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Abstract

We presenta new hierarchical navigationinterfacefor
level-of-detail selectionand renderingof multiresolution
volumetricdata. Theinterfaceconsistsof multiplecoordi-
natedviewsbasedon conceptsfrominformationvisualiza-
tion as well as scienti�c visualizationliterature. With key
featuressuch as brushingand linking, and focusand con-
text, it givestheusersfull control overthelevel-of-detailse-
lectionwhennavigatingthroughlarge multiresolutiondata
hierarchies.Thenavigationinterfacecanalsobeintegrated
with traditional level-of-detailselectionmethodsfor more
effectivevisualdataexploration. We testtheutility andef-
fectivenessof this hierarchical navigation interfaceon a
coupleof large-scalethree-dimensionalsteadyand time-
varyingdatasets.

1 Intr oduction

Direct volume renderinghasbecomea standardtech-
nique for visualizing three-dimensionalscalar�elds from
scienti�c, medical,andengineeringapplications.It works
by mappingthe scalardatain the volumeto optical quan-
tities suchascolor andopacity, andprojectingthevolume
to 2D images. While direct volumerenderingtechniques
using3D texturemappinghardwarecanvisualizevolumes
of moderatesizesat interactive framerates,the challenge
is to allow interactive dataexplorationfor even largerdata
sets.Nowadays,a large-scalescienti�c simulationcanpro-
duceterabytesor petabytesof data. The available texture
memoryin thestate-of-the-arthigh-endgraphicshardware,
however, is limited to only severalhundredmegabytes.Be-
causeof this greatdisparity, developingvisualizationsys-
temsthatcanscaleadequatelyis non-trivial. A viablesolu-
tion to addressthis problemis to reducetheamountof data
beingrendered.As visualizinglargedatasetsis usuallyan
iterative andexploratoryprocess,theuseroftenfollows the
“Information SeekingMantra” - overview �r st, zoomand

�lter , and then details-on-demandstatedby Shneiderman
[27]. To give the usera quick overview of the data,it is
usefulto �rst renderthedataat a lower resolution.As the
usernavigatesthroughthedataandrequestsfurtherdetails
in local regionsof interest,differentportionsof thedataare
thenretrievedandrenderedat their higherresolutions.

Traditionally, the selectionof dataresolution,or level-
of-detail (LOD), is de�ned automaticallyby varioususer-
speci�ed parameters,suchasthe toleranceof errorsbased
oncertainmetrics,theviewing parameters,or adirectpick-
ing of levels from the hierarchy. This automaticselection
may be suf�cient and preferredin somecasessince the
needfor humaninteractionis minimal. However, to ob-
tain “insight” into a large amountof data,sometimesit is
necessaryto allow directusercontrolfor localLOD adjust-
ments.For example,whentheuseris interactingwith data
at a particularLOD, he/shemight want to know whether
thereareany featuresin thedatathathavenotbeenrevealed
yet. Whentheuseris trying to identify featuresof different
scales,he/shemaydecideto inspectseveraldataresolutions
in sequencefor blocksfrom particularlocal regions. This
requirestheselectionof thoseblocksat particularlevels in
the datahierarchy, and adjustmentof their resolutionsall
together. The usershouldalsobe able to checkthe error
valuesof thoseblocks,andmakeLOD adjustmentsonly for
theseblocks,keepingtheresolutionsof all theotherblocks
intact. Essentially, ratherthan completelyrelying on au-
tomaticLOD selectionsbasedon global metrics,LOD se-
lection shouldbe donein a more �e xible manner:setting
differenterrortolerancerangesfor differentregionsandal-
lowing localadjustmentsdirectlycontrolledby theuser. To
achieve this, thereis a needto provide the userwith suf�-
cientinformationaboutthedatahierarchy andalsoeffective
interactiontools.

Although researcherspreviously have proposedvari-
ous techniquesfor LOD selectionand renderingof large
datasets,fewer studiesfocusedon providing a graphical
userinterface(GUI) thathelpstheuserobtainaneffective
overview of the variouspropertiesrelatedto the multires-



olution datahierarchy, accessinformationof interest,pin-
point the target regions,andmake ef�cient LOD selection
andrendering.In this paper, our main focusis to develop
sucha GUI for effective navigation throughthe datahier-
archy for LOD multiresolutionvolumerendering.Thegoal
is not to replacethetraditionalLOD selectionmethodsnor
theconstructionandcompressionof a multiresolutionhier-
archy for a largedataset,but to work togetherwith themin
termsof presentingthedatahierarchy in somevisualforms,
allowing theuserto gleaninsightinto thedataandmakethe
LOD selectionby direct interaction. To achieve the goal,
wepresentahierarchicalnavigationinterfacefor LOD mul-
tiresolutionvolumerenderingof largedatasets.The inter-
faceconsistsof multiple coordinatedviews: the overview
mapandthetreemapwith a focuson visualizinghierarchi-
cal information,andtherenderingwindowthatpresentsthe
scienti�c visualizationresults.Theinterfacesupportsinter-
active and �e xible navigation throughthe multiresolution
datahierarchy andgivestheuserfull controlover theLOD
selectionby providing key featuressuchas brushingand
linking, andfocusandcontext. To demonstratethe effec-
tivenessof thenavigationinterface,a coupleof largethree-
dimensionalsteadyandtime-varying datasetsfrom scien-
ti�c simulationsareusedfor illustrationthroughoutthepa-
per.

Theremainderof thepaperisstructuredasfollows. First,
we review relatedwork in Section2. In Section3, we
brie�y introducethe multiresolutiondata representations
that we use for large three-dimensionalsteadyand time-
varyingdatasets.In Section4, wedescribethehierarchical
navigationinterfacefor LOD selectionandrenderingin de-
tail. Theresultsof ourwork havebeenfoldedinto Section4
via imagesandsupplementaryvideo clips 1. The paperis
concludedin Section5 with possiblefuturework of our re-
search.

2 RelatedWork

Thissectionpresentsabrief overview of relatedwork in
the areasof multiresolutiondatarepresentation,hierarchi-
cal dataexploration, and level-of-detail selectionfor vol-
umerendering.

Multir esolutionData Representation: Having theca-
pability to visualizedataat differentresolutionsallows the
userto identify featuresin differentscales,andto balance
imagequality and computationspeed. Along this direc-
tion, a numberof techniqueshave beenintroducedto pro-
videhierarchicaldatarepresentationsfor three-dimensional

1We would like to make special note that the readershould view
this documentelectronically, or printed in color. The imagesshow-
ing the hierarchicalnavigation interface heavily rely on colors for the
interpretation. Additionally, some video clips (http://www.cse.ohio-
state.edu/� wangcha/research/ws-iv05.zip)have beenmadeasthesupple-
mentarymaterialto show theusageof this interface.

volumetricdata.ExamplesincludetheLaplacianPyramid
[2, 8], octree-basedhierarchies[17, 1]) and time-varying
datahierarchies[5, 25, 4].

Waveletsareusedto representfunctionshierarchically,
andhave gainedmuchpopularity in several areasof com-
putergraphics[29]. Muraki �rst proposedtheideaof using
wavelet transformsfor volumetricdata[21, 22]. Over the
pastdecade,many wavelet-basedtechniqueshave beende-
velopedto compress,manageandrenderthree-dimensional
steady[35, 11, 15, 24, 10] andtime-varyingvolumetricdata
[36, 9, 28, 19, 34]. They arealsousedto supportfastaccess
andinteractive renderingof dataat run time.

Hierar chical Data Exploration: Therehasbeenabun-
dantresearchin �nding effective waysto visualizeandex-
plore hierarchicalinformation,suchas treemaps[13, 26],
cushiontreemaps[31], conetrees[23], recon�gurabledisc
trees[12], botanicaltrees[16], andbeamtrees[30]. Inter-
actionanddistortiontechniquesthatsupportvisualdataex-
ploration includedynamicprojection,interactive �ltering,
zooming,distortion,brushingand linking [14]. Brushing
hasbeenusedasa methodfor selectingsubsetsof datain
computergraphicsfor quite a long time. Brushingtech-
niquescan be classi�ed as screenspace, data space, and
structure spacetechniques,andbrushmanipulationcanbe
director indirect [6, 7].

Level-of-Detail Selectionfor Volume Rendering: The
extractionof varyinglevelsof detailfrom a multiresolution
datahierarchy canbedecidedautomaticallygiventheuser-
speci�ed parameters.For example, the userscan simply
specify a particular level in the hierarchy to visualize,or
decidetheLOD basedon theviewing parameters[17, 18].
Or, they canspecifydifferenterrortolerances[25, 4,19, 33,
34] to traversethe hierarchy, which take into accountthe
datadistortionor variation.Theerrortolerancescanalsobe
modulatedby theviewing parameters[1, 10]. In thispaper,
we introducea hierarchicalnavigation interfacethatworks
well with traditionalLOD selectionmethods,enhancesthe
visualdataexploration,andfacilitatesthe interactive LOD
multiresolutionvolumerenderingof largedatasets.

3 Multir esolutionData Hierar chies

In this section,we brie�y describehow we build mul-
tiresolution data hierarchiesfor large three-dimensional
steadyandtime-varyingdatasets,usingthewavelettreeand
thewavelet-basedtime-spacepartitioningtreerespectively.

3.1 The WaveletTree

To build amultiresolutiondatahierarchy from alarge3D
dataset,we usewavelet transformsto convert thedatainto
hierarchicalmultiresolutionrepresentation,calledawavelet
tree [10]. The wavelet tree constructionalgorithm starts
with subdividing theoriginalthree-dimensionalvolumeinto



a sequenceof blocksof the samesize(assumingeachhas
n voxels). Theseraw volumeblocksform theleaf nodesof
thewavelet tree. After performinga 3D wavelet transform
to eachblock, a low-pass�ltered subblockof sizen=8 and
wavelet coef�cients of size7n=8 areproduced.The low-
pass�ltered subblocksfrom eightadjacentleafnodesin the
wavelet tree are groupedinto a single block of n voxels,
which becomesthe low resolutiondatablock storedin the
parentnode. We recursively apply this 3D wavelet trans-
form andsubblockgroupingprocessin a bottom-upman-
ner till theroot of thetreeis reached,wherea singleblock
of sizen is usedto representtheentirevolume. To reduce
the size of the coef�cients storedin the wavelet tree, the
wavelet coef�cients in eachtree nodewill be set to zero
if they aresmallerthana user-speci�ed threshold. These
wavelet coef�cients are thencompressedusingrun-length
encodingcombinedwith a �x edHuffmanencoder[10].

Coupledwith theconstructionof thewavelet tree,a hi-
erarchical error metric[33] is usedto calculatetheapprox-
imation error for eachof the tree nodes. The calculation
considersthe meansquareerror (MSE) betweenthe data
in a parentnodeandthe datain its eight immediatechild
nodes,addingthemaximumerrorvalueof thechild nodes.
The error metric canbe rapidly computed,andalsoguar-
anteesthat the error valueof a parentnodewill be greater
thanor equalto thoseof its eight child nodes. This hier-
archical error metric is useful for controlling the tradeoff
betweenthe imagequality and the renderingspeedwhen
we perform the wavelet tree traversaland multiresolution
volumerenderingat run time.

3.2 The Wavelet­BasedTime­SpacePartitioning
Tree

Originatingfrom the time-spacepartitioning (TSP)tree
[25], the wavelet-basedtime-spacepartitioning (WTSP)
tree[34, 32] is aspace-timehierarchicaldatastructureused
to organizemultiresolutiontime-varying volumedata. To
constructthe WTSP tree, a blockwise two-stagewavelet
transformandcompressionprocessis performed.The�rst
stageis to build a spatialhierarchy in the form of an oc-
tree (similar to a wavelet tree) for eachtime step,where
eachnodein thetreerepresentsa subvolumewith a certain
spatialresolutionat that particulartime step. In the sec-
ondstage,for thenodesthathave thesamespatiallocation
and resolutionin all the octrees,we perform 1D wavelet
transformsalong the time dimensionon their wavelet co-
ef�cients to createthe temporalhierarchy. Using Haar
wavelets, this will producea binary time tree similar to
theerror treealgorithmdescribedin [20]. As a result,the
1D wavelettransformprocessmergesall thespatialoctrees
acrosstime into a singleuni�ed spatio-temporalhierarchi-
cal datastructure. In essence,the WTSPtreeis an octree
(spatialhierarchy) of binary trees(temporalhierarchy), as

illustratedin Figure1. Thereis only oneoctreeskeleton,
andat eachoctreenode,thereis a binary time tree. Each
time treespanstheentiretime sequenceandcombinesdata
from multiple octrees.Similar to how we computethe hi-
erarchicalerror metric for the wavelet tree,a hierarchical
spatial and temporal error metric [34] is usedto calculate
the approximationspatialand temporalerrorsfor eachof
thetime treenodes.At run time, theuserspeci�esseparate
spatialand temporalerror tolerancesto selectdatablocks
with variousspatio-temporalresolutionsfor therendering.

Figure 1. The WTSPtreehierarchicalstructure.In this
�gure, thetime-varyingdatahasfour timesteps.

Thethree-dimensionalsteadyandtime-varyingdatasets
usedfor illustration in the following sectionare listed in
Table1. To build the multiresolutionhierarchies,we con-
sideredonevoxel overlappingboundariesbetweenneigh-
boringblocksin eachdimensionwhenloadingthevolume
datain orderto producecorrectrenderingresults.

4 Hierar chical Navigation Interface for LOD
Selectionand Rendering

In this section,we �rst introduceour hierarchicalnavi-
gationinterface,thendescribein detailthekey featuresand
main interactionsthat supportthe LOD selectionandren-
dering of large datasets. The interfaceis shown in Fig-
ure2. It consistsof threemaininteractive components:the
renderingwindow, theoverview map,andthetreemap.

4.1 The RenderingWindow

The renderingwindow shows the ultimatevolumeren-
deringresult.Theusercantogglebetweentherenderingof
thewireframeandtheactualvolume,or show bothto better
illustratethe spatiallocationsandsizesof the subvolumes
correspondingto thewavelettreenodesin thecurrentLOD,
asshown in Figure2 (a).

4.2 The Overview Map

The overview map is a conceptualdrawing illustrating
thehierarchicalwavelettreestructure,theerrordistribution
amongall thetreenodes,andthecurrentselectionsof LOD,
asshown in Figure2 (b). Thepurposeof theoverview map



data(type) RMI (byte) PLUME (�oat) SPOT (�oat)
range(threshold) [0; 255](0) [0:0; 21:307](0.001) [0:0; 10:109](0.001)
volumedimension 2048� 2048� 1920 504� 504� 2048 512� 512� 256� 30
blockdimension 128� 128� 64 32� 32� 128 64� 64� 32

wavelettransform Haarwith lifting Daubechies4 Daubechies4 (space)+ Haar(time)

Table 1. Thethree-dimensionalsteadyandtime-varyingdatasetsusedfor illustration.

Figure 2. The hierarchicalnavigation interfaceillustratedwith the RMI dataset. (a) The renderingwindow shows the volume
renderingresultwith subvolumeboundariesdrawn. (b) Theoverview mapillustratesthetreehierarchy, theerrordistributionamong
treenodes,andthecurrentLOD asacutthroughthehierarchy. (c) Thetreemapshowsthenodesin thecurrentLOD in anuncluttered
view whichhelpstheuserpinpointthetargetregions.(d) Thecontrolpanelof theinterface.Thenodesselectedin thecurrentLOD
arehighlightedwith red boundaries,red squares,andwhite crossesin the renderingwindow, the overview map,andthe treemap
respectively.

is to inform theuserabouttheerrorsinvolvedwith thecur-
rentLOD beingrendered,andtheoverall errordistribution.
It alsoservesasastartingpoint for theuserto performlocal
LOD adjustments.Similar to thestructure-basedbrushing
interface[6, 7], to show thewavelet treestructure,we �rst
draw anequilateraltriangleframewith theapex of the tri-
anglerepresentingtheroot of thewavelet treeandthebase
representingall theleavesof thetree.Next, wedraw equal-
distancehorizontal line segmentsin the triangle frame to
depictdifferent intermediatetreelevels. Eachnodein the

wavelettreeis mappedto apointon thehorizontalline seg-
mentof its correspondinglevel. All thenodesat thesame
tree level are arrangedequidistantlyfrom left to right as
pointson its line segment. Note that the node-pointmap-
ping in the overview map is performedin the dataspace
and thus is independentof the run-timeorientationof the
volume.

To visualizetheerrorvalueat eachnode,we �ll the tri-
angleframe by �lling small triangle fansrepresentingall
theparent-childrenbranchesof thewavelettree.For sucha



Figure 3. A “hole” remainsin betweenif weonly �ll the
two neighboringtrianglefans.

trianglefan,onevertex is aparentnodewhile theremaining
eightareits immediatechildren.Thecolorassignedto each
vertex is determinedby theerrorvalueof its corresponding
treenode.For example,we couldusea rainbow color map
andassignredcolorsto theoneswith high errorsandvio-
let colorsto theoneswith low errors,asshown in Figure2
(b). Thecolorsin thetrianglefanarelinearly interpolated.
Besidesdirect linearmappingfrom error to color, to better
utilize thecolorsfor thehierarchy with a largeerrorrange,
we could �rst transformtheerrorsinto their squareroot or
logarithmicvaluesandthenmapthetransformedvaluesinto
colorslinearly. The �lling of all thesetrianglefanswould
leave “holes” in thetriangleframe.Figure3 illustratesone
of thoseholes- the quadwith two verticescorresponding
to two neighboringparentnodes(V1 andV4) andthe re-
mainingtwo, onebeingthelastchild (V2) of aparentnode
(V1), andtheotherthe �rst child (V3) of the otherparent
node(V4). Keepingthe holesgives the tree hierarchy a
fractal appearanceandmakesit dif�cult to observe the er-
ror distribution in thehierarchy. This is addressedby �lling
all thequadswith linearly interpolatedcolorsof their four
vertices.Thecolor-�lled triangleframegivestheuseranin-
stantoverview of theerrordistribution in thewholewavelet
tree,whichguideshim/herin navigatingthroughthehierar-
chy andselectingaproperLOD for therendering.

ThecurrentLOD is highlightedasa cut throughthetri-
angleframe,with eachnodealongthecut drawn asa small
squareindicatingits correspondingpoint location.Thecon-
nectionsof thepointsfollow thesameorder, asthosenodes
wouldappearin thedepth-�rst-search(DFS)order. Figure2
(b) shows suchacut.

4.3 The Treemap

The treemap[13, 26] is a space-�lling methodfor pre-
sentinghierarchicalinformation. It is formed by recur-
sively subdividing a givendisplayareabasedon thehierar-
chicalstructure,alternatingbetweenverticalandhorizontal
subdivisions,andpresentingindividual node's information
throughvisual attributessuchas the color and the sizeof
theboundingrectangle.Thetreemapis utilizedhereto dis-
play the nodes' information in the currentLOD in an un-
clutteredway, andhelp theuserpinpoint thetarget regions
to adjusttheLOD, which will beexplainedin Section4.4.
Rememberin theoverview map,all thewavelet treenodes
arerepresentedaspointsalongthehorizontalline segments

within thetriangleframe.As wegodown thetreehierarchy,
treenodesquickly cluttertogetherandgobeyondsub-pixel
resolutionswithin increasinglylimited displayareas.This
would undoubtedlyhinder the userfrom selectingdesired
nodesandmakingeffective LOD decisions.We noticethat
only thenodesin thecurrentLOD aretheactivenodesfor
furtherLOD selectionandre�nement.Therefore,unlike in
theoverview map,weonly show thecurrentactivenodesin
the treemap,asshown in Figure2 (c). This meansthatwe
have many morepixels in thescreenspaceto representthe
active nodesin thewavelet tree,which makesit mucheas-
ier for theuserto identify andpick individual subvolumes
for LOD adjustments.Thespatialarrangementfor suchan
activenodeis deducedfrom its correspondingtreelevel and
theordinalamongits siblings. Its error is color-codedand
its level is size-codedin the correspondingrectangularre-
gion in the treemap.Specifyinga small error toleranceto
decidethe LOD could result in getting nodeswith rather
similarerrorvalues,whichmeansthatthetreemapmayend
upwith showing someindistinguishablecolors.In thiscase,
we canusean alternateerror metric,which is the sameas
the hierarchicalerror metric describedin Section3.1, ex-
ceptthatit doesnot includethemaximumerrorvalueof the
child nodesandonly shows thedifferencebetweenthepar-
entandthechild nodes.This alternateerror-color mapping
mayhelptheuserbetterdiscernthedifferencesof theerrors
betweenactive nodesthatbelongto thesameparent.

4.4 Brushing and Linking

Often we are interestedin exploring certainregionsof
interestafter having an overview of the data. Oneway to
achieve this is throughbrushing,which allows the userto
selecta subsetof datafor furtheroperations,suchashigh-
lighting,deleting,or analysis[6, 7]. In ourhierarchicalnav-
igationinterface,brushingis usedto selectasubsetof nodes
from thecurrentLOD for furtheroperationssuchasjoin or
split, which will bedescribedin Section4.6. Brushingcan
be performedin any of the threeviews and the result of
the selectionis highlightedin all views, asshown in Fig-
ure 2. Using brushingandlinking, all the threeviews are
linked togetherandupdateddynamicallywhenever oneof
the views changes. This allows the user to detectcorre-
spondencesandcorrelationsamongthe threedifferentvi-
sualrepresentations.

Brushingin theoverview mapcomesin handywhenthe
userwould like to join or split all the nodesat particular
levelsin thetreehierarchy. As for brushingin thetreemap,
it is advantageouswhenthe userwould like to changethe
resolutionsof the blocks in a local vicinity accordingto
their correspondingnodes' error values. Since the sizes
andcolorsof rectangleregionscorrespondingto thenodes
in the currentLOD areboth preattentive features,the user
canreadilyknow whereto pick thenodesandperformjoin



(a)ThePLUME dataset (b) Brushingusingpoint (c) Brushingusingplane (d) Brushingusingbox

Figure 4. Brushmanipulationin therenderingwindow illustratedwith thePLUME dataset. (a) A renderingof thedataset. (b)
Brushingby specifyinga point location(x; y; z) = (400; 448; 1536). (c) Brushingby specifyinga cutting planex = 288. (d)
Brushingby specifyinga �ltering box where144 � x � 352, 144 � y � 352, and576 � z � 1408. The nodesselectedare
highlightedwith redboundaries.

and/orsplit operationsby examining the treemap. In the
overview mapandthe treemap,brushingis performeddi-
rectly in the 2D views via mouse.From the currentLOD,
the usercansimply click a node,or specifya rectangular
region to selectmultiple nodessimultaneously. Theselec-
tion resultis dynamicallylinkedbackward to therendering
window.

Brushingin the renderingwindow is useful if the user
wantsto directly interactwith thedataset. Whentheuser
navigatesthroughthedatain therenderingwindow, he/she
may identify certain3D blocks of interestin the current
LOD, and needsto know which squaresin the overview
mapandwhichrectangleregionsin thetreemapcorrespond
to thoseblocks.This requiresbrushingmanipulationin the
renderingwindow andlinks theselectionresultforward to
theothertwo views. Weprovideslidersfor theuserto spec-
ify thebrushcoveragein thedataspaceasa1D point,a2D
plane,or a 3D box, as shown in Figure 4. Thesebrush-
ing tools canhelp the useridentify andpinpoint the target
regions,andmakeLOD decisionsasdesired.

Additionally, sincethe error valuesof the nodesin the
tree hierarchy are mappedto colors in the overview map
andthetreemap,we allow theuserto performbrushingby
specifyingthebrushcoveragein thecolor space.Theuser
canadjusttwo slidersprovided,both in therangeof [0; 1],
andsettheminimumandmaximumcolorvaluesfor brush-
ing. All thenodesin thecurrentLOD andwithin thespec-
i�ed color range(andaccordingly, thecorrespondingerror
range)wouldbeselectedfor furtheroperations.Ratherthan
giving only a binary-styleglobal error toleranceto deter-
mine the LOD, this brushingmanipulationgives the user
anotheroption: selectingnodesfrom a certainerror range
in a fuzzy manner, andchangingtheir resolutionsaccord-
ingly. This is useful,for example,whentheuserwould like
to reducetheresolutionsof somenodesin thecurrentLOD
while notdegradingtoomuchtherenderedimage'squality.

(a)Color spacebrushing (b) Joinselectednodes

Figure 5. The overview mapswith brushmanipulation
in the color space,illustratedwith the RMI dataset. Both
overview mapsarezoomedin for betterobservation. The
two whitebarsalongthecolormapin (a) indicatethemini-
mumandmaximumcolor valuesfor brushing.

Figure 5 (a) shows suchan example,wherea brushcov-
erageof 3% of the whole color rangeis speci�ed andthe
nodeswithin this coverageareselected.Theseneighboring
nodesthathave smallerrorvaluesarethenjoinedinto their
parentnodes,asshown in Figure5 (b).

4.5 Focusand Context

Whenvisualizinglarge andhigh-dimensionaldatasets,
focusandcontext techniquesareusuallyusedto show por-
tions of the dataof interestin detail, while the restof the
dataat a lower resolutionasa context for orientation[3].
Focusandcontext techniquesareemployed in our hierar-
chical navigation interfaceto betterassistthe user in the
dataexplorationandLOD selectionprocess.Thesetech-
niquesinclude:

Interacti ve �ltering: Whenthe usernavigatesthrough
thedatahierarchy, thenodesin thecurrentLOD but outside
the viewing frustumwould be culled away andnot shown



in therenderingwindow. Accordingly, thosenodesarede-
activatedfrom selection,asno squareswould be drawn at
their correspondingpoint locationsin the overview map
(althoughthe line segmentsare still drawn throughthose
pointsto show thecut for thecontext). Similarly, their cor-
respondingrectangleregionsare�lled with grey colors in
the treemap(althoughthey are still drawn to provide the
context). Figure2 (b) and(c) show this interactive �ltering.

Dir ect Transformation: Direct transformationis pro-
vided for interactivity and examining �ne details. Using
the mouse,the usercantranslate,scale,androtatethe 3D
volume in the renderingwindow. Similarly, the usercan
translateandscalethe 2D mapsin the overview mapand
thetreemap.

(a)Withoutmodulation (b) With modulation

Figure 6. Thetreemapswithout (a) andwith (b) opacity
modulationillustratedwith theRMI dataset.Bothtreemaps
have exactly the sameLOD and are zoomedin for bet-
ter comparison.Theblackrectangleregionscorrespondto
emptynodesin thewavelettree.

Opacity Modulation: In theoverview map,theusercan
instantlyobserve the error distribution of all the nodessi-
multaneouslyin thetreehierarchy (althoughtherecouldbe
severevisual cluttering towardsthe leaf level). However,
in the treemap,only the errorsof the nodesin the current
LOD areshown. For the nodesdisplayedin the treemap,
if the usercould know beforehandthe errorsdistribution
amongtheir child nodes,he/shewould immediatelyknow
which regions containmore datavariation (and thus may
needfurther re�nement),andwhich regionsaremoreuni-
form within themselves. Thus,the usercanperformLOD
decisionsin a more informedmanner, ratherthanby ran-
dompicking or exhaustive checks.To provide sucha con-
text, we draw in the treemapthe currentLOD andits next
LOD in two differentlayersandblendthemtogetherin the
treemap.More speci�cally, for eachnon-leafnodein the
currentLOD, weshow theerrordistributionof its eightim-
mediatechildrenbyblendingit with theparentnode.Rather
thanblendingthecolorsof theparentwith thecolorsof its
children,hereweusetheerrorvaluesof its childrento mod-
ulate the opacity of the parent,as shown in Figure 6 (b).
That is, the eight children usethe same(r; g; b) color as

their parentnode,while their opacityvaluesareweighted
by their relative errorsamongits siblings. All the parent
nodesare assignedwith the sameopacity � , and accord-
ingly, themaximumopacityany child nodemayreceive is
(1 � � ), where� 2 [0; 1]. Theopacityassignedto eachof
the childrenis in proportionto its relative error to its sib-
lings. As a result, if a child nodehasrelative large/small
error comparedwith its siblings, its correspondingsubre-
gion would appearmore/lessopaque.In this way, theuser
canobserve theerrordistributionsof boththecurrentLOD
andits next LOD simultaneously, which provide additional
hintsfor LOD selections.

4.6 LOD Selectionon The WaveletTree

To performtheLOD selection,theuserstartswith a de-
fault LOD decidedby specifyinga tree level or an error
tolerance.Then,theusercanchooseoneor multiple nodes
from thecurrentLOD by brushingin any of thethreeviews,
andperformeitherjoin or split operations.For multiplese-
lectednodes,they areput into aqueueandprocessedoneby
one.A join operationmergesa selectednodetogetherwith
its siblings into its parentnode(i.e., selectsa lower reso-
lution for the aggregate region of the child nodes),while
a split operationbreaksa selectednodeinto its eight child
nodes.Joiningtherootnodewouldtakenoeffect,andsplit-
ting a leaf nodewould take no effect either. Providedwith
multiple brushingmanipulationand interactiontools, the
usercanmakeef�cient LOD selectionsasdesired.

4.7 LOD Selectionon The WTSP Tree

To rendera time-varying datasetwith the multiresolu-
tion representationusingtheWTSPtree,theuserstartswith
a particulartime step.Thenhe/shespeci�esanoctreelevel
anda time treelevel, or tolerancesfor bothspatialandtem-
poral errorsfor the rendering.We traversethe WTSPtree
andasequenceof datablocks(eachcorrespondingto apar-
ticular nodein its time tree)with differentspatio-temporal
resolutionsareidenti�ed in back-to-frontorderfor theren-
dering.Similar to thewaywerepresentawavelettreenode
in the currentLOD, we usethe information of an octree
nodein the currentLOD to draw its correspondingblock
boundary, square,andrectangleregionin therenderingwin-
dow, the overview map,andthe treemaprespectively. To
show theerrordistributionof theWTSPtreein theoverview
map,weuseeitherthespatialerroror thetemporalerroras-
sociatedwith the root (asa summaryerror value)of each
time treein theoctreeskeleton.Brushingcanbeperformed
in all the threeviews in the samemanneraspresentedin
Section4.4.

For thetime treecorrespondingto anoctreenodein the
currentLOD, the LOD selectiononly coversthe time tree
nodesalong the path from the leaf (correspondingto the



(a)The8th timestep (b) Nodeselection

Figure 7. The treemapfor LOD selectionon time tree
nodesillustratedwith theSPOT dataset.(a)A renderingof
thedatasetat the8th time step.(b) Portionof thetreemap
is zoomedin to show theselectedtimetreenodesin thecur-
rentLOD, coloredwith encodedtemporalerrorsandhigh-
lightedwith whitecrosses.

time stepin query) to the root. An exampleis shown in
Figure1, wherethe time-varying datahasfour time steps
and the third time stepis the one in query. In the �gure,
the LOD selectionon the time tree is to selectone node
from the nodes(drawn in black) alongthe path. To make
theLOD selection,theuserstartswith selectinga subsetof
octreenodesfrom thecurrentLOD by brushing.For such
a selectedoctreenode,its correspondingrectangleregion
is further split equally into smalleronesto displayall the
time treenodes(with oneof thempre-selectedin the cur-
rentLOD) alongthepath. Thearrangementof a time tree
nodealongsucha pathis deducedfrom its corresponding
level in the time tree. The resultingsmallerrectanglere-
gions are �lled with colors, encodedwith their spatialor
temporalerrors,asshown in Figure7 (b). Then, the user
makesthe LOD decisionby moving the selectedtime tree
nodesin the currentLOD up or downalong their respec-
tive paths. In this way, time treenodesof differentspatial
and temporalresolutions,indicatedby different sizesand
relative positionsof their respective rectangleregions,can
beselected.For a time-varyingdatasethaving a relatively
largenumberof timesteps,to avoid visualcluttering,aslid-
ing window techniqueis employedto displayonly a subset
of nodesalongthe pathat a time. The useris allowed to
move the window alongthe pathasneeded.For example,
in Figure 7 (b), a window of size threeis usedwhile the
depthof eachtime treeis six.

4.8 Summary

Thehierarchicalnavigationinterfaceprovidesaplatform
for theuserto make LOD decisionsin aneffective andef-
�cient manner. To explore a large dataset, the userstarts
with an overview of the datarenderedin its lower resolu-
tion. By observingandinteractingwith the corresponding
overview mapandthe treemap,theusergetsto know how

the error valuesaredistributed in the datahierarchy, how
thecurrentLOD maychangein relationto localerrorrange
adjustments,andhow therelative error relationshipamong
parent-childnodesmay vary within the currentLOD etc.
This insightof thedataprovidestheuserwith theguidance
asto whereto exploreandhow to proceedwith thecurrent
LOD. Equippedwith toolsandtechniques,suchasbrushing
andlinking, andfocusandcontext, theusercaneasilyzoom
and �lter the dataandquickly identify andpinpoint local
regionsof interest. Higher resolutionsof the datacanbe
retrieved andrenderedon demandastheusermakesLOD
decisionsby performingjoin or split operationsonselected
target nodes.As canbe seen,this GUI addressesthe con-
cernspostedin Section1 by providing the userwith suf-
�cient visual informationand interactiontools, which are
not supportedandthuscouldnot beachievedby traditional
automaticLOD selectionmethods.

5 Conclusionsand Futur eWork

Wehavepresentedahierarchicalnavigationinterfacefor
LOD multiresolutionvolumerenderingof large datasets.
Thenavigationinterfacepresentsthedatahierarchy in three
views - the renderingwindow, the overview map,andthe
treemap,which help the user interactwith the hierarchy
moredirectly andthusobtainbetterinsight. With key fea-
turessuchasbrushingandlinking, andfocusandcontext,
this interface supportsinteractive and �e xible navigation
throughthemultiresolutiondatahierarchy. Demonstrating
with three-dimensionalsteadyand time-varying datasets
that containmultiple gigabytes,we showed that the inter-
faceenhancesthevisualdataexplorationandfacilitatesin-
teractive LOD multiresolutionvolume renderingof large
datasets. Although illustratedwith the wavelet tree and
the WTSP tree, this navigation interfaceis not limited to
thesetwo structuresandthe volumerenderingalgorithms.
It is readilyapplicableto othermultiresolutionLOD selec-
tion andrenderingapplicationsusingdifferenthierarchical
structuresanddifferentwaysof errormeasurement.Future
work includesperforminguserstudyfor this new interac-
tion tool andextendingthis techniquefor largemultivariate
or multi�eld datavisualization.
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