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Abstract:

Exploratory scientific visualization is a valuable paradigm for understanding complex physical phe-
nomena. When these phenomena have associated volumetric scalar fields, isosurface extraction is
a critical tool. An isosurface is the set of points in which the scalar field has a particular value,
the isovalue. The position of an isosurface, as well as its relation to other neighboring isosurfaces,
can provide clues to the underlying structure of the scalar field. In medical imaging applications,
isosurfaces help extract particular anatomical structures and tissues. These isosurfaces are static
in nature. Many applications require a more dynamic use of isosurfaces. In these applications
scientists need to interactively change the isovalue in order to gain better insight into simulation
results. This research develops isosurface generation algorithms that enable rapid exploration of
large datasets both for local and remote visualization. The work focuses on fast localization of an
isosurface within very large datasets, as well as giving scientists prompt feedback during exploratory
sessions. This work examines the entire isosurface generation process and the components that make
up that process. The goal of this work is to isolate bottlenecks in the isosurface generation process
and to develop methods with which to address them.

Two theoretical analyses of the isosurface extraction process are presented, as well as three isosur-
face extraction methods which are based on these analysis. The first extraction method, termed
NOISE, provides an extremely fast way of locating the data cells that intersect the isosurface. The
NOISE method is based on a new representation we termed the Span Space, and which is the
result of the first theoretical analysis. The second analysis of the extraction process leads to the
notion of a view-dependent isosurface extraction. In this approach, only the visible portion of an
isosurface is extracted based on both the view parameters and on the actual screen resolution. To
methods, WISE and SAGE, which are based on the view-dependent approach are also presented.
These methods provide rapid responses to a remote (and local) user and enable one to view and
manipulate the visible portions of the isosurface in interactive rates. Results of these isosurface
extraction algorithms are presented.
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ABSTRACT

Exploratoryscientificvisualizationis avaluableparadigmfor understandingomplec
physicalphenomenaWhenthesephenomendave associatedolumetricscalarfields,
isosurbceextractionis a critical tool. An isosurfceis the setof pointsin which the
scalarfield hasa particularvalue, the “isovalue” The position of an isosurfice, as
well asits relationto otherneighboringisosurfices canprovide cluesto the underlying
structureof the scalarfield. In medicalimagingapplications,isosurbiceshelp extract
particularanatomicaktructuresandtissues.Thesesosuricesarestaticin nature.Many
applicationsrequirea moredynamicuseof isosurtices.In theseapplicationsscientists
needto interactvely changethe isovaluein orderto gain betterinsightinto simulation
results.

Thisresearcldevelopsisosuricegeneratioralgorithmsthatenablerapidexploration
of large datasetdoth for local and remotevisualization. The work focuseson fast
localizationof anisosuraicewithin verylargedatasetsaswell asgiving scientistgprompt
feedbackduring exploratory sessions.This work examinesthe entireisosurbicegener
ation processandthe componentghat make up that process.The goal of this work is
to isolatebottleneckdn theisosuraicegeneratiorprocessandto develop methodswith
whichto addresshem.

Two theoreticalanalysesf the isosurficeextraction processare presentedaswell
as threeisosurtice extraction methodswhich are basedon theseanalysis. The first
extractionmethod,termedNOISE, providesan extremelyfastway of locatingthe data
cellsthatintersecttheisosurfice. The NOISE methodis basedon a new representation
we termedthe Span Space,and which is the result of the first theoreticalanalysis.
The secondanalysisof the extraction procesdeadsto the notion of a view-dependent
isosurfice extraction. In this approach,only the visible portion of an isosurbceis

extractedbasedon both the view parametersand on the actual screenresolution. To



methods WISE and SAGE, which are basedon the view-dependenapproachare also
presentedThesemethodgroviderapidresponset aremote(andlocal) userandenable
oneto view and manipulatethe visible portionsof the isosurficein interactve rates.

Resultsof theseisosurficeextractionalgorithmsarepresented.
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CHAPTER 1

INTRODUCTION

Definition 1 (Isosurface)
Givena scalarfield, anisosurfaces the collectionof all the pointswith a givenvalue

(theisovalue).

Definition 2 (IsosurfaceExtraction)
Given a set of samplesof a scalar field and an isovalue find a set of surfacesthat

approximatehe boundaryof theisosurface

Definition 3 (IsosurfaceExtraction over a Grid)
Givena setof sampleof a scalarfield organizedn a grid givena rule howto interpolate

insidea grid cell, find a setof surfaceghat approximatethe boundaryof theisosurface

1.1 Overview

Isosuraiceextractionis a powerful tool for investigatingvolumetricscalarfields. The
position of an isosurfice,aswell asits relationto other neighboringisosurfices,can
provide cluesto the underlying structureof the scalarfield as seenin Figure1.1. In
medicalimagingapplicationga), isosurbcespermitthe extractionof particularanatom-
ical structuresandtissues.Theseisosurbicesarestaticin nature. A moredynamicuse
of isosurficesis calledfor in mary scientific computingapplications,suchas mantle
cornvectionsimulation(b) andinterpretationof seismicdata(c). In theseapplications
scientistsneedthe ability to changethe isovalue dynamicallyin orderto gain better

insightinto simulationresults.



Figurel.1 Medicalandscientificcomputingapplication®fisosuraces.(af skull from
the Visible Womanproject. (b) Mantle convection. Hot mantle(orange)low upwardto
the surfacewnhile the coldermantle(transparentyan) descentowardthe earthcore. (c)
Imagingof seismicdata. Two isosuricesof a constanimagnitudeareshavn embedded
in avolumevisualizationof the data. A singletraceandan SP-logcurvesat oneof the
wells arealsoshown.

Thepushfor higherdegreesof accurayg in scientificcomputingapplicationsandhigh
resolutionmedicalscannerhascauseddatasetsto grow ever larger The sheersize of
thesedatasetsposesa major obstaclefor interactive investigation. An isosuracemay
be composedf mary complex but separatedomponentsScanningvery large datasets
andisolatingthesecomponentgantake several minutesevenon supercomputer€dnce
isolated,ageometriaepresentatioof theisosurticeneeddo begeneratedndrendered
ontothe userscreen.Yet the size (numberof polygons)of the extractedisosurbicecan
overwhelmevenhigh-endgraphicshardwareaccelerators.

Anotherobstacles posedby the structureof the data. While datain medicalimag-
ing are provided at structuredgrid positions,scientific datasetsfrequently consistof
geometryrepresentethy unstructuredinite elementgrids. Structuredgridsrequireless
memoryper datapoint asthe locationsof the datacellsareknown implicitly from their
index. In addition,structurediatasetsenableheuseof simpletraversalmethodsandare
well suitedfor hierarchicakepresentationgJnstructuredyrids provide the scientistwith
morefreedomin representingomplex ervironments.The visualizationof suchgridsis
neverthelessnuchharder

The last decadehasseenthe rise of the desktopcomputer Today’s desktopcom-

putersprovide more raw CPU power, memory and better graphicshardware than a
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supercomputeof 10 yearsago. This in turn enablesscientistsand medical personnel
to conductmoreof their researchon their own personakomputers.Smallto moderate
datasetscannow be processe@ndvisualizedright at the scientists desk. Along with
theimprovementin desktopcomputempower, thelatestsupercomputerarenow massve
parallelprocessorsvith hundredsof processoraindtensof gigabytesof memory The
enormougpower of thesesupercomputersomesat avery high cost,which resultsin the
centralizatiorof supercomputers only afew sites,suchasthenationallaboratories
The availability of relatively cheapyet powerful desktopcomputersand massve
parallelsupercomputeris only afew locationshasledto thedevelopmenbf anew visu-
alizationparadigmnamelyremotevisualization.The fundamentatrive is to enablethe
scientistto performvery large simulationson a remotesupercomputewhile visualizing
andinvestigatingheresultson thelocal desktop.For the remotevisualizationparadigm
to be successful several technicalobstaclesneedto be addressed. Theseobstacles
includeremotesteeringof the simulationandvisualization,generatiorof visualization

cues(e.g.,isosurbiceextraction)andtransmissiorandvisualizationover the Internet.

1.2 Aims and Obijectives

Thegoalof thisresearclwasto developisosurficegeneratioralgorithmsthatwould
enablerapidexplorationof large datasetdothfor local andespeciallyremotevisualiza-
tion. Thework focusesonfastlocalizationof anisosurficewithin very large datasetsas
well asproviding promptfeedbacko the scientistduringanexploratorysession.

Thiswork examinesheentireisosurficegeneratiorprocessandthecomponentshat
make up thatprocessOneof thetasksin this work wasto isolatebottlenecksn theiso-
surfacegeneratiorprocessandto develop methodswith which to addresshem. Further
goalsweredevelopingfastisosurticelocalizationalgorithmsandproviding efficientand

rapid,if only partial,resultsto theuser

1.3 Organization
Thethesisis comprisedf sevenchapterandtwo appendices.
Chapter2 presentsa brief history of the evolution of isosurbiceextractionmethods.

This chapteralso detailsthosemethodswhich are relevant to this work. In chapter3
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we introducea new taxonomyof isosurficeextractionmethodsanda new view of the
underlyingdomainwhich we call the spanspace We thenemploy the spanspaceas
a commonbackdropfor comparingthe pros and consof someof previous extraction
methodswhich wereintroducedn Chapter2 aswell assomeof thenew methodswhich
wheredevelopedbasednthenew spanspaceperspectie. While thespanspacegrovides
anew theoreticaperspectire of theunderlyingdomain,it doesnot specifyary particular
way of extractingisosurfices.With theintroductionof the spanspacewe alsoproposed
a partition schemeof this spaceanda newv methodfor fastlocalizationof isosurbices
basedon this partition scheme.Chapter4 examinedetailsthis binary partition scheme
which is basedon a kd-tree. The chapteralsocover our new Near Optimal Iso Surface
ExtractionNNOISE)methodwhichis suitablefor bothstructuredandunstructuredyrids.
ThespanspaceandtheNOISEmethodenablerapidlocalizationof isosuricesout donot
addresshevisualizationof theextractedisosurfice.In Chapters we examineisosurtice
extractionissuesn the context of acompletevisualizationprocessBasedon this analy-
sis,wethenproposeanew view-dependenapproacto isosurbiceextractionin largeand
comple datasetsChaptei6 laysdown thefoundationgor view dependenalgorithms.A
generathreestepapproachs presentedirst, followedby two implementationsThefirst
implementatioracceleratethe occlusiontestsby examininga warpedprojectionof the
iso surfaceduring the extractionandis termedWISE (Warped IsoSurfaceExtraction).
The secondmethodimproves on the WISE method(and as suchwas termedSAGE)
by providing early termination conditionsas well as extracting trianglesin parallel.
Chapter7 summarizeshis work anddiscusse$utureresearchtirections.

AppendixA presentsa worstcaseanalysisfor two isosurbceextractionsalgorithm.
AppendixB demonstratethe costof point projectionin the WarpedisoSurbiceExtrac-
tion (WISE) method.



CHAPTER 2

BACKGROUND

This chapterexaminesrecentinnovationsin thefield of modernisosurficeextraction
methods. Iso-contouringmethodshave beenin usefor a long period of time, but the
major breakthroughin the field occurredonly recently with the works by Wyvill et
al. [30] in 1986andLorenseretal. [18] in 1987. The succes®f thesemethodsstems
from their divide-and-conquestratgies. Thesemethodscorvert the complex global
isosurbceextractiontaskinto mary smallandsimplelocaltriangulationsThevisualized
datais often generatedr acquiredfrom three-dimensionalmagesor as solutionsto
numericalapproximationtechniques,such as from finite differenceor finite element
methods. Theseacquisitionmethodsrepresenthe dataas a set of polyhedralcells
wherethe datapointsdefinethe vertices.Divide-and-conquein this context amountdo
replacingthe globalisosurfcingproblemwith alocal contouringof eachof the dataset
cells.

Sincethe introductionof thesemethods much effort hasbeenfocusedon both the
divide (searchfor thosecells thatintersectthe isosurbce)andthe conquer(local trian-
gulation)phasesThediscovery of anambiguityin the original MarchingCubedookup
tableled to moreresearcton the local modelingof the isosuriceof eachof the cells.
With the work by Wilhelms andVan Gelder[29] in 1990the effort hasshifted mainly
to the searchphase. In recentyears,with the introductionof very large datasetsand
efficient searchalgorithmssuchasNOISE [17] (describedn Chapterd4), emphasias
shifted toward reducingthe size of the extractedisosurfice. In essencethis effort is
directedat the last phaseof the divide-and-conquestrateyy, namelythe gatherphase.
It is in this last phasethat the all the local resultsare combinedinto one final global

solution.



2.1 IsosurfaceExtraction Methods
2.1.1 Marching Cubes

The bestknown isosurfice extraction methodto achiese high resolutionresultsis
Marching Cubed30, 18]. The novelty of the methodis the notion of cell independence
suchthattheisosurbicecanbe extractedlocally on a percell basis.The marchingcubes
methodconcentratesn the approximationof theisosurficeinsidethe cellsratherthan
on efficient localizationsof the involved cells, Figure 2.1. To this end, the marching
cubemethodscanghe entire cell set,onecell atatime. Eachof the cell eightnodesis
comparedwith the givenisovalueto form an eight-bitentry into a small pre-computed
lookup table that describeshow to triangulatethat cell. The original marchingcube
algorithmuseda compressetbokuptableof 16 entries.

Later researchfocusedon an ambiguity seeFigure 2.2 that was discoveredin the
original marchingcubedookuptable[19, 21, 28]. Thisambiguitycanleadto atopolog-
ically inconsistentsosurficeandthe introductionof artificial holes. Theinconsisteng

wasresolhedby usinga full lookuptablewith entriesfor all the 256 possiblecases.

Figure 2.1 Themarchingcubestriangulationof a cube.The circlesmarkall the nodes
with valueswhich are eitherlarger or smallerthanthe isovalue. Dark lines represent
edgeswvhich arenotintersectedy theisosurfce.



Figure 2.2 Ambiguity: The cubecanbedividedby morethanoneway.

2.1.2 Octrees

Themarchingcubesmethoddid not attemptto optimizethetime neededo searcHor
thecellsthatactuallyintersectheisosurfice.Thisneedwaslateraddressetly Wilhelms
andVanGelder[29], who employedanoctreedatastructure gffectively creatingathree-
dimensionahierarchicadecompositiorof the cell set. Eachnodein thetreewastagged
with the minimum and maximumyvaluesof the cells it represented.Thesetags, and
the hierarchicalnatureof the octree,enabledoneto trim off sectionsof the treeduring
the searchandthusrestrictthe searchto only a portion of the original geometricspace.
WilhelmsandVanGelderdid notanalyzethetime compleity of thesearclhphaseof their
algorithm. However, octreedecompositionsreknown to be sensitve to the underlying
data. If the underlyingdatacontainssomehigh frequeng fluctuationsor noise, most
of the octreewill have to be traversed. Figure 2.3 is an example of sucha dataset,
which ultimately underminesary geometricdecompositiorscheme.ln AppendixA.1,
we presentan analysisof the octreealgorithmandshaw thatthe algorithmhasa worst
casecompleity of O(k + klogn/k), wheren is the sizeof thedataandk is the sizeof
the extractedisosuraice.Finally, octreeshave primarily beenappliedto structuredyrids

andarenot easilyadaptedo dealwith unstructuredyrids.

2.1.3 ExtremaGraphs
Recentlyltoh andKoyamadd12] presente@ newv methodfor generatingsosurbices
over unstructuredgrids using extremagraphs The searchstartsat a seedcell known
to intersectthe isosurbice,and propagatesecursvely to its neighborcells. Knowing
how theisosurfceintersectghe currentcell enableghealgorithmto move only to those

neighborcellsthatareguaranteedo intersectheisosurtce.



Figure 2.3, Turbulentflow in a fluid dynamicsimulationrepresentinghe magnitude
of fluid velocity andshaws the onsetof turbulence.The elongatedstructuresarevortex
tubes.

In orderto find sucha seedcell, Itoh andKoyamadaemployed extremagraphs.The
nodesof thesegraphsarethosecellsthatincludelocal extremavertices.Eacharcin the
graphshasalist of the cellsconnectingts two endnodes.

Givenanisovalue,the extremagraphis first scannedo locatedarcsthatspanacross
theisovalue.Thecellsin eachsucharclist arethenscannegequentiallyuntil aseedcell
is found. Boundarycells mustalsobe traversed;hencethe compleity of the algorithm
is at bestthe sizeof the boundanylist, which Itoh andKoyamadaestimateasO (n?/?).

The following agumentshaws that the numberof arcsmight be O(n) in the worst
case.Suchcasesccurwhenthe dataexhibit small perturbationsuchthat mostof the
nodesarelocal extrema.In sucha casethenumbersf arcsin the extremagraphcanbe
equalto thenumberof cells,thougheacharcwill containonly asinglecell.

Storagaequirements$or theextremagraphmethodcanbehigh, sincethe propagation

searchrequiresfour links from eachcell to its neighborsin additionto the maximum
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andminimum valuesof its vertices. In addition,the algorithmusesa queueduring the

propagatingearchyetthe maximumrequiredsizeof thequeueis unknavnin adwance.

2.1.4 Volume Thinning

Oneof thedisadwantage®f the extremagraphswvastheneedto scanall theboundary
cellsin additionto the arcsof the graphsduring a search.Itoh et al. [13] improvedon
the extremagraphsmethodby replacingthe extremagraphswith a volumetricskeleton
by applyinga thinning algorithmcommonlyusedin imageprocessing.The volumetric
skelatonpreseredthetopologicalfeaturesof thevolumeandconnectvity of theextrema
points.

Thevolumetricskeletonmethodemovedthedependengof theextremagraphsnethod

ontheboundarycellsandhasbetteroverallperformanceomparedo theextremagraphs.

2.1.5 Value SpaceDecomposition

Decomposinghe valuespace ratherthanthe geometricspace hastwo advantages.
First, the underlyinggeometricstructureis not not usedin the searchphaseandthus
this decompositionworks well with unstructuredgrids. Second,for a scalarfield in
three-dimensionghe dimensionalityof the searchis reducedfrom threeto only two.
Figure 2.4 depictsa typical value basedapproactto isosurbiceextraction. Eachcell is
representethy a segmentbasedon the minimum and maximumvaluesof the cell ver-
tices,similar to the octreeapproactpresentedn Section2.1.2. An isosurficeextraction
in this perspectie amountto locatingall the segmentghatareintersectedy thevertical

line atthegivenvaluew.

|
Value

Vv
Figure 2.4. Value spacedecomposition. The cells are representedby line segments

basednthe minimumandmaximumvaluesat the cell vertices.Isosurficeextractionis
achiezedby locatingall the segmentgthatintersectheverticalline atwv.
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2.1.6 The SpanFilter
A key issuein isosurficeextractionis the sizeof thedatasetGallaghe9] addressed
this issueby scanningthe datasetand generatinga compressedepresentatiosuitable
for isosurfice extraction, seeFigure 2.5. The rangeof datavalueswas divided into
subrangedermedbudkets Eachcell wasthenclassifiedbasednthebucketin whichits
minimumvalueresidesandon how mary bucketsthe cell rangespansj.e., the spanof
thecell. Cellswerethengroupedaccordingo their spanandwithin eachsuchgroupthe
cellsarefurthergroupedaccordingto their startingbucket. Ratherthanrequiringa span
list for every possiblespanlength,the methodusesonesparnlist to catchall thecellsthat
spanmorethana predefinechumberof buckets(morethanthreespanin the examplein
Figure2.5). Whenaniso-value,v, is giventhe spansaresearchedneat atime. The
searchinside eachspanstartsat the bucket which containsthe iso-valueandcontinues
backwardto previous buckets. The numberof bucketssearchedn eachspanis equalto
thespannumber In the lastspanwhich containsall therestof the segmentsthe search

continuesdbackwarduntil thefirst bucket.

2.1.7 The Active List
A differentapproactwastakenby GilesandHaimes[10]: to find thecellsthatinter-
sectanisosurficeincrementally Onceanisosurtceis found, a neighboringisosurtice,

with anisovaluecloseto thefirst one,canbefoundwith minimal effort.

H H H H H »
| BucketlI Bucket2 | BucketsI Bucket4I Bucket5I Bucket 6 | Value
v

Figure 2.5. The SpanFilter. The valuespaces dividedinto bucketsandthe segments
areorganizedbasedon how mary bucketsthey span. The searchis donein eachspan
startingat the bucket which containsthe isovaluev andproceedingo previous buckets
asshavnin thegrayareas.
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Thealgorithm(Figure2.6)is basedntwo cell lists orderedoy the cell minimumand
maximumvaluesandon A, the global maximumrangeof ary of the cells. Whenan
isovalueis first given, or if the changefrom the previous valueis greaterthan A, then
an active cell list is formed. The active list is first initialized with all the cells with a
minimum value betweerthe givenisovalue,v, andv — A, by consultingthe minimum
list (all the segmentswhich startin the shadedareain top on Figure 2.6). The active
list is thenpurgedof the cellswith a maximumvaluelessthenw. In the givenexample,
eight sgmentsare put into the actie list, but five of them are subsequentlyurged.
If the isovalueis changedby lessthen A, thenthe active list is augmentedvith the
cellsthatlie betweenthe previousisovalue,v andthe new one,nv. The new cellsare
foundby usingoneof thetwo orderedists, baseduponwhetherthe changevaspositive
or negative. The active list is thenpurged againfor the cells that do not intersectthe
isosurfice. In the givenexample,the new isovalue,nv is lessthanthe currentisovalue
v, andthusthelist whichis orderedby maximumvalueis consultedbottomgraph).All
the sggmentswhich have their maximumvalueinsidethe shadedarea,i.e. in therange
(nv,v) areaddedto the active list (only oneseggmentin this case).The active list (now
containedfour sggments)is thenscannedo remove the active sgments(againoncein
this example)with aminimumvaluelargerthannuv.

Theexamplein Figure2.6demonstratesneof thepitfalls of the Active List approach.
In this example,one of the segmentsis very large andthusthe global A is muchtoo
large. This causedhe algorithm,in thefirst case to addmary segmentsinto the active
list whichweresubsequentlyemoved. Sincethealgorithmhasno controlovertheglobal

variableA, onebadcell canreducethe effectivenesf the entiremethod.

2.1.8 SweepingSimplices
Shenand Johnson[25], developedthe SweepingSimplicesmethodfor extracting
isosurbicesfrom unstructuredhree-dimensionaineshes.Their algorithmutilizes both
coherencdetweeradjacenisosurbicesandexplicit spacedecomposition.
SweepingSimplicesusestwo orderedcell lists, a sweepist anda min list, seeFig-
ure 2.7. Eachelementin the sweeplist containsa pointerto a cell, the cell maximum

value,andaflag. The sweeplist is thensortedaccordingthe cell maximumvalue. The
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Sorted based on Minimum

] »
""""""""""""""""""""""""""""""""""" Value
Sorted based on Maximum —
-
Value
nv Y,

Figure2.6. TheActiveList. Thesggmentsaresortedn two listsbasedntheirminimum
andmaximumvalues.During theinitialization or whentheisovalueis changedy more
thanA, all the sggmentswith a minimumyvaluein therange(v — A, v) (thetop shaded
area)areaddedto theactive list. Theactwve list is thanpurgedfrom all the segmentsfor
which the maximumvalueis lessthanthe isovaluev. Whentheisovalueis changedo
anew value,nv < v, theactwe list is augmentedy all the segmentswith a maximum
valuein therange(nv, v) (thebottomshadedarea).The active list is againpurgedfrom
all thesggmentswith aminimumvaluegreatetthannv. If nv > v thantheminimumlist
is consultedatherthanthe maximumlist.

min list containghe minimumvaluefor eachcell aswell asa pointerto the correspond

ing elementin the sweeplist andis orderedby the minimumvalues. The initialization
steprequiresatime of O(nlogn).

Given an isovalue, the SweepingSimplicesalgorithm marksall the cells that have
a minimum value lessthanthe given isovalue using the min list by settingthe corre-
spondingflag in the sweeplist. If anisovaluewaspreviously given,thenthe min list is
traversedbetweerthe previousisovalueandthenew one. Thecorrespondindlagsin the
sweeplist arethensetor resetbasedon whetherthe new isovalueis greateror smaller
thanthe previousisovalue.

Oncetheflagsarechangedthe sweeplist is traversedstartingat the first cell with a
maximumvaluegreaterthanthe new isovalue. The cellsthatintersectheisosurbceare

thosecellsfor which their correspondindlag is set. The compleity of the algorithmis
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O(n) in bothtime andspace.

The SweepingSimplicesalgorithm usesa hierarchicaldatadecomposition.At the
lowestlevel, therangeof datavaluesis subdvidedinto several subgroupsOtherlevels
arecreatedecursvely by groupingconsecutre pairsfrom the previouslevel. At thetop
level thereexists a single subgroupwith the rangeasthe entire dataset. The cells are
thenassociatedavith the smallestsubgrouphatcontainsthe cell. Eachsubgrougs then
associatedvith a min and sweeplist as previously described.Isosurficeextractionis
accomplishedy selectingfor eachlevel the subgroupthat containsthe givenisovalue

andperformingthe searchusingits min andsweegplists.

Sorted based on Minimum

\ Value

Sorted based on Maximum':;. \:‘u‘., E‘.

The sweep list é
® |
® s |
@® | | -

Value

\" nv

Figure 2.7. SweepingSimplicies. Eachentryin the minlist point to the corresponding
entryin thesweegist. After theinitialization for isovaluewv all thecellswith aminimum

valuelessthanv aremarked(acirclein thebottomgraph).Whentheisovalueis changed
to nv, theminlist is scanbetweerv andnv (thetop shadedarea)andfor eachentrythe

correspondingentryin the sweegist is marked (a squarein bottomgraph). The sweep
list is thanscanbetweeny andnwv (the shadedareain the bottomgraph)andonly those
segmentghataremarked(threein thisexample)arethosethatintersecthenew isovalue

nv. Notethatif nv < v thanthe correspondingentriesin the sweepwill be unmarled

ratherthanmark.
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2.1.9 Other IsosurfaceExtraction Methods
Chapter3 presentghe spanspace a nev approachto the problem of isosurtice
extractionover the valuespace.After the introductionof the spanspacg17], two new
methodswere developedwhich are basedon the spanspace[24, 7]. The descriptions
of thesemethods therefore,are presentedafter the introductionof the spanspace,in

section3.2.2.2andsection3.2.2.3respectrely.



CHAPTER 3

THE SPAN SPACE

Originally, isosurbce extraction methodswere restrictedto structuredgrid geome-
try and, as such, early efforts focusedon extracting a single isosurbice[18] from the
volumetric dataset. Recently in an effort to speedup isosurfice extraction, several
methodsweredevelopedthat could be adaptedo the extractionof multiple isosurbices
from structured29, 12] aswell asfrom unstructuredjeometry[9, 10]. Neverthelessfor
large datasets,thesemethodsdo not allow for interactve investigationof the dataset,
especiallyfor unstructuredyrids.

Defining n asthe numberof datacells and £ asthe numberof cells intersectinga
givenisosurbice,mostof the existing algorithmshave time compleity of O(n). While
[29] hasanimprovedtime complexity of O (& log(%)), thealgorithmis suitableonly for
structurechexahedralgrids.

This chapteininvestigateshe underlyingdomainfor structuredandunstructuregbrob-
lemsanda new decompositiorof this domain,which we have calledthe spanspace
is proposed. The spanspaceis thenusedin Section3.2 as a commonbackdropfor
comparingprevious methodsof isosurfice extraction. Chapter4 presentsa new fast
and efficient methodwhich is basedon this spanspaceperspectie. This nearoptimal
isosurficeextraction(NOISE) methodhasa worstcasecompleity of O(y/n + k) andis

suitablefor both structuredandunstructuredyrids.

3.1 The SpanSpace
3.1.1 Definition

Letp : G — V beagivenfield andlet D beasamplesetover ¢, suchthat,
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where,for somep, g € Z, G C RP is ageometricspaceandV C R is the associated
valuespaceAlso, let d = |D| bethesizeof thedataset.

Definition 4 (IsosurfaceExtraction) Givena setof samplesD overafieldy : G — V

andaninterpolationrule, find for a givensinglevaluev € V,
S={¢9;} ¢:€G sunthat, ¢(g;)=wv. (3.1)

Notethat S, theisosurfice,neednot betopolagically simple

Approximatinganisosurtce,S, asaglobalsolutionto Equation3.1canbeadifficult
taskdueto thesheersize,d, of atypical scienceor engineeringlataset.

The datasamples,D, are often generatedrom three-dimensionaimagesor as so-
lutions to numericalapproximationtechniquessuchasfrom finite differenceor finite
elementmethods. Thesemethodsnaturally decomposéhe geometricspace G, into a
setof polyhedralcells,C, wherethe datapointsdefinethe vertices.While n = |C|, the
numberof cells, is typically an orderof magnitudeargerthand, the approximationof
the isosuriceover C' becomesa manageabléask. Ratherthanfinding a global solu-
tion one canseeka local approximationwithin eachcell. Hence,isosurbceextraction
becomesa two-stageprocess:locating the cells that intersectthe isosuraiceand then,
locally, approximatingheisosurficeinsideeachsuchcell. We focusour attentiononthe
problemof finding thosecellsthatintersectanisosurticeof a specifiedsovalue.

On structuredgrids, the positionof a cell canbe representeih the geometricspace
G. Becausehis representatiodoesnot requireexplicit adjacenyg informationbetween
cells, isosurficeextractionmethodson structuredgrids conductsearchesver the geo-

metricspace. Theproblemasstatedby thesemethodss definedasfollows:

Approach1 (Geometric Search) Givena pointv € V andgivena setC of cellsin G
spacewhere ead cell is associatedvith a setof values{v;} € V spacefind the subset

of C which anisosurfaceof valuew, intersects.

Efficient isosurficeextractionfor unstructuredyrids is moredifficult, asno explicit

order i.e.,positionandshapeis imposednthecells,only animplicit onethatis difficult
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to utilize. Methodsdesignedo work in an unstructureddlomainhave to useadditional
explicit informationor revertto a searchover the valuespaceV. The adwantageof the
latterapproacthis thatoneneedsonly to examinethe minimumandmaximumvaluesof
acell to determingf anisosurficeintersectghatcell. Hence the dimensionalityof the
problemreducedo two for scalarfields.

Currentmethoddor isosurbiceextractionover unstructuredrids,aswell assomefor

structuredyrids, view theisosurticeextractionproblemin the following way:

Approach?2 (Interval Search) Givena pointv € V andgivena setof cellsrepresented
asintervals,
I = {[0,,', bz]} sud that, a;, b, eV

findthe subset/, sud that,
I, C1I and, a; < v < \V/(ai,bi)EIs,
whee a normshouldbe usedwhenthe dimensionalityof V is greaterthanone
Posingthe searchproblemover intervalsintroducessomedifficulties. If theintervals
areof thesamdengthor aremutuallyexclusivethey canbeorganizedn anefficientway
suitablefor quick queries.However, it is muchlessobvioushow to organizeanarbitrary

setof intenvals. Indeed,whatdistinguishegshesemethodsfrom oneanotheris the way

they organizetheintervalsratherthanhow they performsearches.

Definition 5 (The SpanSpace)Let C bea givensetof cells, definea setof points P =
{p;} overV? such that,

Ve, € C associate p; = (a;, b;)

whele,

a; =min{v;}; and b, = max{v;};
j j

and{v; }; are thevaluesof the verticesof cell ;.
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A key point is that pointsin two-dimensionexhibit no explicit relationsbetween
themseles,whereasntervalstendto be viewedasstacled on top of eachother sothat
overlappingintervals exhibit merelycoincidentalinks. Pointsdo not exhibit sucharbi-
trary tiesandin this respectendthemselesto mary differentorganizations However,
asshaown later, previousmethodggroupedhesepointsin very similarways,becausé¢hey
lookedatthemfrom aninterval perspectie.

Usingour augmentedlefinition, theisosurficeextractionproblemcanbe statedas,

Approach3 (The SpanSearch) Givena setof cells,C, andits associatedetof points,

P, in thespanspacgandgivenavaluev € V, findthesubsetP, C P, sud that

V(zg, i) € Py zi<v yi > 0.

NotethatV(z;, y;) € Ps, z; < y; asthemaximumvalueattainedn acell cannotbe
smallerthe the minimum value. Therefore the associategbointswill lie above theline

y; = x;. A geometrigperspectie of thespansearchs givenin Figure3.1.

max

;/A;f;,ﬁ L
‘ A SR
f’/////a s

PONY

/ v min

Figure 3.1 Searchover the spanspace.Eachpoint represent®ne of the datasetells
andits locationis basedon the minimumandmaximumvaluesattainedn thatcell. The
semiinfinite shadedareais definedby the givenisovalue,v. The pointsthatlie in this
shadedarearepresenthedatacellsthroughwhich theisosurbicepasses
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In generalthe span(differencebetweerthe minimumandmaximumvalues)of most
of the cellsis relatively small compareto the full rangeof valuesin the dataset. The
smallsinglecell spanleadsto the clusteringof the pointsin the spanspacecloseto the
line min = maz. Theclusteringmeanghatthe pointsarenot evenly distributedin the

spanspaceandareadurtherfrom themin = max line containsvery few points.

3.1.2 NeighborhoodSearch
The SweepingSimplicesandthe Active List algorithmsweredesignedo take advan-
tageof coherencédetweensosurbiceswith closeisovalues.Theinterpretatiorover the
spanspaceof this approachs depictedin Figure3.2. Whenanisovaluepv is changed
to v, thenthe setof cellsthatintersectthe new isosurficecanbe generatedy adjusting
thecurrentsetof cells. In essencef v > pv thenwe needto remove the cellsthatlie in
the bottomrectangleandaddthosethatlie in theright rectangle.If v < pv theaddand

remove rolesof theserectanglesrereversed.

3.2 Value SpaceMethods over the Span Space

The spanspaceinterpretationcan serne as a commonground for comparisonof
previous value-basedearchmethods. This perspectie can help to identify someof
the pitfalls in thosemethodsand lead to nev methodswhich aim to avoid them. In
the following sectionwe analyzeprevious value spaceextraction methodswhich were
publishedbeforewe introducedthe spanspacean 1996[17]. Section3.2.2presentien
extraction methodswhich were developedbasedon the spanspace. The first method
(NOISE)waspublishedin conjunctionwith the spanspaceandis the subjectof Chap-
ter4.

3.2.1 Evaluation of Previous Extraction Methods
Basedon Their Span SpaceProjection

3.2.1.1 The SpanFilter

Figure 3.3 depictsthe spanfilter organizationover the spanspace Note that the
compressiorover the cells’ i.d. is not shavn. For a givenisovalue, v, the cells that
intersectthe isosurticeare thosethat lie above andto the left of the dashedine. As

describedn Section2.1.6,the userfirst dividestherangeof valuesattainedn thegiven
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Figure 3.2 Neighborhoodsearch.Theisovaluewaschangedrom pv to v. Pointsin the
centralshadedarearepresentellsthatintersectothisosurice. Thebottomsharedarea
markthe cellsthatarepartof old isosuraicewhile theright sharedareamarkscellsthat
intersectonly the new isosurfice. A neighborhoodsearchmethodneedto isolateonly
thosecellsthatarein the strippedareaso keepan updatedist of cellswhich intersect
theisosufce.

datasetnto buckets(shavnin thefigureasbucketsl to 7). Thedivisionis arbitraryand
dependsheaily onthe particulardataset.The shadedareasnarked asspan 1 contain
pointswhichfallsinto asinglebucket, i.e., boththe minimumandmaximumvaluesfalls
into the samebucket. Pointsin shadedareamarked span 2 spantwo adjacentuckets,
i.e., themaximumis onebucket away for the bucket which containthe minimumvalue.
Span 3 areascontain pointsthat spanthree buckets whereasthe single span n area
containsall the pointsthatspanmorethanthreebuckets.

The useof this perspeciie stresseshe importanceof the first division into buckets.
The entire organizationof the domainis controlledby only one setof parametersthe
position of the original buckets. This may help to ensureeven distribution in the first
spanbut it doesnot provide control over the distribution of the cellsin the otherspans.
Furthermorethis division is not automatecand hasto be craftedby trial anderror for

eachnew dataset.Finally, the searchalgorithmhasa compleity of O(n) in time.
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Figure 3.3. SpanFilter. Basedon theinitial division of thevaluespacento buckets,the
cellsaredividedinto several spans.Thereis only onespanfor all the cells which span
morethanthreebuckets(in this example.Eachspanis alsodividedinto subareapased
ontheoriginal divisioninto buckets.)

3.2.1.2 The Active List

Figure 3.4 depictsGiles and Haimes’ algorithm (see Section2.1.7) over the span
space.Thoughthe algorithmdoesnot explicitly partitionthe spacein adwance the use
of the global maximumcell span,A, doesthe samething implicitly, asthe width of the
areathatneeddo bescanneds constantWhenthechangen theisovalueis greateithan
A, thealgorithmmustlinearly scanall thecellsin therange(v — A, v). All thecellsin
this range(the dotedareain Figure3.4) areputin theactivelist. Theactie list is then
purgedof all the cellsin which the maximumvalueis below thegivenisovaluewv. In our
exampleall the cellsin the dotedareawhich are below the horizontalline at v will be
purged. SinceA dependn the dataset,the algorithmhasno control over the size of
the scannedist. In two of our testcasesHeart andBrain, therearefew cells on the
boundarythat have a very large span. This causesA to be so large that the algorithm

mustlinearly scanapproximatelyhalf of thedataset. On the otherhandA might betoo
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Figure 3.4. Active List. Duringinitialization or whenthechangen theisovalueis larger
thanA, all thecellsin thedottedareaareputin theactivelist (for anisovalueof v). The
cellswhicharebelaw thehorizontalline v will subsequentlperemoved. Whenthe new
isovaluenw is lessthanA from the currentisovalue,only thecellsin thestripedareawill

be addedto the active list. Theactwve list will thenbe purgedof all the cellsthatarein
thedottedandstripedareasandbetweenthev andnwv horizontallines.

smallsuchthatthe neighborhoodsearchmaynotbe usedatall.
Usingthespanperspectie, Figure3.4,onecanseethatwhentheisovalueis changed
from v to nv (nv — v < A) thealgorithmwill scanall the cellsin the stripedbandon
the right andaddthemto the active list. The active list will thenbe purged of all the
cellswith amaximumvaluethatis lower thethe new isovaluenwv. Thecellsthatwill be
removedarethosecellsthatlie betweerthe v andnv horizontallines. Note thatmostof
thecellsthatwill bediscardedarethosecellsthatarein the lowertrianglein the striped
area. This triangle is usually the mostdensepart of the stripedbandand thereforea

large numberof cellsmustbe scannedndthendiscardedlf onescansacrossheentire
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rangeof thedataset,a typical changean theisovaluewill belargerthan0.5%,wheras,
for alarge dataset, A will be muchsmaller againnot taking advantageof neighboring

isosurtices Finally, thealgorithm’s compleity is still O(n) in time.

3.2.1.3 SweepingSimplices

Thespacedecompositiorior thesweepingsimplicesalgorithm,aswell asthemarked
cellsfor anisovaluepv, areshavn in Figure 3.5. The solid dotsarethe marked cells.
Whena new isovalueis selectedall the cellsthatlie betweenthe verticallines pv and
v arefirst marked. The cellsthatintersectthe isosuraicearethosemarked cells thatlie
above the horizontalline at v. Thoughsweepingsimplicesis fasterthanthe active list
algorithmand doesnot dependon a global A, its spacedecompositioris not optimal.
Eachof the groupswhoserangeintersectthe isovalueline mustbelinearly scannedind
eachsuchgroupcontainsanareaoutsidethetargetisosurficeregion.

3
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Figure 3.5. SweepingSimplices.
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3.2.2 New Extraction Methods BasedOn The SpanSpace
We now presennew extractionmethodghatweredevelopedbasecdnthespanspace
perspectre. Chapterd presentanin depthdescriptionof the first suchmethodthatwe
publishedin conjunctionwith the spanspace.Hence,this methodthatachieved a near

optimalworstcasecompleity is only briefly describecherefor completeness.

3.2.2.1 Near Optimal IsoSurfaceExtraction (NOISE)

The NOISE approach,Chapter4, is basedon the kd-tree [4] subdvision and is
depictedin Figure 3.6. The pointsin the spanspaceare recursvely subdvided into
two groupsbasedon the medianvalue. The division alternatedetweerthe spanspace
two dimensionsj.e., the min and max values. Eachdivision is doneby selectingthe
point with the medianvalue anddesignatingt asthe root of the currenttree. Therest
of the pointsarethengroupedinto two subtreedbasedon whethertheir valueis smaller
or greaterthanthe currentroot value. Note thatthe size of the two subtreesandiffer
by at mostonepoint asthedivision is basedon the medianvalue. The resultingkd-tree
is thusa balancedree, a featurethatin Chapter4 is usedto eliminatethe overheadof
maintainingthe kd-tree. Figure 3.6 depicta typical partitioning of the spanspacewith
a kd-tree. The first partitioning, along the min axis, is marked by root. Eachof the
resultingtwo sub-areass split again thistime basedn themaxaxisandis markedwith
1.

The worstcasecompleity of the NOISE algorithmis only O(y/n + k). This result
is basedon Lee andWong [16]. The kd-treeitself doesnot incur ary overhead.Each
nodeof the treeneedsto containonly a pointerthe appropriatedatacell. To speedup
the searchover thekd-tree,eachnodecanalsocontainthe cell minimumandmaximum
values. The prosand consof this additionalinformationare examinedin Chapter4 as

well.

3.2.2.2 lIsosurfacingin SpanSpacewith Utmost
Efficiency (ISSUE)

The ISSUE algorithm [24] was designedmainly for massvely parallel processors,

thoughit canalsobe usedasa serialalgorithm. The underlyingdecompositions based
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Figure 3.6. NOISE. The pointsin the spanspaceare spilt recursvely into two sub-
regions, alternatingbetweenthe min and max axis. Root marksthe first partitioning
followsby partitionsl, 2, andsoon. Eachpartitiondesignat@nepoint (with themedian
value)andtwo equalsubrajions. Also depicteds aquerybasedn a givenisovaluew.

onalatticesubdvision of thespanspacento atwo dimensionalL x L lattice,Figure3.7.
The samesubdvisionis usedfor boththemin andthe max directions.

The searchalgorithmis basedon the classificationof the lattice cellsinto five cases
basedon their relative locationto the isovalue. Without lost of generality assumehat
for agivenisovaluev, thepoint (v, v) is locatedin latticecell (k, k). We notetheindices
of this lattice cell mustbe the equalto eachotherasthe subdvisionis the samein both

direction.Eachof thelatticecells (7, j) cannow beclassifiedasfollows (seeFigure3.7):

1. 7> korj < k: Theisosuraicedoesnot passhroughary of thecellsin this region.

Ignoreall thecellsin this region.
2.1 < k andj > k: Theisosurbicemustpassthoughall of thecellsin thisregion.

3.7 < kandj = k: All thecellsin theregion have a minimum valuethatis below
theisovalue. However, the maximumcriterionis still ambiguousOnly thosecells

with amaximumvaluehigherthentheisovalueintersectheisosurtce.
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Figure 3.7. ISSUE:Lattice classification.The spanspaces dividedusinga lattice. For
agivenisovaluewv, thelattice cellsareclassifiednto five cases Seetext for moredetails
onthemeaningof eachcase.

4.1 =k andj > k: All thecellsin theregion have a maximumvaluewhichis above
theisovalue. However, the minimum criterionis still ambiguous.Only thosecells

with a minimumvaluelower thantheisovalueintersectheisosurfce.

5.1 =k andj = k: Thisis theonly regionthatrequiresaregularsearchasno apriori

informationis availablefor thecellsin this region.

Outof thesdfive classificationsgellsin Casel regionshouldbeignored.Ontheother
hand,all of the cellsin Case2 regionsintersectthe isosurbceandthusthey requireno
searchFor thecellsin the particularregion (k,k), Caseb, oneneeddo eithercheckeach
of thecellsindividually or employ othersearchmethods.

In the remainingCase3 and 4, regions can be searchecefficiently using a binary
searchover specialdatastructures.First, notethatall of the Case3 regionsarelocated
in asinglerow while Cased regionsarelocatedon asinglecolumn.Secondthecellsin

eachrow (column)aresortedaccordingto the cells maximum(minimum) value,since
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theminimum (maximum)valueshave alreadybeenchecled. This sortingcanbedonein
anoff-line pre-processtageafterthelatticeis defined.A singlerow or columncanthen
be scannedisinga binary searchin anoptimaltime O(log!), where! is the numberof
cellsin thatrow or column.

Analysis of the ISSUE algorithm leads,assuminga constantnumberof cells per
region,to acompleity of O(log % + @ + K), whereL? is thenumberof latticeregions.
In generaltheworstcasecompleity is O(v/N + K).

3.2.2.2.1 Parallel isosurfaceextraction. A parallelversionof this algorithmfor
aMassvely ParallelProcessoréMPP),suchasa Cray T3D, is basedon usingthe serial
ISSUE algorithmon eachprocessomwith only a subseif the data. A key requirement
for effective parallelprocessings optimizingtheloadbalancesuchthaton averagesach
processoperformsthe sameamountof work.

Loadbalancings achiezedby carefuldistribution of thelatticeregionsto thedifferent
processors.Assumingthereare L x L lattice regionsand N processorsthe w
regionson or above the min = max line are distributed in a round-robinfashionto
the processors.Figure 3.8 shavs an examplewith four processor@and an 8x8 lattice
regions. In termsof the lattice regionsindices,region (7, j) is forwardedto processor
(j — 14 =Dy mod N. Thisdistributionleadsto afairly balancedvork loadas
theregionsin Case< to 5 areevenly distributed.

The finer the resolutionof the lattice region the better the load balancewill be.
However, this resolutionis inverselyproportionalto the memoryoverhead.The ISSUE
algorithmaddresghis problemby employing two lattices,a fine lattice for the distribu-
tion of thecellsanda coarsdatticefor eachprocessarThis methodachievedagoodcell

distribution while maintaininglow memoryoverheadverall.

3.2.2.3 Optimal IsosurfaceExtraction.

An optimalisosurbceextractionmethodwasdevelopedin 1996by Cignonietal. [7]
andis depictedin Figure 3.9. The novelty of this approachis the recursve division
of the spanspaceinto threesectionsratherthanthe traditional binary division. Each
suchdivision is basedon a singlevalueandcreatesone semi-infiniterectangleandtwo

triangularshapedareas All the pointsin the middle rectangleareahave their maximum
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Figure 3.8 ISSUE:Latticedistribution. Numbersmarkthe processothatis assignedo
eachlatticecell.

valuelessthanthesplitting valueandtheir minimumvaluelargerthanthisvalue. To take
adwantageof this property the pointsin the rectangleareaare organizedinto two lists.
Onelist is thensortedbasedn the pointsminimumvalueandthe otherlist basedn the
pointsmaximumvalue. The othertwo triangularshapedareasarerecursvely dividedin
the samefashion.Thevalueat which eachsuchdivision occursshouldbe selectedsuch
thatthe numberof pointsin eachsectionis roughlythesame.

The searchis performedby recursvely descendinghis nestedhierarchy At each
level, oneof thetriangularsharedareais discardedsomeof the pointsin therectangular
areaarecollectedandthealgorithmrecursvely checkthetriangulararea.

Thefirst triangularareacanbe discardedastheisovalueis eithergreaterthanall the
points maximumvalue or bellow all the points minimum values. With respectto the
rectanglearea,theisovalueis eitherlargerthanthe minimum valuesof all the pointsin
therectangleor smallerthantheir maximumvalues.For the pointsin therectanglearea,
it is sufficient, therefore o examineoneof the sortedlists associatedvith this rectangle
basedon whetherthe isovalueis larger or smaller Consultingthe list requiresoneto

only locatethe first point (in O(logn)) that satisfiesthe isovaluerequirement.All the
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min

Figure 3.9. Optimal isosurfice extraction. The spanspaceis partitionedinto three
subareasseenas a squareand two triangles. Eachtriangularareais subsequently
recursvely partitioninto threesubareasThe partition lines are marked with numbers.
The pointsin the squareregions are sortedin two lists, basedon the min and max
coordinates.

pointsin thelist from that point until the endof the list must, by definition, satisfythis
conditionaswell.

The memoryrequiremenbf this methodis basedn the needto have two sortedlists
for eachrectanglearea. For eachpoint in the spanspacethereis an entry in onelist
sortedby the minimumvalueanda secondentryin alist sortedby the maximumvalue.
Eachsuchentryis madeof the point value(eitherminimumor maximum)anda pointer

(or anid) to theactualcell. Thetotal memoryrequirements thereforeon the orderfour

timesthe sizeof the data. Theime compleity of the optimalalgorithmis O(logn + k).



CHAPTER 4

MAKING NOISE

A commonobstaclefor of all the interval methodsis that the intervals are ordered
accordingto either their maximumor their minimumvalue. Both the sweepalgorithm
andthe actie list methodattemptedo tacklethis issueby maintainingtwo lists of the
intervals, orderedby the maximumandminimumvalues.Whathassofar beenmissing,
however, is away to combinethesetwo lists into a singlelist.

In the following, we presenta solutionto this obstacle.Using the spanspaceasour
underlyingdomain,we have employedakd-treeasa meandor simultaneouslyrdering

thecellsaccordingto theirmaximumandminimumvalues.

4.1 Kd-Trees
Kd-treesweredesignedoy Bentley in 1975[4] asa datastructurefor efficient asso-
ciative searching.In essencekd-treesare a multidimensionalersionof binary search
trees.Binary treespartitiondataaccordingo only onedimension Kd-trees,ontheother
hand,utilize multidimensionatlataandpartitionthe databy alternatingoetweereachof

thedimensionf the dataat eachlevel of thetree.

4.2 Kd-TreeDecompositionof the SpanSpace
Given a datasetwe constructa kd-treethat containspointersto the datacells and
thenusethis kd-treeto rapidly searchthe datasetin orderto answerisosurficequeries.
Figure4.1 depictsa typical decompositiorof a spanspaceby a kd-tree. Eachnodein
thetreeholdsoneof the datavaluesandhastwo subtreesaschildren. The subtreesre
constructedsuchthatall the nodesin onesubtreethe left onefor example,hold values
thatarelessthanthe parentnodes value,while thevaluesin theright subtreearegreater

thanthe parentnodes value. Startingat theroot of the kd-tree,nodesat evendepthlevel
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Figure 4.1 Kd tree. The points in the spanspaceare spilt recursvely into two
subrgions,alternatingbetweerthe min andmaxaxis. Rootmarksthefirst partitioning
follows by partitionsl1, 2 andsoon. Eachpartitiondesignate@nepoint (with themedian
value)andtwo equalsubrajions. Also depicteds aquerybasedn a givenisovaluew.

arebasedntheminimumvalueof thedatasetell they referto, while nodesatodddepth

level referto the cell maximumvalue.

4.2.1 Construction

The constructiorof the kd-treescanbe donerecursvely in optimaltime O(nlogn).
Theapproachs to find the medianof the datavaluesalongthe currentdimension(either
the minimumor maximunvalueof the correspondingell) andstoreit atthe currenttree
root node. The dataarethenpartitionedaccordingto the medianandrecursvely stored
in thetwo subtrees.

An efficientway to achiere O(n log n) timeis to recursvely find themedianin O(n),
usingthe methoddescribedby Blum et al. [5], and partition the datawithin the same
time bound.

A simplerapproachs to sortthe datainto two lists accordingto the maximumand
minimum coordinatesrespectiely, in orderO(n logn). Thefirst partition accessethe

medianof the first list, the min coordinate,in constanttime, and marksall the data
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pointswith valueslessthanthe median.Thesemarksarethenusedto constructhe two
subgroupsin O(n), andcontinuerecursvely.

Thoughtheabose methodshave compleity of O(n logn), they do have weaknesses.
Finding the medianin optimal time of O(n) is theoreticallypossibleyet difficult to
program[5]. The secondalgorithmrequiressortingtwo lists andmaintaininga total of
four lists of pointers.Althoughit is still linearwith respecto its memoryrequirement,
it neverthelesposesa problemfor very large datasets.

A simple (and elegant) solutionis to usea Quicksort-basedelection[22]. While
this methodhasa worstcaseof O(n?), the averagecaseis only O(n). Furthermorethis
selectioralgorithmrequiresno additionalmemoryandoperateslirectly onthetree. This
algorithmperformedat leastfour time fasteron all of our applicationdatasetsn section
4.9.5thanthetwo sortedlists algorithm.

It is clearthatthe kd-treehasonenodeper cell, or spanpoint, andthusthe memory

requiremendf thekd-treeis O(n).

4.2.2 Query

Givenaniso-value,v, we seekto locateall the pointsin Figure3.1thatareto theleft
of the verticalline atv andareabove the horizontalline atv. We do not needto locate
pointsthatareon thesehorizontalor verticallinesif we assumenondegenerateells,for
which minimum or maximumyvaluesare not unique. This restrictionwill be removed
later.

Thekd-treeis traversedrecursvely whentheisovalueis comparedo thevaluestored
atthecurrentnodealternatingoetweerthe minimumandmaximumvaluesat eachlevel.
If thevalueatthenodeis to thesmallerthantheisovaluethanonly theleft subtreeshould
be traversed. Otherwise,both subtreeshouldbe traversedrecursvely. For efficiency,
two searchroutinesare defined,search-min-max and seach-max-min The first name
refersto the currentdimensiorandtheseconchamereferto thedimensiorthestill needs
to be searchedThe importanceof namingthe seconddimensionwill be evidentin the
next sectionwhenwe consideroptimizingthealgorithm.

Following is a shortpseudo-codéor the min-maxroutine.
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SearchMinMax ( isovalue,node)
{
if ( node.min< isovalue) {
if ( node.max> isovalue)
constructa polygon(s)from node
SearchMaxMin(sovalue,node.right);

}

SearchMaxMinfsovalue,node.left);

Estimatingthe compleity of the queryis not straightforvard. Indeed,the analysis
of theworstcasewasnot developeduntil severalyearsafterBentley introducedkd-trees
(Lee andWong[16]). Clearly the querytime is proportionalto the numberof nodes
visited. LeeandWonganalyzedhe worstcaseby constructinga situationwhereall the
visited nodesare not part of the final result. Their analysisshaved thatthe worst case
time compleity is O(y/n + k). The averagecaseanalysisof a region queryis still an
openproblem,thoughobsenationssuggesit is muchfasterthanO(y/n + k) [22, 3].
In almostall typical applicationsk ~ n?? > \/n, which suggests complexity of only
O(k). Onthe otherhand,the compleity of the isosurficeextraction problemis Q (&),
becausét is boundfrom below by thesizeof theoutput.Hence the proposedilgorithm,

NOISE,is optimal,f(k), for almostall casesandis nearoptimalin thegenerakase.

4.2.3 DegenerateCells
A deggeneratecell is definedasa cell having morethenonevertex with a minimum
or maximumvalue. Whena givenisovalueis equalto the extremavalue of a cell, the
isosurficewill notintersecthecell. Rathertheisosurficewill touchthecell ataverte,
an edge,or a face,basedon how mary verticessharethat extremavalue. In the first
two casesyertex or edge,the cell canbe ignored. The last caseis more problematic,
asignoringthis casewill leadto a holein theisosurfice.Furthermorejf thefaceis not

ignored,it will bedrawn twice.
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Onesolutionis to perturbthe isovalueby a smallamount,sothatthe isosurficewill
intersectheinsideof only oneof thosecells. Anothersolutionis to checkboth sidesof
thekd-treewhensucha caseoccurs.While thedirectcostof suchanapproachs nottoo
high asthis canhappenat mosttwice, thereis a highercostin performingan equality

testateachlevel.

4.3 Optimization
The algorithmpresentedn the previous sectionis not optimal with regardsto either
thememoryrequiremenbr searchtiime. Several stratgjiesto optimizethe algorithmare

presenteahext.

4.3.1 PointerlessKd-Tree

A kd-tree node, as presentedoreviously, must maintainlinks to its two subtrees.
This introducesa high costin termsof memoryrequirements.However, one cantake
adwantageof thefactthatin the NOISE casethe kd-treeis completelybalanced At each
level, onedatapointis storedatthenodeandtherestareequallydividedbetweerthetwo
subtreeswhich leadsto therepresentationf a pointerleskd-treeasa one-dimensional
arrayof thenodes.Theroot nodeis placedat the middle of thearray while thefirst n/2
nodesrepresentheleft subtreeandthelast(n — 1)/2 nodestheright subtreeasshonvn
in Figure4.2.

The memoryrequirement®f a pointerlesskd-tree,reduceto two real numbersper
node, for minimum and maximum values, and one pointer back to the original cell
for later usage. Consideringthat eachcell for a three-dimensionahpplicationwith
tetrahedratells haspointersto four vertices,the kd-treememoryoverheads evenless
thanthesizeof thesetof cells.

The useof a pointerleskd-treeenablesoneto computethe tree asan off-line pre-
processand load the tree using a singlereadin time compleity of only O(n). Data
acquisitionvia CT/MRI scanr scientificsimulationds generallywerytime consuming.
The ability to build the kd-treeasa separatgre-processllows oneto shift the costof
computingthe tree to the dataacquisitionstage. Hence,reducingthe impact of the

initialization stageon the extractionof isosurbicesfor large datasets.
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Figure 4.2 PointerlesKd-tree. Top: A kd-treewith pointers.eachlevel of thetreeis
markedwith adifferentshade Bottom: A pointerlesgreeis representedsanarray

4.3.2 Optimized Search

The searchalgorithmcanbe further enhancedLet us considey again,the min-max
(max-min)routine. In the original algorithm,if the isovalueis lessthanthe minimum
valueof the node,thenwe know we cantrim theright subtree Considerthe casewhere
the isovalueis greaterthanthe nodes minimum coordinate. In this case,we needto
traverseboth subtrees.We have no new informationwith respecto the searchin the
right subtreeput, for the searchn theleft subtreeve know thatthe minimumcondition
is satisfied. We can take adwantageof this fact by skipping over the odd levels from
thatpoint. To achieve this, we definetwo new routines,seach-minandseach-max see
Figure4.3. Adheringto our previous notation,the namesearch-mirstatesthat we are
only looking for aminimumvalue.

Examiningthe search-mimroutine,we notethatthe maximumrequirements already
satisfied.We do not gainnew informationif the isovalueis lessthanthe currentnodes

minimum and againonly trim off the right subtree. If the isovalueis greaterthanthe
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nodes minimum, we recursvely traversethe right subtree but with regardto the left
subtreewe now know thatall of its pointsarein thequery's domain.We thereforeneed
only to collect them. Using the notion of pointerlesskd-treeas proposedn Section
4.3.1,ary subtreds representedsa contiguousblock of thetree’s nodes.Collectingall
thenodesof a subtreerequiresonly sequentiallytraversingthis contiguousblock.

A pseudaocodeof the optimizedsearchfor the odd levels of the tree,i.e., searching
for minimais presentedn Figure4.3. The codefor evenlevels, searchingor maxima,

is essentiallythe sameandusesthe samecollectroutine.

4.4 Count Mode

Extractingisosurficesis animportantgoal, yet in a particularapplication,onemay
wishonly to know how mary cellsintersect particularisosurbice.Knowing thenumber
of cellsthatintersectheisosuricecanhelponegive aroughestimateof thesurfacearea
of the isosurficeon a structuredgrid and on a “well-behaved” unstructuredyrid. The
volumeencompassely the isosuraicecanalsobe estimatedf oneknows the number
of cellsthatlie insidetheisosurficeaswell asthe numberof cellsthatintersectt.

The above algorithmcanaccommodat¢he needfor suchparticularknowledgein a
simpleway. Thenumberof cellsintersectingheisosurbcecanbefoundbyincrementing
acounterratherthanconstructingpolygonsfrom anodeandby replacingcollectionwith
a singleincrementof the counterwith the size of the subtreewhich is known without
the needto traversethetree. To countthe numberof cellsthatlie insidetheisosurgce,
oneneedonly look for the cellsthathave a maximumvaluebelow theisovalue.

The worst casecompleity of the countmodeis only O(y/n). A completeanalysis
is presentedn AppendixA.2. It is importantto note that the count mode doesnot
dependon the size of the isosurfice. We shallshow in Section4.7 thatsucha countis
extremelyfastandintroducesno meaningfulcostin time. The countmodethusenables
an applicationto quickly countthe cells that intersectthe isosuraiceand allocateand

prepareheappropriataesourcedefor afull searchhegins.



SearchMinMax ( isovalue,node)
{
if ( node.min< isovalue) {
if ( node.max> isovalue)
construcpolygon(s)from node;
SearchMaxMin(sovalue,node.right);
SearchMax(sovalue,node.left);
} else
SearchMaxMin(sovalue,node.left);
}

SearchMin (isovalue,node)
{
if ( node.min< isovalue) {
construcipolygon(s)from node;
SearchSkipMin(sovalue,node.right);
Collect(node.left);
} else
SearchSkipMin(sovalue,node.left);
}

SearchSkipMin ( isovalue,skip_node)

if ( skip_.node.min< isovalue)
construcipolygon(s)from skip_node;

SearchMin(sovalue,skip_node.right);

SearchMin(isovalue,skip_node.left);

}

Collect( suhtree)

{

sequentiallyconstructpolygonsfor all nodesn this subtree

}

Figure 4.3. Optimizedsearch.
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4.5 NeighborhoodSearch

The SweepingSimplicesandthe Active List algorithmsweredesignedo take advan-
tageof coherencéetweensosurbiceswith closeisovalues.We presenta variantof the
proposedlgorithmthatalsotakesadwantageof suchcoherence.

As opposedo the previous methodghat decomposéhe spacespecificallyfor small
changesn theisovalue thekd-treedecompositiortanbeusedasis. This,in turn,means
thatatary time, eithertheregularor theneighborhoogearchcanbe performedoverthe
samedatastructureandthuswe canchooseavhich onewill likely bethebestbasednthe
currentestimate.To find the new setof cellsrequiresperformingtwo searcheskirstthe
kd-treeis searchedor cellsthatneedto beremoved. A secondsearchs thenperformed
to find new cellsto addto the list. Figure 4.4 depictsa pseudo-coddor a part of the

secondsearch.

The neighborhoodsearchcanbenefitwhenthe changein the isovalueis small and
only a small numberof cells needsto be addedor removed, especiallyin the count
mode. However, thereareseveral disadwantagesn usingthis type of searchaswasthe
casein previous methods. First, an active cell list mustbe maintainedthat addsmore
overheadbothin time andmemory Secondgeachnodein the kd-treemustmaintainyet
anothepointerto thecell entryin theactivelist sothatit canberemovedquickly without
traversingthe active list. Finally, if the numberof cells that belongto boththe current

andthenew cell list is small,the effort to find the new isosurficeis doubled.

4.6 Triangulation of Tetrahedral cells
Oncea cell is identified asintersectingthe isosurfice,we needto approximatethe
isosurbiceinsidethatcell. Towardthis goal,the marchingcubesalgorithmcheckseach
of the cell verticesand marksthemaseitherabove or belowthe isosurfice. Using this
informationanda lookuptable,thealgorithmidentifiesthe particularway theisosurtice
intersectghe cell. The marchingcubesandits mary variantsaredesignedor structured

grids,thoughthey canbeappliedto unstructuredyridsaswell.
We proposea new algorithmfor unstructuredyrids of tetrahedratells. If anisosur

faceintersectdnsidea cell, thenthe vertex with the maximumvalue mustbe abore the

isosurficeandthevertex with the minimumvaluemust bebelow it.
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NearSeachMinMax ( pv, v, node)

{
if (node.min< pv)
NearSearchMaxMingv, v, node.right);
else
if ( node.min> v)
NearSearchMaxMingv, v, node.left);
else

{

if (node.max> v )

addnode;
NearSearchMaxMingv, v, node.right);
NearSearchMaxMingv, v, node.left);

}
}

Figure 4.4. Neighborhoodsearch pseudo-code.

To take advantageof this fact, we reorderthe verticesof a cell accordingto their
ascendingalues for examplevl to v4, apriori, in theinitialization stage Whenthecell
is determinedo intersectheisosuraice we needo compareonly theisovalueagainsthe
two middle verticesat most Sincethereareonly threepossiblecasespnly v1 is below
the isosurfice,only v4 is above the isosurfice,or {v1,v2} arebelov and{v3, v4} are
above seeFig. 4.5. Moreover, the orderof the verticesof the approximatingriangle(s),
suchthatthetriangle(swill beorientedcorrectlywith respecto theisosuraice,is known

in advanceat no cost. We canfurthertake advantageof the factthatthereareonly four

vl vl vl

N A
L Ll Ay

V2
v3 v3 v3

Figure 4.5. Triangulationfor tetrahedra. The verticesare numberedaccordingto
ascendingalues.
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possibletrianglesfor eachcell and computetheir normalsa priori. This option can

improve thetriangulationtime dramaticallyyetit comeswith a high memorycost.

4.7 Results
To evaluatethe proposedalgorithms,extensve testswere doneon variousdatasets.
Thetestswerecarriedon SGI (R4400,150MHz) workstationswith 256Mb and640Mb

of memory

4.7.1 The Datasets
Severaldataset$rom avarietyof sourcesvereused.Table4.1shonsthecharacteris-
tics of thesemodels.Thefirst threedatasetgonsistof bioelectricfield problemssolved
usingthe finite elementmethodon unstructuredetrahedrabrids, Figures4.6, 4.7 and
4.8. Headis a 1282 MRI scanof a humanhead,Figure4.9. The FD, Fluid Dynamics,
datasets computedrom a 2562 spectralCFD simulation,Figure4.10. Subsampledets

of this large datasebf sizes323, 643 and128?2, werealsoused.

4.7.2 Benchmarks
Thealgorithmwastestedbothwith respecto CPUtime andits compleity relativeto
agivendataset Eachtestincluded1000randomvalueisosurficeextractions.Table4.2
shaws the distribution of the numberof cellsin theisosurbcesfor the differentmodels.

The Brain modelis an example of a nonuniformcell size and position distribution.

Table 4.1 Datasets

| | Source| Type | Vertices| Cells |

Heart FEM | U-grid | 11504 69892
Torso FEM | U-grid | 201142 1290072
Brain FEM | U-grid | 74217\ 471770
Head MRI | S-grid 2M | 2048383
FD-32 FEM | S-grid 32K 29791
FD-64 FEM | S-grid 256K 250047
FD-128|| FEM | S-grid 2M | 2048383
FD-256| FEM | S-grid 16M | 16581375
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Figure 4.6. Heart: Iso-surficesof constantvoltagefrom a finite elementsimulationof
cardiacdefibrillationwithin the ventriclesof the humanheart.

Figure 4.7. Brain: An iso-surficeof constantvoltagefrom a finite elementsimulation
of temporallobe epilepsyin amodelof the humanskull andbrain.
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Figure 4.8 Torso:An iso-surficeof constanvoltagefrom afinite elemensimulationof
thevoltagedistribution dueto theelectricalactvity of theheartwithin amultichambered
modelof the humanthorax.

Figure 4.9. Head:Iso-surfcefrom a128% MRI scan.
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Figure 4.10 Turbulentflow in afluid dynamicsimulationrepresentinghe magnitude
of fluid velocity andshaws the onsetof turbulence.The elongatedstructuresarevortex
tubes.

Someof thecellshadvery large spanthatwould have causedvorstcaseperformancen
previousisosurbceextractionalgorithms.Two testswereperformedon this model, first
usingisovaluesfrom the entiremodeldomain(dataseftull) anda secondcheckingonly
asmalldensearea(datasepartial).

Thiswork concentratesnfindingthecellsthatintersecanisosurbiceandperforming
fasttriangulationon tetrahedratells. Thereforethetriangulationtimesof the structured
grid modelwerenot measuredFor thesedatasetsa call to anemptystubfunctionwas
issuedfor eachcell thatintersectghe iso-surfice,thereforeintroducingsomecostper

intersectedell.

4.8 Analysis
Table4.3 shavs the average total numberof treenodesthat wereactuallyexamined
comparedo the numberof nodesthatintersectedheisosurtice. Also presentedrethe
average numberof treenodeghatwereexaminedobut did notintersectheisosurfice,i.e.

theoverheadf searchinghetree,andthe maximumnumberof cellsthatwerecollected
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Table 4.2 Statisticsl

Cellsin Isosurfices
min | max | avg
Heart 0 23087 1617
Torso 32 31011 8001
Brain:
partial || 5287 26710| 10713
full 12 14756 25
Head 8 610291 61091
FD-32 0 28541 3074
FD-64 0 230562 24720
FD-128 0| 1680341 172247
FD-256 8| 11172708 1088128

Table 4.3. Statisticdl|

Found | Examined| Extra | Collected]

Heart 1617 687 | 473 17472
Torso 8001 3487 | 2679 20156
Brain:

partial 10713 2295| 1570 14742

full 25 2043 | 2020 7370
Head 61091 4568 | 3735| 512095
FD-32 3074 550| 410 7447
FD-64 24720 1547| 834 62511
FD-128 | 172247 4489 | 3405| 512095
FD-256 || 1088128 12787| 6940| 4145343

atonetime duringthesearch For tetrahedratellsthe numberof trianglesperisosuraice
is about33% higherthanthe numberof cellsthatintersectheisosurfce.
Thealgorithmconsistentlyexaminedmary fewer nodeshanthe sizeof theextracted
isosurbice. The only exceptionwasthe full Brain datasewherethe averageisosurtice
wasmoreor lessempty Evenin this pathologicalcase the numberof cells thatwere
examinedwassmall, lessthanhalf a percent. This is a casewherethe algorithmis not

optimalask < /n, yetthe overheads negligible. Overall, the overheadf examining
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extranodeswvaskeptataminimumandthe collectionschemeachiezedexcellentresults.

The compleity of the search phasewaskeptat 3,/n, which doesnot dependon the
sizeof theresultingisosurficeaspredictedby the countmodeanalysis.CPUruntimes
areshavnin Table4.4. Theinitialization stepis measuredh secondsvhile thecountand
seach arein milliseconds.All numbersrepresenthe averagerun time perquery The
searchincludestriangulationfor the unstructuredyrid dataset®nly, usingthe proposed
fasttriangulationalgorithm,seeSection4.6. Thetime requirementgor the countmode
waskeptto a few milliseconds,evenfor very large datasetsvith correspondinglyarge
numbersof isosurtices. The searchoptimizationhasclearly benefitedfrom the collect

routine,asis evidentby thelarge collectedblocks.

4.9 Application - Mantle Convection
4.9.1 Intr oduction to Mantle Convection Simulation
Solid statecorvectionwithin the Earth's mantledeterminene of the longesttime
scalesof our planet. The Earth's mantle,the 2900 km thick silicate shell that extends
from the iron coreto the Earth’s surface,thoughsolid, is deformingslowly by viscous

creepoverlongtime periods.While gradualin humanterms,thevigor of this subsolidus

Table4.4. CPUTime

Build Count(msec) Search (msec)
(sec) | percell | percell
Heart 76|04 57x107° 70| 43x107°
Torso 27.11 22| 1.7x107%| 43.8| 55x107°
Brain: 7.6
partial 15| 32x107%| 53.9| 50x107°
full 1.0| 2.1x10°° 1.1]44.0 x 107°

Head 35.21 3.0 1.4x10%] 31.4| 1.5x107°
FD-32 0.2]0.3] 104 x 107 1.0 34x10°5
FD-64 2.3/ 09| 35x 1076 77| 3.1x107°
FD-128| 22.6/29| 14x10%| 69.2| 3.4x10°
FD-256 || 203.8/ 8.9| 0.5x 10| 420.4| 2.5x10°°

t Searchimesincludetriangulationfor unstructuredyrids only.
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convectionis impressve, producingflow velocitiesof 1-10cm/year Platetectonicsthe
piecavise continuousmovementof the Earth’s surface, is the prime manifestationof

this internaldeformation pbut ultimately all large scalegeologicalactivity of our planet,
suchasmountainbuilding andcontinentaldrift, mustbe explaineddynamicallyby mass
displacementwithin themantle.

A major problemfor researchersr computationamantledynamicsis to resole the
Earth’s outer 100 km deepskin, or lithosphere. This lithosphereis an integral part of
the mantleandthusa 100 km wide spatialresolutionhasto be achiezed throughouthe
volume. The resultingcomputationaproblemis formidableand numericaldiscretiza-
tionswith 1-10million grid pointshaveto beformulatedto resolethemantlevolumeon
scalef 50km or less.Theresultingcomputationaproblemhasbeenlargelyintractable
on corventionalsequentiakcomputersasit is necessaryo follow the time evolution
of pressuretemperatureand velocity over the entire volume, requiring gigabytesof
memoryandcomputationaspeed®f mary gigaflops.However, suchproblemsarewell
in reachof modernparallelcomputerssuchasthemassvely parallelCrayResearchinc.
T3D system.

To addresshisproblem athree-dimensionaphericamantledynamicscodeTERRA
wasused,which solvesthe Navier-Stokesequationsn theinfinite Prandtinumberlimit
usinga multigrid approacH1]. Discretizationof the sphericakhellis basedon subdvi-
sionof theregularicosahedromroducinga datastructurethatis well suitedfor modern
parallel hardware using domaindecompositiorand messagegassing[2]. A message
passingversion of TERRA runs on the 256 processoiCRAY T3D at the Advanced
ComputingLaboratory(ACL) at Los AlamosNationalLaboratory On this machinethe
numericalmodelingcodeshaws excellentparallelperformancedisplayinga communi-
cationoverheadf lessthan10%. The computationamemoryaffordedby the T3D has
allowedinvestigationof corvectionemploying a numericalgrid of morethan20 million
finite elementsThus,it waspossibleto resole alargerangeof dynamicallengthscales

within themantle.
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4.9.2 Parallel Visualization Tools

Visualizationof the vastsimulationdatais a seriouschallengeasit is necessaryo
displaythe large-scaleflow without compromisingresolutionof small scalestructure.
Small scalestructureis generatecprimarily in thermalboundarylayers, suchas the
lithosphereat the top of the mantle,but sweptaroundby the large scaleflow throughout
themantle.Moreoverthetemporalevolution mustbevisualizedby displayinglong-time
seriesof data,requiringcapacitymary thousandimesthatof theindividual time step.

To addresshis problem,visualizationtoolsweredevelopedthatrun onthemassvely
parallel computerwhere the datawere generated. This allows for both a rapid and
high resolutiondisplayof simulationresultstoo largefor visualizationon evenhigh-end
graphicsworkstationsln addition,runningthe visualizationtoolson parallelcomputers
that generatdhe massve dataavoids time consumingand cumbersomelatatransfers
of the simulationresults. The ability to displayfine simulationdetails,suchasthe very
localizedgenerationand evolution of thermalstructuresalong major boundarylayers,
greatlyenhancethephysicalinterpretatiorandpresentatiomf thesenew highresolution
cornvectionexperiments.

The parallelvisualizationtools consistof anisosurticeextractor a parallelpolygon
renderer and a parallel slicer that caninterpolatearbitrary planar slicesthroughfield
data. Thesetools usea messaggassingandactive messagerogrammingmodel[11].
Thetools operatedirectly on the TERRA grid structure.While the TERRA grid is not
a structuredyrid, the recursve subdvision basisof the grid allows the grid geometryto
be implicitly representedatherthanexplicitly stored,saving memoryandallowing for

efficientgeometricqueriesof thegrid.

4.9.3 Parallel Rendering
Many researcherbave studiedparallelalgorithmsfor polygonandvolumerendering
in recentyears. Molnar et al. [20] provided a usefultaxonomyfor parallel rendering
which classifiegparallelrenderingmethodsassort-first,sort-middle or sort-lastaccord-
ing to whereinterprocessocommunication®ccursin therenderingpipeline.
The T3D parallelrendererusesa sort-middlebasedrenderingalgorithm. Both the

datadomainandtheimagearepartitionedevenly amongthe processorsEachprocessor
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first handlesthe geometricprocessingor the portion of the datait holds: isosurace
extraction,arbitraryslicing andgeometridransformationTheresultinggeometrigprim-
itivesarepartitionedinto scanlinesggmentsaccordingo the portionof screerspacehey
cover andsentto the processoresponsibldor thatportionof theimageusinganactive
messageommunicationsnodel. Scanlinesggmentsare bufferedandsentin groupsto
amortizethe costof a messag®ever severalscanlinesggments.

Whenthe active messagearrives at its destinationprocessqra handlerfunction is
invoked that completeghe rasterizationof the primitivesit contains. Opaquescanline
seggmentsaredirectly z-buffered. Transparenscanlineseggmentsare bufferedand han-
dledafterall processorsompletegeometricprocessingThetransparencsegmentsare
first depthsortedvia a Newell-Newell-Sanchadepthsortthencompositedront to back
[10].

4.9.4 Parallel IsosurfaceExtraction

The TERRA datasetxanbe characterize@sboth structuredand unstructured.The
geometryof a cell canbe inferred quickly from its index andthusit doesnot have to
be saved explicitly for eachcell. Onthe otherhand,the overall structureof the dataset
malkesit difficult to utilize structuredmethodssuchasWilhelmsandVanGeldersoctree
techniqueandalgorithm.

Theparallelversionof NOISEtakesadwantageof theflexibility of thealgorithmwith
respectto the structureof the datasetand the sort-middleparallel rendererdiscussed
earlier The datadistributionis left to therendereandNOISE is appliedlocally to the
dataon eachprocessar Isosurficeextractionis theninitiated by distributing only the
new isovalue. The extractedlocal isosurbiceon eachprocessois temporarilyaddedto
thedataseto berenderedlt is thenleft to theparallelrendereto distributetherendering
of theisosurficeto the otherprocessorsa taskwhich the rendereperformsfor therest
of its local geometricdata.

The integration of the isosurfice extraction and the parallel rendererallows us to
take advantageof the renderertranspareng capability The useof transpareng and
the rapid isosurfice extraction achieved by the algorithm also enablethe renderingof

several isosurficesat the sametime. Eachsuchisosuraiceis extractedindependently
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from theothers. The NOISE algorithmcandetermineyirtually atno cost,theamountof
storageneededor theisosurticebeforeit is computed.The advantageof this capability
is refrainedfrom allocatingmemoryby reusingthe memoryallocatedto the previous

isosurbceif it is largeenough.

4.9.5 Results

Figures4.11and4.12illustrate two examplesfrom the TERRA simulation. These
figuresrendera staticdatasetat a resolutionof 1.25million grid cells.

Figure4.11shovsthetemperaturdield overthe sphericaimodelof the Earth.In this
simulationtheviscosity(or stiffness)of the mantlefluid increasesvith depthby a factor
of 30, assuggestedby geophysicabbsenation. This oneparametechangeresultsin a
dramaticdifferencein corvectionstructuredisplayingelongatedlonnwellingsfrom the
uppersurfaceinsteadof pointlike patterndypicalfor isoviscousflow [6]. Suchelongated
downwellingsareanalogougo Earth’s linear subductiorzoneswhereplatesdive under
oneanother

The outer surface of the sphereis a sphericalradial shell cutting throughthe grid

structure. Note that the sphereis hollow and an inner shell is shovn aswell. The

1060

Degrees Kelvin

Figure4.11 Slicing andisosurticingof thetemperaturdield.
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1060
Degrees Kelvin

Figure4.12 Two iso-temperatursurfaceswith transparenc

simulationmodel coversonly the outer 50% of the Earth's diameterwherethe mantle
exists. A “wedge” hasbeenremovedby threeslicing planes.Within the wedgeopening
anisosurbicehasbeenextractedwith a“hot” temperaturealue. Theisosurbceandgrid
slicesgive insighton how hot materialcorvectsupwardsthroughthe Earthmantle.
Figure 4.12 again shows the temperaturdield with two isosuraicesover an inner
sphericalradial shell. The outerblue transparenisosuriceusesa relatively cold tem-
peraturejndicatingwherecold materialmovesbacktoward the interior of the mantle.
The inner orangeopaquesurfaceis a relatively high iso-temperatursurfaceandagain

illustrateshot materialmoving outwards.



CHAPTER 5

ISOSURFACE EXTRACTION AND THE
VISUALIZA TION PIPELINE

Within the lastten years,isosurticeextractionmethodshave advancedfrom an off-
line, single-sur&ceextractionprocessnto aninteractve, multisurfacevisualizationtool.
Interactvity is especiallyimportantin exploratoryvisualizationwherethe userhasno
a prioriknowledgeof any underlyingstructuresn the data. A typical dataexploration
sessionthereforeexhibits mary isovalue changesn searchof interestingfeatures. In
addition,globalviews areusedto placeanisosurficein the context of theentiredataset
as well as detailedcloseupsof small sectionsof interest. Achieving interactvity in
sucha highly demandingernvironmentis especiallyhardwhenvery large datasetand
isosurbiceswith high depthcompleity areinvolved.

Recentlydevelopedmethodssuchas NOISE, Chapter4, provide rapid localization
of isosurfcesin very large datasets.The driving force behindthesemethodswasthe
realizationthat moretime wasbeing spentlocatingan isosuraicethanthe time needed
for constructingit. Thesemethodswere so successfuthat they practically eliminated
thelocalizationproblemaltogether Yet, they do not differentiatebetweersmall, simple
isosurbcesandlarge,complec ones.In essencehesemethodsoncentratentheirinput
andnotontheiroutput.lsosurficeextractionis viewedasaseparat@andisolatedproblem
from the completevisualizationprocess Evenwhenit becamepparenthatisosurbices
could becometoo large to interactvely handledby the graphicshardware, the typical
solution[23] wasto reducethe sizeof theisosurbcebasedon a staticcriterion andnot
on adynamic,performance-basedne.

This chapterexaminesisosurficeextractiontopicsin the context of a completevisu-

alizationprocessandthe major milestonesn the last decadewith respecto a pipeline
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modelof this process.The discussiorieadsto a new approacho isosurficeextraction
in large and complex datasetspnamelyview-dependentsosurticeextraction. A view-
dependenapproachprovidesa meansof culling sectionsof the isosurficethat are oc-
cludedfrom theusersview point. Furthermoresectionf thedatasethatarenotvisible
to theusercanbeignoredduringthesearchphasegliminatingtheneedo constructhese
geometriesn the first place. We proposetwo implementation®f the view-dependent
paradigmin Chapter6. Thesemethodsllustratetwo differentacceleratiormethodsand

the prosandconsof each.

5.1 Intr oduction

Thecompleity of isosurficeextractionalgorithmsdepend®nthesizeof thedataset,
n, andthe size of the isosurfice, k. Initially, isosurfice extraction algorithmshad a
compleity of O(n) andresearcteffort wasmainly directedat extractingmoreaccurate
isosurfices. As interactvity becamean importantgoal and the size of the datasets
grew, attentionshiftedtoward reducingthe extraction's dependencen the size of the
datasets.While fasteralgorithmswere introduced,mary still poseda compleity of
O(n). In recentyearsalgorithmshave improvedto achieve a worst casecompleity of
O(y/n+ k) andO(logn + k). As thedependengonthesizeof theoriginal datasetvas
minimized,thesize,k, of the extractedisosurbicebecamehe majorfactor Renderinga
very largeisosurficepresentsa greatchallengesvenon high-endgraphicsworkstations.
An evenlargertoll hasto be payedwhenremotevisualizationis involved. To answer
this challenge currentresearchefforts aim to simplify the geometryof the isosuraice
after theisosurtceis extractedandbefor it is renderedr transmittedover a network.
In effect, the questis to reducethe compleity of renderinganisosurticeto a sublinear
compleity with respecto sizeof theisosuraice.However, thesemethodslonotaddress
the effort spentto extract and constructthe isosurticein the first place. Furthermore,

thesemethodsareslow andhave a compleity atleastlinearwith .

5.2 The Visualization Pipeline
Figure5.1depictghevisualizationprocessn whatwetermTheVisualizationPipeline

ortheV-Pipe TheV-Pipeis morethanasemantimuancelt is intendedo emphasiz¢he
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Figure 5.1 Thevisualizationpipeline.

factthatmary of theoperationghatconstitutehevisualizationprocessanbeperformed
in apipelinefashionmuchlik ethewell known andsuccessfugiraphicshardwarepipeline
architecture.

In the context of isosurbiceextraction,the visualizationpipelineis composef two
stagespamelyextractionof theisosurficeandrendering Figure5.2. Note thatwith the
right architectureesachof thesestagesanbe donein a parallel,pipelinedfashion. The
bestresultswill beachiezedwhentheloadson eachof thesecomponentsresimilarand
no stallsoccurin the pipeline.

5.2.1 Bottlenecksand Pipeline Stalls

We now examinethebottlenecksn theisosurficeextractionprocesgromthepipeline
perspectre. Thefirst bottleneckidentifiedin the pastwasthe needto examinetheentire
datasetn the extractionprocess.The original marchingcubesalgorithmexamineseach
andevery cell in thedataseto determingf theisosurficeintersectst. If anintersection
is foundatriangulationof isosurficeinsidethecell is generatedThedependengof the
marchingcubesalgorithmon the sizeof the datacanbereducedy theintroductionof a
filter betweerthe dataandthe constructionstage. The extractionstageis split into two
separatestages:a searchstageand a constructionstage. Furthermore the interaction
betweerthe dataandthe searchphasethat might have a highercompleity O(nlogn),

(asin NOISE),canbedoneasanoff-line, preprocessingtep.

Extract |sosurface —pw Render —P

Figure 5.2 Thevisualizationpipeline:Isosurficeextraction.



54

The new pipeline configurationis depictedin Figure5.3. Note thatthe construction
stageis linear, O(k), with respectto the size of the isosurfice. The bottleneckhas
thereforeshifted from the extraction stageto the searchphasethat dependdinearly
on the size of the datasetn. Recentresearcheffort, which optimizesthe searchstage
have eliminatedthis bottleneckby reducingthe compleity to O(y/n + k) [17] andeven
O(logn + k) [7].

Effectively, the dependeng of the isosurficeextractionon the size of the datasetis
all but gone,asthe sizeof a typical isosurice,O(n?/?) is muchlargerthantheneither
\/n orlogn. Furthermorethe triangulationof a cell is along processcomparedo the
time it takesto identify thatthe cell intersectdhe isosuraice. Fromthe perspectie of a
pipelineparadigmthesearchstageoutpacesheconstructiorstageeventhoughits worst
casecompleity is higher Sincethe V-Pipeis an asynchronougrocessa buffer can
be introducedbetweenthe searchstageandthe constructionstageandthusthe hazard
of stalling the searchstageis removed. Next, we assumethat the triangulationof a
cell is independentf other cells asis the casefor the marchingcube algorithm. In
orderto improve the performancaundersuchan assumptionpne needso usemultiple
component®f the secondstage. In otherwords, this stageis performedin parallel,as
showvn in Figure5.4. Note thatonly the constructionstageneedso be parallelizedand
not the searchstage(basedon the performanceof the NOISE algorithm presentedn
Chapterd). This obsenationleadsto the conclusionthat effort shouldnot be spenton
parallelizingthe searchstage.

With the introductionof the parallelconstructionphasethe bottleneckshifts toward

theendof the pipelineandinto the displayphaseasthe shearsizeof the geometryof an

Pre-search —» Search —» Construction —» Render —»
| )

Offline " online i so val ue

Figure5.3 Thevisualizationpipeline: Theextractionstagds splitinto threestagesThe
presearclstagethatanalyzeshedatain orderto accelerat¢he searchcanbe performed
onceasanoffline stage.
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Pre-search @ —= Sea[ch — Construction — = Render —*
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Figure 5.4. Thevisualizationpipelinewith a paralleltriangulationphase.

isosurbcecanoverwhelmeven high-endgraphicsengines.The problemworsensvhen
remotevisualizationis consideredsthe bandwidthover alocal areanetword (LAN) or
theInternetaremuchsmaller

The currentapproacho this lastbottleneckis to reducethe sizeof the geometrythat
needsto flow throughthesestagesof the pipeline. Both losslessandlossy aswell as
progressie compressionmethodshave beenusedto this end. To date,the bestsolution
is still an openproblem. Compressiorcan be appliedas either a post-proces®n the
extractedsurfacegeometryor asa preproces®n the original volumedata,as seenin
Figure5.5.

Surfacereductionhasthe advantageof beingmainly a two and a half dimensional
problem (a two-dimensionproblemembeddedn a three-dimensioworld) aswell as
having the most refined surface as a baselinefor estimatingthe approximationerror.
On the other hand, isosurbicesmight be non-manifoldand the extraction of the most
refinedisosurbice maybetoo costly and may not dependlinearly on the size of the
isosurfice. The benefitsof volume reductionare the reducedsize of the datasetthat

needgo be processedswell asthe ability to performthis stageoff-line. Nevertheless,

reducti on paraneters

P Construction '
Volume Pre - Surface 7
Reduction  search — Sea}rch — Construg:tlon ™ Reduction // Render — i
\ Construction Net wor k
Offline ‘onine  iso value

Figure 5.5. Thevisualizationpipelinewith reductionfor remotevisualization.
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volumereductionis a much more difficult problemandit is performeda priori to the
extractionphaselt is thereforemuchharderto estimatethe introducederrorsaswell as

theimplicationon theresultedtopologyanddetail preseration.

5.3 A View DependentApproach

Basedon the V-Pipeperspeciie presentedn the previoussection,it is clearthatthe
primarytaskis to reducetheamountof datathatflow throughthe pipeline. Furthermore,
this reductionwill contribute the mostwhenit is appliedat an early stage. As such,
the reductioncan help acceleratall the other stageswith little impactif any on their
algorithmor implementation.

An approachthatfits nicely into this paradigmis view dependenvisualizationandis
depictedin Figure5.6. The currentview parameterganbe introducedasearly asthe
searchstageand candrasticlyreducethe dataflow in scenef high depthcompleity,
asseenin Figure5.7. The potentialsaving of suchanapproachs shown in Figure5.8.
Notethelargesectionof theisosurfice which representtheinternalorgansof thehead,
yetis not partof theview-dependenisosurface.

Therearemary benefitsfor suchanapproactthroughoutheV-Pipestages:

Search - The searchstagewill not be requiredto accesghe entire datasebr evento
accessvery cell that intersectthe given isosurbice. When a hierarchicalsearch
is used,the searchtree canbe prunedwhenever the footprint of the currentnode

(meta-cell)onthe screerbecomesmallerthana pixel.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Vi ew reductlton
‘ i araneters
Volume — Pre e Vigw i EO”SI“JC:O” l s fp
Reduction search DS%penﬂent onsine fO” P Ré’éﬁ% ] // Renderﬂ@
i ?rc Construction Net wor k
Offline | online T iso value

Figure 5.6. The visulaizationpipeline: View dependentextraction. The currentview
parametersare sentbackto the searchstage,which in turn examinesonly the visible
portionof the dataset.
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User Point e
of view -

Figure5.7. Left: Theuserview. Right: The sameisosurticefrom a 90 degreeangleto
theuserview, illustratingtheincompletereconstruction.

Figure 5.8 Extractedisosurfice. A cut planethroughthe full and view-dependent
isosurbcesextractedfrom the sameview pointasin Figure5.7. Notethe large internal
structuresthat are part of the full isosurfice but are not part of the view-dependent
isosurfice

Construction - Fewer trianglesareconstructedleadingto higherthroughput.

SurfaceReduction- Reductionalgorithmsarefairly slow anddependhearily on the
sizeandcompleity of the input. New algorithmscanbe developedthattake into
considerationhecurrentorientationandfootprintof thetriangleswith respecto the
screen.Examplesncludesuchcasesasa pair or triangles,which arefar from the
screenandthus appearvery similar even thoughtheir orientationwould prohibit

a meme in the generalcase. Other benefitscan be along a silhouettewherethe
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direction perpendiculatto the screenis much more importantthen the direction
parallelto thescreen.

Transmission- Betterutilization of the availablenetwork bandwidth.
Rendering- A naturalcompaniorto imagebasedenderingechniques.

Thesebenefitsareespeciallyaluablein scenesvith high depthcompleity or small
screerfootprint. In practice,the price for thesebenefitsis payedduringthe morecom-
plicatedsearchphase.The major obstacleis to distinguishbetweenvisible andhidden
sectiongn ashorttime. Anotherkey issueis the characteristicef the datasetmostlyits
depthcomplity andits foot print onthe screenView dependenéxtractionwill benefit
from high-depthcompleity andlarge triangles.Whenmostof theseconditionsarenot
met, this approachmight leadto poor performance.On the other hand,this approach
doesnot prohibitthe useof reductionlateron in the pipeline,i.e., it is acomplementary
approach.

Figure5.9 depictsa relative (not to scale)comparisorbetweensosurficeextraction
methodswith respecto the searchconstructioranddisplayphasesThechartrepresent
the theoreticaltime compleity and is split betweenmethodsthat extract the entire
isosurfice (on the left) and view dependeninethodsthat extract only portion of the
isosurbice(ontheright).

The constructanddisplaytime requirementsf thefull extractionmethodsareall the
samerespectrely asthey all extracttheentireisosurbice. Thedifferencesareapparenin
thetime requiremenbf the seach phase.The view dependenapproachegjepictedon
the right, show differentcharacteristics.Sincethesemethodsextract only the visible
portion of the isosurbicetheir construct phaseis much faster Furthermore, a ray
tracingmethodgenerate®nly imagesand not a geometryandthusits constructphase
is negligible. In addition,ray tracingrenderingis donein software,thatremovesthere-
quiremenfor apowerful graphicshardware. Ontheotherhand raytracinghashighCPU
requirementand thusis more suitablemassvely parallel processor¢gMPP) machines.
In contracta view dependentmethodthat generategeometrycan take advantageof

existing graphicshardwareandhasa lower CPUrequirementln addition,the extracted
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Figure5.9. Complity comparison.

geometryprovidesotherinformation (suchasnormals)which canbe usefulfor remote

visualization.

5.4 Isovalue ChangeversusView Change

Isosuraiceextractiondiffers from othercomputergraphicsproblemsin that the ge-
ometryis not known a priori. To make the matterworse,the geometryis dynamicasit
is basedon a changingisovalue. Someof the previous works on isosurficeextraction
tried to take advantageof spatialcohereng undertheassumptiothatisosurbicessimilar
isovaluesshouldbe spatiallysimilar or atleastintersecimoreor lessthe samedatacells.
While thisassumptiortanhelpto acceleratéhe searclphaset doesnot performwell in
constructingheisosurfce.

The introductionof view dependentsosurficeextractionpresentsa new challenge.
A visibleisosurticewill changeeitherby changingheisovalueor by changingheview
point. Thelatteris aknowntopicin thecomputegraphicccommunityandmuchresearch
hasbeendoneonit. Thecrucialdifferencebetweerview changeandisovaluechangds

thatthe former hasmoreinformation,namelythe geometryusedfor the previous view
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point. Here,spatialcoherences muchmoreapparentindis valid in the senseéhateven

thoughonly partof thegeometryfrom the previousview maybevisible, it is still correct.



CHAPTER 6

VIEW DEPENDENT ISOSURFACE
EXTRACTION

Chapters presentec novel, view dependenisosurficeextractionapproachasillus-
tratedin Figure5.7. A view-dependenapproachreduceshe search,constructionand
displayby visiting only the cellsthatcontainthevisible portionof theisosurbicefrom a
givenview point.

This chapterproposesa paradigmfor the view dependenapproachandtwo imple-
mentation®f it. Theproposegaradigmnis basednahierarchicafront-to-backraversal
of the datasetvith dynamicpruningof sectionghatare hiddenfrom the view point by
previously extractedsectionsof the isosurfice. This work exploresthe middle ground
betweeramostlyhardwarebasede.g.,marchingcubest Z-buffer) andapurelysoftware
(e.g., ray-tracing)algorithm for isosurfice extraction. Our goal is to reducethe load
on the network and/orgraphicshardware by performingsomeof the visibility testsin
software. The approacheadsto an output sensitve methodthat canreducethe load
of othercomponentsn the visualizationpipelinesuchastransmissiorof theisosuraice
geometryover a network.

Section6.1 presentghe algorithms, draving on recentinnovationsin the areaof
visibility algorithms.Sections$.2.2—6.2etailthesealgorithmsaswell assomeproposed

modifications.Resultsarepresentedn Section6.2.4.

6.1 The Algorithm
Theproposednethodis basednthe obsenationthatisosurbicesextractedfrom very
large datasetdendto exhibit high depthcompleity for two reasons.First, sincethe
datasetsrevery large, the projectionof individual cellstendto be subpixel. Thisleads

to alarge numberof polygons possiblynonoverlapping beingprojectedontoindividual
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pixels. Secondlyfor somedatasetsiarge sectionf anisosurbceareinternalandthus,
areoccludedoy othersectionof theisosurfice asillustratedin Figure5.8. Thesenternal
sections,commonin medicaldatasetscan not be seenfrom ary direction unlessthe
externalisosurficeis peeledaway or cutoff. Thereforejf onecanextractjustthevisible
portionsof theisosurfice the numberof renderedgolygonswill bereducedesultingin
afasteralgorithm.Figure6.1 depictsa two-dimensionascenario.

The proposedalgorithm,which is basedon a hierarchicaltraversalof the dataanda
marchingcubesriangulationexploits cohereng in the object,value,andimagespaces,
aswell asbalancinghework betweerthehardwareandthe software.We employ athree
stepapproachdepictedin Figure6.2. First, we augmentWilhelms and Van Gelders
algorithmby traversingdown the octreein a front-to-backorderin additionto pruning
empty subtreesdbasedon the min-max valuesstoredat the octreenodes. The second
stepemploys coarsesoftware visibility testsfor each[meta-] cell which intersectghe
isosurbice. Theaim of thesetestsis to determinevhetherthe [meta-]cell is hiddenfrom
the userby previously extractedsectionsof the isosurfice (thusthe requirementor a
front-to-backtraversal).Finally, thetriangulationof thevisible cellsareforwardedto the
graphicsacceleratofor renderingby the hardware. It is at this stagethatthe final and

exact[partial-] visibility of thetrianglesis resohed. A data-flav diagramis depictedn

S S —— Visible Isoline

--------- Nonv isible Isoline

Figure 6.1 A two-dimensionakcenarioof isosurficeextraction.
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Figure 6.2 Thethree-stemlgorithm.

Figure6.3. Thealgorithmusesboth objectspaceandvaluespaceacceleratiormethods
as previous algorithms. The visibility test, however, is doneboth in software andin
hardwareasopposedo the traditionalmethodsof extractingall the geometryandonly
on the specialgraphicshardwareto resole the visibility. Thekey idea,asshaovn in the
data-flav diagram.,is to perform preliminaryvisibility testsin softwareandthusavoid

thegeneratiorof large sectionsof theisosurficewhich will notbevisible by the user

6.1.1 Visibility

Quickly determiningwhethera meta-cellis hiddenandthuscanbe prunedis funda-
mentalto this algorithm. This is implementedoy creatinga virtual screenwith onebit
per pixel. We thenprojectthetriangles,asthey areextracted,on to this screenandset
thosebits which arecovered,providing anocclusionmask(seeFigure6.4).

Additional pruning of the octreenodesis accomplishedy projectingthe meta-cell
onto thevirtual screerandcheckingif ary partof it is visible, i.e., if any of the pixels
it coversarenot set. If the entire projectionof the meta-cellis not visible, noneof its
childrencanbevisible.

Notethatit is importantto quickly andefficiently classifya cell asvisible. A hidden

cell and all of its childrenwill not be traversedfurther and thus can justify the time
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Figure 6.3. The algorithm dataflow. In additionto objectand value spacepruning
methods the algorithm also performssomeof the visibility testsin software andthus
reducethesizeof thethe geometrythatneedto be extractedaswell asrendered.

andeffort investedin the classification.A visible cell, on the otherhand,doesnot gain
ary benefitfrom this testandthe costof the visibility testis addedto the total costof
extractingtheisosurbice.As such thecell visibility testshouldnotdepencheavily onthe
projectedscreerareaotherwisethe costwould prohibit the useof thetestfor meta-cells

athigh levelsof the octree- exactly thosemeta-cellghatcanpotentiallysave the most.



Figure 6.4. An imageandits occlisionmask.
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6.2 A WISE Method
6.2.1 Overview

Basedon ananalysisof the visualizationpipelinewe proposeda view dependeniso-
surfaceextractionapproachn Chapters. Section6.1 hasdepictedathree-steparadigm
for this approachwhich requiresrapid visibility tests,part of which are performedin
software.

Two componentsnfluencethe visibility cost,namelythe costof projectinga point,
triangle,or a meta-cellon to the screenandthe costof eitherscan-cowerting triangles
or determiningf ameta-cellprojectedareacontainsary unsetpixels.

Thesecostsareaddresseth sections6.2.2and6.2.3,andtwo approachesareused.
First, hierarchicaliling is employedfor thevirtual screen Secondthe projectioncostis

reducedusinga variationof shearwarpfactorization.

6.2.2 Image SpaceCulling
Hierarchicaltiles[11] areemployedasameandor fastclassificatiorof meta-cellsand
determiningthe coverageof extractedtriangles.The hierarchicahatureof thealgorithm
ensureghatthe costof eitherof thesetwo operationswill not dependhighly on their

projectedarea.

6.2.2.1 Hierarchical Tiles

Hierarchicaltiles provide a mechanisnfor acceleratingsoftware basedrendering.
Thenotionof tiles is basedon the projectionof onepolygonatatimein afront-to-back
orderand renderingonly thosepixels that contribute to the final image. The front to
back orderensureghat eachpixel is renderedonly once. The representatiorf these
basictilesin a hierarchicalstructureprovidesa mechanismeducingthe numberof tiles
againstwhich a polygonneedgo be comparedleadingto anevenfasterexecutiontime.

A coveragemap(atile) is arectanglebitmap (suchas8x8) in which eachbit repre-
sentsapixelin thefinalimage.Thealgorithmis basednthepremisehatall thepossible
coverageof a singleedgecrossinga tile canbe precompute@ndtakulatedbasedon the
points wherethe edgeintersectshe tile boarderas seenin Figure 6.5. The coverage

patternof a corvex polygonfor a particulartile of theimageis computedoy combining
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Figure 6.5. An edgetile.

the coveragemapsof the polygonedges. The coveragemap of a triangle canthusbe
computedrom threeprecomputediles with no dependengon the numberof pixelsthe
triangleactuallycovers! seeFigure6.6.

Renderinga polygonamountgo computingthe coveragemapof thepolygonfor each
tile in theimageandisolatingthetile pixelsthatcurrentlyarenot coveredbut arein the
polygoncoveragemap,asindicatedin Figure6.7. In orderto acceleratehe rendering,
the tiles are organizedin a hierarchicalstructurein which eachmeta-tilerepresentsa
block of [meta-]tiles. Underthis structure a polygonis projectedontothetop meta-tile
andonly thosesubtilesin which the polygonmight be visible are checled recursvely,

leadingto alogarithmicsearch.

6.2.2.2 Hierar chical Visibility Mask

The following implementationdiffers from the one proposedby Greenein that it
doesnot actuallyrenderthe visible portion of a projectedtriangle. Rather we markthe
triangleasvisible andforwardit to the graphicshardware. It is thenleft to thegraphics

acceleratoto determinewhich piecesof the triangle are actually visible and correctly

'We refer the readerto the work by Greene[11] for a detailedexplanationon how the three states
(Covered, Partially-covered and Not-covered) can be representedy two tile masksand the rules for
combiningcoveragemaps.
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Figure 6.6. A triangletile coveragemap.

renderthem. Figure 6.8 shavs two examplesof isosurficesandtheir hierarchicalvisi-
bility masks. Theseexamplesillustrate the benefitof visibility maskswhenthe object
fills mostof theuserview. Note, however, thatevenin the caseof theisosurficefor the
bone,someof thetop level pixel areused.

Oneshouldnotethatit is not possibleto determinea priorithe front-to-backrelations
betweerthetrianglesinsideasinglecell. It isthereforenandatoryto acceptll or noneof
thetriangles,eventhoughthey needto be projectedon the hierarchicatiles onetriangle
atatime. Figure 6.9 shows the classificationof the cells aswell asthe portionsof the
isolineswhich areextracted.Note thatthe entireisoline sectionin avisible cell (shavn
in light gray)is extracted.Thenorvisible portionswill belaterremovedby the graphics
acceleratar

An additionalfeaturewe employ limits recursiondown the octreeoncethe sizeof a
meta-cellis approximatelythe sizeof a singlepixel. Insteadwe forward a single point
anda normalto the graphicshardware, similar to the dividing cubesmethod[8]. The
normalis estimatedy thegradientof thefield. Theadwantageof this methodis thatthe
single point potentially represents large numberof polygonssincethe meta-cellthat

projectsto a pixel maystill be highin theoctree.

6.2.3 Warped IsoSurfaceExtraction (WISE)

A key componentin the visibility testis the projectionof a point, a triangle or a
meta-cellonto the screen. In general,the perspectie projectionof a point is a 4x4
transformatiorfollowed by two divide operationsfor a total of 16 multiplications,12
additionsand2 divisionspervertex. Clearly, the costof performingsuchtransformation

for eachandeveryvertex of theprojectedmeta-cellsandtrianglesis toohigh. In addition,
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Figure 6.7. Applicationof atrianglecoveragemapandanimagetile coveragemap.
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Figure 6.8. Two isosurbcesfrom the samepoint of view and their corresponding
hierarchicalvisibility masks. Insteadof shaving a pyramid of the hierarchicalmask
levels,thelevelsaredepictedby the pixelsthey cover. Eachpixelis coloredbasednthe

highestlevel in the hierarchyin whichit is covered.In addition,differentcolorsareused
whenanentirerow (eightpixels)in amaskis covered.
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Figure 6.9. Cellsandisolinesvisibility.

the nonlinearity of the perspectie transformationprohibits the use of a precomputed
transformationtable. To acceleraté¢his critical step,we take advantageof theshearwarp

factorizationof the viewing transformation.

6.2.3.1 ShearWarp Factorization

In 1994, Lacroute[14, 15 presentedh volumerenderingmethodthatwasbasedon
the sheafwarp factorizationof the viewing transformation. The underlyingideais to
factorthe viewing transformatiorninto a shearfollowed by a warp transformation.The
dataarefirst projectedontoa sheareabjectspacehatis usedto createanintermediate,
albeitwarped,mage.Oncethisimageis completea two-dimensionalvarpingtransfor
mationis appliedto createthe correctfinal image.Figure6.10illustratesthe shearwarp
transformationfor an orthographicprojection. For a perspectie projectionthe slices
needalsoto bescaledasseenn Figure6.11.

Theadwantageof thismethodis thattheintermediatemageis alignedwith oneof the
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Figure 6.11 Sheatwarpin perspectre projection.

datasefaces.This alignmentenableghe useof a parallelprojectionof the 3D dataset.

Thewarpstagds thenappliedto atwo-dimensionalmageratherthanto eachdatapoint.

6.2.3.2 ShearBut No Warp

We now notethatthevisibility ontheimageplaneandonthewarpedprojectionplane
arethe same,seeFigure 6.12. In otherwords, ary point in the datasethat s visible
on theimageplaneis alsovisible on the warpedprojectionplaneandsimilarly, points

which would be occludedon the imageplaneare also occludedon the warpedplane.
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It is thereforesufficient to performthe visibility testson the warpedprojectionplane.
The advantageof this approachs twofold. First, the perspectie projectionis removed.
Second,sincethe shearand scalefactorsare, with respectto the currentview point,
constanfor eachslice,we canprecomputehemoncefor eachnew view point.

Let [X, Y, Z] be the coordinatesystemof the datasetandlet s = [s,, s, s,] bethe
scalingvectorof thedatawith respecto this coordinatesystem.Let usassumewithout
lossof generality thatthe currentwarpedprojectionplaneis Z = 0. We first transform
the currenteye locationonto the [ X, Y, Z] coordinatesystemandthenprecomputehe
shearandscalecoeficients,

PrecomputeWarpParameters(eye,s)
foreachz
f=zxs,/z%s, —eye,
scaley|Z) = (1 — f) * sy
scaley[Z] = (1 — f) x s,
shear;[Z] = f x eye,
sheary[Z] = f * eye,
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The projectionof ary grid pointp(x, y, z) cannow be computeds,

ProjectGridPoint(p)
x = pg * scaleg[p,] + sheary[p,]
y = py * scaley[p,] + sheary[p,]

for atotal of two multiplicationsandtwo additionspervertex.

While the Z coordinateof every grid point is known in advanceandthusthe shear
andscalefactorcanbe precomputedor eachnew view point, the samedoesnot hold
true for the verticesof the isosurficetriangles. However, sincethe projectiononto the
warpedprojectionplaneis orthographidt canbe shovn (seeAppendixB) thata vertex

projectionis,

ProjectVertex(p)
f=p:/(z—eye.)
T =p; + f * (eyes — pa)
y=py+ f*(eyey — py)

for atotal of two multiplications,five additionsandonedivision.

An exampleof animageandits warpedvisibility maskis shavnin Figure6.13.

Figure 6.13 An imageandits warpedvisibility mask.
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6.2.4 Results

We testedour methodwith two datasets.The first is a small datase{(64%) of a CT
scannedeadwheremostof theinternalstructure e.g.,the brain,wasremovedby hand
segmentation. This resultsin lower depthcompleity. The larger dataset(256%) has
a large numberof internal structuresthat normally would be extractedasisosurfices
whenoneextractsthe skin. We ran experimentsin two scenarios.In onescenariothe
isosurbceswereextractedandrenderedn the samehigh-endmachine an SGl Onyz2
(usingasingleCPU).In thesecondscenariowe usedalowerendmaching SGIIndigo2
Extremeconnectedvith a 100-Base switchedEthernet¥or therenderingphaseandthe
Onyx2 for theisosurficeextraction.

Theresultsfor the first scenario,Table 6.1, showv that for larger and more complex
isosurbceghenew methodstill outperformsextractionof thefull isosurfice thoughthe
performancéalls shortwhenonly a changeof theview pointis considered.

The resultsfor the secondscenario,Table 6.2, demonstratehe advantageof this
method. Even when the time for the extractionis addedto eachnew view position,
the nev methodout performsa regular full octreetraversaland extraction dueto the
LAN bandwidthlimitations.Itis importantto notethelargereductionin thesize,upto a

factorof 15, of the extractedisosurfce.

Table 6.1 Scenarid: Local Visualization

method| view extraction | polygons| points| rendring
time(sec) time(sec)
Smalldataset
Octree | ary 0.48 46,222 0.16
VD normal 0.79 9036 0.06
VD closeup 0.59 7995 0.02
VD zoomout 0.60 5938 | 1,112 0.02
Large dataset
Octree | ary 3.86 353,868 1.28
VD normal 2.56 22,405 0.04
VD closeup 0.85 5,588 0.03
VD zoomout 0.99 1,080| 7,888 0.02




Table 6.2 Scenaridl: RemoteVisualization

method| view extraction. | polygons| points| rendring
time(sec) time(sec)
Smalldataset
Octree | ary 0.42 46,222 1.35
VD normal 0.79 9184 0.27
VD closeup 0.31 2735 0.05
VD zoomout 0.40 2154| 2319 0.11
Large dataset
Octree | ary 3.57 342,640 10.58
VD normal 2.31 20,330 0.60
VD closeup 1.14 6,078 | 5,374 0.30
VD zoomout 0.38 7,364 0.12
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6.3 The SAGE

A view dependenapproacho isosurbceextractionprovidesa fastandeconomical
imagingof complex isosurfices.This approachs especiallysuitedfor applicationssuch
as remotevisualizationwhere mary isosurficesare generatedand transmittedover a
network.

The WISE algorithm,presentedn Section6.2, providesa particularimplementation
of theview dependenapproachThe performancef the WISE algorithmdemonstrates
the potentialbenefitsof suchanapproach.Thetwo mostprominentweaknessesf the
WISE methodaretheratio of triangleintersectiongerscreercell andthefill rateof the
screertiles hierarchy

In the following we presenta new approactto view dependenisosurficeextraction
thataimsat addressingheseweaknessesThis approachs basedon the WISE method
andlessondearnedfrom it and assumeshat mostof the extractedtrianglesare fairly
small andthat the contribtution of eachtriangleto the final imageis alsosmall. Based
on theseassumptionsthe trianglesare appliedto the screenhierarchyin a bottom-up
approach(mostrefinedto lessrefined). The bottom-upapproachhelpsto restrictthe
renderingof atriangleto a very small part of the screenhierarchydatastructure. The
visibility testsof thedatameta-cellsarestill performedn atop-dovn fashionin orderto
take advantageof therelative large sizeof their footprint onthe screen.

Anotherpotentialinefficiency in the WISE methodwasinherentfrom the hierarchical
coveragemasks. The original method,proposedby Greend11], is restrictedto cornvex
polygons. In contrast, polygonalisosurfice extraction basedon the marching cube
approach,generatesa group of trianglesper cell that as a group are not necessarily
corvex. Dueto therestrictionof Greenes methodto corvex polygon,the WISE method
hadto projecteachtriangleseparatelyTo addresshis problem,the SAGE methodscan
convertsthe trianglesratherthenusing coveragemasks. The scancornversionapproach
canhandlemary polygonsat the sametime, noneof which needto be convex.

Finally, the useof the exact screenresolutionprovidesan easierway of identifying
[meta-] cells that are smallerthan a single screenpixel. These[meta-] cells can be

renderedaspointsthatreduceboththeextractiontime andmemory
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6.3.1 A WISE lesson

The WISE algorithm performedwell for isosurticeswhen the projectedtriangles
covereda large areaof the screen. Using the hierarchicaltiles enabledmaskinglarge
areasat higherlevels of the hierarchy Table6.3 shavs a comparisorbetweerthe area
of a projectedtriangle and the averagenumberof times the triangle was intersected
againsthehierarchytiles. Thetablealsoshonvstheaveragenumberof checkghatwhere
performedafter the projectionin orderto keepthe hierarchyconsistent.As the size of
thetrianglesshrinksodo thethe numberof intersection@ndupdategertriangles.Yet,
evenwith theuseof thelook-aheadhenumberof operationgpercellis large. In addition,
large datasetsendto producemary smallpolygons.

Anotherlimitation of the WISE algorithmis the restrictionto the useof triangles.
Thisrestrictionis dueto therequiremenbf thetiles methodthatthe projectedpolygons
mustbe corvex. Themarchingcubealgorithmgeneratedetweeroneandfour triangles
percell with anaverageof about2.05trianglespercell for the datasetsisedin thiswork.
Sinceacell canbeviewedfrom ary directionit is not possibleto determinea prioriif the
projectionof morethanonetrianglewill be a corvex or a concae polygon. The WISE
algorithm,thus,projectseachandevery triangleseparately

Furthermoreaseachtriangle edgeis sharedby two triangles,the edgeis projected
andintersectedagainstthe hierarchytwice. The only exceptionsare silhouetteedges,
which arerenderednly once.Theuseof trianglesthereforedoesnot permitelimination
of thoseedgeghataresharedetweertrianglesin the samecell andthatform a cornvex

polygonwhenprojectedontothe screen.

Table 6.3. OperationperTriangleArea

triangle | intersectiong checks
area

30 38 6.75

7 22 4.56
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6.3.2 A Bottom Up Approach

To alleviate the problemof projectingmary smalltrianglesdown the hierarchicatile
structure,SAGE employs a bottom-upapproachfigure6.14. This approachis based
on the obsenation that the contribution of a small triangle is limited to only a small
neighborhoodn the hierarchyi.e., few tiles at the lowestlevel. This contribution will
alsobelimited in thenumberof levelsin the hierarchy

The bottom-upapproachis realizedby projectingthe trianglesdirectly on to the
bottomlevel, which is at the screerresolution. Only thetiles thatareactuallychanged
by the projectionof thetrianglewill befurtherchecledto seeif they causechangesip
the hierarchy Sincethe contritution of the triangleis assumedo be small,its effect up
the hierarchywill alsobeminimal.

Visibility checksof the datasetmeta-cellsinvolve, on the otherhand,large corvex
polygonsandthusaresuitablefor atop-down culling approachFurthermorethesetests
needdetermineonly if any part of a projectedcell is visible, i.e., whetherthereis at
leastoneunsetpixel thatis coveredby the cell projectedpolygon. As with the WISE
algorithm, it is importantto reducethe time spenton the visibility culling, especially
for cellsthatarepartially visible. Theideais thata [partially-] visible meta-cellwill be
furtherchecledby applyingthevisibility testonits children.A norvisible meta-cell,on
the otherhand,providesa benefitby eliminatingthe needto examineits children. It is

thereforeappropriateto investmoretestresource®n norvisible meta-cells.Onedoes

N Meta Cells
AT visibility check

e
L A

L Polygons:
yd W Scan and update

Figure 6.14 Bottom-upandtop-dovn usagen SAGE.
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not know if the meta-cellis visible or not in advance,which is why the visibility tests
weredevised. The pointis thatavisibility checkshouldbe ableto determinethata cell
is visible quicker thanif thecell is notvisible.

To addresghis concern,the visibility testsin SAGE are performedin a top-down
approachusingthe boundingbox of the projectedcell. Figure6.15showns an example
of a boundingbox of a projectedcell inside a particularscreertile. In additionto the
boundingbox, Figure6.15shaws the inner and outer coveragemasksof this bounding
box. Thesecoveragemasksarealignedwith the subtiles.If ary of the subtilesunderthe
innercoveragemaskis notcompletelycoveredthanthecell is considerediisible. If any
of the subtiles underthe outermask(but not undertheinnermask)arenot coveredthan
thecell mightbevisible andthesesubtilesmayneedto bechecledfurther Notethatthis
visibility testis anover estimatorandmay classifya cell asvisible whenit is not, yetit

will notmisclassifya visible cell ashidden.

6.4 FastEstimatesof a Bounding Box
of a ProjectedCell

Theuseof thevisibility testsaddsanoverheado theextractionprocesghatshouldbe
minimized. Themeta-cellvisibility testscanbeacceleratethy approximatinghescreen

areacoveredby a meta-cellratherthancomputingit exactly. In generakhe projectionof

AT BBox

RAA coverage map

PPPP%PPP?'

Inner coverage

. Outer coverage

Figure 6.15 Tile coverageof a boundingbox of a projectedcell.
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a meta-cellon the screenhasa hexagonshapewith nonaxisalignededges.We reduce
the compleity of the visibility testby usingthe axis alignedboundingbox of the cell
projectiononthescreemasseenin Figure6.16. This boundingboxis anoverestimatef
theactualcoverageandthuswill notmis-classifyavisible meta-cell thoughtheopposite
is possible.

The problemis, thus,how to find this boundingbox quickly. The simplestapproach
is to projecteachof the eight verticesof eachcell on to the screenandcomparethem.
This processnvolveseight perspectie projectionsandeithertwo sorts(x andy) or 16
to 32 comparisons.

The solutionin SAGE is to approximatehe boundingbox asfollows. Let P bethe

Meta Cell

Bounding box
of the meta cell
projection

Screen

Figure 6.16 Perspectie projectionof a meta-cell,the coveredareaandits bounding
box.
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centerof themeta-celin objectspace Assumingthesizeof themeta-celis (dz, dy, dz),

we definethe eightvectors

p=@® W 9
2’7277 )

Theeightcornerverticesof the cell canberepresenteds
V=P+D=P+ (£D,,£D,, £D,)]
Applying theviewing matrix M to avertex V amountdo:
VM =(P+D)M =PM+ DM

After the perspectie projectionthe z screercoordinateof thevertex is:

VM, _ [PM], +[DM],
VMl [PM]w + [DM],

To find the boundingbox of the projectedmeta-cellwe needto find the maximum
andminimum of theseprojectionsover the eightverticesin bothz andy. Alternatively,
we can overestimategheseextremavaluessuchthat we may classify a norvisible cell
asvisible but not the opposite.Overestimatingcanthusleadto morework but will not
introduceadditionalerrors.

Themaximumzx screercoordinatecanbe estimatedasfollows,

(VM) max(PM), + [DM]),)
[VMl," = min([PM], + [DM]y)

_ [PM], + max([DM],)

— min([PM], + [DM]y,)

[PM], + [DTM "],
min([PM],, + [DM],,)

wherewe definethe ™ operatoito meanto usethe absolutevalueof the vectoror matrix

elements.
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Assumingthatthe meta-cellsarealwaysin front of the screerwe have

V,>0=P,— D >0=[PM],— [D*M"], >0

thus,
V M| [ﬁ%ﬁjﬁi%ﬂz if numerator> 0
max T —
VMl [PM]+[Dt M ],

otherwise

[PM]w+[DTMt]y
Similarly, theminimum x screercoordinatecanbe overestimate@s,
[PM]y—[DtM*],

. [VM], [PM]u+[D¥ M.
min

if numerator> 0

VMlw = | pmg.—prat,

Fane—tora.  otherwise
Thetop andbottomof the boundingbox arecomputedsimilarly.
The completeprocedurdor estimatingthe boundingbox (seeFigure6.17) requires
only two vectormatrix multiplication,two division, four multiplicationsfour comparison

andsix additions.

6.4.1 ScanConversionof Concave Polygons

Oneof thedisadwantage®f the top-dovn approachasdiscussedn Section6.3.1,is
thatit is restrictedto only cornvex polygons.In the WISE algorithm,this restrictionhas
forcedthe projectionof trianglesonly onetriangleatatime.

To alleviatethis restriction,the SAGE algorithmemploys the scancorvert algorithm,
which simultaneouslyrojecta collectionof trianglesandconcae polygons.The useof
thescancornversionalgorithmis madeparticularlysimplein SAGE dueto thebottom-up
updateapproach. The projectedtrianglesand polygonsare scan-cowerted at screen
resolutionat the bottomlevel of the tiles hierarchybeforethe changesare propagated
up the hierarchy Applying the scanline in a top-davn fashionwould have madethe
algorithmunnecessarilgomple.

Additional acceleratiorcanbe achieved by eliminatingredundaniedges projecting
eachvertex only oncepercell andusingtrianglesstripsor fans. To achieve thesegoals,
themarchingcubedookuptableis first convertedinto a trianglesfansformat. Theusual

marchingcubeslookup table containsa list of the triangles(threevertices)per case.
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PrecomputeV/*:
M = ViewMatrix
M5 = || My ]|

CompUte(ta fla f2)
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P = centerof cell
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2 9 9
PM=ps M
DM =dxM*

_ 1
ffaT — PMy,+DM,

_ 1
fnear - PM—DM,,

right = ComputePM, + DMy, frear, frar)
left = ComputePMm — DMJ:; ffa'ra fnear )
top = ComputePMy + DMy, fneara ffa'r )
bottom = ComputePM, — DM, fiar, frear)

Figure 6.17. Procedurdor (over)estimatinghe boundingbox of a projectedcell.

AppendixC liststhe new lookuptablebasedn trianglefansandwhich lists eachvertex
only oncepercase.

Figure6.18depictsfour configurationsof a pair of triangles. The sharededgein the
left two casess redundanandshouldberemovedfrom thelist of edgedo bescanlined.
However, the sharededgein thetwo caseson theright shouldbeincludedtwice. Rather
thanincludingtwo recordsof the sameedge the sharededgecanbe markedassuchand
will becountedwice wheneerit is accountedor in thescanline algorithm.

A comparisorof the WISE andthe SAGE algorithmswith respecto the numberof

polygonsandedgeghatareprojectedontothe hierarchicaltilesis shovn in Figure6.19.
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SR

Figure 6.18 Redundansharededges.Thetwo exampleson theleft shav a sharedhat
shouldbe eliminated.The two exampleson the right shov a sharededgethatshouldbe
treatedasa singledoubleedge.

View direction Image Wise Sage
I
4
/ 3 Triangles 1 Polygon
’ 9 Edges 5 Edges

1 Double Edge

......... >
gty o) AT/

/ 3 Triangles 1 Polygon
9 Edges 5 Edges
wy -
3 Triangles 1 Polygon (convex)
9 Edges 5 Edges

Figure 6.19 ComparisorbetweenWISE andSAGE.

6.4.2 Rendering Points
Anotherpotentialsaving is achiezed by usingpointswith normalsto representrian-
glesor [meta-] cellswhich aresmallerthana singlepixel. Thisis animprovementover
the WISE algorithmasthe exactlocationof the eachscreemixel centeris known during
the scanline andthe visibility tests. Whene&er a nonempty[meta-] cell is determined
to have asizelessthena singlepixel andits projectioncoversthe centerof a pixel, it is

representedy a singlepoint. Figure6.20shovs anexamplein which someof the cells
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Figure 6.20 Renderingpoints. Theleft imagewasextractedbasedon the currentview
point. Theright imageshaw a closeupof the sameextractedgeometry

arefar enoughsuchthatthey canberenderedaspoint. Ontheleft is theimageasseen
by the userwhile on theright is a closeup view of the sameextractedgeometry(i.e.the

userzoomedn but did not extractthe geometrybasedon the new view point).

6.4.3 Results
To evaluatethe performancef the SAGE methodwe comparedt to the performance
of the Octree,NOISE and WISE methods.We usedthreedatasetsrom threedifferent
views usingtwo isovaluesandbothlocal andremove visualization.For the third dataset
we usedonly oneisovalue(for theskin). All in all, 80 differenttestcasesvereperformed
for eachon the four extractionmethods.
The characteristicof the threedatasetsare shavn in Table6.4. The first two are

sectionsfrom the visible womandatase{26]. The third datasehasa large numberof
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Table 6.4. Datasets

name | dimensions size| type | comments

v-head| 512x512x208 104MB | CT | Visiblewoman
v-legs | 512x512x617 308MB | CT | Visiblewomen

head | 256x256x256 64MB | CT | High depthcompleity

internalstructuresvith similardatavaluesastheskin. This, in turn,resultsin averylarge
andcomple isosuraicesfor anisovalueof the skin. Most of this complex isosurfceis
hiddenfrom the userbehindtherelatively smallsurfacethatrepresentsheskin.

Thetestscasesncludeda normalview of eachdataseta closeupof a smallsection,
andadistantview. Eachteston the visible womansectionswas performedtwice using
the isovaluescorrespondingo the skin (600.5)andbone(1224.5). Figures6.21,6.22
and 6.23 shov the extractedisosurbcesfor eachtest for eachof the three datasets
respectrely. Thetestswereselectedsuchthateachwill reflectdifferentcharacteristics.
In the visible womancase the skin caseshadlarge contiguousareasof coveragewhere
astheisosurbcedor the boneexhibits complex structuresvith mary holesandcavities.
Thecloseupestdemonstratesneof thebenefitsof view dependenisosurbiceextraction
whenonly asmallsectionof theisosurficein neededIn contrastthedistanttestsshovs
examplesvherenoteventhevisibleisosurbiceshouldbeextractedyatheronly thevisible
portionwith regardto theresolutionof the screen.Thesizeof the objectson thescreen,
in the caseof the distanceview, alsocorrespondso their sizewhenthe full dataseis
display seeFigure6.24.

The experimentswere done using two scenarios. In one scenario,the isosurfices
were extractedand renderedon the samehigh-endmachine,an SGI Onyx2 (usinga
singleCPU).In the secondscenariowe useda lower-endmaching(SGI O2 with R5000
180Mhz,192MB of memory)connectedvith a 100-BaseTswitchedEthernet)for the
renderingphaseand the sameSGI Onyx2 for the isosurfice extraction. Table 6.5,
Table6.6andTable6.7illustratetheresultsfor thesetestson thethreedatasets.

Theresultscanbe comparedasedn thesizeof the extractedisosuraice the extrac-

tion time andrenderingoothlocal andon aremotemachine.



Figure 6.21 Threeisosurticesfrom the CT headdataset.

Table 6.5. HeadDataset
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view method| extraction| numberof | local view | remoteview image
time (sec)| polygons| time(sec)| time(sec)
ary Octree 1.9 333,616 0.6 10.7
NOISE 2.0
distant
WISE 2.2 34,008 <0.1 1.1 °
SAGE 0.7 11,153 <0.1 0.4
normal
WISE 26| 34,7024 0.9
SAGE 0.7| 31,9109 <0.1
closeup
WISE 16.6 7,480 <0.1
SAGE 5.7 5,847 <0.1




Figure 6.22 Six isosurficefrom thevisible womans head.
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Figure 6.23 Six isosurficefrom thevisible womanslegs.



Table 6.6. Visible WomanHeadDataset
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iso | view method| extraction| numberof local remote image
value |time(sec)| polygons| view view
value |time(sec)| polygons| time(sec)| time(sec)
skin | ary Octree 10.9 1,430,824 2.6 41.6
NOISE 10.2
distant
WISE 35.1 292,242 0.6 9.0
SAGE 3.4 18,645 <0.1 0.6 @
normal
WISE 35.8 344,628 0.6 9.2
SAGE 4.4 195,408 0.3 5.4
closeup
WISE 4.6 43,222 0.1 2.8
SAGE 0.6 36,939 <0.1 2.1
bone| ary Octree 17.0 2,207,592 4.6 65.4
NOISE 14.6
distant
WISE 13.9 271,075 0.5 8.5
SAGE 4.1 12,747 <0.1 0.4 ¢
normal
WISE 32.7 278,735 0.7 8.5
SAGE 4.5 153,617 0.2 5.0
closeup
WISE 10.6 84,599 0.2 1.3
SAGE 1.5 67,808 0.2 1.1




Table 6.7. Visible WomanLegs Dataset
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iso | view method| extraction| numberof local remote image
value |time(sec)| polygons| view view
value |time(sec)| polygons| time(sec)| time(sec)
skin | ary Octree 334 3,264,755 6.2 117.6
NOISE 27.1
distant
WISE 37.5 968,073 2.0 28.4 W
SAGE 0.7 14,917 <0.1 0.2
normal
WISE 70.4 935,784 1.8 27.8
SAGE 12.1 122,229 0.2 3.4
closeup
WISE 16.6 364,394 0.80 10.3
SAGE 5.7 234,607 0.51 6.7
bone| ary Octree 18.9 2,328,940 4.7 69.5
NOISE 16.3
distant
WISE 18.0 412,530 0.9 12.3 v
SAGE 0.5 6,099 <0.1 0.1
normal
WISE 33.3 406,262 0.9 12.1 19
SAGE 6.8 503,545 0.1 15
closeup
WISE 9.6 180,270 0.5 5.8
SAGE 3.8 122,262 0.3 3.5
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Figure6.24 A view of thefull visible womandatasetisingthe SAGE algorithm.

In all theteststheview dependengpproachedVISE andSAGE, consistentlyreduced
the numberof extractedpolygonsdown to lessthanonepercentin closeup views and
no worstthan28% in the worst case. Theseresultsdependon the depthcompleity of
thefull isosurficeaswell asthevisible portionof theisosurbceandits footprinton the
screen.

The SAGE methodalso shavs improvementover the WISE methodin extraction
time. The WISE methodextractiontime exhibits large changedbetweendifferentviews,
mary time longerthanthe extractionof afull isosurfice.In contrastthe SAGE method
consistentlyoutperformedhefull isosurficeextractionmethods.

The aim of the view-dependenaipproachareto reducethe extractiontime andthe
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renderingtime, especiallyfor remotevisulaization. In this contet, both WISE and
SAGE outperformedpnaveragethedisplayof afull isosurficeby anorderof magnitude
in the caseof local rendering. The SAGE method,again,consistentlyachieved better
resultsthat WISE, andoutperformeda full isosurficerenderingby up to two ordersof

magnitude.

With respecto remoterenderingthe view-dependenapproactperformancaevasthe
mostnoticeable.For all practicalpurposesfull isosurbicerenderingover the network
is impossibleasseenin thesetests(40,60secondsn Table6.6 andeven117 secondsn
Table6.7). Ontheotherhand,the SAGE consistentlyprovided fastextractionandrapid
respondo changesn theview parameters.

Theseresultssuggesthat a view-dependentnethodsuchas SAGE can provide an
investigatowith a practicalexplorationtool. Furthermoreit is well suitablefor remote
investigatingdatathatcannotfit onalow-endmachineandmustbe kept(or computed)

on aseparatsupercomputer



CHAPTER 7

CONCLUSIONS

Isosurfice extraction is a powerful tool for investigatingvolumetric scalarfields.
The positionof anisosurfice,aswell asits relationto otherneighboringisosurtces,
can provide cluesto the underlying structureof the scalarfield. In medicalimaging
applications,isosurficespermit the extraction of particularanatomicalstructuresand
tissues. Theseisosurficesare static in nature. A more dynamic use of isosurtices
is calledfor in mary scientificcomputingapplications suchas simulationof physical
phenomenaln theseapplicationsscientistsneedto be ableto changedynamicallythe
isovaluein orderto gainbetterinsightinto simulationresults.

We presentedsosurticegeneratioralgorithmsthatenablerapid explorationof large
datasetdothfor local andfor remotevisualization. We analyzedthe isosurbcegener
ation processas a whole andthe componentghat make up that processandidentified
potentialbottlenecks.In particular we addressheissuesof isolatinganisosurticeand
its geometriaepresentation.

We suggestediewing isosurficeextractionasa searchproblembasedon mapping
datasetells onto a two-dimensionakpanspace.It wasshown that previous extraction
methodswhichwerenotbasednthedatasetgeometrycouldalsobe mappedntothis
new space.Analysisof thesemappingsdemonstratethe shortcomingsf the previous
extractionmethods.We also proposeda new decompositiorof the spanspaceusinga
kd-treeandproved its nearoptimal worst-casdime compleity. An additionalmethod
was proposedand implementedthat enablesan estimateof the size of anisosurfice
within afew milliseconds.This countmodewasshownn to dependnly onthesquareoot
of thesizeof thedataanddoesnot dependof the actualsizeof the extractedisosurtce.

The generatiorof ageometricrepresentatioof isosurbceswasalsosingledout asa

potentiallysignificantbottleneck We addressethisissueby proposingheuseof aview-
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dependenisosurficeextractionapproachTwo methodsveredevelopedbasednathree
stepparadigm: a) traversingthe datain a hierarchicalfront-to-backordet b) perform
visibility culling baseon the projectionof the dataonto the screerandc) forwardinga
geometryrepresentationf theisosurbiceto a graphicshardwareaccelerator

The first view dependenimethodis basedon a combinationof three components.
First,amodifiedversionof thehierarchicaltiles, proposedy Greend11], wasusedto to
provide visibility culling. This methodtakesadvantageof imagespaceandobjectspace
cohereng. Secondthecohereng in thevaluespacewvasexploitedusingWilhems'sand
Van Gelders augmentedctree[27]. Finally, we employed a sheatwarp factorization
to performthe visibility testin the warpedspace.The useof the warpedspaceprovides
large reductionin the numberof operationghat were requiredfor verticesprojection.
This method,WarpedlsoSuraice Extraction(WISE), was showvn to drasticallyreduce
the extractiontime aswell asthe renderingtime, makingit attractve for remotevisual-
ization.

The secondview-dependeninethod, SAGE, providesfurtherimprovementsover the
WISEmethod. TheSAGE s basedntheobsenationthatisosurbicesrom largedatasets
containmary smalltrianglesmary of whicharesmallertheasinglepixel. Two improve-
mentsover WISE were investigated.First, the top-dovn approachusedin WISE was
augmentedvith a bottom-uptraversalof the hierarchicaltiles. By projectingthe small
trianglesat the bottomlevel we wereableto reducethe amountof computatiorrequired
per triangle. The secondmprovementreplacedthe useof coveragemasks,during the
projectionsof triangles,with a scanline algorithm. This changeremovedtherestriction
on projectingonly convex polygonsandenabledhe projectionof multiple trianglesand
concae polygonssimultaneously The SAGE methodwas shavn to performwell for
bothlocalandremotevisualizationproviding fastisosurticeextractionandrapidrespond

to changesn theview parameters.

7.1 FutureWork
Noneof themethodgresentedh thiswork wereimplementedasa parallelprogram.

We intendto investigatethe useof parallelcomputersas a meanfor acceleratinghe
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extraction and especiallythe constructionof the isosurfices. Both WISE and SAGE
demonstratethepotentialof view dependenisosurbiceextraction,yetbothweredesign
for structuredyrids, for which front-to-backtraversalis simple. Thoughmary datasets,
suchasmedicalimagesandfinite differencesimulations,are basedon structuredgrid,
thereis a greatneedfor rapid exploration of unstructuredgrid baseddatasets. The
NOISE methodprovides part of the solution of thesedatasetsasit reduceghe search
time to practicallya few milliseconds.The octreemethodwasshown to be comparable
to NOISE on structuredyridsyetit is notappropriatdor unstructuredyrids.
Remotevisualizationis becominganimportantareain its own right, yet the combi-
nation of remotevisualizationof isosurficeshasnot beenexplored. This combination
is especiallyhard as the geometrydependson an isovalue provided by the user The
isovalueis not known in advanceandit changesuring the exploration of the dataset.
The dynamic natureof this type of exploration rendersmost of the work on remote
visualizationinappropriate. The WISE methodprovides a first solutionto this issue,
while the SAGE methodprovidesthe first practicalsolution. One shouldnotethatthe
remotevisualizationusedin ourtestsconsistedf openingawindow onaremotedisplay
(theusermachineandrenderingo thatwindow overthenetwork. A betterapproachhat
shouldbe investigateds the useof a separateviewer that resideson the remote(user)
machineand that can communicatewith the extraction processon the large machine.
The remoteviewer canthenenablethe userto locally (andthusmuchfaster)view and
manipulatethe view-dependenisosurtice. Furtherresearctshouldtamet the integra-
tion, by the remoteviewer, of several views of anisosurficeinto one more complete
and coherentsurface. Additional work can investigatethe lateng introducedby the
intermediatenetwork. A network awareisosurficeextractionsystemcanswitchamong
differentmodesof extraction, transmissiorand local rendering,providing a dynamic

systemthatcould handlethe sizeandcompleity of the next generatiordatasets.



APPENDIX A

WORST-CASE ANALYSIS

A.1 OctreelsosurfaceExtraction

Wilhelms and Van Gelder[27] did not analyzethe time compleity of their octree-
basedsosurficeextractionalgorithm, seeSection2.1.2. We now presenta worst-case
analysisof their method.

The octreeusedby Wilhelms and Van Gelderis derived from the geometryof the
datasetaandis augmenteaebnly by the minimum andmaximumvaluesof the cellsin the
tree. As such,theoctreereliessolelyon geometryto groupcellswith closefield values.
Ontheotherhand,the octreeis guaranteedio be balanced Also notethatthe datacells
occuronly ontheleavesof thetree.

For simplicity, considerfirst the 1D caseof a binarytreewith n leaves. For a given
k, we seekoneof the groupsof £ leaveswith the highestcostto locate. For &k = 1, the
costis log n; this suggestan estimateof O(klogn) for the worst-case This is clearly
anoverestimateasmary segmentsof the pathsto thesek cellsareshared Whenk = 2,
the two pathsfrom the root mustshareseveral intermediatenodes. The maximumcost

will occurwhenonly theroot nodeis shared.Therefore,

T(n,1) = log(n)
T(n,k) = 14+2T(n/2,k/2),

which, for k£ = 2™, leadsto
n
Tn,k) = k—1+ klog(E).

As anexample,T'(n,n) = 2n — 1, sincethe a binary treewith n leaveshasn — 1

internalnodes.
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The generalcasefor a d-dimensionatreefollows immediatelyfrom the binary case.
Letp = 2¢.

Ty(n,1) = log,n

Ty(n, k) = 14 pT(n/p,k/p)

Letq = log, k. Thesolutionto therecursve formulais

p?—1 n
Tufn, k) = = +p'10g, ()
k—1 k n
= = 4+ 2 og(=
p—1ta" sy
For the specialcaseof octree,d = 3, we have
k—1 k n
Ts(n, k) = —— + —log(+

andacomplexity of O(k + klog (%))

A.2 The Count Mode

A nodein akd-treeholdsinformationregardingonly thevalueusedo splitthecurrent
tree. This alwaysforcesa searchalgorithmto traverseatleastonesubtree Thebest-case
performancédor the countmodeis thusO(logn).

We now examinethe worst-casecompleity of the countmode. Referringto the
optimizedversion,section4.3.1,we find two cases.Whentheisovalueis lessthanthe
valueattherootof thetreewe needto traverseonly onesubtree Otherwisepothsubtrees
aretraversedyetfor oneof themwe now know thatthemin or maxconditionis satisfied.

Clearlytheworst-casenvolvesthe secondcase,

T1) =1 (A.1)
T(n) = 1+T(n/2)+Tn(n/2). (A.2)

For the casewherethe min or max conditionis satisfiedthereare againtwo cases.
Thesecaseshowever, aredifferentfrom eachotheronly with respectto whetherone
of the subtreeds completelyempty or full. In both thesecasesonly one subtreeis

descendedMoreover, the next level of this subtreecan be skippedandthe algorithm
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descendslirectly to both subsubtreesNote thatthe root of the subtreestill needso be

checled. Therefore,

T.(1) = 1

Tm(n) = 14 2T,(n/4)

logy n
> 2
1=0

210g4 (n)+1 _ 1

< 2v/n. (A.3)

SubstitutingequationA.3 in EquationA.2 andusingEquationA.1 we get,

T(n)

IN

IN

Hencea compleity of O(y/n).

1+2vn+T(n/2)
log (n)—1

logn+2yn > 272
i=0

1—4/2/n

logn +2y/n———

&n \/51 —1/V2
logn + 64/n.



APPENDIX B

PROJECTION COSTSIN THE WISE
ALGORITHM

B.1 Perspectve Projection
Fig. B.1 depictsa 2D exampleof a point P which is warpedinto point W basedon
perspectie projection. Assumingthatthe eye coordinategz., z.) is givenin the object

coordinatesystemandusingthetrianglessimilarity, we canderive,

Te — Tuw —Ze

Ty — Tp 2Zp

Notethatsincetheeyeis locatedon theothersideof thewarpingplane,z. is negative

andthusthedistanceof the eye from the planeis —z,.

‘ P : w
Object ? : Warping
z | ™ : plane
I
L | /

e
Figure B.1. Warpedpointlocationin a perspectie projection.

Therefore,
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Similarly, for they coordinatesve get,

_ YpZe = pYe
Ze — Zp

Yw

The above expressionsnvolve four multiplications, four additionsand two divisions.

However, furtherfactorizationleadsto,

Tpze + (—Tp2p + Tpzp) — ZpTe

Tw = e — 2p
_ Tp(%e — 2p) + 2p(Tp — Te)
e — Zp
— “p
= z,+ P (xp — x¢)

where,

is usedfor bothx,, andy,,.

The costfor a singlepointwarpis thusoneadditionandonedivision for C' andone
multiplication andtwo additionsfor eachof the 2 andy coordinatedor a total of two
multiplications,five additionsandonedivision.

A full computationof the projectionpoint S involvesa multiplication of a 4D point
with a4 x 4 transformatiommatrix plustwo divisionsfor theperspectie projection.Since
the z coordinatein screenspaceis not importantone endsup with threesetsof three
multiplicationsandthreeadditionsplustwo divisionsfor atotal of nine multiplications,

nineadditionsandtwo divisions.



TRIANGLE FAN LOOKUP TABLE FOR THE
MARCHING CUBES

APPENDIX C

The SAGE method,Section6.3, usesa trianglefanlookup tableinsteadof the tradi-

tional marchingcubeslookup table. The following is the modifiedlookup table which

contains256 entriessimilarly to the marchingcubes. The first numberin eachrow

statethe numberof trianglefans,followed by a list of vertices. The verticesarelisted

in groups,onegrouppertrianglefan, with a negative one (—1) separatinghe different

groups. Thefirst vertex in eachsuchtrianglefanis the basevertex of the fan with the

restof the verticeslistedin a clockwiseorderaroundthis basevertex. The verticesare

mappedo thecell edgesvia the edge_tablewhich list thetwo cell verticesthatmake up

thatedge.

static int edge_ table[12][2] = {{O, 1},

struct Triangl eCase {
/1 nunber of triangle fans
int vertex|[16];

};

static Triangl eCase tri_case[] = {

int n;

/* 00000000 */
{0!{'1'11
/* 00000001 */
{1 { 0 3
/* 00000010 */
{1 { 0 09,
/* 00000011 */
{1 { 1 3
/* 00000100 */
{1, { 1, 11,
/* 00000101 */
{2 { 0 3

-1,
81

11

-1,
-1,

-1,

-1,

-1,

-1,

-1,

{41 5}a
{0, 4},

2},
. 6},
T}

{0, 3},
{4, 7},
{2,6}};
1, -1
1, -1
1, -1
1, -1
1, -1
1, -1

1
=

1
=

1
[N

1
=

-1}
. -1}},
-1},
-1},
. -1}},
-1},



/* 00000110 */
{1, { 9 11,
/* 00000111 */
{1 { 2, 3
/* 00001000 */
{1 { 3 2
/* 00001001 */
{1 { o 2
/* 00001010 */
{2 { 1, 0
/* 00001011*/
{1 { 8 9
/* 00001100 */
{1 { 3 1
/* 00001101 */
{1 { O 1,
/* 00001110 */
{1 { 3 O
/* 00001111 */
{1, { 9 11,
/* 00010000 */
{1, { 4 8,
/* 00010001 */
{1 { 4 0O
/* 00010010 */
{2 { 0 V9
/* 00010011 */
{1 { 4 9
/* 00010100 */
{ 2, { 1, 11,
/* 00010101 */
{2 { 3 7,
/* 00010110 */
{2 { 9 11,
/* 00010111 */
{1 { 2 3
/* 00011000 */
{2 { 8 7,
/* 00011001 */
{1, { 10, 7,
/* 00011010 */
{3 { 9 1,
/* 00011011 */
{1 { 4 9
/* 00011100 */
{2 { 3 1,
/* 00011101 */
{1, { 1, 11,
/* 00011110 */
{ 2, { 4 8,
/* 00011111 */
{1 { 4 9

104

-1},
-1},
-1}},
-1}},
-1},
-1}},
-1},
-1},
-1},
-1},
-1},
-1},
-1}},
-1}},
-1}},
-1}},
-1},
-1},
-1}},
-1}1},
-1},
-1},
-1},
-1}},
-1},
-1}},
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/* 00100000 */
{ 1, {9 4 5 -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00100001 */
{2 { 9 4 5 -1, 0, 3, 8 -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00100010 */
{1, { o, 4 5 1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00100011 */
{1, { 8 4, 5 1, 3, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00100100 */
{2 { 1, 11, 2, -1, 9, 4, 5 -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00100101 */
{3 { 3 8 O -1, 1, 11, 2, -1, 4, 5 9, -1, -1, -1, -1, -1}},
/* 00100110 */
{1, { 5 11, 2, 0, 4, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00100111 */
{1, { 2, 3 8 4 5 11, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101000 */
{2 { 9 4 5 -1, 2, 10, 3, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101001 */
{2 { 0o =2 10, 8 -1, 4, 5 9, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101010 */
{2 { o 4 5 1, -1, 2, 10, 3, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101011 */
{1, { 2, 10, 8 4 5 1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101100 */
{2 {11, 100 3 1, -1, 9, 4, 5 -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101101 */
{2 { 4 5 9 -1, o0, 1, 11, 10, 8, -1, -1, -1, -1, -1, -1, -1}},
/* 00101110 */
{1, { 5 11, 10, 3, 0, 4, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00101111 */
{1, { 5 11, 10, 8, 4, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110000 */
{1, { 9 8 7, 5 -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110001 */
{1, { 9, o 3 7, 5 -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110010 */
{1, { o, 8 7, 5 1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110011 */
{1, { 1, 3 7, 5 -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110100 */
{2 {9 8 7 5 -1, 11, 2, 1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110101 */
{2 {1, 2 1, -1, 9, 0 3, 7, 5 3 -1, -1, -1, -1, -1, -1}},
/* 00110110 */
{1, { 8 7, 5 11, 2, o0, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00110111 */
{1, { 2, 3 7, 5 11, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00111000 */
{2 { 7, 5 9 8 -1, 3, 2, 10, -1, -1, -1, -1, -1, -1, -1, -1}},
/* 00111001 */
{1, { 9, o0 2 10 7, 5 -1, -1, -1, -1, -1, -1, -1, -1, -1, -1}},



/* 00111010
{2 {
/* 00111011
{1, {10,
/* 00111100
{2 {09
/* 00111101
{1 { O
/* 00111110
{1 { O
/* 00111111
{1, { 10,
/* 01000000
{1 {11,
/* 01000001
{2 {0
/* 01000010
{2 {09
/* 01000011
{2 { 1
/* 01000100
{1 { 1
/* 01000101
{2 { 1
/* 01000110
{1 {9
/* 01000111
{1 { 5
/* 01001000
{2 {
/* 01001001
{2, {10,
/* 01001010
{3 { 0
/* 01001011
{2 {5
/* 01001100
{1 { 3
/* 01001101
{1 { O
/* 01001110
{1 { 3
/* 01001111
{1 {9
/* 01010000
{2 {5
/* 01010001
{2 { 4
/* 01010010
{3 { 1
/* 01010011
{2 {11

*/

2, 10,

*/
71
*/
81
*/
11
*/
81
*/
71
*/
51
*/
31
*/
11
*/
31
*/
51
*/
51
*/
51
*/
61
*/

2, 10,

*/
8,
*/
9,
*/
6,
*/
1,
*/
1,
*/
0,
*/
5,
*/
6,
*/
0,
*/
0,
*/
35,

71

106

-1},
-1},
-1}},
-1}},
-1},
-1}},
-1},
-1}1},
-1}},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1}},
-1},
-1} 1},
-1},
-1},
-1},



/* 01010100 */
{2 { 6 2
/* 01010101 */
{2 { 1, 5
/* 01010110 */
{2 { 8 7,
/* 01010111 */
{1 { 9 5
/* 01011000 */
{3 { 3 2
/* 01011001 */
{ 2, { 5 &,
/* 01011010 */
{4 { 0 9,
/* 01011011 */
{2 { 9 1,
/* 01011100 */
{2 { 8 7,
/* 01011101 */
{1, { 10, 7,
/* 01011110 */
{2 { 0 9
/* 01011111 */
{1 { 9 5
/* 01100000 */
{1, { 11, o,
/* 01100001 */
{ 2, { 4 &,
/* 01100010 */
{1 { o 4
/* 01100011 */
{1 { 8 4
/* 01100100 */
{1, { 4 &,
/* 01100101 */
{2 { 3 8,
/* 01100110 */
{1, { 0 4,
/* 01100111 */
{1 { 2, 3
/* 01101000 */
{ 2, {11, o,
/* 01101001 */
{2 { 0 2
/* 01101010 */
{2 { 3 2
/* 01101011 */
{1, { 1, 10,
/* 01101100 */
{1, { 6 9,
/* 01101101 */
{1 { 1, 0,

10,
10,
8,
1,
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7, -1,
4, 0,
6, 2,
-1, -1,
-1, 11,
10, 7,
-1, 2,
5, 6,
3, 1,
-1, -1,
8, 7,
-1, -1,
-1, -1,
8, -1,
-1, -1,
-1, -1,
-1, -1,
1, 9
-1, -1,
-1, -1,
2, -1,
11, 9,
0, 4,
-1, -1,
-1, -1,
-1, -1,
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-1},
-1},
-1}},
-1}},
-1},
-1}},
-1},
-1}1},
-1}},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1}},
-1},
-1} 1},
-1},
-1},
-1},



/* 01101110 */

{1, { 6 10, 3,
/* 01101111 */
{1, { 6 10, 8,
/* 01110000 */
{1, { 7, 6 11,
/* 01110001 */
{1, { o0 3 7,
/* 01110010 */
{1, { 1, o0, s,
/* 01110011 */
{1, { 1, 3 17,
/* 01110100 */
{1, { 8 7, 6,
/* 01110101 */
{1, { 9 o0 3,
/* 01110110 */
{1, { o0 8 7,
/* 01110111 */
{1, { 7, 6 2
/* 01111000 */
{ 2, { 2 10 3,
/* 01111001 */
{1, { 7, 6 11,
/* 01111010 */
{2 { 7, 1, o,
/* 01111011 */
{1, { 1, 2, 10,
/* 01111100 */
{1, { 6 10, 3,
/* 01111101 */
{2 { 0 1, 09,
/* 01111110 */
{1, { o0 8 7,
/* 01111111 */
{1, { 7, 6 10,
/* 10000000 */
{1, { 7, 10, &,
/* 10000001 */
{2 { 38 8 o0
/* 10000010 */
{2 { 0 9 1,
/* 10000011 */
{2 { 8 9 1,
/* 10000100 */
{ 2, {11, 2, 1,
/* 10000101 */
{3 { 1, 11, 2
/* 10000110 */
{2 { 2 o0 o
/* 10000111 */
{2 { 6 7, 10
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-1},
-1},
-1}},
-1}},
-1},
-1}},
-1},
-1}1},
-1}},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1},
-1}},
-1},
-1} 1},
-1},
-1},
-1},



/* 10001000 */
{ 11 { 71 31

1}},

/* 10001001 */
{1 { 7, 8,
/* 10001010 */
{ 2, { 2 6,
/* 10001011 */
{1 { 1, 2
/* 10001100 */
{ 1, { 11, s,
/* 10001101 */
{ 1, { 11, s,
/* 10001110 */
{1 { o 9
/* 10001111 */
{1 { 7. 8,
/* 10010000 */
{1, { 6 4,
/* 10010001 */
{1, { 3, 10,
/* 10010010 */
{ 2, { 8, 10,
/* 10010011 */
{1 { 9 1,
/* 10010100 */
{2 { 6 4
/* 10010101 */
{ 2, { 1, 11,
/* 10010110 */
{ 2, { 4 8,
/* 10010111 */
{1, { 3, 10,
/* 10011000 */
{1 { 8 3
/* 10011001 */
{1 { o 2
/* 10011010 */
{2 { 1 o
/* 10011011 */
{1 { 4 9
/* 10011100 */
{1 { 4 3
/* 10011101 */
{1 { O 1,
/* 10011110 */
{1 { 3 0O
/* 10011111 */
{1, { 11, &,
/* 10100000 */
{2 { 4 5
/* 10100001 */

-1, -1,
-1,-1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
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-1},
-1}},
-1},
-1}},
-1}},
-1},
-1},
-1}},
-1},
-1},
-1},
-1}},
-1}},
-1}},
-1},
-1},
-1},
-1}},
-1} 1,
-1}},
-1},
-1},
-1},
-1}},



{3 { 0 3
/* 10100010 */
{2 { 5 1,
/* 10100011 */
{ 2, { 10, &,
/* 10100100 */
{3 { 9 4
/+ 10100101 */
{4 { 6 7,
/+ 10100110 */
{ 2, { 7, 10,
/* 10100111 */
{2 { 3 s,
/* 10101000 */
{2 { 7 3
/* 10101001 */
{2 { 9 4
/* 10101010 */
{2 { 3 2
/+ 10101011 */
{1 { 8 4
/* 10101100 */
{2 { 9 4
/* 10101101 */
{ 2, { 1, 11,
/* 10101110 */
{1, { 4 5
/* 10101111 */
{1, { 11, &,
/* 10110000 */
{1 { 6 5,
/* 10110001 */
{1 { 0 3
/* 10110010 */
{1, { 0, s,
/* 10110011 */
{1, { 3, 10,
/* 10110100 */
{2, { 1, 11,
/* 10110101 */
{2 { o 3
/* 10110110 */
{1, { 5 11,
/* 10110111 */
{1, { 3, 10,
/* 10111000 */
{1 { 2 &
/* 10111001 */
{1, { 6 5
/* 10111010 */
{1 { 8 3
/* 10111011 */

9, -1,
10, 6,
4, 5,
1, -1,
2, -1,
11, 2,
-1, 10,
9, 4,
8, O,
0, 4,
7, -1,
7, 3
-1, -1,
0, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
-1, -1,
5 9
-1, 1,
6, -1,
-1, -1,
-1, -1,
-1, -1,
0, -1,
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-1}},
-1},
-1},
-1}},
-1},
-1}},
-1}},
-1}},
-1},
-1},
-1}},
-1}},
-1}},
-1}},
-1},
-1}},
-1},
-1},
-1}},
-1}1},
-1},
-1},
-1}},
-1}},
-1},
-1}},



{1 {1 2
/* 10111100 */
{1 { 6 5
/* 10111101 */
{1 { o 1,
/* 10111110 */
{2 { o s,
[+ 10111111 */
{ 1, { 11, s,
/* 11000000 */
{ 1, { 10, 11,
/* 11000001 */
{ 2, { 10, 11,
/* 11000010 */
{2 { 5 7
/* 11000011 */
{ 2, { 11, 5,
/* 11000100 */
{1, { 10, 2,
/* 11000101 */
{2 { o 3
/* 11000110 */
{1, { 9 5,
/* 11000111 */
{1, { 7, 10,
/* 11001000 */
{1 { 5 7
/* 11001001 */
{1, { 8 o,
/* 11001010 */
{2 { 9 1
/* 11001011 */
{1, { 2 11,
/* 11001100 */
{1 { 3 1
/* 11001101 */
{1 { 7, 8,
/* 11001110 */
{1 { 3 O
/* 11001111 */
{1 { 9 5
/* 11010000 */
{1, { 8, 10,
/* 11010001 */
{1, { 5 4
/* 11010010 */
{2 { 0 o
/* 11010011 */
{1, { 4 9
/* 11010100 */
{1, { 5 4
/* 11010101 */
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-1}},
-1},
-1},
-1}},
-1},
-1}},
-1}},
-1}},
-1},
-1},
-1}},
-1}},
-1}},
-1}},
-1},
-1}},
-1},
-1},
-1}},
-1}1},
-1},
-1},
-1}},
-1}},
-1},
-1}},



{1, { 10, 2,
/* 11010110 */
{1, { 5 4
/* 11010111 */
{2 { 9 5
/* 11011000 */
{1, { 5 4
/* 11011001 */
{1, { 2 11,
/* 11011010 */
{2 { 3 2
/* 11011011 */
{1, { 2 11,
/* 11011100 */
{1 { 5 4
/* 11011101 */
{1 { O 1,
/* 11011110 */
{1, { 5 4,
/* 11011111 */
{1, { 9 -5,
/* 11100000 */
{ 1,{ 10, 11,
/* 11100001 */
{2 { o 3
/* 11100010 */
{ 1, { 10, 11,
/* 11100011 */
{1 { 4 7,
/* 11100100 */
{1 { 4 7
/* 11100101 */
{2 { 9 4
/* 11100110 */
{1 { 4 7
/* 11100111 */
{1, { 4 7,
/* 11101000 */
{1, { 2 11,
/* 11101001 */
{1 { 7, 8,
/* 11101010 */
{1, { 11, 1,
/* 11101011 */
{2 { 1, 2
/* 11101100 */
{1 { 1, 9
/* 11101101 */
{1 { 1, 9
/* 11101110 */
{1 { 4 7
/* 11101111 */

0, 3, -1,
0, 9, -1,
3, 10, -1,
11, -1, -1,
-1, -1, -1,
8, -1, O,
1, -1, -1,
-1, -1, -1,
-1, -1, -1,
9, -1, -1,
-1, -1, -1,
-1, -1, -1,
7, 4, 10,
7, -1, -1,
3, 8, -1,
9, -1, -1,
1, -1, O,
-1, -1, -1,
8, -1, -1,
3, -1, -1,
9, 4, -1,
3, 2, -1,
4, 7, -1,
-1, -1, -1,
o, -1, -1,
-1, -1, -1,
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-1}},
-1},
-1},
-1}},
-1},
-1}},
-1}},
-1}},
-1},
-1},
-1}},
-1}},
-1}},
-1}},
-1},
-1}},
-1},
-1},
-1}},
-1}1},
-1},
-1},
-1}},
-1}},
-1},
-1}},



{1 { 4 7,
/* 11110000 */
{1 { 9 s,
/* 11110001 */
{1 { 9 0o
/* 11110010 */
{1, { 11, 1,
/* 11110011 */
{1, { 3, 10,
/* 11110100 */
{1, { 10, 2,
/* 11110101 */
{1, { 9 o,
/* 11110110 */
{1 { o 8,
/* 11110111 */
{1, { 3, 10,
/* 11111000 */
{1 { 8 3
/* 11111001 */
{1 { 9 0
/* 11111010 */
{1 { 8 3
/* 11111011 */
{1 { 1, 2
/* 11111100 */
{1 { 1, 9
/* 11111101 */
{1 { O 1,
/* 11111110 */
{1, { 0, s,
/* 11111111 */
{o {-1 -1,

8,
10,
3,
0,
11,
1,
3,
10,
2,
2,
2,
2,
11,
8,
9,
3,

-1,
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-1}},
-1},
-1},
-1}},
-1},
-1}},
-1}},
-1}},
-1},
-1},
-1}},
-1}},
-1}},
-1}},
-1},
-1}},
-1}}
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APPENDIX D

PUBLICATIONS

. Y. Livnat, S. Parker, and C.R. Johnson. Fastisosurfce extraction methodsfor
largeimagingdatasetsln Handbookof Medicallmage ProcessinglsaacBankman,
Editor-in-chief,1999(to appear).

. C.R.JohnsonC. HansenS.G. Parker, G. Kindlmann,andY. Livnat. Interactve
ComputingandVisualization.|IEEE Computey 1999(to appear).

. S. Parker, M. Parker, Y. Livnat, P. Sloan,C. Hanson,P. Shirley, Interactve Ray
Tracing for Volume VisualizationlEEE Trans. Vis. Comp. Graphics1999 (to

appear).

. Y. Livnat,C.D.HansenView DependentsosuraceExtraction,|EEE Visualization

‘98, pp. 175-180,1998.

. S. Parker, P. Shirley, Y. Livnat, C. Hanson,P. Sloan. Interactve Ray Tracingfor

IsosurbiceExtractionlEEE Proceesing¥isualization'98, pp. 233-238,0ct 1998.

. J.S.Riinter PBunge,Y. Livnat. CaseStudy: Mantle CorvectionVisualizationon

theCrayt3D IEEE Proceeding¥isualization'96, pp. 409-412,1996.

. Y. Livnat,H.W. ShenandC.R.JohnsonA NearOptimallsosurficeExtractionAl-

gorithmUsingthe SpanSpace |EEE Transaction®n Visualizationand Computer
Graphics vol. 2,no. 1, pp. 73-84,1996.

. H.W. Shen,C.D. Hanseny. Livnat,andC.R. Johnsonlsosurfcingin spanspace

with utmostefficiengy (ISSUE), IEEE Misualization'96, pp. 287-294,1996.
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