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Abstract

This paperpresentstwo new hardware-assistedrendering
techniquesdeveloped for interactive visualization of the
terascaledatageneratedfrom numericalmodelingof next-
generationacceleratordesigns. The �rst technique,based
on a hybrid renderingapproach,makespossibleinteractive
exploration of large-scaleparticle datafrom particle beam
dynamicsmodeling.Thesecondtechnique,basedonacom-
pacttexture-enhancedrepresentation,exploits theadvanced
featuresof commoditygraphicscardsto achieve perceptu-
ally effective visualizationof the very denseand complex
electromagnetic�elds producedfrom themodelingof re�ec-
tion andtransmissionpropertiesof openstructuresin anac-
celeratordesign.Becauseof thecollaborative natureof the
overall acceleratormodelingproject,thevisualizationtech-
nologydevelopedis for bothdesktopandremotevisualiza-
tion settings.Wehave testedthetechniquesusingbothtime-
varying particledatasetscontainingup to onebillion par-
ticlesper time stepandelectromagnetic�eld datasetswith
millions of meshelements.

Keywords: hardware-assistedtechniques,high-performance
computing,particleaccelerators,perception,point-basedrendering,
scienti�c visualization,�eld lines, texture mapping,time-varying
data,vector�eld visualization,visualcues,volumerendering

1 Intr oduction

Particle acceleratorshave helpedenablesomeof the most
remarkablediscoveriesof the20thcentury. They have also
led to substantialadvancesin appliedscienceandtechnol-
ogy, many of which greatly bene�t society. Accelerator-
basedsystemshave now beenproposedto addressproblems
of internationalimportancerelatedto energy and the envi-
ronment.Giventheimportanceof particleaccelerators,it is
imperative that the most advancedhigh-performancecom-
putingtoolsbebroughtto bearontheirdesign,optimization,
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technologydevelopment,andoperation.TheSciDAC accel-
eratormodelingproject(http://scidac.nersc.gov/accelerator/)
is anationalresearchanddevelopmenteffort whoseprimary
objectiveis toestablishacomprehensiveterascalesimulation
environmentneededto solve themostchallengingproblems
in 21stcenturyacceleratorscienceandtechnology. Thissim-
ulation environmentwill enableacceleratorphysicistsand
engineersacrossthecountryto work togetherusinga com-
monsetof scalable,portable,interoperablesoftwareto solve
the mostchallengingproblemsin acceleratordesign,anal-
ysis, andoptimization. Consequently, a critical component
of this projectis the developmentof adequatevisualization
technologywhich will allow projectmembersto betterin-
terpret,verify, andcommunicatewith otherstheterabytesof
simulationdataroutinelygenerated.

Thethree-dimensional,nonlinear, multi-scale,many-body
aspectscharacteristicof future acceleratordesignproblems
drive the essentialrequirementfor terascalesimulation[3].
Examplesinclude�nding theeigenmodesin extremelylarge
andcomplex 3D electromagneticstructures,predictingthe
halosof high-intensitybeams,and simulating the particle
and �eld dynamicsin plasma-basedaccelerators.The re-
sulting simulationdatapresentunprecedentedvisualization
challengesin termsof both sizeandcomplexity. This pa-
perpresentsour initial successin addressingthechallenges
of visualizinghigh-intensityparticlebeamdataandcomplex
3D electromagnetic�eld data.

All the simulationcodescurrently run on parallel com-
putersoperatedat NERSC/LBL, ACL/LANL, and SLAC.
Beamdynamicssimulations[10, 11] with up to 500million
particleshave beenperformed,a numberthat is approach-
ing theneededresolutionin thecalculationof thebeamden-
sity to predictbeamhalo in next-generationacceleratorde-
signs. Electromagneticcalculationsfor the designof com-
plex beamlinecomponentsand systemshave achieved the
requiredaccuracy for modelingthecavitiesin theaccelerator
structure[16]. Eachsimulationruncangenerateterabytesof
data.

In additionto the large-dataproblemwhich is beingad-
dressedby high-performancecomputing[4, 5, 6,9], two fun-
damentalvisualizationproblemsmustbesolved. Oneis the
problemof visualizingvery densepoint data(i.e. particles),



andtheotheris visualizingvery denseline data(i.e. electric
andmagnetic�eld lines).Wehavedevelopedanovel hybrid
renderingapproachaddressingtheparticledensityproblem,
anda scalabletexture-enhancedrepresentationfor betteril-
lustratingotherwisehidden�eld properties.While thesetwo
problemsare uniqueto acceleratorphysics data, the tech-
niqueswe introducehereareapplicableto any applications
concernedwith the visualizationof particle dataand �eld
line data.Wehavealsoexploitedthefeaturesof thenew gen-
erationof commoditygraphicscardslikethenVidia GeForce
seriesto acceleratetherendering.

2 Partic le Beam Data

Particle acceleratorsimulationsmodel a large numberof
chargedparticlesasthey move throughthe acceleratorand
respondto variousforces[11]. The resultingdatasetscon-
sist of hundredsof millions to billions of particlesfor each
time step, making it impossibleto renderin real-time,or
even to �t into the memoryof mostPCs. Oneapproachis
to convert theparticlesto volumetricdatarepresentingpoint
density, andusetexture-mappinghardwareto renderto the
screen[8]. However, the sizeof volumesthat canbe ef�-
ciently visualizedin this mannerarelimited by the amount
of available texture memory, as well as the �ll rate of the
availablehardware. In addition,high-resolutionrepresenta-
tionspresentchallengeswith regardto theavailablenetwork
bandwidth,disk space,andthe time requiredto processthe
data.As a result,eventhoughthis approachdoesgive good
interactivity andcompactdatasize,many �ne detailscanbe
lost,especiallyin thevery low-densityareaswherescientists
aremostinterested.We have developeda hybrid datastor-
ageandrenderingmethodwhich allows scientiststo visual-
izeandexplorethedataatinteractiverateswhile maintaining
muchof theimportantdetailof theoriginaldata.

2.1 Hybrid Rendering

Our hybrid techniqueleveragesthe speedof texture-based
hardwarevolumerenderingto representlarge features,and
the �e xibility of point-basedrenderingto represent�ne de-
tails. The foundationof the hybrid methodis the useof
low-resolutionvolume renderingin the areasof low inter-
est/detail,andtheuseof point-basedmethodsto enhanceor
replaceareasof high interest/detail.Thus,storage,transfer,
and renderingresourcesare put to more ef�cient usethan
with volumetricor particlerenderingalone.

The interactivity offered by the hybrid method makes
choosingviewing parametersandtransferfunctionsfor sub-
sequenthigher-qualityrenderinganeasyjob, andthestorage
savingsmeanthatthedatacanbemoreef�ciently transferred
from thecomputerwhereit wasgeneratedto a remotecom-
puteronascientist'sdeskthousandsof milesaway.

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

Figure 1: Comparisonof a volume rendering(left) and
a mixed volume/point rendering(right) of the phaseplot
(x;Px;y) of frame170. Thevolumerenderinghasa resolu-
tion of 2563. Themixedrenderingwith a volumetricresolu-
tion of 643 and2 million pointsprovidesmoredetailthanthe
volumerenderingwhile displayingat a muchhigherframe
rates.

thesesimulationsconsistsof spatialcoordinates(x;y;z) and
momenta(px; py; pz) in double-precision.Theprimarysim-
ulation,consistingof 100million particles,requires5GB of
storagepertime step.An additionaldataset,theinitial time
stepof abillion point simulation,requires48GB of storage.
Thesesizesmake dataimpracticalto move, andimpossible
for mostcomputerto handle.

Figure1 showsacomparisonof astandardvolumetricren-
dering,anda mixed point andvolumetric renderingof the
sameobject.Themixedrenderingis ableto moreclearlyre-
solve thehorizontalstrati�cationsin theright arm,andalso
revealsthin horizontalstrati�cationsin the left armnot vis-
ible in the volumerenderingfrom this angle. Note that the
bandsneartheedgesarepartof thedata,not renderingarti-
facts.

Imagesfor four differentdistributions including (x;y;z),
(x; px;y), (x; px;z), and(px; py; pz) of the dataat time step
180aredisplayedin Figure2. Thesimulationcorrespondsto
anintensebeampropagatingin amagneticquadrupolechan-
nel. The beampropagatesin the z-direction,with focusing
providedin thetransverse(x andy) directions.

2.2 Point Selection Criteria

In orderto constructahybrid representation,wemustdecide
how to classifypoints(i.e. particles)asbeingrendereddi-
rectly or simulatedvia volumerendering.For this dataset,
themostdetailedandimportantareato visualizeis thevery
low-densitybeamhalo[10]. Thisareaposesadditionalprob-
lemsfor volumetricrepresentationbecauseit is thousandsof
timeslessdensethanthebeamcore,makingit hardto com-
putetheprecisedensityfor agivenregion,andto assignthat
densityoneof a limited numberof palettevalues.

Therefore,we choosepoints in areasof low density to
renderdirectly, andthe remainingareasof high densityare
renderedusing fast low-resolutionvolumerendering. This



Figure 2: Selecteddistributions for time step 180. Top:
(x;y;z) and(x;Px;y). Bottom: (x;Px;z) and(Px;Py;Pz).

allows the �ne detailof thebeamhalo to beaccuratelyrep-
resentedat the full dataresolution,while maintaininginter-
activity by reducingtheamountof datatransferredandren-
dered.

2.3 Prepr ocessing

The hybrid representationof the data is computedon the
sameparallelsupercomputerat NERSC/LBLthatgenerated
theoriginalsimulation:anIBM SPRS/6000with 2,944pro-
cessors. Preprocessingconsistsof two steps: partitioning
andextraction. Partitioning is a one-timeprocessthat adds
structureto theoriginally unstructuredparticledata.Extrac-
tion is a fastprocessthatquickly extractsa hybrid represen-
tationwith givenparametersfrom thepartitioneddata.

Thepartitioningprogramorganizestheunstructuredpoint
datainto anoctree.It is provideda time-stepnumber, a plot
type (sincethereare six parametersper point, thereare a
variety of 3-D plots that canbe generated),anda maximal
subdivision level. It thenreadsin all the pointsandinserts
theminto anoctree.The levelsof subdivision of theoctree
arelimited by themaximalsubdivision level, whichprevents
theoctreefrom becomingimpracticallylarge.This octreeis
writtenout to disk in two parts:onepartcontainsall thepar-
ticles of the simulation,the othercontainsthe octreenodes
themselves. In theparticle�les, particlesin thesameoctree
nodearegroupedtogether, andthegroupsaresortedin order
of increasingdensity. Eachnodein theoctreethencontains
anoffsetinto theparticle�le andthethenumberof particles
in its group.

�����

ume transfer function

Point transfer function
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Figure 3: A hybrid data representation.(a) An image is
createdby classifyingeachoctreenodeas belongingto a
volume-renderedregion or a point-renderedregion,depend-
ing upon the transferfunction for eachregion (the regions
canoverlap,asin thisexample).Thecombinationof thetwo
regionsde�nes the output image. (b) The relationshipbe-
tweenthetwo transferfunctions.Thetwo transferfunctions
canbeeditedtogetheror separatedly.

The partitioningprogramtakesabout7 minutesper time
stepfor the 100 million particlesimulation. Sinceit is pri-
marily I/O bound,processingtimescaleslinearlyasthenum-
ber of points increases.If the dataexceedsthe amountof
memoryavailableon onenodeof thesupercomputer, it can
alsoberun on multiple nodes:thevolumeis dividedup be-
tweennodesandparticlesareassignedto thecorresponding
nodeoncethey arereadfrom disk. Sincethepartitionedrep-
resentationcontainsall the datapresentin the original rep-
resentation,it is possible(althoughnot yet implemented)to
discardthe original dataandconvert betweendifferentplot
typepartitionings.

Theextractionprogramconvertsthepartitioneddatainto
the hybrid representation.It is given a partitionedframe
anda thresholddensity. Particlesin octreenodesbelow the
thresholddensityarestoredin thehybrid representation.All
other points (thosein the higher-density regions) are dis-
carded(seeFigure3). To accomplishthis,theextractionpro-
gramreadsin theoctreeanddetermineswhichnodesshould
containstoredpoints. Sincetheparticle�le is sortedin or-
derof increasingdensity, all particlesrequiredfor any hybrid
representationarein a contiguousblock at thebeginningof
the �le. This portion of the particle datais just copiedto
theoutput;nocomputationis necessaryfor theparticles,and
discardedparticlesarenever readfrom disk.

The thresholddensityparameterprovided to the extrac-
tion programallows the userto balance�le sizeandvisual
accuracy for agivenapplication.A highthresholdvaluewill
yield large �le sizesbut larger areasof the renderingcan
be drawn using the moreaccuratepoint-renderingmethod.
A low thresholdvaluewill yield smaller�le sizesappropri-
ate for viewing multiple framessimultaneously, or quickly
transferringover a network, at theexpenseof having a thin-
nerhaloregion representableby points.Becausetheextrac-
tion processis fast,differenthybrid representationscanbe
createdanddiscardedasneeded.



Figure 4: Portionsof a hybrid renderingon a sphere-like
(x;y;z) distribution showing (top) thevolume-renderedpor-
tion, (middle) thecombinedhybrid rendering,and(bottom)
thepoint-renderedportionalone.Thefront half of thesphere
hasbeenclipped;thepointsobscuredby thevolumerender-
ing areonthefarside.Thepointsshown herearecompletely
opaquesothey aremorevisible.

2.4 Viewing

A separateview programwith an interactive transferfunc-
tion editor is usedon a desktopPC to visualizethe parti-
tioneddatageneratedby theparallelcomputer. Thevolume
transferfunction (seeFigure 3 (b)) mapspoint density to
colorandopacityfor thevolume-renderedportionof theim-
age. Typically, a stepfunction is usedto map low-density
regionsto 0 (fully transparent)andhigherdensityregionsto
somelow constantso that one can seeinside the volume.
The programalso allows a ramp to transitionbetweenthe
highandlow values,sothearti�cial boundaryof thevolume-
renderedregion is lessvisible.

The point transferfunction (seeFigure3 (b)) mapsden-
sity to numberof pointsrenderedfor thepoint-renderedpor-
tion of the image. Below a certain thresholddensity, the
datais renderedas points; above that threshold,no points
aredrawn. Intermediatevaluesaremappedto the fraction
of points drawn. When the transferfunction's value is at
0.75 for somedensity, for example,it meansthat threeout
of every four pointsaredrawn for areasof thatdensity. This
allows the userto seefewer points if too many points are
obscuringimportantfeatures,or to make renderingfaster. It
alsoallows a smoothtransitionbetweenpoint-renderedpor-
tionsof theimageandnon-point-renderedportions.Figure4
displayspartsof ahybrid rendering.

By default, thetwo transferfunctionsareinversesof each

other. Changingoneresultsin anequalandoppositechange
in the other. This way, the usercan changethe boundary
betweenthe volume-andthe point-renderedregionsof the
image(upuntil theboundaryspeci�edduringpreprocessing,
beyondwhichnopointsareavailable).

2.5 Results

The hybrid beamrenderingmethodis effective for a vari-
ety of simulationcon�gurationsand visualizationrequire-
ments. The usercantailor the hybrid outputto rangefrom
large, very accuraterepresentationsto small, lessaccurate
representations(that still preserve asmuchinterestingdata
aspossible).

Thehybrid methodcanproduceverycompactrepresenta-
tions,allowing multiple time stepsto �t into memory. Rea-
sonablyhigh-qualitypicturescanbemadewith hybrid data
smallerthan100MB, so a high-endPC is capableof hold-
ing around10 time stepsin memoryat once. Thepreview-
ing programallows the user to stepthroughframesusing
the keyboard. If a frame is alreadyin memory, it can be
displayedinstantaneously:the volume texture and display
listsarealreadyloadedinto videomemory, or canbequickly
swappedin by thedisplaydriver. If a frameis not in mem-
ory, it is loadedfrom disk, a processthat takes around10
secondsfor a 100MB time step. This allows very ef�cient
explorationof thebeam'sevolutionovertime; if thestepsize
is smallenough,individualparticlescanbeseenmoving be-
tweenframes.

Figure5 displaysselectedframesfrom a simulationover
350 time stepsfor the (x;y;z) distribution of the data. All
framesusethesameview looking down z, thebeam's axis.
The quadrupolemagnetsarealternatelyfocusinganddefo-
cusingin the x and y 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
aconservative pointdensitythreshold.

In addition to scalingin the time dimension,the hybrid
algorithmalsoscaleswell in termsof simulationsizes.Be-
causetheoutputdatasizedoesnotnecessarilydependonthe
inputdatasize,largesimulationsapproaching1 billion parti-
clescanbereducedto thesamesizehybrid representationas
thesmallersimulations.The largesimulation's point-based
halo region will be thinnerthanthe smallersimulation,but
that has little effect on the quality of the resulting image:
regardlessof the simulationsize,pointsat the high-density
halo cutoff region are typically so densethat they visually
mergeinto avolumeanyway.

One importanteffect that occursin larger simulationsis
that the octreemustbe subdivided more�nely wherethere
is a high gradient.This occurbothin very largesimulations
and in smallersimulationswith very focusedbeams. If a
higherlevel of subdivisionis notused,theoutlineof thelow-
estlevel octreenodeswill bevisible at theboundaryof the
halo region. For low gradients,a shallower depthof octree



Figure5: Selectedtime stepsfrom ansimulationover 350time stepsfor thex-y-z distribution of thedata.Top: frames1, 50,
100,150.Bottom: frames200,250,300,350.

subdivision canbeusedwithout introducingsigni�cant arti-
facts,saving valuablespace.

For visualizingthe particlebeamdata,volumerendering
lacksthespatialresolutionandthedynamicrangeto resolve
regionswith very low density, areaswhich may be of sig-
ni�cant interestto researchers.Point-basedrenderingalone
lacksthe interactive speedandthe ability to run on a desk-
top workstationthat thehybrid approachprovides. Further-
more,point-basedrenderingfor low-densityareasprovides
more room for featureenhancements.Becausepoints are
drawn dynamically, they could be drawn (in termsof color
or opacity)basedon somedynamicallycalculatedproperty
thatthescientistis interestedin, suchastemperatureor emit-
tance.Volume-basedrendering,becauseit is limited to pre-
calculateddata,cannotallow dynamicchangeslike these.

3 Electric and Magnetic Field Data

Theothersimulationcodewe areworking with is basedon
aparalleltimedomainelectromagnetic�eld solverusingun-
structuredhexahedralmeshes.This codemodelsthere�ec-
tion andtransmissionpropertiesof openstructuresin anac-
celeratordesign[16]. To achieve the neededaccuracy, the
simulationsmustnotproceedfasterthanelectromagneticin-
formationcouldphysically �o w throughmeshelements.To
satisfytheCourant Condition, simulating100nanoseconds
in therealworld requiresmillions of timesteps.Theparallel
simulationcodeis scalablein termsof boththethenumberof
meshelementsandthenumberof particles.Eachrun of the
simulationon the SLAC's 32-nodePC clustercanproduce

terabytesof data.
A scalablesolutionis requiredfor visualizingsuchlarge

andcomplex electromagnetic�elds. The main challengeis
concernedwith displayinga densecollectionof intertwined
linesin a way thatshows clearspatialrelationshipsbetween
them,with unambiguousglobal or local detail. We believe
thatinteractivity is thekey to insightful visualization,soour
approachis basedonacompactrepresentationfor �eld lines
coupledwith hardware-assistedperceptuallyeffective ren-
dering. The result is highly interactive visualizationfacili-
tating understandingof both the global andlocal structures
of theelectromagnetic�elds.

3.1 A Compact Representation for Field Lines

Theproblemof drawing linesto show thestructureof vector
�elds hasbeenstudiedextensively. Work hasalsobeendone
to usealternative representationof lines like tubesandrib-
bonsto improve perceptionof their structuresor additional
physical propertiesof the data. We have developeda �e xi-
ble andscalablerepresentationwhich we call self-orienting
surfacesfor illustrating �eld lines [12]. This representation
usinghardwaretexturing canconvenientlydisplaythe �eld
propertiesaslines,tubes,or ribbons.

Eachself-orientingsurfaceis atrianglestripwhichis con-
structedfrom a sequenceof pointsalonga curve, an asso-
ciatedsequenceof tangentvectors,anda viewing position.
The trianglestrip alwaysorientstoward theobserver which
makesaligninga texture to thestrip easy. For example,the
tube-like appearanceis madepossibleby using hardware



acceleratedbump mapping. Comparedto 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 themselves in a view-
dependentway, the texture coordinatesfor moving across
thestrip becomeview-independent.Dif�culties thatcanoc-
cur with polygonaltubesareavoided. Figure6 (a), (b), and
(c) show conventionalline drawing, illuminated�eld lines,
andstreamtubes,respectively, for illustrating both the elec-
tric �eld andmagnetic�eld insidea 3-cell linear accelera-
tor structure. As shown in Figure 6 (d), the self-orienting
trianglestrips renderedwith hardwarebump mappinggive
similarvisualeffectwhile usingonly averysmallnumberof
triangles,about� ve to six timeslessthana typical stream-
tuberepresentationwould require.

As shown in Figure 6 (e), using a wider versionof the
self-orientingsurfacesit is possibleto givetheimpressionof
the �eld densityby only renderinga small numberof self-
orienting surfaces,with line density textured accordingto
local �eld strength.Thereductionin thenumberof linesthat
mustbetracedandplottedcanhelpmaintainadesirablelevel
of interactivity.

3.2 Seeding Strategy and Incremental Visual-
ization

A key task in �eld line visualization is the selectionof
seedpointsfor streamlineintegration. Much work hasbeen
done[2, 7, 14] for providing aestheticallypleasingstream-
lines throughcarefulselectionof seedpoints. The empha-
sis is generallyon producinga visually uniform densityof
streamlinesin the �nal image. Our approachis to select
seedsso that the local densityanywherein the �nal distri-
bution of �eld lines is approximatelyproportionalto the lo-
calmagnitudeof theunderlying�eld. Whenthisapproachis
appliedto electromagnetic�elds, theresultingimageis intu-
itivefor physicists,becausethedensitiesof electricandmag-
netic �ux lines are proportionalto the corresponding�eld
strength.

The implementationof our seedingstrategy consistsin
computinga desiredaveragenumberof �eld lines to pass
througheachelementof themesh.This is theaverage�eld
intensityfrom attheelement'sverticesmultipliedby thevol-
umeof theelement.Thesenumbersarethenscaledso that
the sumover all elementsis equalto total maximumnum-
berof �eld lines to pre-integrate.Thealgorithmconsistsof
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 element's desirednumber
of �eld lines is decremented.This selectionandintegration
processrepeatsuntil the total desirednumberof �eld lines
for theentiremeshhasbeenobtained.By keepingtrackof
how many �eld linesalreadypassthroughtheelements,dis-

proportionatelyhigh densitiesof �eld linesareavoided. By
alwayschoosingthe elementthat mostneedsan additional
�eld line, the imagesthat result from renderingthe �rst n
�eld linesarealwaysnearlycorrectin showing �eld line den-
sity proportionalto themagnitudeof theunderlying�eld.

This incrementalapproachaddressesthechallengein pre-
sentingextremelydensecollectionsof �eld lines. Although
transparency effectsalsohelpaddressthechallenge,they are
only useful up to moderate�eld line density. At extreme
densities,transparency effectsresultin imagesqualitatively
similar to thoseproducedby directvolumerendering.Sim-
ple direct volumerenderingsuffers from ambiguity in that
perspectivedepthcuesandlighting cuesaremissing,andbe-
causedifferentcombinationsof thickness,opacityandcol-
oration assignedto the datacan compositeto producethe
samecolor and intensity in a �nal image. An interactive
animationof our incrementalapproachavoids theseambi-
guities.By sweepingfrom a minimumto a maximumnum-
ber of �eld lines, onegetsa compellingsenseof the struc-
ture andmagnitudeof the �elds beingbuilt up. It is clear
where the strongregions are, becausesparselines appear
there�rst, andtheselineshavegoodperspectiveandlighting
depthcues.As more�eld linesareadded,thestrongregions
becomemoredenseandthe lessstrongregionsstart to �ll
in. Figure7 shows selectedimagesfrom sucha sequence,
with the lines correspondingto the highestmagnitude�eld
regionsbeingloaded�rst. Fromthere,progressively weaker
�eld linesareloadedin. In eachimage,thedensityof �eld
lines is approximatelyproportionalto the magnitudeof the
underlying �eld. In this way, eachimageattemptsto be
themostaccuraterepresentationof �eld magnitudepossible
giventhenumberof �eld linesused.Thesetof �eld linesin
eachimagein thesequenceis a supersetof those�eld lines
in theprecedingimage.

3.3 Perceptuall y Effective Visualization

In orderto betterunderstanda large numberof intertwined
�eld lines,perceptualissuescannotbeneglected.Properuse
of illumination, haloing,transparency andothervisualcues
can help clarify spatialrelationshipsand reveal hiddenin-
formation. We have incorporatedperceptuallyeffective en-
hancementmethodsinto theself-orientingsurfacerepresen-
tationto increasetheinformationlevel andclarity of thepic-
ture.

3.3.1 Illumination

While theilluminated�eld linestechnique[13] canhelpde-
terminethe shadingof a �eld line, it is lesseffective to ac-
curatelyinterpretthespatialrelationshipsbetweensimilarly
orientedadjacentor overlappinglines,aspointedout in [1].
In particular, thin linescould look arti�cial becausethetex-
ture doesnot vary sideways acrossthe width of the lines.
Our illuminatedtrianglestripesoffer not only improvedvi-
sualclarity, comparableto thevolumeLIC approachin [1],



but alsothecritical interactivity neededfor ef�cient dataex-
ploration. Figure6 (f) demonstratesthe effect of enhanced
lighting. Theenhancedlighting is hardwareaccelerated,and
carriesnosigni�cant performancepenaltyoverasinglelight
source.

3.3.2 Haloing

Adding haloscan clarify the spatial relationshipsbetween
overlappinglines.Our self-orientingsurfacesrepresentation
is superiorto theilluminated�eld lineswith halos.Theillu-
minatedlinesimagesdonotprovideaperspectivedepthcue,
whereasthe self-orientingsurfacesdo. At mediumdepth,
a crosssectionof the haloedlines appearsas one or two
blackpixelsoneithersideof a few 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-
fuseandspecularcomponentsremainat the middle of the
crosssectionbecausethatis wheresurfacenormal,viewing,
andlight vectorsall align. Assumingasmallor non-existing
ambientcontribution, the crosssectionedgesare dark be-
causethe surfacenormal is orthogonalto the viewing and
lighting vectors. Our self-orientingsurfacesusetexture to
effectively capturethe samesurfacenormal vectorsthat a
polygonaltubewouldhave,sofor self-orientingsurfacesthe
lighting appearsexact.

At �rst glance, comparisonof the two techniquesat
medium depth shows little difference. However, at near
depthself-orientingsurfaceslook better. The perspective
wideningof theself-orientingsurfacesprovide a signi�cant
depthcue. If thewidthsof thehaloedlinesarescaledup to
match,thesharptransitionfrom blackhaloto illuminatedre-
gionbecomesveryapparent.Whatwasareasonableapprox-
imationat severalpixelswide becomesnoticeablyincorrect
when scaledup. In contrast,self-orientingsurfacesshow
even more clearly the Phongillumination model at work,
providing asmoothandveryconvincingcrosssection.

3.3.3 Transparenc y

For very denseline data,asdisplayedin Figure6 (g), it can
be dif�cult to unambiguouslyperceive the details in a re-
gion in theinterior of the3D �eld. Surroundinglines,when
suf�ciently dense,canoccludethe interior structures.One
approachis to “cut away” thedatawhich is not in theregion
of interest.While effectiveasshown in Figure6 (h), in other
casesthis couldtake away theglobalcontext for thecurrent
region of interest.Theotherapproachis to leave theregion
of interestopaquewhile usingtransparency to de-emphasize
the remainingdata. As a result, as shown in Figure 6 (i),
the interior structurescanremainclear, andtheglobal con-
text is not lost. Transparency in complex scenesrequires
back-to-frontcompositingfor a correctimage. Depthsort-
ing is not practicalfor very largedata.Our approachcanbe
coupledwith the order-independenttransparency technique

supportedon the nVidia GeForce3 but would requiredis-
ablingbumpmappingand�ner tessellationof self-orienting
surfaces.

3.4 Results

Figure8 shows imagesof four selectedtime stepsfrom the
simulationof the3-cellstructure.Theability to animate�eld
linesin thetemporaldomainis particularlyvaluable.For ex-
ample,from thesefour images,scientistscanexamineand
verify thepropagationof theRFwaves.Storingtheprecom-
puted�eld lines ratherthan the raw datacan signi�cantly
cut down thedatastorageandtransferrequirementsmaking
interactive interrogationof thetime-varyingelectromagnetic
�eld linesdatapossible.Thetypical saving is abouta factor
of 25, which would allow many time stepsof electromag-
netic�eld linesto residein memoryfor interactive viewing.
We arepresentlyparallelizingthe �eld line calculationson
PCclustersto speedup thispreprocessingtask.

Figure9 shows the insideof a 12-cell linear accelerator
structure. The front half of the meshhasbeenremoved to
permit viewing inside. Electric �eld lines, shown in blue,
originateand terminateat the surfaceof the mesh. Power
�o ws in from the top andbottomthroughinput ports,and
then �o ws to the right. Chargedparticles,underthe in�u-
enceof thepropagating�eld, wouldbeacceleratedfrom left
to right. Ideally, theelectric�eld shouldbeperfectlyradially
symmetrical.However, theradialasymmetryin thegeome-
try of theportscausesasymmetryin theelectric�eld.

Note that simulation of this 12-cell structure reaches
steadystateat about40 nanoseconds,which correspondsto
326,700time steps.Sinceit would take about80 megabytes
of storagespaceto save one time stepof the electric and
magnetic�elds together, over 26 terabytesof storagespace
would be neededfor the overall dataset. Storing the pre-
integrated�eld lines insteadandusingthe seedingstrategy
describedmake it possiblefor usto visualizethedata.

The sequenceof imagesin Figure10 shows incremental
loadingof �eld linesasin Figure7 but with line transparency
andcolor assignedaccordingto the �eld strength.The key
is that the scientistis allowed to interactively changethese
visualizationandviewing parameters,and thenseethe re-
sultingvisualizationimmediately.

4 Conc lusions

Theoverall objective of this nationalresearchanddevelop-
menteffort is to establisha comprehensive terascalesimu-
lation environmentfor useby the U.S. particleaccelerator
community. The effective visualizationmethodspresented
in this paperallow scientiststo gain betterinsightsinto the
simulationresultsandcommunicatewith otherstheir �nd-
ingsin amoreintuitiveway.

This paperdiscussesthe visualizationchallengesof the
terascaleapplications,introducestwo novel visualization



(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure6: Visualizationof electromagnetic�eld correspondingto a sectionof an acceleratorstructure. (a) conventionalline
drawing. (b) illuminatedstreamlinetechnique.(c) conventionalstreamtubetechnique.(d) self-orientingsurfacetechnique.(e)
compacttexturedribbonrepresentation.(f) with enhancedlighting. (g) denselines. (h) cuttingaway. (i) useof transparency.

Figure7: Fromleft to right, incrementalloadingandrenderingof electric�eld lines in a port andtwo cellsof anaccelerator
structure.



Figure8: Selectedtime stepswhich show RF wavesprop-
agate in throughthe input ports (left) and out throughthe
outputports(right).

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

techniquesaddressingthechallenges,anddemonstratesour
testresultsusinglargedatasetsobtainedfrom time-varying
simulationsof acceleratorphysics. In particular, we de-
scribehow high-performancecomputing,commoditygraph-
ics hardware, and a hierarchicalorganizationof visualiza-
tion primitivescanassisttheinteractivevisualizationof large
time-varyingdata.

We believe a viable solutionof the large datavisualiza-
tion problemis built upona fusing of supercomputingand
commoditycomputingaswell ason moreef�cient resource
allocation,investingcomputationonpartsof theimagesthat
are the mostperceptuallyrelevant. In this way, interactive
visualizationcanbemadepossibleto a wide rangeof users
from peoplewhoconducttheterascalesimulationsto people
whousethesimulationresultsfor design.

This paper contributes to the supercomputingcommu-
nity in the following two ways. First, we show that for
data exploration our hybrid renderingapproachsupport-
ing budget-sensitive progressive visualizationis morecost-
effective thanbrute-forcevisualizationsupercomputing.It
is clearthatotherdemandingvisualizationapplicationscan
bene�t from asimilarhybrid approach.In fact,ahybrid ren-
deringmethodhasbeendevelopedfor hardware-accelerated
renderingof regular-griddedvoxel data[15]. Second,we
demonstratehow a compactgraphicsrepresentationlike our
self-orientingsurfacescaneffectively cutdown bothstorage
and computationalrequirementswithout degrading image
quality to enableinteractive visualizationon a commodity
PC.Terascalesimulationcoupledwith interactive visualiza-
tion, usedas a tool of discovery, will allow researchersto
advancethe frontiersof acceleratorscienceandtechnology
andleadto new discoveriesin beam-drivenscience.



Figure10: Fromleft to right, incrementalloadingandrenderingof electric�eld lines. Top: with theline opacityproportional
to local �eld strength.Bottom: with enhancementusingbothcolorandtransparency.
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