � 100
�l�

for a2k � 2k pixel CCD
camerawhich is sufficient to cover large sunspots
and(substantialpartsof) active regions.Wearecer-
tain thatlargeformat,high framerateCCD cameras
for phase-diversespeckleimaging in combination
with parallelcomputerswill becomestandardpost-
focusinstrumentsfor advancedsolartelescopes.

D. Distrib ution and Application of Data
and Resultsfor SpaceWeatherResearch

D.1 Scientific Applications of Reconstructed
Data

Thesystemdiscussedabove will bea powerful tool
for many areasin high resolutionsolarphysicsre-
search.As our main scientificobjective is for real-
time spaceweathermonitoring and prediction,we
will concentrateon a targetedstudy: monitoringd-
iffractionlimited atmosphericstructureof flaringac-
tive regionsin realtime.

Thereare two very importantaspectsof evolu-
tion of active regions which may be closely asso-
ciatedwith solarflares:(1) new flux emergenceand
(2) unusualflow motions. Thesetwo kinds of phe-
nomenamayalsobeassociated(Tanaka,1991;Zirin
andWang,1993). A few well-known active region-
s showed the correlationbetweenflux emergence,
flowsandmajorflares.Two of thebestexamplesare
March 1989 NOAA 5395 (Wang et al., 1991) and
June1990NOAA 6659(Zirin andWang,1993)ac-
tive regions. In Figure7, we demonstratethe“mag-
netic channel”structureas discussedby Zirin and
Wang (1993). The channelwas producedby the
new flux emergenceand appearedas complicated
flowsalongthechannels.Theareawith strongflows,
new flux emergence,andcomplicatedchannelstruc-

turewasalsoobviously associatedwith severalma-
jor flaresin this active region. The flux emergence
destabilizestheexisting magneticconfigurationand
causesmagneticreconnection.Flow motionsmay
contribute to thetwist of flux ropesby moving foot-
points around. Suchflow and channelstructureis
not well understood– it requireslong sequences
of high resolutionobservations. Studiesat BBSO
have demonstratedthe value of diffraction limited
observationsin theflaringregion(DenkerandWang,
1998).

If the speckleand phasediversity observingse-
quencesare processedoff-line (as we are doing
now), the chanceof studyingthe long term evolu-
tion of an active region and catchingflaresduring
the observations is slim. Becausewe storeall the
raw imagesin hard disk, it is usually filled up in
half hour, andit will takemany hoursto severaldays
to processthedata. Our proposedsystemwill only
saveconstructedimagedata– therefore,thediskwill
bebig enoughfor severalday’s continuousobserva-
tion. Therealtimedataproductwith thediffraction-
limited quality is essentialin this study. Whenthis
parallelclusteris built andoperational,we will fol-
low all flareproductive regions,with animagescale
of 0 ;� � 1. Theactive regionsflows will bederived by
local correlationtrackingandfeaturetracking. We
expectto answerthefollowing questions:

1. Do flaring active regionsalwayshave thecom-
plicatedflowsasdiscussedabove?

2. Are theseflows alwaysassociatedwith flux e-
mergence?

3. Are flowsunusuallystrongbeforemajorflares?
Monitoring of flows will provide a prediction
tool for solarflaresandspaceweather.

We anticipatethat we will answerthe above ques-
tionsbetter, whenwecombineourobservationswith
high resolutionflare observationsof satellitessuch
as RHESSIand TRACE, in understandingthe de-
tailedenergy build-up andreleaseprocesses.

D.2 Real Time Web Accessof Data and Space
Weather Forecasting

Ourultimategoalis to providehighqualitydataand
spaceweatherforecastingin real time. BBSO has
establisheda web server, and our automaticsolar
activity detectionandreal-timediffractionsolarim-
ageswill beimportantadditionsto thesystem.

In our currenton-linesystem,every hour, images
from our GlobalHα Network aretransferredto the
web-basedBBSO Active Region Monitor (ARM,�������mf�fn���k�mobp'!]2`�[)�a�3g*�����c ), which also includes
the mostrecentfull-disk EUV, soft X-ray, continu-
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Figure7: A line-of-sightmagnetogramof June10, 1991active region NOAA 6659obtainedat Big Bear
SolarObservatory. It is a δ sunspotgroup.Thefield of view is 5 by 4 arcmin.Whiteandblackgrayscales
representfield strengthof positive andnegative magneticpolarities,respectively. The dominantnegative
spotsaresurroundedby oppositepolarity satellitespots. On the lower-right corner(marked by a white
box),magneticchannelstructureis visibledueto new flux emergence.

um andmagnetogramdatafrom the SolarandHe-
liosphericObservatory (SoHO)andYOHKOH (un-
til December2001).ARM alsoincludesavarietyof
active region propertiesfrom the NationalOceanic
and AtmosphericAdministration’s (NOAA) Space
EnvironmentCenter(SEC),suchas up-to-dateac-
tive region positionsandflare identifications. Fur-
thermore,wehavedevelopedaFlarePredictionSys-
tem (FPS)which estimatesthe probability for each
active region to produceC-, M-, or X-classflares
basedonnearlyeightyearsof NOAA datafrom Cy-
cle 22. This, in additionto BBSO’s daily solarac-
tivity reports,hasprovento bea usefulresourcefor
activity forecasting(Gallagheret al., 2002).

Thenew Webpageswill includerealtime reports
of all thefilaments(andtheirdisappearances),flares
andEFRs.Thesize,locationandtwo ribbonsepara-
tion speedof flares,andinformationof disappearing
filamentswill be postedin real time. The real-time
diffraction limited active region imageswill bealso
postedon theweb,alongwith flows derived in real
time by local correlationtrackingandfeaturetrack-
ing.

Figure8 shows the structureof new contentsof
spaceweatherforecastingbasedon resultsfrom our

proposedresearch,and the links amongdifferen-
t components.

The Virtual Solar Observatory (VSO) is a com-
munity effort, which attemptsto distribute ground-
basedand spacedata to usersuniformly and effi-
ciently (Hill, 2001). We will actively collaborate
with NSO group to include our real-timedataand
forecastingasapartof VSO.TheVSOeffort is lead
by NSO.Oneof Co-PIsin our proposal,Dr. Keller
is a teammemberof VSO. In addition,we include
a high-endserver in our budgetandproposeto de-
velopa state-of-artuserinterfacefor quick andeasy
accessof thedataby thespaceweathercommunity.

In orderto maintainourobjectiveof building aH-
PCSfor spaceweatherresearch,weshallalsodevel-
op a web-basedinterfaceto the parallelcomputing
modulepreviouslydescribed.Theresultsof thedata
processingwill becomeavailablethroughthis inter-
face. Open-sourcesoftware tools will be usedfor
the developmentof this interfaceandthe accessof
the raw andthe processeddata. A Linux-basedA-
pacheweb-server will beutilized. Web-basedforms
in HTML will be processedby Perl scriptsand if
neededC programsto generateand return the re-
quired responsesby accessinga MySQL database
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Figure8: A block diagramshowing theinterconnectionof differentresearchcomponents.

server/engine.
Of particular relevanceto the current project is

SolarSPIRE(Hill et al., 2002) basedon SPIRE
(Bergmanet al., 2000),a digital library systemfor
content-basedsearchand retrieval in scientific im-
agedatabases.This hascloselinks to CSIRO’s re-
searchon imagedatabases.A key contribution of
this work wasthefusionof spatiotemporalinforma-
tion throughobject segmentationand tracking,en-
ablinga so-calledtime seriessegmentationof solar
eventsbasedon a techniquecalledmultiple abstrac-
tion level mining (MALM) (Li et al., 1998). Solar-
SPIREwas usedfor automatedoff-line (non real-
time) detectionof CMEsin datafrom theSolarand
HeliosphericObservatory(SOHO).In abenchmark-
ing testusingtwo monthsof SOHOimages,anaccu-
racy of betterthan85%wasachievedagainstground
truth basedon CME eventsidentifiedby humanob-
servers.

Turmonet al. (2002) useda Bayesianstatistical
framework for automatedidentificationof structures
onthesurfaceof theSun,specificallyquietSun,fac-
ulaeandsunspots.They have appliedthismethodto
off- line processingof imagedatafrom theMichel-
sonDopplerImagerexperimenton theSOHO.

We will investigatehow to migratesuchdatabase
and statisticaltechniquesto real-timeapplications,
bothfor eventdetectionandeventprediction.

The storagesubsystemstoresdata accordingto
different data type, logical data organizationand
transactionpatterns.Thesedataaremanagedby lo-

cal DataBaseManagementSystems(DBMSs)spe-
cializedto their respectivemedium.Moreover, since
dataretrivalsexhibit atemporalcorrelationsuchthat
a newly generatedimagesare retrieved more fre-
quently and older oneslessfrequently. It is cost-
effective to have a hierarchicalstoragearchitecture,
whereolder imagesare storedin a lower-cost but
slower storagesystem(e.g., optical systems)and
morerecentimagesin a moreexpensive but faster
storagesystem(e.g.,magneticdisks).

E. Education and Outr each
Educationandoutreachareextremelyimportantfor
thefutureof researchin scienceandtechnology. Our
proposedeffort includesastrongcomponentin inte-
gratedresearchandeducation.

BBSOhighly prizesits specialrole in theeduca-
tion of thenext generationof scientistswhobuild in-
struments.We graduated6 Ph.D.studentsbetween
2000and2002.Wecurrentlyhave11Ph.D.students
(9 menand2 women).ThreePh.D.thesiswill beas
a resultof this proposedresearcheffort. Threestu-
dentswill collaboratewith fellow students,eachwill
emphasizein a particulartopicof his/herspecialty.

Thesis1: Automatic Detectionof Solar Activi-
ties. This studentwill be supervisedby Shih and
Rees. Several methodswill be applied to the de-
tectionof solarflares,filamenteruptionsandEFRs,
which includessegmentation,neuralnetwork, RBF
andSVM. We will alsoattemptto extendtheappli-
cationto thedetectionof CMEs.
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Thesis2: Real-timeImagingProcessing.This s-
tudentwill be supervisedby Denker, Gerbessiotis,
Keller andLöfdahl. The researchtasksincludede-
veloping efficient codesfor phase-diversity speck-
le imaging; settingup phase-diversity observation-
s; parallelcomputingimplementationandoptimiza-
tion.

Thesis3, SpaceWeatherForecasting. This stu-
dentwill besupervisedby Wang,KellerandDenker.
The researchtasksincludedevelopmentof datain-
terfacesfor VSO andusers;developmentof space
weathertoolsbasedon theproductsof Theses1 and
2; statisticalstudiesamongflares,filamenteruption-
s, EFRs,CMEsandgeomagneticstormsto advance
spaceweatherforecasting.

Several new courseswill be developedand of-
fered during this 5-year period, such as, “Inno-
vative PatternRecognitionfor Dynamic Features”;
“Implementationof ParallelComputingin Imaging
Processing”,“SpaceWeatherForecasting”. These
coursesdo not currentlyexist atNJIT.

Eachyear, we budgettwo slotsfor undergraduate
research.Eachstudentwill work ontheprojectfor a
periodbetween1 to 3 years.They will assistPh.D.
studentsandfacultymembersin theabove threere-
searchareas. Their taskswould include obtaining
andprocessingselecteddatasets;writing partof the
computercodesand partsof the web design. The
new courseswill be flexible enough,so juniorsand
seniorscantake thesegraduatecourses.Two sum-
merschoolswill beorganizedduringthe5-yearpe-
riod to invite expertsin imagingprocessing,parallel
computingandpatternrecognitionto give lectures.

We will enhanceour public outreachprogramto
improve thepublic awarenessof both spaceweath-
er researchandinnovative technologies.TheBBSO
public tours/lectureprogramsconsistof threeparts:
(1) summertours,offeredevery Saturdayafternoon
to the generalpublic; (2) private toursgiven most-
ly to schoolgroups,and(3) on-andoff-site lectures.
Thesummerobservatorytoursareverypopularpart-
ly becauseBig Bearis a resorttown locatedcloseto
the very populousLos Angelesmetropolitanarea.
We will developmaterialssuitablefor generalaudi-
enceto understandsolaractivity, its impactonearth,
andinnovative technologiesto forecastthem.
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F. Management
F.1 TeamMembersand Responsibilities
In Table1, we list theinvestigatorsandbreak-down
of responsibilities.Wangis the PI, who is respon-
siblefor generalcoordination.Otherteammembers
have clearresponsibilitiesin threebasicareas:pat-
ternrecognition,real-timeimagingandspaceweath-
er. However, most researchtaskshave collabora-
tive nature. BesidesPI, ProfessorsShih, Gerbessi-
otis and Denker areexpertsin patternrecognition,
parallelcomputingandhigh resolutionsolarobser-
vations,respectively. Shih andGerbessiotisare in
College of ComputerScience(CCS), while Wang
andDenker arein PhysicsDepartment.Dr. Keller
is a permanentstaff in NationalSolarObservatory,
leadinghigh resolutionsolarobservation there. Dr.
Löfdahl,a scientistin theRoyal SwedishAcademy
of Sciences(RSAS), is the world expert in phase-
diversity speckleimaging. Dr. Rees,a scientistin
CSIRO, hassolid recordin MachineLearningand
the applicationin solar phyiscs. In addition, three
Ph.D. studentswill work in thesethree major ar-
eas.Annualworkshopwill beorganizedto exchange
ideas,reportprogressandintegrateresultsto the s-
paceweatherpredictionsystemat BBSO.

Themajority partof the budgetis for supporting
Ph.D.students.Somesummersalariesarerequested
for faculty members.It alsocoversthe 15%yearly
effort of Drs. ReesandLöfdahl, in the form of par-
ticipantsupport.

The initial developmentof variouscodeswill be
basedon NJIT campus,with collaborationof three
outsideinstitutes(NSO,RSASandCSIRO). Phase-
Diversity will be implementedat three locations,
BBSO, NSO and Swedish1-m Solar Telescopein
CanaryIsland. Thesethree sites are regardedas
bestsites for high resolutionsolar observations in
the world. The experimentalsettingwill be initial-
ly testedat Swedish1-m SolarTelescopeunderthe
directionof Löfdahl. However, thefinal implemen-
tationwill beat BBSOsincetheparallelclusterwill
belocatedatBBSO.

As we discussedin theproposal,thephasediver-
sity specklewill be usedbehindthe correctedlight
beamsby AO.NSOandBBSO’sAO systemsareex-
pectedto beon line in 2003.

F.2 Research Milestones
The threeproposedresearchcomponentsareclose-
ly related. We give milestonesby yearsandby the
projectsin Table2. FY 2003startson September1,
2003.

We proposed3 sets of phase-diversity speckle

imagingsystemsfor BBSO,NSO andRSAS,three
bestsitesfor highresolutionsolarobservationsin the
world. The real-timesystemusing parallel cluster
will be locatedat BBSO.The clusterwill combine
theexisting 32 Pentium2.1GHznodeswith 32 new
higherspeedCPUunits.

The centerserver systemwill be built at BBSO
to distribute diffraction-limiteddataproducts,iden-
tified dynamicfeaturesandreal-timespaceweather
forecasting.
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Table1: TeamMembersandResponsibilities

Investigator Institute Responsibilities
HaiminWang BBSO/NJIT, Professor OverallCoordinationandSWForecasting
CarstenDenker BBSO/NJIT, Assist.Professor SpeckleImagingandParallelComputing
ChristophKeller NSO,Assoc.Astronomer PhaseDiversitySpeckleandVSO
FrankShih CCS/NJIT, Professor FeatureDetectionandCharacterization
Alex Gerbessiotis CCS/NJIT, Assist.Professor ParallelOptimizationandDataManagement
David Rees CSIRO, Scientist FeatureDetectionandCharacterization
MatsLöfdahl RSAS,Scientist PhaseDiversitySpeckleImaging

Table2: Milestones

Category PatternRecognition Real-timeImaging SpaceWeather
FY 2003 Investigationof SpeckleImagingand StatisticalStudiesof

ResearchMethods PhaseDiversity SolarActivities
Initial Codes Codes

FY 2004 CodeDevelopment PhaseDiversity WebDesign
Segmentation SpeckleCodes

FY 2005 CodeDevelopment Parallel DataStructure
NeuralNetwork Computing UserInterface

FY 2006 CodeDevelopment Observation SpaceWeather
SVM andRBF DataAnalyses Forecasting

FY 2007 Implementation Implementation SpaceWeather
For SW For SW Forecasting
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Löfdahl, M. G. andScharmer, G. B.: 1994,Wave-
front sensingandimagerestorationfrom focused
anddefocusedsolarimages,Astronomy& Astro-
physicsSupplementSeries107, 243–264.
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von derLühe:1993,Speckleimagingof solarsmall
structure:I. Methods,Astronomy& Astrophysics
268, 374–390.

von der Lühe: 1994, Speckleimaging of solar s-
mall structure: II. Study of small scale struc-
ture in active regions,Astronomy& Astrophysics
281(3), 889–910.

Wang,H., Tang,F., Zirin, H. andG., A.: 1991,Mo-
tions, fields, andflaresin the 1989marchactive
region,AstrophysicalJournal380, 282–286.

Yurchyshyn,V., Wang,H., Goode,P. R. andDeng,
Y.: 2001,Orientationof themagneticfieldsin in-
terplanetaryflux ropesandsolarfilaments,Astro-
physicalJournal563, 381–388.

Yurchyshyn,V., Wang,H., Goode,P. R. andDeng,
Y.: 2003,Correlationbetweenspeedsof cmesand
the intensityof geomagneticstorms,JGRp. sub-
mitted.

Zirin, H. andWang,H.: 1993,Narrow lanesof trans-
versemagneticfield in sunspots,Nature363, 426–
428.

21


