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ProposalSummary includes: (1) understandinghe complicatedstruc-
. . tureandflows in flux emegence,andtheir role in

Solaractvity is clos.elyrelate'dqthenearearthenn— triggeringflares;(2) detectingandcharacterizinghe
ronment-summarizediescriptvely asspaceveath- qssiblemotionof magnetidootpointsin regionsin-

er. Changesn spaceveathetave adwerseeffecton q|yedin differentscalesof enegy release There-

mary aspectf life andsystemson earthandin s- 5| time monitoringwill beintegratedinto our space
pace,suchas safety of spacecraftand astronauts, weathefforecastingsystem.

interruptionof communicationand navigation sys-  The real-time phasediversity speckleimaging
tems,damageto power grids andtrans-continental i pe complementand supplemento the Adap-
pipelinesduetq groundingelectriccurrentsc_:aused tive Optics (AO) systemsurrentlybeingdeveloped
by geomagnetistorms,andhazardousonditionsio - 4 gjg BearSolarObsenatory (BBSO)andNational
polarroutedflights. Real-time high-qualitydataand SolarObseratory (NSO), underNSF support. The
dataprocessingvould be a key elementto forecast 5 qvareanddataprocessingoftwareof the paral-
spaceweathepromptlyandaccuratelyWe propose g clysterwill have directapplicationto the 4-meter

to usethe innovative computationand information AdvancedTechnologySolar TelescopgATST) and
technologiegIT) for realtime spaceweathemoni-

toring andforecasting.

(1) Wewill usethetechnologie®fimageprocess-

ing andpatternrecognition,suchasimagemorphol-
ogy seggmentationSupportvVectorMachines(SVM-

the planned1.6-m New Solar Telescopg(NST) at
BBSO.

(3) We will develop Web basedsoftwaretoolsto
postour processedata,eventsandforecastingn re-
altime, andto beintegratedwith currentsolaractiv-

s), and neural networks to detectand characterize jty andspaceweathermpredictionWeb pagesat BB-

threeimportantsolaractvities in real-time:filament
eruptionsflares,andemeping flux regions(EFRS).
Suchdetectionmethodswill beinitially appliedto
dataobtainedby our 5-stationfull-disk Global Ha
Network which monitorssolaractiity continuously
with a cadencef 1 minuteanda pixel resolutionof
1 arcsecFull disk magnetogramandotherground-
basedandspacedatawill be addedasrealtime ac-
cessto thesedatawill be improved. Combiningthe
real time detectionwith the recentstatisticalstudy
ontherelationshipamongfilamenteruptionsflares,
EFRs,coronalmassejectiong CMES),andgeomag-
neticstormswe will establishrealtime reportof so-
lar eventsandautomatidorecastingf earthdirected
CMEsandsubsequengeomagnetistorms.

(2) We will combinestate-of-arparallelcomput-
ing techniquesvith phasediversity specklemaging
techniquesto yield nearreal-timediffractionlimited
imageswith acadencef approximatelfl0sec.The
parallelcomputerclusterwill include64 high speed
Pentiumprocessors We will utilize the multiplici-
ty of parallelparadigmdo optimizethe calculation
of phasediversespeckleimagingto improve calcu-
lation speed.With suchdata,we will monitor flare
producingactive regionscontinuouslyandcarry out
targetedstudiesof the evolution and flows in flare
producingactie regions.Obserationswill bemade
in the photosphericontinuum,aswell asin the G-

SO.Thiswill alsobe a partof Virtual SolarObser

vatory (VSO) beingdevelopedby the solarphysic-
s community We will also develop a high speed
sener and advanceduserinterfaceand datavisual-
ization, sothe real-timedataandforecastingcanbe
availableto the communityefficiently.

Finally, let usaddresswo criteriarequiredfor an
NSFproposal:

(1) IntellectualMerit: ImplementingIT in space
weatherresearchwill be a truly multi-discipline
projectinvolving faculty membersn solarphysics,
imagingtechnologyandparallelcomputingtechnol-
ogyfrom4institutionsin 3 countries Researcheam
membersarewell known in theirrespectie research
fields. Spaceweatheypatternrecognitionandparal-
lel computingarethreeareasstandingn thefrontier
of scienceandtechnology

(2) Broad Impact: the proposedwork will effec-
tively integrateresearctandeducation.ThreePh.D.
studentswill receve training andfinish their Ph.D.
thesedn this project. We alsoanticipatethat5 to 8
undegraduatestudentgo beinvolvedin theproject.
Several new courseswill be developedduring the
tenureof the project, and annualworkshopwill be
held involving studentsandresearchersThe tech-
nologyto be developed,will not only be usefulfor
solarphysics,but alsowill have impactson medical
andmilitary applications. All our developedcodes

band(around4300&). High resolutionmagetograms will befreely availableto thecommunity Of course,
will be obtainedby speckleinversion. Our primary spaceweatherforecastings having hugeimpacton
scientific objective is to understancenegy storage life andsystemn earthandspaceunderthis eraof
andreleasgrocessem extremelysmallscalesThis moderntechnology



A. Background

The sunis the sourceof spaceweather— the dis-
turbancesvhoseradiatve, field and particleenegy
directly impactsearth.Solaractvity changeshera-
diative andparticleoutputof thesun,producingcor-
respondingchangesn the nearearthspaceerviron-
ment, as well as at the earths surface. The most
dramaticeventson the sun,insofar as spaceweath-
er effectsareconcernedaresolarflaresandcoronal
massejectiong CMES).

A flareis definedasa suddenyapid, andintense
variationin brightness. A solar flare occurswhen
magneticenegy that has built up in the solar at-
mospherds suddenlyreleased. Radiationis emit-
ted acrossvirtually the entireelectromagnetispec-
trum, from radiowavesat the long wavelengthend,
throughopticalemissionto X-raysandgammarays
at the shortwavelengthend. The amountof enegy
releaseds theequivalentof millions of 100-meyaton
hydrogenbombsexploding atthe sametime! Flares
areoftenassociatedavith CMEs.

A CME is dueto a large scalerearrangemenodf
the solar magneticfield which caninduce a geo-
effective solarwind structure.EachCME may car
ry away a massof up to 10'° kg and releaseup
to 10°° J of enegy from coronal magneticfield-
s (Harrison, 1994, 1995). Following their discov-
ery, CMEs were soonfound to be correlatedwith
the occurrenceof geomagneticstorms. CMEs are
easily obsered at the solar limb, wherethey are
seeragainstadarkbackgroundHowever, theearth-
directed,disk CMEsaremuchharderto detect- al-
thoughthey arethe onesthat have the mostimpor
tant geomagnetieffects. Therefore,detectingthe
earlymanifestatiorof CMEsonthesolardiskis es-
sentialto understandingarth-directe€CMEsthem-
seles. Establishingthe correlationamongthe oc-
currenceof CMEsandsomeothersolarsurfacephe-
nomenasuchasfilamenteruptionsandflares,is a
long-standingproblemin solar physics. After fir-
m relationshipsare establishedthe correlatedso-
lar surfacephenomenaanprovide anearlywarning
of the occurrenceof earth-directedCMEs andgeo-
effectivenessof CMEs. A key challengeto move
thisresearctareaforwardis to have real-time,auto-
maticandaccurateletectionandcharacterizatiomof
solarevents,andto usetheresultsfor realtime space
weatherforecasts.

Spaceweatherforecastfacesanotherchallenge:
obtainingand utilizing real-timediffraction limited
images.An importantgoalin ground-base@stron-
omy is to improve theangulamresolutionthatcanbe

achieved. The angularresolutionis nearly always
limited by phaseaberrationsintroducedby atmo-
sphericturbulence. For the specialcaseof ground-
basedsolarastronomythe spatialresolutionis typi-
cally limited to about0.5’ for short-exposureémages
(<20 ms) andto about1.0’ for long-exposureim-
ages(aboutl s). 1" is about730 km on the sun.
Marny basic processesn the Sun, however, take
placeat scalesbelov 1.0’. The photonmeanfree
pathin the lower photosphereorrespondso about
0.1 atdisk center Magneticstructuresmay occur
on even smallerscales.For example,magneticele-
mentsoutsidesunspothave typical diametersmall-
erthan0.2’ (Keller, 1995). Despitetheir smallsize,
thesesmallstructuresarebelievedto play animpor-
tantrole in large-scalgphenomenauchasthe solar
magneticdynamoor triggering of solar flaresand
CMEs. To understandh variety of solarphenome-
na, it is, therefore,indispensabléo reacha spatial
resolutionwell belov the seeinglimit and possibly
approachinghe diffraction limit of existing andfu-
ture large solartelescopes.A numberof sophisti-
catedtechnigue$iave beenconcevedto combatthe
deleteriouseffects of atmosphericdurbulencein as-
tronomicalimaging in general. Among theseare
speckleimaging, phase-diersity and phase-dierse
speckleimaging. Phase-diersity speckleimaging
techniquesreparticularlyattractve for solarastron-
omy becausd1l) they requirerelatively simpleand
inexpensve instrumentation(2) they performwell
with relatively few imagesin high-signalregimes,
(3) they leadto a joint estimationof the objectand
thewavefront,and(4) they obviatetheneedor com-
plicatedcalibration.
Speckleémagingandphaseadiversespeckleémag-
ing apply complex numerical algorithmsfor 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
processedaff-line, anda harddisk is filled up very
quickly. Thetime-lagbetweenthe obseration and
the dataanalysisis far too long for any sortof rapid
responsesuchaswould be neededor spaceweath-
er warningsandflare forecasting.Furthermorethe
time lag rendersthe whole scientificenterprisdess
efficientthanit needdo beconsideringodays com-
putertechnologiesThepower of parallelcomputing
hasjust startedto be exploitedin solarphysics.Su-
percomputerdave beenusedfor numericalcalcula-
tionsin astrophysicshowever they cannotbe used
for real-time data processingbecausehe obsena-



tional datacannotbe transferredto the supercom-
putercentersn real-time.

Parallelprocessingf solardatawill literally pro-
vide a new window throughwhich we canobsere
the Sunin exquisitedetailandstudythe evolution of
granulationand sunspotsn the active regionslead-
ing to major flares. The underlying data process-
ing algorithmsareunderstoodbut thecompleity is
suchthatonly parallelcomputingenablesusto visu-
alizeandinterpretlarge datasetseffectively. Thisis
anexcellentchancdor scientistsandengineerso do
cutting-edge jnterdisciplinarywork. The develop-
mentof multithreadedhumericallgorithmsfor high
spatialresolutionimaging becomeseven more im-
portantin the context of proposednext generation,
4 meterclasssolartelescopgAdvancedTechnolo-
gy Solar Telescope—AST). All the work proposed
herewill be beneficialin exploiting the capabilities
of suchan adwancedtelescope.Scalablenumerical
algorithmsand computerarchitecturesnsurethat
we will bein stepwith the demanddor higher s-
patial, spectral,and temporalresolutionand larger
fields-of-viev obserations. In addition, Big Bear
SolarObsenratory (BBSO)is planninganintermedi-
atesizetelescope:l.6-meterNew Solar Telescope,
which will be operationalin 2005/2006,a number
of yearsbeforeATST. Thereforewe will utilize the
proposedechniquesandtoolsin thenearfuture.

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

B.1 Intr oduction and Curr ent Status

In thelastfew years,we have gainedsignificantex-
periencen thedetectionof sudderdisappearancef
solarfilaments.Thiswasthecenterpartof thePh.D.
thesisof J. Gao(2002). He combinedthresholding
andregion growing methodswhich were basedon
sgmentatiorprinciple (Beveridge,1989)in the de-
tection. A sampleresultof the detectionis shavn
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-
mentsaregeneratecdutomatically A large filamen-
t labeled“A” in Figure 1, disappearedn May 21,
1999,andwasdetectedy the program.In this fig-
ure,onecansee by detailedinspectionthatthedis-
appearance/appearg of even small filamentsare
detected,demonstratinghe sensitvity of the pro-
gram. This programis running daily at Big Bear
Solar Obsenratory (BBSO) of New Jersg Institute
of Technologyproviding realtime detectionof fila-
mentsand statisticalpropertiesof filamentsin vari-

May 22, 1999 16:28U1 "

May 21, 1999 15:38UF

Figurel: Imagegshatdemonstrateurdetectiorof a

filamentdisappearancefhetop row shavs two Ha

imagesobtainedon May 21 and 22, 1999, respec-
tively; the bottomrow shaws filamentsdetectedoy

our program.A big filamentmarked by “A” clearly
disappearedandwasjust asclearly detectedby our

program.

oussizes.

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

(1) Wewill developnew detectiormethodgo de-
tectfilamenteruptionsflaresandEmeging Flux Re-
gions(EFRs),andcomparethe effectivenesof dif-
ferentmethods.

Thesethreekinds of featureshave differentmor-
phologiesin solarchromosphere Filamentsare e-
longateddark featuresflaresarerapid brightenings
and EFRshave darkfibril structurein the centerof
thegrowing region (archfilaments)andbrightpatch-
esat footpoints. Thesethreeactvities have differ-
enttime scales: impulsive flaresoccurin on time
scalef minutes;filamenteruptionsmay be associ-
atedwith flares,andthe procesdastsbetweemmin-
utesandhours;an EFR may take hoursto a day to
be fully developed. We will develop patternrecog-
nition methodsto detectall threekinds of dynam-
ic phenomenonExamplesof existing solarfeature
includestatisticalpatternrecognitionmethoddevel-
opedby Turmon et al. (2002) to label faculaeand
sunspotsneuralnetwork detectionof flaresby Fer



nandezBordaet al. (2002); and MachineLearning
systemgeviewedby MjolsnessandDecostg2001).
However, we found that detectionof dynamicsolar
actvities is still far from beingmature.

(2) We will characterizehe detectedsolar fea-
tures. Thereare mary propertiesof solarfeatures
worthy monitoringandwe cannotincludethemall.
We will concentraten thefollowing featureswvhich
aremostrelevantto the spaceneatheresearch:

(a) We will recordthe orientationof filaments,
in-conjunctionwith the magneticpolarity detection
from full disk magnetogram#o establishthe orien-
tation of magneticcloudsassociatedvith the fila-
menteruptionsandCMEs (Yurchyshyretal., 2001,
2003).Wehavereportedontherelationshipgbetween
the projection speedof CMEs, measurecat 20R,
from SOHO/LASCOimages,andthe hourly aver
agedmagnitudeof the southvardly directedmag-

Nicholsonlaw would bemorelikely to producesolar
flares.

B.3 Utilizing State-of-Art Pattern Recognition
Methods
In this section,we discussseveral methodsthat we
intend to usefor patternrecognitionbasedon so-
lar obsenrations. The scientific goal is to devel-
op new automaticproceduredo detectdisappear
ing filaments, flaresand EFRs. The tasksof sgy-
mentationandclassificatiorarechallengingsinceit
is very difficult to take into accountthe complexity
involved in the humanclassificationprocess. The
initial datato be usedwill be from the full disk
Global Ha Network. The five stationsin the net-
work are at BBSO, Kanzellbhe Solar Obseratory
(KSO)in Austria,CataniaAstrophysicalObserato-
ry (CAQ) in Italy, YunnanAstronomicalObsenato-

neticfield, B, in interplanetaryejecta,asmeasured ry (YNAQO) andHuairouSolarObservingStation(H-

by the AdvancedCompositionExplorer(ACE) mag-
netometer We found that intensity of the B, is an
exponentialfunction of the CME’s speeds.We al-
sopresentlatawhich supportearlierconclusionson
correlationof B, andthe Dstindex. We have devel-
opeda methodto predictthe intensity of geomag-
neticstormswhichis basedntheaboe mentioned
correlationsaandthefactthatthe orientationandchi-
rality of the eruptedsolar filamentscorrespondo
the orientationandchirality of interplanetaryejecta.
Sucha methodwill be usedin real-time,if we can
detectthe filamenteruptionin real time. This will
give a 24 to 48 hoursadvancedwarningof arrival of
geomagnetictorms.Basedon about20 casesstud-
iedsofar (notin realtime), our predictionis remark-
ably accurate.The objective of the proposedstudy
is to have automaticreal-time predictionsof earth-
directedCMEswhich have potentialto producegeo-
magneticstorms.

(b) We will automaticallycalculatethe eruption
speedof eruptingfilamentsby trackingthe front of
filamentsasa function of time. This will aid usto
calculatethe speedf 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 associatedvith
CMEs.

(d) Wewill characteriz¢hegrowth andseparation
speedf EFRs.EFRsarecloselyassociateavith the
triggering of flare and CMEs (e.g. Nitta and Hud-
son,2001;FeynmanandMartin, 1995).In addition,
themagneticorientationof EFRswill be detectedn
real-time,astheregionsthatdo notfollow the Hale-

SOS)in China. Nominally, eachstationobtainsHa

imageevery minute with 1 arcsecpixel resolution.
For thedetectionof EFRs,complementaryeal-time
full disk magnetogramarevery useful. BBSO can
obtainsuchdatasetfrom Big Bearstationof Global
OscillationNetwork Group(GONG).Of course pur
techniquesireapplicableto otherground-basednd
spacadatasets whenthey areavailablein real-time.
Thispartof theresearchs performedwith closecol-
laborationbetweerNew Jersg Instituteof Technol-
ogy (NJIT) and CommonwealthScientific and In-

dustrialResearciOrganizationCSRIO)in Australi-
a.

For over a decadeCSIRO hasbeenactvely en-
gagedn intelligentimageandvideo processingfo-
cusingon databasénformationsearchandretrieval
andautomatedmedicaldiagnosis;e.g. seeCLICK
(CSIRO Laboratory for Imaging by Contentand
Knowledge)reviewed by Reeset al. (1997). A key
outcomeof the databaseesearchs SQIS (System
for Quick Image Search),a systemfor detection,
seggmentationand recognitionof multiple facesin
real-timevideo,which hasrecentlyundegonecom-
mercializationtrials (Qiao et al., 2002). SQIS us-
es a combinationof information technology (IT)
methodsincludingprincipalcomponenanalysiqP-
CA) and supportvector machines(SVMs). The
CLICK experiencein machinelearning, especial-
ly with SQIS, hasalreadyhad a significant, unex-
pected,impactin solar physics. We refer hereto
the problemof inferring vector magneticfields in
solar active regions from the Stokes parameterof
polarizedspectrallines split by the Zeemaneffect.
Solution of this so-calledStokesinversionproblem



hasfor mary yearsbeenachiered by nonlinearieast
squaresnodelfitting. We have shavn thatinversion
usingPCA (Reesetal., 1998,2000)is two ordersof
magnitudefasterthanleastsquareditting, andinver
sion by neuralnetworks (Carroll and Staude 2001;
Aristeetal.,2001)andSVMs (ReesandGuo,2003)
makespossiblesvenfastey nearreal-time,dataanal-
ysis. Our goalof automatedietectiorandclassifica-
tion of solarfeaturesn realtime providesanobvious
opportunityonceagainto applyourIT experiencen
patternrecognitionin the serviceof solarphysics.

Features Extraction Using Image Segmentation
Techniques
We have conductedhe preliminary experimentsof
filamentdetectionusinglocal thresholdingandmor-
phologicaloperatorsThe methodconsistsof anad-
vancedlocal thresholdingpreprocessingtage,sep-
aratingdark featuresfrom a solar disk image, fol-
lowedby a seriesof directionalmorphologicafilter-
ing which extractsdifferent shapes.Although, the
methodhasbeenfavorably comparedgainsthe ex-
isting technique(Gao et al., 2002), the stepof lo-
calthresholdings somevhatheuristicandconsumes
moretime.

With additionalwork on filamentregistration,we

proposethe following steps.Theinitial preprocess-

ing involvesbrightnessiormalizatiorandlimb dark-

eningremoval. We approximatehe limb darkening

by a mathematicafunction for adjustment.We al-

soperformequal-areamormalization.Usingthe disk

centerandradius,thedisk is transformedo achie/e

uniform areaof solarfeaturesthroughoutthe disk.

After preprocessingye performa globalthreshold-
ing and employ morphologicalclosing operations
with multi-directionallinear structuringelementdo

extractelongatedshapesn theimage. After logical

union of the directionalfiltering results,remaining
noiseis removedfrom thefinal outcomeusingmor-

phologicaldilation anderosionwith a circularstruc-
turing element.

We will extensvely testthe performanceof the
new procedure®n serialsolarimages. The experi-
encedn the sgmentatiorof filamentswill betrans-
formed into the detectionof other solar features,
suchasflaresandEFRs.

Feature Classification Using Machine Learning

Mijolsnessand Decoste(2001) have highlightedthe
enormougpotentialof machindearning(ML) for the
future of science. In the contet of solar physics
applicationof ML is only just beginning. Herewe
outline our plansto useseveral ML techniqueso

achieve our goalof on-line(real-time)monitoringof
dynamicphenomenan the solarsurface. Not only
do we wish to detecteruptive eventslike flaresand
CMEswhenthey happenput alsowe would like to
beableto predicttheirlikely onsetbasedon spatial-
temporalsurfaceindicatorsprior to suchevents.

FEATURES CLASSIFICATION USING NEURAL
NETWORK APPROACHES

A neuralnetwork is aninformation-processimsys-
tem that has certainperformancecharacteristicsn
commonwith biological neural networks. Neural
networks have beendevelopedasgeneralizationsf
mathematicamodelsof humancognitionor neural
biology. A neuralnetwork is characterizetby (1) its
patternof connectionsetweenthe neurons,(2) its
methodof determiningthe weightson the connec-
tions, and (3) its activation function. The architec-
ture consistsof aninput layer, a numberof hidden
layers,and an outputlayer The processingability
of the network is storedin theinterunit connection
weights,obtainedby a proces®f learningfrom aset
of training patterns.

A major steptowardsthis goal is the automatic
real-timeflare detectionsystemdevelopedby Fer
nandezBordaet al. (2002) usinga multiplayerper
ceptronneuralnetwork (Rumelhart1986). We have
experiencein this type of neural network applied
to datainversionin solar spectroscop (Ariste et
al., 2001). Also we have conductedresearchon
anAdaptive-Resonance-Theo(ART) basedheural
architecturefor patternrecognitionand image en-
hancementvithout prior knovledgeusing(Shihand
Chang,1992). Building on this expertisewe pro-
poseto investigatethe applicability of neural net-
works, specificallymulti-layer perceptronsto flares
andothersolareventdetection.

We have alreadybegun this task. We have con-
ductedresearcthon an Adaptive-Resonance-Thepor
(ART) basedneuralarchitecturefor patternrecog-
nition andimageenhancemenwithout prior knowl-
edge(ShihandChang,1992). In orderto build the
trainingsetfor the neuralnetwork, the solarfeatures
areselectedrom the BBSO database We arecur-
rently usingthefollowing imagefeatures:(1) mean
brightnessof the imageframe, (2) standarddevia-
tion of the brightness(3) the brightnessof the pixel
of maximumbrightnesglerivative betweerconsecu-
tiveimages(4) radialpositionof thatpixel, (5) vari-
ation of meanbrightnessbetweenconsecutie im-
ages,and(6) contrastbetweenthe point with max-
imum brightnessderiative and the minimum of 5
by 5 neighborhood.The neuralnetwork, trainedby



the back-propagatioralgorithm(Rumelhart,1986),
is usedfor solarfeatureclassification.

RBF AND SVM APPROACHES

The focus of solar phenomenaletectionis to de-

velop efficient feature-basedlassifiersand reduce
the dimensionality Two adwancedtechniquesoth-

er than back-propagatiomeural networks are pro-

posed:RBF classifiersand SVM classifiers.Radial

Basis Function (RBF) network is a two-layer hy-

brid feedforwardlearningnetwork. It is afully con-

nectechetwork andgenerallyusedasa classification
tool. It wasintroducedby Broomheadand Lowe

(1988). In a RBF model, thefirst layer from input

nodesto hidden neuronsis an unsupervisedayer

and the secondlayer from hidden neuronsto out-

putnodess a supervisedayer Eachhiddenneuron
hasa radial symmetricbasisfunction asits actva-

tion function. The characteristideatureof the basis
functionis thatits responselecreasegor increases)

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 guaranteedo corvemge
to a global minimum during training. Moreover
they have bettergeneralizatiorcapabilitieshanneu-
ral networks (Cristianini and Shave-Taylor, 1995).
SVMs bring usto the researchrontier of ML. New
theoreticalandtechnicalresultsappearon a regular
basis,oneof the mostimportantbeinga fully auto-
matic procedurdor optimal parametespecification
in theso-calleckernelfunctionsatthe heartof SVM
technology(Momma and Bennett,2002). This re-
movesthetrail-and-erroraspecfrom SVM training.
RecentlyReesand Guo (2003) developedMultiple
SupportvVectorRegressioNMSVR), anovel, gener
ic, techniquefor solvinginverseproblems.

SVMs have beenshavn to outperformneuralnet-

mor_lotonic.allywith distancefrom'the centerof the worksin anumberof applicationsncludingpharma-
basisfunction. The centersthe distancescale,and ceuticaldataanalysis,dynamicreconstructiorof a

the figure of the basisfunction are the parameters chaoticsystemandtime seriesprediction(Cristiani-

of themodel. Typically, Gaussian-lie anddirector
inversemultiquadric-lile radial basisfunctionsare
mostly usedasactivation functions. The purposeof
the hiddenneuronsis to clusterthe input dataand
reducethe dimensionality

The transformatiorbetweenthe input nodesand
hiddenneuronds non-linear It meanghatthe first
layerconnectingheinputnodesandthehiddenneu-
ronshasunit weightanddoesnot have to betrained.
However, the transformationof the secondlayer is
linear Theobjectve of theRBF network is by train-
ing datato minimize the sum of squareerrorsand
find the optimal weights betweenhidden neurons
andoutputnodes.Theseoptimalweightscanclassi-
fy effectively thetestdatainto correctcorresponding
classesTherearesomedifferenttrainingprocedures
like two-stagetraining, back-propagationraining,
and support-ector training that can be appliedto
RBF network (Schwenler et al., 2000). The appli-
cationsof RBF network includethe classificatiorof
3-D visualobjects high resolution handwritterdig-
its (Schwenkretal.,2000),andfacerecognition(Er
etal.,2002;HuangandWechsler1999).

Thebasicideaof SupportVectorMachine(SVM)
is to separatetwo input patternvectorsinto two
classesby a hyperplanein a high dimensionals-
pace.Whatthis meanss thatwe alwaysincremen-
t the dimensionby one, if we fail to separatehe
input patternvectorsin dimensiond. We do not
stopthe processuntil the desiredpropertyis satis-
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ni andShave-Taylor,1995). We will applySVMsto
solarfeatureandeventdetectiorto ascertairwhether
they outperformneuralnetworks.

Our preliminarystudylooks promising. We have
comparedheefficiengy of usingfeature-basedlas-
sifiersto detectsolarflares: 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 classify differenttypesof
solarfeatures.

C. Real-Time Image Reconstruction with
Parallel Computer Cluster

C.1 Intr oduction — Two Differ ent Methods
Seeings the primary obstacleo obtaininghigh res-
olution time-seriesof solar obserations from the
ground. Turbulencein the atmospherealong the
line-of-sightrandomlydistortsthe wavefronts. The
resultis blurring and geometricaldistortionsin the
collectedimages.

Adaptive optics (AO) canfix someof the prob-
lem, but the high bandwidthcorrectionneededal-
lows only partial correction. Also AQO is not so ef-
fective for large fields of view becausef anisopla-
natism. Largefields-of-viev (FOV) arerequiredfor
spacewneathempplications.Thesolutionis postpro-
cessingof imagedatain subfieldssmallerthanthe
anisoplanati@angle,which for mary applicationss
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Figure2: Typicaldatacollectionschemeillustrating
the datacollectionmodel. Only the straightthrough
pathis usedfor speckleinterferometry Shortexpo-
sureimagesarecollectedfor eachof multiple atmo-
sphericrealization.For phasediversitymethodsthe
corventionalshort-eposureémagesaresupplement-
edwith additional,simultaneousmagesthatarein-
tentionallydefocused.

PhaseDiversity (PD) methods,seeSectionC.2,
utilize a model of the image formation processto
constrainthe estimationof the aberrationsand the
commonobjectin two imagechannelsvith aknowvn
differencein the pupil phase usually a focus shift.
An image collectedin this secondoptical channel
will containthe effectsof the unknavn phaseaber
rationsbut will alsobeinfluencedby theintentional
defocuswhich addsa known quadratigphase.

It is someavhat remarkablethat estimatedor the
object and the unknavn aberrationscan be made
from thesetwo images,given the known quadratic
phasealiversity However, in stressingegimes(e.g.,
poor seeingor weak signal levels) a single pair of
phase-diersity imagesmay not containenoughin-
formationto estimatejointly and with high fideli-
ty the objectandwavefront. Even underfavorable
conditionsfor which phasediversity is ableto pro-
duce good wavefront estimateswe have obsered

on the orderof < 5”. The problemis to separate that objectinformation at isolatedspatial frequen-
the objectandthe aberrationstwo unknavn quanti- ciesmay beirretrievably lost, resultingin objectes-
ties, in the imagesin the presenceof noise,a third timateswith significantartifacts. Thesecasesmo-
unknavn. The exposuretime for eachframe must tivate a third fine-resolutionimaging techniquere-
beshortenoughsothattheevolving atmospherean ferredto asPhase-DierseSpeckle(PDS— seePax-
beregardedasfrozenduringtheexposure.Thedata manetal., 1992b),which requiresthe simultaneous
collectionmodelis shavn in Figure2. Two different collectionof onecorventionalshort-exposureimage
approachesave beendevelopedandusedfor larg- andatleastoneshort-exposureimagewith phasedi-
er solardatasets:SpecklelnterferometryandPhase versity for eachof multiple atmosphericealization-

Diversity
Speckleimagingis a relatvely maturetechnique

S. The problemwith missinginformationat isolat-
edfrequenciesanbe fixed by usingPD separately

for obtainingfine-resolutionimagesin the presence on eachimagepair in a PDSdatasetbut thenusing

of atmospheridurbulence. This techniquerequires
the collection of mary short-eposure images of
a static object. Clever processingof this short-
exposuretime seriesaffords the restorationof fine-
resolutioninformationthatwould beirretrievableif
asingle,long-exposureimagewerecollected(Dain-
ty, 1984). Speckleimaging requiresthe collection
of 100 or moreimagesso that the ensembleaver
ageovertheclassof all possiblerealizationamaybe
approximatedy an arithmeticaverageover a finite
numberof realizations. Speckle-imagingnethods
have beensuccessfullyadaptedo the solarimaging
problem (Keller and von der Liihe, 1992; de Boer
andKneer,1992;von der Luhe,1993,1994). The
paralleloperationfor speckleimaginghasbeenim-
plementecat BBSO (Denler etal., 2001). This will
not be one of the primary topicsin the proposal.
However, our experiencein speckleimaging with
parallel cluster will aid the more importantcom-
ponentof the proposal: the phasediversity speck-
le imaging. Figure 3 shavs an exampleof speckle
reconstructiorusing1K by 1K cameraat BBSO.

the full setto make a singlerestorationof the com-

mon object (Lofdahl and Scharmer,1994), a tech-

niquereferredto asPartitionedPDS (Paxmanetal.,

1996). For the problemwith poor seeingandweak
signal, however, the solutionis to jointly process
the whole set (Paxmanet al., 1992b; Paxmanand

Seldin, 1994); this methodgoesby the nameJoint

PDS(Paxmanetal., 1996).

C.2 PhaseDiverseSpecklelmaging

First proposedby Gonsales and Chidlav (1979)
andGonsales(1982),PD wasnotdevelopedfor so-
larimaginguntil in theninetieswhenPDS(Paxman
etal., 1992b)wasincorporatedTypically, PD meth-
odsusetwo light channelspnein-focusandoneout-
of-focusimage; the aberrationsare then estimated
and correctedby combiningthe informationin im-
agesfrom thetwo channels.The out-of-focuschan-
nelcanbecorvenientlyarrangedvith asimplebeam
splitteranda seconddetectorarraythatis translated
alongthe optical axis asin Figure2 or with a com-
binedbeamsplitterandmirror thatputsbothimages



Figure3: Specklereconstructiorf actve region NOAA 8673obseredwith thelk 1kpixel, 12-bitSMD

CCDcameraon27 August1999.TheFOV is 76"
amountgo 12.6cm.
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Figure4: A simplePD detectorcanbe madeby glu-
ing a cubebeamsplitteranda prismtogetheiin this
configuration. Varying the size of the cube,a, and
a displacementh, betweencube and prism allows
somefreedontor settingtheamountof diversitydis-
placementAz, and matchingthe separatiorof the
two imagedto thedetectorsize.

onthesamedetectore.g.asshavn in Figure4.
PD methodslike Specklemethodsrequireshort-
exposureémageq < 10ms)to ‘freeze’thewavefron-

40', theexposuregimeis 4 ms,andtheFried-parameter

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

Thefirst usesof PD to retrieve fine-resolutiorso-
lar imageswerereportedby Lofdahland Scharmer
(1993, 1994) and Seldin and Paxman(1994). S-
ince thenit hasbeenusedfor large scaledatapro-
cessingby Lofdahl et al. (1998,2001), for investi-
gationsof G-bandbright point dynamics(Berger et
al., 1998a,b;van Ballegooijenet al., 1998). Other
projectsinclude reconstructiorof white-light, line-
wing, and magnetograndatafrom a low-order AO
systemfor delivering new resultsin the evolution of
small-scalemagneticfield, aswell assunspotpho-
tometry(TritschlerandSchmidt,2002;Kelleretal.,
2000).

Very recently Lofdahl (2002)developedanalgo-
rithm for Multi-FrameBlind Decomwolution (MFB-
D) togetherwith a setof linear equality constraints
that describethe data collection scheme. PD and
JPDS are casesthat can be treatedwith this ap-

t aberrationswhich makes it possibleto separate proach,as demonstratedy Lofdahl and Scharmer

the objectinformationandtheinformationon atmo-
sphericturbulence.Also thepreprocessing similar

(2002, seeFigure5), who JPDSprocessea long
sequenceof imagesfrom the new Swedish1-m

with the usualcorrectionsby meansof the average Solar Telescopefor studying the fine structureof
darkandflat field image. The imagedisplacements sunspofpenumbra€Scharmeeet al., 2002),seeim-

within the sequenceare estimatedalong with oth-

agesanda movie at



Extendedbject

Phasescreen Beamsplitter ~ PD Detector
M
——
" 2 PD Detector
Collectedimages: —~
Ap ﬁ ﬁ ﬁ ﬁ Phasdlifferenceconstant
overtime.
w (OO0 -0

Figure 6: Extendeddatacollectionscheme.Here,
thetwo detectorsare equippedwith PD beamsplit-

terssimilar to the onein Figure 4, so eachcamera
collectsPDSdatasets simultaneouslyn two differ-

entwavelengths A; andA,, respectiely. Seealso
Figure2.

. The new formulation also ac-
commodategoint 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 the ErvironmentalResearchnstitute
of Michigan(known asERIM codes)areproprietary
andthe sourcecodeis not available. Our proposed
new methodwill have thegreaterflexibility andwill
befreeavailableto scienceandengineeringommu-
nity. Dr. Lofdahlwill bethemaincontritutor to this
effort.

Here follows a descriptionof the approachof
Lofdahl (2002). Unless auxiliary information is
used,the Blind Decorvolution problemfor a sin-
gle frameis not well posedbecausédhe objectand
PSFinformationin a dataframe cannotbe separat-
ed. Thereare differentways of bringing auxiliary
informationto bearon the problem. MFBD uses
several frameswhich helpssomevhat, becausehe
solutionsare constrainedoy a requirementhatthe
objectbe the same,but is often not enoughto get
usefulresultswithout further constraints.Oneclass
of MFBD methodsconstrairnthe solutionsby requir
ing that the PSFscorrespondo wavefrontsover a
certain pupil geometry expandedin a finite basis.
Thisis aneffective approactbut thereis still a prob-
lem of unigueness$n that differentphasesangive
thesamePSF PhaseDiversityandthe moregeneral
PDSmethodsarespecialcasef this classof MF-
BD, wherethe obserationsare usuallyarrangedso
that in-focus datais collectedtogetherwith inten-
tionally defocuseddata, where information on the
objectis sacrificedor moreinformationontheaber
rations. The known differencesand similaritiesbe-
tweenthe phasesreusedto getbetterestimates.

We first presenta techniquefor jointly estimat-
ing the commonobjectandthe aberrationsn a se-
ries of imagesthat differ only in the aberrations.
With no extra informationbeyondtheimageforma-
tion model,including aberrationgrom the phasen
the generalizedpupil transmissiorfunction, it is a
Maximume-Likelihood (ML) MFBD (Schulz,1993)
method. Constrainingthe PSFsto be physical by
requiringthatthey comefrom anunderlyingparam-
eterizationof the phaseover the pupil is a powerful
technique Although suchmethodsdo work (Schulz
etal., 1997;VanKampenandPaxman,1998),meth-
ods using more information work better (Tyler et
al., 1998). Datasetsusedin Phase-DierseSpeckle
(PDS)interferometryPaxmanretal., 1992b;L 6fdahl
andScharmer1994; Paxmanet al., 1996) hassuch
extrainformationin theform of two (or more)imag-
ing channelswith a known differencein phase(at
leastto type),with Phasiversity(PD) (Gonsales,
1982;Paxmanet al., 1992a;L ofdahlandScharmer,
1994)asthe specialcaseof only one suchpair (or
set). Theseareall differentdatacollectionschemes
lending themseles to similar joint inversiontech-
niques. The purposeof the formulation presented
hereis to recognizethe similaritiesand outlining a
methodfor treatingthemall with asinglealgorithm.

We use an isoplanaticimage formation model
with Gaussiawhite noise,which meanghatwe as-
sumethatthe opticalsystemcanbecharacterizetby
a generalizedoupil function, which canbe written,
for animageframewith numberj 1 J ,as

P Ajexp ig 1)
wherecpj isthephaseandAj is abinaryfunctionthat
specifieshegeometricakxtentof thecorresponding
pupil. A dataframedj canthenbeexpressedsthe
corvolution of anobject, f, andapointspreadunc-

tion (PSF),SJ- 1 P; 2. In the Fourier domain
we get

D.

j u

Fu S§u Nu (2)
whereu is a 2-D spatialfrequeng coordinate §; is
the OTF, N j is anadditive noisetermwith Gaussian
statistics,appropriatefor low contrastobjectslike
the solarphotosphereFor brevity, we will dropthe
u coordinatefor theremaindelof this section.

We parameterizéheunknavn pupil phasedby ex-
pandingthemin asuitablebasis, ym, , allowing for
apartof the phase,ej , to be exceptedfrom the ex-



Figure5: JPDSrestorationof G-band430.5nm imagesfrom the new Swedishl-m SolarTelescope.Top
row: restoredobject;mid row: corventionalin-focusimages;bottomrow: correspondingliversity out-of-

focusimages.Tick marksarel” apart.

pansion,

M
@ 6 ;ajmwm; i (3)

The Gaussiarwhite noiseassumptiorallows us to
usetheinverseWienerfilter estimateof the object,

Y D, )
J

Ol

where

J
Q Yobj z Sj 2 )
J

to derive a metricin a form that doesnot explicit-

ly involve the object(Gonsales,1982)andthathas
beenshavn to correspondo a ML estimateof the
phasegPaxmanetal., 1992a).With two regulariza-
tion parametergVogel et al., 1998),this metriccan
bewrittenas

J ID.S 2

La %ZDJZ LQ’S’
Mg ) (6)
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Whenminimizing L, they,,; termin Q hastheef-
fectof establishingstability with respecto perturba-
tionsin the object. The otherregularizationparame-
ter, y,;, Stabilizesthe wavefrontestimatesFor sim-
plicity, this termis given underthe assumptiorthat
the Y, areatmospheridkarhunen-Lewe functions
(Roddier 1990),whereA, is the expectedvariance
of modem. In the generalcase the wavefrontreg-
ularizationtermis a matrix operationinvolving the
covariances.

Notethat,althoughpresentedn a PD setting,this
metric hasnothingto do with PD perse,it is justa
MFBD metric. Efficient minimizationof L requires
the gradientsand, for somemethods,the Hessian
with respecto theaberratiorparameters.

We lexicographicallyarrangeall the ar;,, in a sin-
glecolumnvector a, with N JM elementssothat
we canalsoreferto themasap, with a singleindex
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We canthenwrite the normalequationsof the MF-
BD problemasamatrix equation,

AMFBD da bMFBD 0

(8)

wherethe elementf theright handsidevectorcan
bewrittenas

bl e 2 JimP;, pRe 'FD
a.
Fsz Ym Vmﬁ 9)

The constrainedminimization problemin a can
be transformednto an unconstraineaninimization
problemin a reducedsetof variables,3, an N’ el-
ementvector of parameters, . The normal e-
quationsfor the transformedproblemare obtained
by left-multiplying Eq. (8) with the null spacema-
trix of the constraintpertinentto the datacollection
schemausedQJ, andsubstitutingQ, 0 for da,

(g'zl—p\MFBD(g2 5B Q—Zr bMFBD 0 (10)
Oncewe have a solutionfor 3, we easily get the
solutionfor a by backsubstitution.With theappro-
priatenull matrix, thisis equialentto thetraditional
JPDSalgorithmfor Gaussiaradditive noise.

Phasediversity imaging is particularly suitedto
dataobtainedbehindan AO systenmsinceit doesnot
requireanamplitudecalibration.

C.3 Parallel Computing Implementation of
Phase-Dverse Specklelmaging

Ourresearclobjective is to createjn theterminolo-
gy of DefenseAdvancedResearchProjectsAgens/
(DARPA) (see

), a High Productvity Computing System(H-
PCS)for spaceweatherresearctihatwill usestate-
of-artparallelcomputingmethodologiesindtoolsto
optimize phasediversespecklecodesandto obtain
large sizediffractionlimited datain realtime.

As we mentionedearlief BBSO hasdevelopeda
32-nodeparallelsystento carry-outrealtime speck-
le reconstructioDenler et al., 2001) for the 1024
by 1024 pixel imagesequencesThe codeis writ-
tenin C++. It providesone processedmageeach
minute. The numberof raw datausedis about100

(selectedout of 500). The current phase-dierse
speckleimaging systemin the National Solar Ob-
senatory (NSO)useslO pairsof bestimagesout of
several hundreds. The currentcomputationtime is
aroundl hour Ourgoalis to provide realtime data
with acadencef 10 seconds.

Given the high volume of data and processing
times involving image preprocessingFFT opera-
tions anditeratve methodsthat themseles involve
sparsematrix computations,parallelism provides
probablythe only choiceto reducerunningandre-
sponsetimesto achieve real-timeor closeto real-
time performanceln generalthe useof parallelism
canimprove performancen two ways:

1. betterscalabilityof the massie numberof im-
agess possible sincelargerimagesor increas-
ing numberof imagescanbehandledwithin the
sameresponsdime (responseime remainsthe
same)arge problemsizescanbe solvedwithin
the sameamountof time),

2. a significantreductionin responsdime for a
given problemsize can be achieved (problem
sizeremainsthe same,responsdime decreas-
es).

In this researcteffort we will mainly concentrat®n
achiezing objective 2. Objective 1, however, maybe
dealtwith if increasingthe numberof imagespro-
cesseccould substantiallyimprove performanceor
thereliability of the predictions.

Achieving high performancen ary multiproces-
sorsystemis a challengingtask. Thisis moresofor
the clusterof PC workstationsthatwill be usedfor
computationasupportin this project. Severalissues
needto be resohed relatedto optimizing proces-
sor utilization (e.g. workload balancingamongthe
processors)ninimizing interprocessocommunica-
tion and synchronizatiortime, and achieving opti-
mal datadistribution and decomposition.We have
beenableto dealwith all thesassuesuccesskely in
the past(GerbessiotisindValiant, 1994; Gerbessio-
tis andSiniolakis,1999,2002a,bGerbessiotigtal.,
2002).

The implementationof the HPCS systemfor s-
paceweatherpredictionwill be carriedout on top
of the MessagdassinginterfacearchitecturgMPI)
(Pacheco1997;Sniretal., 1998;Groppetal., 1998,
1999a,b); the LAM-MPI (Burns et al., 1994) im-
plementations readily availableandpreinstallecon
variousLinux distributions. We have had consid-
erableexperiencedealingwith suchissuesin a PC
cluster ervironment (Gerbessiotis2002a,c,b). In
our implementatiorefforts we will useC/C++ and
avoid a less efficient mixing of C and the ANA
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programminglanguagethat was usedbefore. This

andverifiedtheseconclusiondy carryingoutexper

would make our systemsimplerto useanddecrease imentalstudieghatconfirmedthetheoreticapredic-

responsdimes to satisfy the criterion of real-time
performance.

A variety of parallelparadigmswill be explored
and utilized in this researcheffort. Becauseof the
sheervolumeof imagedatataskparallelismKumar
etal. (2001)involving the imagesequencewill be
used. For real time specklereconstructiorfor ex-
ample,this would leadto the distribution of 100 or
moreimagesevenly amongthe clusterprocessorso
initiate individualandindependenprocessingSuch
an approachmay not requireary kind of comple
andnontrivial datadistribution otherthanthe obvi-
ousoneof distributingtheimages.For phase-dierse
speckleimagingthe numberof isoplanaticsubfield-
s of approximatelyl00 100 pixels may reachup
to 100in numbey with 6—20imageframesper sub-
field. Theimageframesof a subfieldafter process-
ing would generatea restoredmageof the subfield
and the combinationof the restoredimagesof the
100 subfieldswould createa restoredimageof the
entire FOV. This naturaldatadistribution of the en-
tire FOV into subfieldswill be utilized for the task

tionson avariety of parallelplatformsthatincluded
theCrayT3D, IBM SP2,SGI Paver Challengeand
clusterof SMP PCs. In all suchproblemswe had
to deal with issuesrelatedto datadistribution and
work-load balancingin achiesing optimal perfor

mance.In additionthe architecturéndependente-
signof our algorithmsallowed usto reliably predict
theirperformancdeforewe ranthemonaparticular
parallelplatform. Thesetheoreticalpredictiontools
(Valiant, 1990; Gerbessiotisand Valiant, 1994) will

be emplgredin this researcheffort, asthey will al-
low usto decideearly on which approactwill lead
to significantimprovementsn performance.

We have alsoworked on problemsof combinato-
rial computingsuchassorting,searchingandselec-
tion andtheir applicationgo parallelheapsandpar
allel priority queues.In sucha setting,we explored
whetherfor certainproblemst makesmoresenseo
designapurelyparallelandnew (but also,comple)
datastructureor it makesmoresensedo usea glob-
al structureconsistingof local disjoint copiesof the
correspondingequentiaktructureon every proces-

of allocatingjobs(subfieldprocessingjo processors sor and useparallel methodsto searchandretrieve

andthe subsequentombinationof therestoredsub-
fields. Keepingrackof thebusyprocessorfromthe
idle or unavailable processorandthe assignmenof
processorso varioustaskswill involve theuseof a
staticload balancingschemen the proposedHPC-
S systemthat will ensurethat processouutilization
be maintainechigh; sucha methodwill alsowarrant
somelevel of faulttoleranceandincreaseawvailabil-
ity.

The natureof the problemsthatneedto be solved

itemsfrom the datastructureandmaintainthe glob-
al structuresynchronized.Suchan experiencewill
alsobeusefulin this effort.

The end-resultof this researcheffort will be the
useof our experiencesn parallelalgorithm design
and implementationin building a HPCSfor space
weathermresearch.Our proposedlusterwill be sta-
tionedatBBSOin California. In ourinitial effort we
will usethe PC ClusterLaboratorythathasbeenes-
tablishedat the CS Departmentt NJIT with partial

andthe useof taskparallelism,doesnot necessitate supportfrom NSFunderMRI grantNSF/9977508.

at leastinitially the useof dynamicload balancing
approacheto replacethe staticapproacheghatwill
be emplgyed. High availability will be maintained
by keepingtrackof the stateof the nodesof theclus-
ter; this informationwill be collectedand usedby
theload-balanceresponsibldor taskallocation.

In therecenipastwe have performedvork onpar
allel numericalcomputingapplicationsand we de-
signed,analyzedandalsoimplementedarchitecture
independenparallelalgorithmsfor variousdecom-
positionmethodqCholesly, Gauss-Jordaglimina-
tion, etc.) and computationalproblemsin finance
(e.g. option price valuationson binomial and tri-
nomial treesand with the Blacks-Scholesormu-
la using the explicit finite differencemethod). We
shawved theoreticallythe optimality of our designs

As partof anon-goingeffort underthis project,de-

sign of parallelalgorithmsand developmentof par

allel codefor a variety of problemshasbeencom-

pleted.Thedevelopedcodesofarincludes:
1. primitive operationselatedto broadcastingnd
parallel prefix, memoryefficient (but synchro-
nization inefficient) and memory inefficien-
t (but synchronizationefficient) versions of
densematrix multiplication,

. binomial-treebasedstock option price valua-
tions,

. trinomial-treebasedparallel option price valu-
ations,

. paralleloptionvaluationsby the Black-Scholes

formula using the explicit finite difference

method,

densematrix computationgeg. matrix inver

11



sion, Gauss-Jordamlimination and Cholesly
factorization)andfunctionsthat allow the dis-
tribution to processorandcollectionfrom pro-
cessorof matricesunderdifferentdistribution
patternsand

. developmentof benchmarkprogramsthat es-
tablishthecommunicatiorandsynchronization
capabilitiesof the communicatiometwork of a
parallelplatform.

Accordingto Moore's law of exponentialgrowth
in computingpower, we canexpectan increaseof
computingpower by a factorof 16 over the next 6
yearswhichwill allow usto operatelk 1koreven
2k 2k pixel CCDcameragor phase-diersespeck-
le imaging. Thiswill berightin time for anext gen-
erationof 4 meterclasstelescopesvhich will pro-
vide a spatialresolutionof 0”05 at 500 nm, i.e., a
FOV of aboutl00’ 100’ fora2k 2k pixel CCD
camerawhich is sufficient to cover large sunspots
and(substantiapartsof) active regions. We arecer
tain thatlarge format, high framerate CCD cameras
for phase-dierse speckleimaging in combination
with parallelcomputerswill becomestandargoost-
focusinstrumentdor advancedsolartelescopes.

D. Distribution and Application of Data
and Resultsfor SpaceWeatherReseach

D.1 Scientific Applications of Reconstructed
Data

The systemdiscussedbore will bea powerful tool
for mary areasin high resolutionsolar physicsre-
search.As our main scientificobjectve is for real-
time spaceweathermonitoring and prediction, we
will concentraten a targetedstudy: monitoringd-
iffractionlimited atmospheristructureof flaringac-
tive regionsin realtime.

There are two very importantaspectsof evolu-
tion of active regions which may be closely asso-
ciatedwith solarflares: (1) new flux emegenceand
(2) unusualflow motions. Thesetwo kinds of phe-
nomenanayalsobeassociatefTanaka,1991;Zirin
andWang,1993). A few well-knowvn actie region-
s shaved the correlationbetweenflux emegence,
flows andmajorflares.Two of thebestexamplesare
March 1989 NOAA 5395 (Wanget al., 1991)and
Junel990NOAA 6659(Zirin andWang,1993)ac-
tive regions. In Figure7, we demonstrat¢he “mag-
netic channel” structureas discussedy Zirin and
Wang (1993). The channelwas producedby the
new flux emegenceand appearedas complicated
flowsalongthechannelsTheareawith strongflows,
new flux emegence andcomplicatecchannektruc-

turewasalsoohviously associateavith severalma-
jor flaresin this active region. The flux emepgence
destabilizeghe existing magneticconfigurationand
causesnagneticreconnection. Flow motionsmay
contrikute to the twist of flux ropesby moving foot-
pointsaround. Suchflow and channelstructureis
not well understood- it requireslong sequences
of high resolutionobserations. Studiesat BBSO
have demonstratedhe value of diffraction limited
obserationsin theflaringregion (DenkerandWang,
1998).

If the speckleand phasediversity observingse-
guencesare processedoff-line (as we are doing
now), the chanceof studyingthe long term evolu-
tion of an active region and catchingflaresduring
the obserationsis slim. Becausewe storeall the
raw imagesin hard disk, it is usuallyfilled up in
half hour, andit will take mary hoursto severaldays
to procesghe data. Our proposedsystemwill only
save constructedmagedata—thereforethediskwill
be big enoughfor severalday’s continuousobsenra-
tion. Therealtime dataproductwith thediffraction-
limited quality is essentialn this study Whenthis
parallelclusteris built andoperationalwe will fol-
low all flare productve regions,with animagescale
of 0”1. Theactie regionsflows will be derived by
local correlationtracking and featuretracking. We
expectto answerthefollowing questions:

1. Do flaring active regionsalwayshave the com-

plicatedflows asdiscussedbore?

2. Are theseflows alwaysassociatedvith flux e-
meigence?

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

We anticipatethat we will answerthe above ques-
tionsbetter whenwe combineour obserationswith

high resolutionflare obserationsof satellitessuch
as RHESSIland TRACE, in understandinghe de-
tailedenegy build-up andreleaserocesses.

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

Our ultimategoalis to provide high quality dataand

spaceweatherforecastingin realtime. BBSO has

establisheda web sener, and our automaticsolar

actvity detectionandreal-timediffraction solarim-

ageswill beimportantadditionsto the system.

In our currenton-line system gvery hour, images
from our GlobalHa Network aretransferredo the
web-basedBBSO Active Region Monitor (ARM,

), which also includes
the mostrecentfull-disk EUV, soft X-ray, continu-
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Figure7: A line-of-sightmagnetogranof Junel0, 1991 active region NOAA 66590btainedat Big Bear
SolarObsenatory It is a d sunspogroup. Thefield of view is 5 by 4 arcmin.White andblackgrayscales
representield strengthof positve andnegatve magneticpolarities,respectrely. The dominantnegative

spotsare surroundeddy oppositepolarity satellite spots. On the lower-right corner(marked by a white

box), magneticchannelstructureis visible dueto new flux emegence.

um and magnetograndatafrom the Solarand He-

liosphericObseratory (SoHO)andY OHKOH (un-

til Decembe001). ARM alsoincludesa variety of

active region propertiesfrom the National Oceanic
and AtmosphericAdministrations (NOAA) Space
EnvironmentCenter(SEC), suchas up-to-dateac-

tive region positionsand flare identifications. Fur-

thermorewe have developedaFlarePredictionSys-
tem (FPS)which estimateghe probability for each
active region to produceC-, M-, or X-classflares
basedn nearlyeightyearsof NOAA datafrom Cy-

cle 22. This, in additionto BBSO’s daily solarac-

tivity reports,hasprovento be a usefulresourceor

actvity forecastingGallagheretal., 2002).

Thenev Webpageswill includerealtime reports
of all thefilaments(andtheir disappearancedjares
andEFRs.Thesize,locationandtwo ribbonsepara-

proposedresearch,and the links among differen-
t components.

The Virtual Solar Obseratory (VSO) is a com-
munity effort, which attemptsto distribute ground-
basedand spacedatato usersuniformly and effi-
ciently (Hill, 2001). We will actvely collaborate
with NSO groupto include our real-timedataand
forecastingasa partof VSO. TheVSO effort is lead
by NSO.Oneof Co-Plsin our proposal,Dr. Keller
is ateammemberof VSO. In addition,we include
a high-endsener in our budgetand proposeto de-
velopa state-of-aruserinterfacefor quick andeasy
acces®f the databy the spacenveathercommunity

In orderto maintainour objective of building a H-
PCSfor spacewneatherresearchwe shallalsodevel-
op a web-basednterfaceto the parallel computing
modulepreviously describedTheresultsof thedata

tion speedf flares andinformationof disappearing processinguill becomeavailablethroughthis inter

filamentswill be postedin realtime. Thereal-time
diffractionlimited active region imageswill be also
postedon the web, alongwith flows derivedin real
time by local correlationtrackingandfeaturetrack-
ing.

Figure 8 shaws the structureof nev contentsof
spaceweatherforecastingpbasedon resultsfrom our

face. Open-sourcesoftware tools will be usedfor
the developmentof this interfaceandthe accessof
theraw andthe processedlata. A Linux-basedA-
pacheweb-sererwill beutilized. Web-basedorms
in HTML will be processedy Perl scriptsand if
neededC programsto generateand return the re-
quired responsedy accessinga MySQL database
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Figure8: A block diagramshawing theinterconnectiorof differentresearcltomponents.

sener/engine.

Of particularrelevanceto the currentprojectis
SolarSPIRE(Hill et al., 2002) basedon SPIRE
(Bemgmanet al., 2000), a digital library systemfor
content-basedearchand retrieval in scientificim-
agedatabasesThis hascloselinks to CSIRO’s re-
searchon imagedatabases A key contritution of
this work wasthefusion of spatiotemporainforma-
tion throughobject segmentationand tracking, en-
abling a so-calledtime seriessegmentationof solar
eventsbasedn atechniquecalledmultiple abstrac-
tion level mining (MALM) (Li etal., 1998). Solar
SPIREwas usedfor automatedoff-line (non real-
time) detectionof CMEsin datafrom the Solarand
HeliosphericObsenatory (SOHO).In abenchmark-
ing testusingtwo monthsof SOHOiImagesanaccu-
ragy of betterthan85%wasachiezedagainsiground
truth basedon CME eventsidentifiedby humanob-
seners.

Turmon et al. (2002) useda Bayesianstatistical
framavork for automateddentificationof structures
onthesurfaceof the Sun,specificallyquietSun,fac-
ulaeandsunspotsThey have appliedthis methodto
off- line processingf imagedatafrom the Michel-
sonDopplerimagerexperimenton the SOHO.

cal DataBaseManagemen8ystemgDBMSs) spe-
cializedto theirrespectre medium.Moreover, since
dataretrivalsexhibit atemporalcorrelationsuchthat
a newly generatedmagesare retrieved more fre-

quently and older oneslessfrequently It is cost-
effective to have a hierarchicalstoragearchitecture,
where older imagesare storedin a lower-cost but

slower storagesystem(e.g., optical systems)and

more recentimagesin a more expensve but faster
storagesystem(e.g.,magnetiadisks).

E. Education and Outreach

Educationandoutreachareextremelyimportantfor
thefutureof researclin scienceandtechnology Our
proposeceffort includesa strongcomponentn inte-
gratedresearctandeducation.

BBSO highly prizesits specialrole in the educa-
tion of thenext generatiorof scientistavho build in-
struments.We graduated Ph.D. studentsbetween
2000and2002.We currentlyhave 11 Ph.D.students
(9 menand2 women).ThreePh.D.thesiswill beas
aresultof this proposedesearcteffort. Threestu-
dentswill collaboratewith fellow studentseachwill
emphasizén a particulartopic of his/herspecialty

Thesis1: Automatic Detectionof Solar Activi-

We will investigatehow to migratesuchdatabase ties. This studentwill be supervisedby Shih and

and statisticaltechniquedo real-timeapplications,
bothfor eventdetectionandeventprediction.

The storagesubsystenstoresdata accordingto
different data type, logical data organizationand
transactiorpatterns.Thesedataare managedy lo-

Rees. Several methodswill be appliedto the de-
tectionof solarflares,filamenteruptionsandEFRs,
which includesseggmentation neuralnetwork, RBF
andSVM. We will alsoattemptto extendthe appli-
cationto the detectionof CMEs.
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Thesis2: Real-timelmagingProcessing.This s-
tudentwill be supervisedby Denler, Gerbessiotis,
Keller andLofdahl. The researcttasksincludede-
veloping efficient codesfor phase-diersity speck-
le imaging; settingup phase-diersity obseration-
s; parallelcomputingimplementatiorandoptimiza-
tion.

Thesis3, SpaceWeatherForecasting. This stu-
dentwill besupervisedy Wang,KellerandDenlker.
Theresearchasksinclude developmentof datain-
terfacesfor VSO and users;developmentof space
weathertools basedn the productsof Thesesl and
2; statisticalstudiesamongflares filamenteruption-
s, EFRs,CMEsandgeomagnetistormsto advance
spaceweatherforecasting.

Several nev courseswill be developedand of-
fered during this 5-year period, such as, “Inno-
vative PatternRecognitionfor Dynamic Features”;
“Implementationof Parallel Computingin Imaging
Processing”,"SpaceWeatherForecasting”. These
courseglo notcurrentlyexist at NJIT.

Eachyear we budgettwo slotsfor undegraduate
researchEachstudentwill work ontheprojectfor a
periodbetweenl to 3 years. They will assistPh.D.
studentsaandfaculty membersn the above threere-
searchareas. Their taskswould include obtaining
andprocessingelecteddatasets;writing partof the
computercodesand partsof the web design. The
new courseswill beflexible enough,sojuniorsand
seniorscantake thesegraduatecourses.Two sum-
mer schoolswill be organizedduringthe 5-yearpe-
riod to invite expertsin imagingprocessingparallel
computingandpatternrecognitionto give lectures.

We will enhanceour public outreachprogramto
improve the public avarenes®f both spaceweath-
erresearclandinnovative technologiesThe BBSO
public tours/lecturgprogramsconsistof threeparts:
(1) summertours, offeredevery Saturdayafternoon
to the generalpublic; (2) private tours given most-
ly to schoolgroups,and(3) on-andoff-site lectures.
Thesummembseratorytoursarevery popularpart-
ly becausdig Bearis aresorttown locatedcloseto
the very populousLos Angelesmetropolitanarea.
We will develop materialssuitablefor generalaudi-
enceto understandolaractiity, its impacton earth,
andinnovative technologiego forecasthem.
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F. Management imagingsystemsfor BBSO, NSO and RSAS, three
F.1 TeamMembersand Responsibilities bestsitesfor highresolutionsolarobsenrationsin the
In Table1, we list theinvestigatorsandbreak-devn World. The real-timesystemusing parallel cluster
of responsibilities_Wang is the Pl, who is respon- will be Ipcatedat BBSO The CIUSterW”.I combine
siblefor generalcoordination.Otherteammembers theexisting 32 Pentium2.1GHznodeswith 32 new
have clearresponsibilitiesin threebasicareas:pat- higherspeedCPUunits. . .
ternrecognitionreal-timeimagingandspaceveath- ~ The centersener systemwill be built at BBSO
er. HO\Ne/er’ most researc“asks ha/e Co||abora_ to dIStthJte d|ffract|0n'l|m|ted datapl’OdUCtS,lden-
tive nature. BesidesP!, ProfessorsShih, Gerbessi- tified dynamicfeaturesandreal-timespaceweather
otis and Denler are expertsin patternrecognition, forecasting.
parallelcomputingand high resolutionsolarobser
vations, respectrely. Shih and Gerbessiotisare in
College of ComputerScience(CCS), while Wang
andDenler arein PhysicsDepartment.Dr. Keller
is a permanenstaf in National Solar Obsenratory
leadinghigh resolutionsolar obsenration there. Dr.
Lofdahl, a scientistin the Royal SwedishAcademy
of SciencegRSAS), is the world expertin 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 beorganizedo exchange
ideas,reportprogressandintegrateresultsto the s-
paceweathelpredictionsystemat BBSO.
The majority part of the budgetis for supporting
Ph.D.studentsSomesummersalariesarerequested
for faculty members.It alsocoversthe 15% yearly
effort of Drs. ReesandL 6fdahl, in the form of par
ticipantsupport.
Theinitial 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 Telescopdn
Canarylsland. Thesethree sites are regardedas
bestsitesfor high resolutionsolar obserationsin
the world. The experimentalsettingwill be initial-
ly testedat Swedishl-m SolarTelescopaunderthe
directionof Lofdahl. However, thefinal implemen-
tationwill beat BBSOsincethe parallelclusterwill
belocatedatBBSO.
As we discussedn the proposalthe phasediver-
sity specklewill be usedbehindthe correctedight
beamdy AO.NSOandBBSO’s AO systemsareex-
pectedo beonline in 2003.

F.2 Reseach Milestones
Thethreeproposedesearcicomponentare close-
ly related. We give milestonesby yearsand by the
projectsin Table2. FY 2003startson Septembet,
2003.

We proposed3 setsof phase-diersity speckle
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Tablel: TeamMembersandResponsibilities

Investigator |

Institute

Responsibilities

Haimin Wang BBSO/NJIT, Professor Overall CoordinationrandSW Forecasting
CarsterDenker BBSO/NJIT, Assist. Professor| SpecklelmagingandParallelComputing
ChristophKeller | NSO,Assoc.Astronomer PhaseDiversity SpeckleandVSO
FrankShih CCS/NJIT Professor FeatureDetectionandCharacterization
Alex Gerbessioti§ CCS/NJIT Assist.Professor | ParallelOptimizationandDataManagement
David Rees CSIRO, Scientist FeatureDetectionandCharacterization
MatsLofdahl RSAS,Scientist PhaseDiversity Speckleimaging
Table2: Milestones
| Catgyory | PatternRecognition| Real-timelmaging | SpaceéWeather |
FY 2003 | Investigationof Specklelmagingand | StatisticalStudiesof
ResearctMethods | PhaseDiversity SolarActivities
Initial Codes Codes
FY 2004 | CodeDevelopment | PhaseDiversity Web Design
Segmentation SpeckleCodes
FY 2005 | CodeDevelopment | Parallel DataStructure
NeuralNetwork Computing Userlinterface
FY 2006 | CodeDevelopment | Obsenation SpaceNeather
SVM andRBF DataAnalyses Forecasting
FY 2007 | Implementation Implementation SpaceélNeather
For SW For SW Forecasting
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