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Abstract

This paperpresentstwo new hardware-assistedendering
techniquesdeveloped for interactve visualization of the
terascaledatageneratedrom numericalmodelingof next-
generationacceleratordesigns. The rst technique,based
on a hybrid renderingapproachmakes possibleinteractve
exploration of large-scaleparticle datafrom particle beam
dynamicanodeling. Thesecondechniquebasednacom-
pacttexture-enhancedepresentatiorgxploits the advanced
featuresof commodity graphicscardsto achiere perceptu-
ally effective visualizationof the very denseand comple
electromagnetields producedrom themodelingof re ec-
tion andtransmissiorpropertieof openstructuresn anac-
celeratordesign. Becauseof the collaboratve natureof the
overall acceleratomodelingproject, the visualizationtech-
nology developedis for both desktopandremotevisualiza-
tion settings We have testedthetechniquesisingbothtime-
varying patrticle datasetscontainingup to one billion par
ticles pertime stepandelectromagneticeld datasetswith
millions of meshelements.
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computing particleacceleratorgerceptionpoint-basedendering,
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1 Introduction

Particle acceleratordave helpedenablesomeof the most
remarkablediscoveriesof the 20th century They have also
led to substantiabdwancesin appliedscienceandtechnol-
ogy, mary of which greatly bene t society Accelerator
basedsystemshave now beenproposedo addresgproblems
of internationalimportancerelatedto enegy andthe ervi-
ronment.Giventheimportanceof particleacceleratorsit is
imperatize that the most advancedhigh-performanceom-
putingtoolsbebroughtto bearon their designoptimization,
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technologydevelopmentandoperation.The SciDAC accel-
eratormodelingproject(http://scidac.nersc.géaccelerator/)
is anationalresearclanddevelopmenteffort whoseprimary
objectiveisto establisracomprehenseterascalsimulation
ervironmentneededo solve the mostchallengingproblems
in 21stcenturyacceleratoscienceandtechnology Thissim-
ulation ervironmentwill enableacceleratophysicistsand
engineerscrosshe countryto work togetherusinga com-
monsetof scalableportable jnteroperablesoftwareto solve
the most challengingproblemsin acceleratodesign,anal-
ysis, and optimization. Consequentlya critical component
of this projectis the developmentof adequatevisualization
technologywhich will allow projectmembersto betterin-
terpret,verify, andcommunicatavith otherstheterabytef
simulationdataroutinelygenerated.

Thethree-dimensionahonlineay multi-scale mary-body
aspectharacteristiof future acceleratodesignproblems
drive the essentiafequiremenfor terascalesimulation[3].
Examplesnclude nding theeigenmodeg extremelylarge
and complex 3D electromagnetistructures predictingthe
halosof high-intensitybeams,and simulating the particle
and eld dynamicsin plasma-basedccelerators.The re-
sulting simulationdatapresentunprecedentesisualization
challengesn termsof both size and compl«ity. This pa-
per presentour initial successn addressinghe challenges
of visualizinghigh-intensityparticlebeamdataandcomplex
3D electromagneticeld data.

All the simulationcodescurrently run on parallel com-
putersoperatedat NERSC/LBL, ACL/LANL, and SLAC.
Beamdynamicssimulationg10, 11] with up to 500 million
particleshave beenperformed,a numberthat is approach-
ing the neededesolutionin the calculationof thebeamden-
sity to predictbeamhaloin next-generatioracceleratode-
signs. Electromagneticalculationsfor the designof com-
plex beamlinecomponentsand systemshave achieved the
requiredaccurag for modelingthecavitiesin theaccelerator
structurg16]. Eachsimulationrun cangenerataerabytesf
data.

In additionto the large-dataproblemwhich is beingad-
dressedby high-performanceomputing4, 5, 6, 9], two fun-
damentalisualizationproblemsmustbe solved. Oneis the
problemof visualizingvery densepoint data(i.e. particles),



andthe otheris visualizingvery densdine data(i.e. electric
andmagneticeld lines). We have developedanovel hybrid
renderingapproactaddressinghe particledensityproblem,
anda scalabletexture-enhancedepresentatioffor betteril-
lustratingotherwisehidden eld propertiesWhile thesewo
problemsare uniqueto acceleratophysics data, the tech-
nigueswe introducehereare applicableto ary applications
concernedwith the visualizationof particle dataand eld
line data.We have alsoexploitedthefeatureof thenew gen-
erationof commoditygraphicscarddik ethen\idia GeForce
seriesto accelerateherendering.

2 Particle Beam Data

Particle acceleratorsimulationsmodel a large number of
chaged particlesasthey move throughthe acceleratoand
respondo variousforces[11]. Theresultingdatasetscon-
sistof hundredsof millions to billions of particlesfor each
time step, making it impossibleto renderin real-time, or
evento t into the memoryof mostPCs. One approachs
to cornvertthe particlesto volumetricdatarepresentingpoint
density and usetexture-mappinchardwareto renderto the
screen[8]. However, the size of volumesthat canbe ef -
ciently visualizedin this mannerarelimited by the amount
of available texture memory aswell asthe Il rate of the
availablehardware. In addition, high-resolutiorrepresenta-
tionspresenthallengewvith regardto the availablenetwork
bandwidth,disk space andthe time requiredto processhe
data. As aresult,eventhoughthis approactdoesgive good
interactvity andcompactdatasize,mary ne detailscanbe
lost, especiallyin thevery low-densityareasvherescientists
aremostinterested.We have developeda hybrid datastor
ageandrenderingmethodwhich allows scientistgo visual-
izeandexplorethedataatinteractve rateswhile maintaining
muchof theimportantdetail of the original data.

2.1 Hybrid Rendering

Our hybrid techniqueleveragesthe speedof texture-based
hardware volumerenderingto representarge features,and
the e xibility of point-basedenderingto representne de-
tails. The foundationof the hybrid methodis the use of
low-resolutionvolume renderingin the areasof low inter
est/detail andthe useof point-basednethodso enhanceor
replaceareasof high interest/detail. Thus,storagetransfer
and renderingresourcesare put to more ef cient usethan
with volumetricor particlerenderingalone.

The interactvity offered by the hybrid method makes
choosingviewing parameterandtransferfunctionsfor sub-
sequenhigherquality renderinganeasyjob, andthestorage
sazingsmearnthatthedatacanbemoreef ciently transferred
from the computemwhereit wasgeneratedo a remotecom-
puteron ascientists deskthousand®f milesaway.

We testedthis approachon data obtainedfrom several
large-scalebeam dynamicssimulations. Each particle in

Figure 1: Comparisonof a volume rendering (left) and
a mixed volume/pointrendering(right) of the phaseplot
(x; Py;y) of frame170. The volumerenderinghasa resolu-
tion of 256°. Themixedrenderingwith avolumetricresolu-
tion of 64° and2 million pointsprovidesmoredetailthanthe
volume renderingwhile displayingat a much higherframe
rates.

thesesimulationsconsistsof spatialcoordinategx;y; z2) and
moment&( py; Py; Pz) in double-precisionThe primary sim-

ulation, consistingof 100 million particles,requiressGB of

storagepertime step.An additionaldataset,theinitial time

stepof abillion pointsimulation,requires48 GB of storage.
Thesesizesmake dataimpracticalto move, andimpossible
for mostcomputerto handle.

Figurel shavsacomparisorof astandard/olumetricren-
dering, and a mixed point and volumetric renderingof the
sameobject. Themixedrenderings ableto moreclearlyre-
solve the horizontalstrati cationsin the right arm,andalso
revealsthin horizontalstrati cationsin the left arm not vis-
ible in the volumerenderingfrom this angle. Note thatthe
bandsnearthe edgesare partof the data,not renderingarti-
facts.

Imagesfor four differentdistributionsincluding (x;y; 2),
(X pxy), (X px 2, and(px py, p2 of the dataat time step
180aredisplayedn Figure2. Thesimulationcorrespondo
anintensebeampropagtingin amagneticquadrupolehan-
nel. The beampropagtesin the z-direction, with focusing
providedin thetrans\erse(x andy) directions.

2.2 Point Selection Criteria

In orderto constructa hybrid representationye mustdecide
how to classifypoints (i.e. particles)asbeingrendereddi-
rectly or simulatedvia volumerendering. For this dataset,
the mostdetailedandimportantareato visualizeis the very
low-densitybeamhalo[10]. Thisareaposesadditionalprob-
lemsfor volumetricrepresentatiobecausét is thousandsf
timeslessdensethanthe beamcore,makingit hardto com-
putetheprecisedensityfor a givenregion, andto assigrnthat
densityoneof alimited numberof palettevalues.
Therefore,we choosepointsin areasof low densityto

renderdirectly, andthe remainingareasof high densityare
renderedusing fastlow-resolutionvolume rendering. This



Figure 2: Selecteddistributions for time step 180. Top:
(xy; 2 and(x; Pxy). Bottom: (x; Px; 2) and(Px Py, P2).

allows the ne detail of the beamhaloto be accuratelyrep-
resentedht the full dataresolution,while maintaininginter-
actiity by reducingthe amountof datatransferrecandren-
dered.

2.3 Preprocessing

The hybrid representatiorof the datais computedon the
sameparallelsupercomputeat NERSC/LBL thatgenerated
theoriginal simulation:anIBM SPRS/6000with 2,944pro-
cessors. Preprocessingonsistsof two steps: partitioning
andextraction. Partitioning is a one-timeprocesghat adds
structureto the originally unstructuregarticledata.Extrac-
tion is afastprocesghatquickly extractsa hybrid represen-
tationwith givenparameterfrom the partitioneddata.

Thepartitioningprogramorganizesheunstructureghoint
datainto anoctree.lt is providedatime-stepnumber a plot
type (sincethereare six parameterser point, thereare a
variety of 3-D plots that canbe generated)anda maximal
subdvision level. It thenreadsin all the pointsandinserts
theminto an octree. Thelevels of subdvision of the octree
arelimited by themaximalsubdvision level, which prevents
the octreefrom becomingmpracticallylarge. This octreeis
written outto disk in two parts:onepartcontainsall thepar
ticles of the simulation,the othercontainsthe octreenodes
themseles. In the particle les, particlesin the sameoctree
nodearegroupedogetherandthegroupsaresortedin order
of increasingdensity Eachnodein the octreethencontains
anoffsetinto the particle le andthethe numberof particles
in its group.

Point transfer function

ume transfer function

(@) (b)

Figure 3: A hybrid datarepresentation.(a) An imageis

createdby classifyingeachoctreenode as belongingto a

volume-renderedegion or a point-renderedegion, depend-
ing uponthe transferfunction for eachregion (the regions
canoverlap,asin thisexample). Thecombinationof thetwo

regions de nes the outputimage. (b) The relationshipbe-

tweenthetwo transferfunctions. The two transferfunctions
canbeeditedtogetheror separatedly

The partitioning programtakes about7 minutespertime
stepfor the 100 million particle simulation. Sinceit is pri-
marily I/0 bound processingime scaledinearlyasthenum-
ber of pointsincreases.If the dataexceedsthe amountof
memoryavailableon one nodeof the supercomputeiit can
alsobe run on multiple nodes:the volumeis divided up be-
tweennodesandparticlesareassignedo the corresponding
nodeoncethey arereadfrom disk. Sincethe partitionedrep-
resentatiorcontainsall the datapresentin the original rep-
resentationit is possible(althoughnot yetimplemented}o
discardthe original dataand corvert betweendifferentplot
type partitionings.

The extractionprogramcorvertsthe partitioneddatainto
the hybrid representation. It is given a partitionedframe
anda thresholddensity Particlesin octreenodesbelaw the
thresholddensityarestoredin the hybrid representationAll
other points (thosein the higherdensity regions) are dis-
cardedseeFigure3). To accomplistthis, theextractionpro-
gramreadsin theoctreeanddeterminesvhich nodesshould
containstoredpoints. Sincethe particle le is sortedin or-
derof increasinglensity all particlesrequiredfor ary hybrid
representatiomrein a contiguousblock at the beginning of
the le. This portion of the particle datais just copiedto
theoutput;no computatioris necessarjor theparticles,and
discardedparticlesarenever readfrom disk.

The thresholddensity parameterprovided to the extrac-
tion programallows the userto balancele sizeandvisual
accuray for agivenapplication.A highthresholdvaluewill
yield large le sizesbut larger areasof the renderingcan
be drawvn usingthe more accuratepoint-renderingmethod.
A low thresholdvaluewill yield smaller le sizesappropri-
atefor viewing multiple framessimultaneouslyor quickly
transferringover a network, at the expenseof having a thin-
nerhaloregion representablby points. Becausehe extrac-
tion processs fast, differenthybrid representationsan be
createdanddiscardecasneeded.



Figure 4: Portionsof a hybrid renderingon a sphere-lile
(x;y; 2) distribution shaving (top) the volume-renderegor-
tion, (middle) the combinedhybrid rendering,and (bottom)
thepoint-renderegbortionalone.Thefront half of thesphere
hasbeenclipped;the pointsobscuredy thevolumerender
ing areonthefarside. Thepointsshavn herearecompletely
opaquesothey aremorevisible.

2.4 Viewing

A separateview programwith an interactve transferfunc-
tion editor is usedon a desktopPC to visualizethe parti-
tioneddatageneratedby the parallelcomputer The volume
transferfunction (seeFigure 3 (b)) mapspoint density to
colorandopacityfor thevolume-renderegortionof theim-
age. Typically, a stepfunction is usedto map low-density
regionsto O (fully transparentandhigherdensityregionsto
somelow constantso that one can seeinside the volume.
The programalso allows a rampto transitionbetweenthe
highandlow values sothearti cial boundaryof thevolume-
renderedegionis lessvisible.

The point transferfunction (seeFigure 3 (b)) mapsden-
sity to numberof pointsrenderedor the point-renderegbor
tion of the image. Below a certainthresholddensity the
datais renderedas points; above that threshold,no points
aredrawn. Intermediatevaluesare mappedto the fraction
of pointsdravn. Whenthe transferfunction's value is at
0.75for somedensity for example,it meansthat threeout
of every four pointsaredravn for areasof thatdensity This
allows the userto seefewer pointsif too mary pointsare
obscuringimportantfeaturespr to make renderingfaster It
alsoallows a smoothtransitionbetweerpoint-renderegbor-
tionsof theimageandnon-point-renderedortions.Figure4
displayspartsof a hybrid rendering.

By default, thetwo transferfunctionsareinversesof each

other Changingoneresultsin anequalandoppositechange
in the other This way, the usercan changethe boundary
betweenthe volume-andthe point-renderedegions of the
image(up until theboundaryspeci edduringpreprocessing,
beyondwhich no pointsareavailable).

2.5 Results

The hybrid beamrenderingmethodis effective for a vari-
ety of simulationcon gurations and visualizationrequire-
ments. The usercantailor the hybrid outputto rangefrom
large, very accuraterepresentationso small, lessaccurate
representation@hat still presere as muchinterestingdata
aspossible).

Thehybrid methodcanproducevery compactepresenta-
tions, allowing multiple time stepsto t into memory Rea-
sonablyhigh-quality picturescanbe madewith hybrid data
smallerthan 100MB, so a high-endPC is capableof hold-
ing around10 time stepsin memoryat once. The preview-
ing programallows the userto stepthroughframesusing
the keyboard. If a frameis alreadyin memory it can be
displayedinstantaneouslythe volume texture and display
listsarealreadyloadedinto videomemory or canbequickly
swappedin by the displaydriver. If aframeis notin mem-
ory, it is loadedfrom disk, a procesgthat takes around10
secondgor a 100MB time step. This allows very ef cient
explorationof thebeams evolution overtime; if thestepsize
is smallenoughjndividual particlescanbe seermoving be-
tweenframes.

Figure5 displaysselectedramesfrom a simulationover
350 time stepsfor the (x;y;2) distribution of the data. Al
framesusethe sameview looking down z, the beams axis.
The quadrupolemagnetsare alternatelyfocusingand defo-
cusingin the x andy directions,resultingin the four-fold
symmetryseenin the gure. At this resolution,eachtime
stepis about500MB, allowing only two to t into memory
atonce.However, hybrid framesareoftensmaller;theseuse
aconserative point densitythreshold.

In additionto scalingin the time dimension,the hybrid
algorithmalsoscaleswell in termsof simulationsizes. Be-
causeheoutputdatasizedoesnot necessarilglepencnthe
inputdatasize,largesimulationsapproachind. billion parti-
clescanbereducedo thesamesizehybrid representatioas
the smallersimulations. The large simulations point-based
halo region will be thinnerthanthe smallersimulation,but
that haslittle effect on the quality of the resultingimage:
regardlessof the simulationsize, pointsat the high-density
halo cutof region are typically so densethat they visually
meigeinto avolumearyway.

Oneimportanteffect that occursin larger simulationsis
thatthe octreemustbe subdvided more nely wherethere
is a high gradient.This occurbothin very large simulations
andin smallersimulationswith very focusedbeams. If a
higherlevel of subdvisionis notusedtheoutlineof thelow-
estlevel octreenodeswill be visible at the boundaryof the
haloregion. For low gradientsa shallaver depthof octree



Figure5: Selectedime stepsfrom an simulationover 350time stepsfor the x-y-z distribution of the data. Top: framesl, 50,

100,150. Bottom: frames200,250, 300, 350.

subdvision canbe usedwithout introducingsigni cant arti-
facts,saving valuablespace.

For visualizingthe particle beamdata,volumerendering
lacksthe spatialresolutionandthe dynamicrangeto resohe
regionswith very low density areaswhich may be of sig-
ni cant interestto researchersPoint-basedenderingalone
lacksthe interactve speedandthe ability to run on a desk-
top workstationthatthe hybrid approachprovides. Further
more, point-basedenderingfor low-densityareasprovides
more room for featureenhancementsBecausepoints are
dravn dynamically they could be drawvn (in termsof color
or opacity) basedon somedynamicallycalculatedproperty
thatthescientists interestedn, suchastemperaturer emit-
tance.Volume-basedendering becausét is limited to pre-
calculateddata,cannotallow dynamicchangedik e these.

3 Electric and Magnetic Field Data

The othersimulationcodewe areworking with is basedon
aparalleltime domainelectromagnetield solverusingun-
structurechexahedralmeshesThis codemodelsthere ec-
tion andtransmissiorpropertiesof openstructuresn anac-
celeratordesign[16]. To achieve the neededaccurag, the
simulationamustnot proceedasterthanelectromagnetiin-
formationcould physically o w throughmeshelements.To
satisfythe Courant Condition simulating100 nanoseconds
in therealworld requiresmillions of time steps.Theparallel
simulationcodeis scalablén termsof boththethenumbetrof
meshelementsandthe numberof particles.Eachrun of the
simulationon the SLAC's 32-nodePC clustercan produce

terabyteof data.

A scalablesolutionis requiredfor visualizingsuchlarge
andcomple electromagneticelds. The main challengeis
concernedvith displayinga densecollectionof intertwined
linesin away thatshaws clearspatialrelationshipdetween
them, with unambiguouglobal or local detail. We believe
thatinteractvity is thekey to insightful visualization,soour
approachs basedon acompactepresentatiofor eld lines
coupledwith hardware-assistegberceptuallyeffective ren-
dering. The resultis highly interactive visualizationfacili-
tating understandingf both the global andlocal structures
of theelectromagneticelds.

3.1 A Compact Representation for Field Lines

The problemof drawing linesto shav the structureof vector
elds hasbeenstudiedextensvely. Work hasalsobeendone
to usealternatve representationf lines like tubesandrib-
bonsto improve perceptionof their structuresor additional
physical propertiesof the data. We have developeda e xi-
ble andscalablerepresentatiomnvhich we call self-orienting
surfacesfor illustrating eld lines[12]. This representation
using hardware texturing can corvenientlydisplaythe eld
propertiesaslines,tubes,or ribbons.
Eachself-orientingsurfaceis atrianglestripwhichis con-
structedfrom a sequencef pointsalonga curve, an asso-
ciatedsequencef tangentvectors,anda viewing position.
The triangle strip alwaysorientstoward the obserer which
malkesaligning a texture to the strip easy For example,the
tube-like appearancés made possibleby using hardware



acceleratedump mapping. Comparedo polygonaltubes,
self-orientingtriangle stripesare much more compact,re-
sultingin signi cant saving in storageandrendering.

Self-orienting triangle strips cooperatewell with tex-
turing. Becausethe strips orient themseles in a view-
dependentvay, the texture coordinatesfor moving across
the strip becomeview-independentDif culties thatcanoc-
cur with polygonaltubesareavoided. Figure6 (a), (b), and
(c) shawv corventionalline drawing, illuminated eld lines,
andstreamtubesiespectiely, for illustrating boththe elec-
tric eld andmagnetic eld insidea 3-cell linear accelera-
tor structure. As shawvn in Figure 6 (d), the self-orienting
triangle strips renderedwith hardware bump mappinggive
similarvisualeffectwhile usingonly avery smallnumberof
triangles,about ve to six timeslessthana typical stream-
tuberepresentatiowould require.

As shawn in Figure 6 (e), using a wider versionof the
self-orientingsurfacest is possibleto give theimpressiorof
the eld densityby only renderinga small numberof self-
orienting surfaces,with line density textured accordingto
local eld strength.Thereductionin thenumberof linesthat
mustbetracedandplottedcanhelpmaintainadesirabldevel
of interactvity.

3.2 Seeding Strategy and Incremental Visual-
ization

A key taskin eld line visualizationis the selectionof
seedpointsfor streamlinentegration. Much work hasbeen
donel[2, 7, 14] for providing aestheticallypleasingstream-
lines throughcareful selectionof seedpoints. The empha-
sisis generallyon producinga visually uniform density of
streamlinesin the nal image. Our approachis to select
seedsso that the local densityanywherein the nal distri-
bution of eld linesis approximatelyproportionalto thelo-
calmagnitudeof theunderlying eld. Whenthisapproachs
appliedto electromagneticelds, theresultingimageis intu-
itivefor physicists becaus¢hedensitieof electricandmag-
netic ux lines are proportionalto the correspondingeld
strength.

The implementationof our seedingstratgy consistsin
computinga desiredaveragenumberof eld linesto pass
througheachelementof the mesh. This is the average eld
intensityfrom attheelements verticesmultiplied by thevol-
umeof the element. Thesenumbersarethenscaledso that
the sumover all elementss equalto total maximumnum-
berof eld linesto pre-inteyrate. The algorithmconsistsof
selectingthe elementwhich mostneedsan additional eld
line, picking a randomseedpoint within that element,and
integratingthe eld line from there. During integration, as
eachnew elementis visited, that elements desirednumber
of eld linesis decrementedThis selectionandintegration
procesgepeatauntil the total desirednumberof eld lines
for the entiremeshhasbeenobtained. By keepingtrack of
how mary eld linesalreadypasshroughtheelementsdis-

proportionatelyhigh densitiesof eld linesareavoided. By
always choosingthe elementthat mostneedsan additional
eld line, the imagesthat resultfrom renderingthe rst n
eld linesarealwaysnearlycorrectin shawving eld line den-
sity proportionalto the magnitudeof theunderlying eld.

Thisincrementabpproactaddressethechallengdn pre-
sentingextremelydensecollectionsof eld lines. Although
transparengceffectsalsohelpaddresshechallengethey are
only usefulup to moderateeld line density At extreme
densitiestranspareng effectsresultin imagesqgualitatively
similar to thoseproducedby directvolumerendering.Sim-
ple direct volume renderingsuffers from ambiguity in that
perspectie depthcuesandlighting cuesaremissing,andbe-
causedifferentcombinationsof thickness,opacityandcol-
oration assignedo the datacan compositeto producethe
samecolor and intensityin a nal image. An interactve
animationof our incrementalapproachavoids theseambi-
guities. By sweepingrom a minimumto a maximumnum-
berof eld lines, onegetsa compellingsenseof the struc-
ture and magnitudeof the elds beingbuilt up. It is clear
wherethe strongregions are, becausesparselines appear
there rst, andthesdineshave goodperspectie andlighting
depthcues.As more eld linesareaddedthestrongregions
becomemore denseandthe lessstrongregions startto |l
in. Figure7 shaws selectedmagesfrom sucha sequence,
with the lines correspondindo the highestmagnitude eld
regionsbeingloaded rst. Fromthere,progressiely wealer
eld linesareloadedin. In eachimage,the densityof eld
linesis approximatelyproportionalto the magnitudeof the
underlying eld. In this way, eachimage attemptsto be
themostaccurateepresentatioof eld magnitudepossible
giventhenumberof eld linesused.Thesetof eld linesin
eachimagein the sequencés a supersebdf those eld lines
in theprecedingmage.

3.3 Perceptuall y Effective Visualization

In orderto betterunderstand large numberof intertwined
eld lines,perceptuaissuesannotbe ngglected.Properuse
of illumination, haloing,transparenc andothervisual cues
can help clarify spatialrelationshipsand reveal hiddenin-
formation. We have incorporatedperceptuallyeffective en-
hancemenimethoddnto the self-orientingsurfacerepresen-
tationto increasdéheinformationlevel andclarity of the pic-
ture.

3.3.1 lllumination

While theilluminated eld linestechniqug13] canhelpde-
terminethe shadingof a eld line, it is lesseffective to ac-
curatelyinterpretthe spatialrelationshipsetweersimilarly
orientedadjacenbr overlappinglines, aspointedoutin [1].
In particular thin lines couldlook arti cial becausé¢hetex-
ture doesnot vary sidevays acrossthe width of the lines.
Our illuminatedtriangle stripesoffer not only improved vi-
sualclarity, comparablégo the volumeLIC approachn [1],



but alsothecritical interactvity neededor ef cient dataex-
ploration. Figure 6 (f) demonstratethe effect of enhanced
lighting. Theenhancedighting is hardwareacceleratedand
carriesno signi cant performanceenaltyover a singlelight
source.

3.3.2 Haloing

Adding haloscan clarify the spatialrelationshipsbetween
overlappinglines. Our self-orientingsurfacesrepresentation
is superiorto theilluminated eld lineswith halos.Theillu-
minatedinesimagesdo notprovide a perspectie depthcue,
whereasthe self-orientingsurfacesdo. At mediumdepth,
a crosssectionof the haloedlines appearsas one or two
blackpixelson eithersideof afew illuminatedpixels. There
is an abrupttransitionfrom the black region to the illumi-
natedregion. This canbe thoughtof asan approximation
for Phongillumination of a tubewith a headlight. The dif-
fuse and specularcomponentgemainat the middle of the
crosssectionbecausé¢hatis wheresurfacenormal,viewing,
andlight vectorsall align. Assuminga smallor non-&isting
ambientcontritution, the crosssectionedgesare dark be-
causethe surfacenormalis orthogonalto the viewing and
lighting vectors. Our self-orientingsurfacesusetexture to
effectively capturethe samesurface normal vectorsthat a
polygonaltubewould have, sofor self-orientingsurfaceshe
lighting appearsxact.

At rst glance, comparisonof the two techniquesat
medium depth shows little difference. However, at near
depth self-orientingsurfaceslook better The perspectie
wideningof the self-orientingsurfacesprovide a signi cant
depthcue. If thewidthsof the haloedlines arescaledup to
match thesharptransitionfrom blackhaloto illuminatedre-
gionbecomewery apparentWhatwasareasonablepprox-
imation at several pixelswide becomesoticeablyincorrect
when scaledup. In contrast,self-orientingsurfacesshav
even more clearly the Phongillumination model at work,
providing a smoothandvery corvincing crosssection.

3.3.3 Transparenc y

For very densdine data,asdisplayedin Figure6 (g), it can
be dif cult to unambiguouslyperceve the detailsin a re-
gionin theinterior of the3D eld. Surroundindines,when
sufciently densecanoccludethe interior structures.One
approachis to “cut away” thedatawhichis notin theregion
of interest.While effective asshavn in Figure6 (h), in other
caseghis couldtake awvay the global context for the current
region of interest. The otherapproacthis to leave the region
of interestopaquewhile usingtransparengcto de-emphasize
the remainingdata. As a result, asshovn in Figure6 (i),
the interior structurescanremainclear andthe global con-
text is not lost. Transparengin comple scenesequires
back-to-frontcompositingfor a correctimage. Depthsort-
ing is not practicalfor very large data. Our approactctanbe
coupledwith the orderindependentransparengtechnique

supportedon the nVidia GeForce 3 but would requiredis-
ablingbumpmappingand ner tessellatiorof self-orienting
surfaces.

3.4 Results

Figure 8 shawvs imagesof four selectedime stepsfrom the
simulationof the 3-cellstructure. Theability to animateeld
linesin thetemporaldomainis particularlyvaluable.For ex-
ample,from thesefour images,scientistscan examineand
verify the propa@tionof the RF waves. Storingthe precom-
puted eld lines ratherthanthe raw datacan signi cantly
cutdown the datastorageandtransferrequirementsnaking
interactve interrogationof thetime-varyingelectromagnetic
eld linesdatapossible.Thetypical saving is abouta factor
of 25, which would allow mary time stepsof electromag-
netic eld linesto residein memoryfor interactve viewing.
We are presentlyparallelizingthe eld line calculationson
PCclustersto speedup this preprocessingask.

Figure 9 shaws the inside of a 12-cell linear accelerator
structure. The front half of the meshhasbeenremoved to
permit viewing inside. Electric eld lines, shavn in blue,
originateand terminateat the surface of the mesh. Power

ows in from the top and bottom throughinput ports, and
then o ws to theright. Chaged particles,underthe in u-
enceof thepropagting eld, would beacceleratedrom left
toright. Ideally, theelectric eld shouldbe perfectlyradially
symmetrical.However, the radialasymmetryin the geome-
try of the portscausesasymmetnyin the electric eld.

Note that simulation of this 12-cell structure reaches
steadystateat about40 nanosecondsyhich correspondso
326,700time steps.Sinceit would take about80 megabytes
of storagespaceto save onetime step of the electric and
magnetic elds together over 26 terabytef storagespace
would be neededfor the overall dataset. Storingthe pre-
integrated eld linesinsteadandusingthe seedingstratgy
describednake it possiblefor usto visualizethe data.

The sequencef imagesin Figure 10 shavs incremental
loadingof eld linesasin Figure7 but with line transpareng
andcolor assignedaccordingto the eld strength. The key
is thatthe scientistis allowed to interactvely changethese
visualizationand viewing parametersand then seethe re-
sulting visualizationimmediately

4 Conclusions

The overall objective of this nationalresearcranddevelop-
menteffort is to establisha comprehenske terascalesimu-
lation ervironmentfor useby the U.S. particle accelerator
community The effective visualizationmethodspresented
in this paperallow scientiststo gain betterinsightsinto the
simulationresultsand communicatewith otherstheir nd-
ingsin amoreintuitive way.

This paperdiscusseghe visualizationchallengesof the
terascaleapplications,introducestwo novel visualization



@) (b) ()

(d) (e) ®

(9) (h) (i)

Figure6: Visualizationof electromagneticeld correspondindo a sectionof an acceleratostructure. (a) corventionalline
drawing. (b) illuminatedstreamlingechnique (c) corventionalstreamtubeechnique(d) self-orientingsurfacetechnique (e)
compactexturedribbonrepresentation(f) with enhancedighting. (g) densdines. (h) cuttingaway:. (i) useof transpareng

Figure7: Fromleft to right, incrementaloadingandrenderingof electric eld linesin a portandtwo cells of anaccelerator
structure.



Figure8: Selectedime stepswhich shav RF waves prop-
agate in throughthe input ports (left) and out throughthe
outputports(right).

Figure9: Time step123,345in the simulationof a 12-cell
linear acceleratostructurecontaininga total of 1.6 million
meshelements.

techniquesaddressinghe challengesanddemonstratesur
testresultsusinglarge datasetsobtainedfrom time-varying
simulationsof acceleratomphysics. In particular we de-
scribehow high-performanceomputing,commoditygraph-
ics hardware, and a hierarchicalorganizationof visualiza-
tion primitivescanassistheinteractie visualizationof large
time-varyingdata.

We believe a viable solution of the large datavisualiza-
tion problemis built upona fusing of supecomputingand
commaoditycomputingaswell ason moreef cient resource
allocation,investingcomputatioron partsof theimageshat
arethe mostperceptuallyrelevant. In this way, interactve
visualizationcanbe madepossibleto a wide rangeof users
from peoplewho conducttheterascalesimulationgo people
who usethe simulationresultsfor design.

This paper contritutes to the supercomputingcommu-
nity in the following two ways. First, we shav that for
data exploration our hybrid renderingapproachsupport-
ing budget-sensitie progressie visualizationis more cost-
effective than brute-forcevisualizationsupercomputing.lt
is clearthat otherdemandingvisualizationapplicationscan
bene t from asimilar hybrid approachin fact,a hybrid ren-
deringmethodhasbeendevelopedfor hardware-accelerated
renderingof regulargriddedvoxel data[15]. Second,we
demonstratéow a compactgraphicsrepresentatiofik e our
self-orientingsurfacescaneffectively cut down bothstorage
and computationalrequirementswithout degrading image
quality to enableinteractve visualizationon a commodity
PC.Terascalesimulationcoupledwith interactve visualiza-
tion, usedasa tool of discovery, will allow researcherso
adwancethe frontiers of acceleratoscienceandtechnology
andleadto new discoveriesin beam-dwenscience.



Figure10: Fromleft to right, incrementaloadingandrenderingof electric eld lines. Top: with theline opacityproportional
tolocal eld strength.Bottom: with enhancemenisingbothcolor andtranspareng
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