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Abstract

Adaptive meshrefinement(AMR) is a popularcomputationalsim-
ulation techniqueusedin variousscientificandengineeringfields.
AlthoughAMR datais organizedin a hierarchicalmulti-resolution
datastructure,thetraditionalvolumevisualizationalgorithmssuch
asray-castingandsplattingcannothandletheform withoutconvert-
ing it to a sophisticateddatastructure.In this paper, we presenta
hierarchicalmulti-resolutionsplattingtechniqueusingk-d treesand
octreesfor AMR datathatis suitablefor implementationonthelat-
estconsumerPCgraphicshardware. We describea graphicaluser
interfaceto settransferfunctionandviewing / renderingparameters
interactively. Experimentalresultsobtainedon a generalpurpose
PCequippedwith NVIDIA GeForcecardarepresentedto demon-
stratethat the techniquecaninteractively renderAMR data(over
20 framespersecond).Our schemecaneasilybeappliedto paral-
lel renderingof time-varyingAMR data.

CR Categories: I.3.6 [ComputerGraphics]: Methodologyand
Techniques—Interactive Techniques,GraphicsDataStructuresand
DataTypes;I.3.8 [ComputerGraphics]:Applications

Keywords: AMR, K-d trees,Octree,Hierarchicalsplatting,Tex-
turemapping

1 INTRODUCTION

Adaptive meshrefinement(AMR) is acomputationaltechniquefor
improving the efficiency of numericalsimulationsof systemsof
partial differential equations.After Berger and Oliger [2] devel-
opedAMR in 1980sto simulategasdynamics,it hasbecomea
populartechniquein computationalphysicsandvariousengineer-
ing fields. Thebasicideaof AMR is to refine,bothin spaceandin
time,regionsof thecomputationaldomainwherehigh resolutionis
neededto resolve developingfeatures,while leaving thelessinter-
estingpartsof the domainat lower resolutions.AMR techniques
have beenshown to be very successfulin reducingthe computa-
tionalandstoragerequirementsfor solvingmany partialdifferential
equationsandusedin variousengineeringapplicationswherethere
areregionsof greaterinterestsuchasglobalatmosphericmodeling
andnumericalcosmology. For example,Bryan [3] shows how a
hybridapproachof AMR canbeappliedto cosmologicalresearch.

Although AMR datahasa hierarchicalmulti-resolutionstruc-
ture, it is impossiblefor traditionalvisualizationtechniquesdevel-
opedfor simplemeshdatato handleAMR datawithoutany modifi-
cation.Relatively few resultshave beenpresentedon visualization
of AMR data.Normanet al. [6] presentedproblemsandsolutions
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in storing,handling,visualizing,virtually navigating,andremote-
serving data producedby large-scaleAMR simulations. Weber
et al. [8] introducecrack-freeisosurfaceextractionmethodsfrom
AMR data. They also presenta hardware-acceleratedrendering
interfacefor previewing andcell-projectionbasedprogressive re-
finementrenderingschemein [7]. In anotherpaper[9], they render
AMR datausingtheprogressivecell-projectionapproachandlevel-
dependenttransferfunction.Eventhoughtheirmethodcanproduce
high quality images,it takesabout23� 115secondsto renderone
imagefrom anAMR datawith a 80 � 32 � 32 root-grid resolution
anda three-level hierarchy.

In this paper, we describea hierarchicalmulti-resolutionsplat-
ting of AMR data. Our maincontributionsarethedesignandim-
plementationof

� k-d treeandoctreedatastructuresfor hierarchicalstoringand
renderingof AMR data;

� ahardwareacceleratedsplattingalgorithmfor interactive ren-
deringof AMR data;

� a graphicaluser interface for determiningtransferfunction
andviewing / renderingparametersinteractively;

Therestof thispaperis organizedasfollows. Section2 presents
the implementationdetailsof our scheme.Section3 containsthe
resultsof our techniquesregardingrenderingtime, imagequality,
andgraphicaluserinterface.Finally thispaperis concludedin Sec-
tion 4.

2 IMPLEMENTATION DETAILS

2.1 K-d Trees

A k-dimensional(k-d) tree is a datastructurethat splits multidi-
mensionalspaces.It is usedin computersciencesduringorthogo-
nal rangesearching.It allows us to find the setof voxels that fall
within agivenblockor brick in aspace.Givenak-d treeof voxels,
it is possibleto find theresultingvoxelsin O ��� n 	 k 
 wheren is the
numberof voxels andk is the numberof voxels in the result. An
AMR simulationalgorithmgeneratesa grid hierarchydatastruc-
ture(a treeof arbitrarystructureanddepth)andeverynodeandleaf
of the tree is associatedwith a 3D grid. Sincethesehave various
shapes,sizes,andspatialresolutions,we needto convert this form
to a sophisticateddatastructure.

AMR data is representedby �
� ft � l � v � i � j � k 
�� where t is the
timestepof time-varying AMR data,l is the refinementlevel and
v is the index of functionvalues.To convert thedatato a k-d tree
structure,thefirst stepis to determinetheminimumboundingboxes
surroundingeachgroup in the AMR dataspace. The voxels in-
cludedin a groupareconnectedin spatialresolutionof thecurrent
level andeachgroupmay includeseveral levels of AMR data. In
the next stage,our schemesplits the boundingboxesinto a setof
bricks usinga modifiedk-d treealgorithm. The generatedbricks
have pointersto actualfunctionvaluesetsin eachlevel.



As we mentioned,ak-d treeis notonly usefulfor rendering,but
alsofor� storingAMR datahierarchically. In fact, the raw form of
AMR datais a list of recordsthatconsistof a voxel index � i � j � k 
 ,
somefunctionvalues ft � l � v, anda level l. Replacingtheraw AMR
dataformatwith a k-d treeis very efficient in that it containshier-
achical,multiresolutionstructuresandwe don’t have to storethe
voxel indices any more. Figure 1 shows the partition result of
testAMR datausinga k-d tree. To exploit spatialcoherence,our
schemeconstructsanoctreestructurefor relatively largebricks.

(a)3D view (b) 2D view

Figure1: Differentviews of splitting AMR dataspaceinto a setof
bricksin k-d treestructure.

2.2 Hierarchical Splatting

Splatting is an object spacedirect volume renderingalgorithm
that generateshigh quality images[10]. A voxel’s contribution is
mappeddirectly ontotheimageplane,eliminatingtheneedfor in-
terpolation.Sinceonly interestingvoxels(weightedby thediscrete
voxel values)arerequiredto berepresentedbya3Dkernel,it ispos-
sibleto generatethefinal imagesat interactive speed.Splattinghas
beenusedin thepastto handlehierarchicalerrorandhigherdimen-
sion rendering[5, 1]. This techniquesallow us to renderdifferent
level datasetsusingfootprintsof varioussizes.By projectingthe
footprint to apolygon,wecanexploit OpenGL2D texturemapping
hardware. Crawfis et al. proposeto rendereachsplatusing tex-
turemappinghardware[4]. ThistechniquealleviatestheCPUfrom
thecomputationalcomplexity incurredin resamplingthe footprint
tablesandcompositingeachsplatinto a framebuffer.

In our algorithm,therenderingof a selectedrangeof isovalues,
togetherwith a transferfunction is performedthroughsplatting.
While thek-d treedatastructureprovidesanacceleratedsearchal-
gorithm for bricks,we furtheroptimizeour algorithmthroughthe
useof octreesateachnodeof thek-d tree.Eachbrick is represented
asanoctreeof voxels.Eachvoxel is thenprojectedby transforming
its positionfrom world coordinatesto screencoordinates.

In eachbrick and octree,we storean isovalue codeto ensure
thatonly relevantvolumesareconsideredfor thesearchalgorithm.
This isovaluecodeis implementedasa32-bitnumber, eachbit rep-
resentingthepresenceor absenceof a rangeof isovalues.As apre-
processingstep,we computeandstorethebinarycode. It is com-
putedfor eachlevel of the octree. We traversethroughall voxels
containedin a leaf anddeterminethebits in thecodeto beturned
on to indicatethe presenceof at leastonevoxel in that range. If
therearen bits for thecode,andwe have a rangeof r for thevox-
els in the whole volume,theneachbit coversa rangeof r

n . Once
we have obtainedthecodefor eachleaf, we recursively obtainthe
codefor a nodeasthebooleanOR of thecodesof its children.The
codeof anoctree’s root is assignedto thebrick containingtheoc-
tree. This procedureis usedfor eachfunction in the vectorfield.
Wedonotperformweightingfor thiscode.For example,wedonot
assignfewerbits to non-interestingregions,henceassumingtheen-

1 Load AMR data
2 Create k-d tree and octree data structure
3 Set current transfer function and viewing / render-
ing parameters

4 Determine brick list BL according to viewing direction
5 For (Bi in BL) {
6 Splatting(Bi, lod)
7 Composite the current partial image
8 }
9 Display final image

Figure2: K-d treebasedsplattingalgorithm

tire rangeto beof equalinterestto user. An OR operatoris usedto
build a searchcodewhenthe userchangesthe rangeof important
isovalues. A simpleAND operatoris sufficient to eliminatethose
sub-volumeswhosecodesdo not fall underthe currentlyselected
rangeof isovalues.This is implementedat boththebrick level and
theoctreelevel. Within anoctree,eachchild thatis not NULL con-
tainssucha codeto help its traversal.We foundthis methodto be
considerablyfasterthanstoringmin-maxvalues.A seconduseful
featureof theoctreeis thefastandnaturalorderingof voxelsthatit
providesto obtainhigh quality imagesquickly. We sortbricks for
eachview from thek-d tree.

We have implementeda color tableto beusedaslookupfor the
transferfunction.An interactive selectionof opacityvaluesfor dif-
ferentisovaluesis used.This is alsoextendedto handlevectorval-
ueddata.

2.3 Algorithm

Figure2 shows our renderingalgorithmfor splattingof AMR data.
Sincecreatingk-d treesandoctreesof the given AMR data(line
2) canbedoneat thepreprocessingstage,they don’t affect theac-
tual run-timerenderingspeed.Oncea k-d treeis created,thebrick
list BL canbeefficiently determinedby traversingthek-d treede-
pendingon the viewing direction(line 4). In this step,the bricks
that don’t containany interestingvoxels are not included in the
brick list. A single bitwise AND operationis neededfor check-
ing whetherthe brick will be renderedor not. Then,splattingis
appliedto eachbrick Bi in thesortedlist of relevantbricksandthe
generatedpartialimagesarecompositedto form afinal image(lines
6 and7). Sincethenodesin thebrick list have pointersto function
valuescorrespondingto several levels,therenderinglevel of detail
lod shouldbe chosenanda propertransferfunction andfootprint
sizeshouldbe usedaccordingto the lod. As we mentioned,it is
possibleto acceleratetheperformanceof the lines6 and7 by tex-
turemappinghardware.

3 RESULTS

Our splattingtechniquewasimplementedon a PC,equippedwith
a 800MHz Intel PentiumIII Processor, 256MB mainmemoryand
agraphicscardwith anNVIDIA GeForce3processorand64MB of
memory. To testour proposedalgorithm,we implementeda pro-
gramin OpenGLwith GLUT.

Our testdatais theresultfrom asimulationof a radiative jet col-
liding with a densecloud. Thesimulationresultis storedin AMR
formatwith a 64 � 64 � 128finest-gridresolutionanda four-level
hierarchy(0 � l � 3). Fifteenfunctionvaluesaregivenatthenodes
of the meshin floating point format (0 � v � 14). We scaledthe
valuesto rangefrom 0 to 4095. Interestingvaluesincludeenergy
density(v � 0), massdensity(v � 4), electrondensity(v � 6), and
soon. Theimagesequencesin Figure3 and4 weregeneratedfrom



(a) t � 11 (b) t � 12 (c) t � 13 (d) t � 14 (e) t � 15 (f) t � 16

Figure3: Imagesgeneratedfrom massdensity(v � 4) of testtime-varyingdata

(a) t � 16 (b) t � 17 (c) t � 18 (d) t � 19 (e) t � 20 (f) t � 21

Figure4: Imagesgeneratedfrom electrondensity(v � 6) of testtime-varyingdata

massdensityandelectrondensityfunctionvaluesof the testtime-
varyingAMR datausingour techniquerespectively.

Using a k-d treedatastructure,we areableto effectively limit
thesearchspace.As describedbefore,thebrickshave a coderep-
resentingtherangeof isovaluescontainedin thebrick. This helps
us to achieve considerableperformance. The octreestructureat
eachbrick of thek-d treehelpsto further limit thesearchspace.It
wasobservedthata maximumoctreewidth of 8 wasquiteefficient
whenthenumberof voxelswasgreaterthan40,000to 50,000.Less
densevolumesperformedwell with anoctreesizeof 4. We show
theresultscomparingtheperformancedueto additionof theoctrees
andalsocomparetheperformanceusing4, 8, and16 asthe max-
imum octreewidth. Figure5 shows the ratiosof searchedvoxels
andsearchgainsresultedfrom renderingthe time-varying image
sequencein Figure3.

Nearly interactive frame rateswere achieved using our imple-
mentation.Althoughconsiderablegainsin limiting thesearchspace
wasachievedwith smalleroctreewidth values,thesearchtime be-
cameabottleneck.Wegiveboththegainin thesearchspacelimita-
tion andthespeedof renderingascomparisonwith differentoctree
widths. Figure6 shows the resultingrenderingspeedsandgains
from generatingtheimagesof Figure3. We definesearchgainand
renderinggain as follows: search gain = ηwithout � ηwith

ηwithout
, rendering

gain = τwithout � τwith
τwithout

whereηwithout andηwith arethenumberof vox-
elssearchedwithoutandwith octree,respectively, similarly, τwithout
andτwith aretherenderingspeedswithout andwith octree,respec-
tively.

The datastructurecombinationof k-d treesand octreesresult
in interactive renderingof datasetsaslargeas64 � 64 � 128 with
highestresolutions.While we getvery fastselectionof regionsin
spacewhererelevant voxels exists with our k-d trees,the octree
further improvessearchtime andgivesa naturalorderingof vox-
els for any view direction. Althoughtherelevantbricksof thek-d
treearesortedfor every viewing change,it doesnot prove to be
a bottleneckdueto the limited numberof selectedbricks. This is
particularlytrueof volumetricdata,wheretheregion of interestis

Figure7: Thegraphicaluserinterfacefor interactive rendering

usuallynotdensethroughouttheobjectspace.Hencewe have par-
tially solved the problemof quickly obtainingan orderingon the
renderingprimitives. This gives us significantly fasterrendering
speeds.

Figure7 showsthegraphicaluserinteracedesigedfor interactive
rendering.Userscansettransferfunction, renderingandviewing
parametersthroughtheinterface.

4 CONCLUSIONS AND FUTURE WORK

We presenteda hierarchicalmulti-resolutionsplattingschemeto
renderAMR data interactively. Our techniqueconstructsa k-d
treeandoctreesfrom AMR dataduring preprocessing.The data
structuresare usedeffectively for renderingandstoring the data.
Our techniquetakesadvantageof hardwareaccelerated2D texture
mappingsupportedby NVIDIA GeForcecardin implementingan
interactive splattingalgorithm.We designeda graphicaluserinter-
faceto allow usersto selectvariousviewing / renderingparameters



Frame Numof total voxels Num of voxels in searchedbricks Searchgain(%)
nooctree octree16 octree8 octree4 octree16 octree8 octree4

(a) 1120288 26656( 2.4%) 24057(2.1%) 14874(1.3%) 4700(0.4%) 9.7 44.2 82.4
(b) 1174304 48880( 4.2%) 39234(3.3%) 17904(1.5%) 5966(0.5%) 19.7 63.4 87.7
(c) 1203872 58672( 4.9%) 51148(4.2%) 31898(2.6%) 11479(1.0%) 12.8 44.5 80.4
(d) 1274336 87520( 6.9%) 68328(5.4%) 39585(3.1%) 13940(1.1%) 21.9 32.0 84.0
(e) 1391776 143520(10.3%) 81052(5.8%) 37376(2.7%) 12614(1.0%) 43.5 73.9 91.2
(f) 1412992 164736(11.7%) 164736(7.2%) 47010(3.3%) 16502(1.2%) 38.3 71.5 89.9

Figure5: Theratiosof searchedvoxelsandsearchgainsin thefinestlevel

Frame Renderingspeed(framespersecond) Renderinggain(%)
no octree octree16 octree8 octree4 octree16 octree8 octree4

(a) 111.9 106.1 120.2 140.4 -5.2 7.4 25.5
(b) 60.6 59.7 75.3 88.3 -1.5 24.3 45.7
(c) 43.3 41.1 45.6 51.3 -5.1 5.3 18.5
(d) 29.6 29.4 54.8 35.7 -0.7 85.1 20.6
(e) 21.1 23.1 28.1 29.3 9.5 33.2 38.9
(f) 18.0 18.4 23.5 23.5 2.2 30.6 30.6

Figure6: Renderingspeedsandrenderinggainsin thefinestlevel

aswell asa transferfunction.
An importantchallengeis to apply our schemeto parallel ren-

deringof AMR data. Our k-d treebasedsplattingschemehasa
goodstructureto be extendedto parallelrendering.The view de-
pendentbrick list canbe consideredasa taskpool. Assumethat
thereis amasterprocessorandseveralslaveprocessorsfor thispar-
allel scheme.Themasterprocessorassignsa taskto a properslave
processorandcompositespartial imagesfrom slave processorsac-
cordingto a sortedbrick order. Eachslave processorloadstheas-
signedbricks,createspartialimagesusingsplatting,andthensends
themto themasterprocessor. Anotherchallengeis to implementan
encodingandrenderingmethodexploiting temporalcoherencefor
time-varyingAMR data. If we develop losslessor lossycompres-
sion techniques,thedatacanbestoredin compactformsandthus
renderingspeedto producevideosfor analyzingtime-varyingdata
canbeenhanced.Finally, we canconsidercombiningimagesgen-
eratedfrom simultaneouslyrenderingAMR and geometricmod-
els.For example,we cancreateananimationsuchthata spaceship
modelnavigatesa cosmologyAMR dataspace.SinceAMR data
spaceis partitionedby a k-d tree,thebrick thatincludesthespace-
shipcanbeeasilydetected.
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