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Abstract

We presenta new hierarchical navigationinterfacefor
level-of-detail selectionand rendering of multiresolution
volumetricdata. Theinterfaceconsistsof multiple coordi-
natedviews basedon conceptdrominformationvisualiza-
tion as well as scienti ¢ visualizationliterature. With key
featuressud as brushingand linking, and focusand con-
text, it givestheusesfull contml overthelevel-of-detailse-
lectionwhennavigatingthroughlarge multiresolutiondata
hierarchies. Thenavigationinterfacecanalsobeintegrated
with traditional level-of-detailselectionmethodsfor more
effectivevisual data exploration. We testthe utility and ef-
fectivenesof this hierarchical navigationinterface on a
couple of large-scalethree-dimensionasteadyand time-
varyingdatasets.

1 Intr oduction

Direct volume renderinghas becomea standardtech-
nique for visualizing three-dimensionascalar elds from
scienti ¢, medical,andengineeringapplications.It works
by mappingthe scalardatain the volumeto optical quan-
tities suchascolor and opacity and projectingthe volume
to 2D images. While direct volume renderingtechniques
using 3D texture mappinghardware canvisualizevolumes
of moderatesizesat interactve framerates,the challenge
is to allow interactve dataexplorationfor even larger data
sets.Nowadaysa large-scalescienti ¢ simulationcanpro-
duceterabytesor petabytef data. The available texture
memoryin the state-of-the-arhigh-endgraphicshardware,
however, is limited to only severalhundredmegabytes Be-
causeof this greatdisparity developingvisualizationsys-
temsthatcanscaleadequatelys non-trivial. A viable solu-
tion to addresshis problemis to reducethe amountof data
beingrendered As visualizinglarge datasetsis usuallyan
iterative andexploratoryprocessthe useroftenfollows the
“Information SeekingMantra” - overviev r st, zoomand

Iter, and then details-on-demandtatedby Shneiderman
[27]. To give the usera quick overview of the data,it is
usefulto rst renderthe dataat a lower resolution. As the
usernavigatesthroughthe dataandrequestgurther details
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 parameterssuchasthe toleranceof errorsbased
on certainmetrics,theviewing parametersyr adirectpick-
ing of levels from the hierarcly. This automaticselection
may be sufcient and preferredin some casessince the
needfor humaninteractionis minimal. However, to ob-
tain “insight” into a large amountof data,sometimest is
necessano allow directusercontrolfor local LOD adjust-
ments.For example,whenthe useris interactingwith data
at a particularLOD, he/shemight wantto knov whether
thereareary featuresn thedatathathave notbeerrevealed
yet. Whenthe useris trying to identify featuresof different
scaleshe/shanaydecideto inspectseveraldataresolutions
in sequencdor blocksfrom particularlocal regions. This
requiresthe selectionof thoseblocksat particularlevelsin
the datahierarcly, and adjustmentof their resolutionsall
together The usershouldalso be able to checkthe error
valuesof thoseblocks,andmake LOD adjustmentsnly for
theseblocks,keepingtheresolutionsof all the otherblocks
intact. Essentially ratherthan completelyrelying on au-
tomaticLOD selectionshasedon global metrics,LOD se-
lection shouldbe donein a more e xible manner: setting
differenterrortolerancerangedor differentregionsandal-
lowing local adjustmentslirectly controlledby theuser To
achieve this, thereis a needto provide the userwith suf-
cientinformationaboutthedatahierarcly andalsoeffective
interactiontools.

Although researchergreviously have proposedvari-
ous technigquedor LOD selectionand renderingof large
datasets, fewer studiesfocusedon providing a graphical
userinterface(GUI) thathelpsthe userobtainan effective
overview of the variouspropertiesrelatedto the multires-



olution datahierarcly, accessnformation of interest,pin-
point the target regions,and make ef cient LOD selection
andrendering. In this paper our mainfocusis to develop
sucha GUI for effective navigation throughthe datahier
archy for LOD multiresolutionvolumerendering.Thegoal
is notto replacethetraditionalLOD selectionmethodsnor
the constructiorandcompressiormf a multiresolutionhier
archy for alargedataset,but to work togethemwith themin
termsof presentinghedatahierarcty in somevisualforms,
allowing theuserto gleaninsightinto the dataandmake the
LOD selectionby direct interaction. To achieve the goal,
we present hierarchicahavigationinterfacefor LOD mul-
tiresolutionvolumerenderingof large datasets. Theinter-
faceconsistsof multiple coordinatedviews: the overview
mapandthe treemapwith afocuson visualizinghierarchi-
calinformation,andtherenderingwindowthatpresentshe
scienti ¢ visualizationresults.Theinterfacesupportsnter
active and e xible navigation throughthe multiresolution
datahierarcly andgivesthe userfull controlovertheLOD
selectionby providing key featuressuchas brushingand
linking, andfocusandcontt. To demonstratéhe effec-
tivenesof the navigationinterface,a coupleof largethree-
dimensionakteadyandtime-varying datasetsfrom scien-
ti ¢ simulationsareusedfor illustrationthroughouthe pa-
per

Theremaindenf thepaperis structuredasfollows. First,
we review relatedwork in Section2. In Section3, we
briey introducethe multiresolution data representations
that we usefor large three-dimensionasteadyand time-
varyingdatasets.In Section4, we describehehierarchical
navigationinterfacefor LOD selectionandrenderingn de-
tail. Theresultsof ourwork have beenfoldedinto Sectiord
via imagesand supplementaryideo clips 1. The paperis
concludedn Section5 with possiblefuture work of our re-
search.

2 RelatedWork

This sectionpresents brief overview of relatedwork in
the areasof multiresolutiondatarepresentationhierarchi-
cal dataexploration, and level-of-detail selectionfor vol-
umerendering.

Multir esolution Data Representation: Having the ca-
pability to visualizedataat differentresolutionsallows the
userto identify featuresin differentscalesandto balance
image quality and computationspeed. Along this direc-
tion, a numberof techniquedave beenintroducedto pro-
vide hierarchicabatarepresentationfor three-dimensional

1We would like to make special note that the readershould view
this documentelectronically or printed in color. The imagesshaw-
ing the hierarchicalnavigation interface heavily rely on colors for the
interpretation. Additionally, some video clips (http://www.cse.ohio-
state.edu/ wangcha/research/wg@5.zip) have beenmadeasthe supple-
mentarymaterialto shav the usageof thisinterface.

volumetricdata. Examplesincludethe LaplacianPyramid
[2, 8], octree-basedhierarchieq[17, 1]) and time-varying
datahierarchieg5, 25, 4].

Waveletsare usedto represenfunctionshierarchically
andhave gainedmuchpopularityin several areasof com-
putergraphicg29]. Muraki rst proposedheideaof using
wavelet transformsfor volumetricdata[21, 22]. Over the
pastdecademary wavelet-basedechniqueave beende-
velopedto compressmanageandrenderthree-dimensional
steady[35, 11, 15, 24, 10] andtime-varyingvolumetricdata
[36, 9, 28, 19, 34]. They arealsousedto supportfastaccess
andinteractve renderingof dataat runtime.

Hierar chical Data Exploration: Therehasbeenatun-
dantresearchin nding effective waysto visualizeandex-
plore hierarchicalinformation, suchastreemapg13, 26],
cushiontreemapg$31], conetrees[23], recon gurabledisc
trees[12], botanicaltrees[16], andbeamtees[30]. Inter-
actionanddistortiontechniqueshatsupportvisualdataex-
ploration include dynamicprojection,interactve ltering,
zooming, distortion, brushingand linking [14]. Brushing
hasbeenusedasa methodfor selectingsubsetf datain
computergraphicsfor quite a long time. Brushingtech-
niguescan be classi ed as screenspace data space and
structue spacetechniquesandbrushmanipulationcanbe
director indirect[6, 7].

Level-of-Detail Selectionfor Volume Rendering: The
extractionof varyinglevelsof detailfrom a multiresolution
datahierarcly canbedecidedautomaticallygiventhe user
speci ed parameters.For example, the userscan simply
specify a particularlevel in the hierarcly to visualize, or
decidethe LOD basedon the viewing parameter$l7, 1§].
Or, they canspecifydifferenterrortolerance$25, 4, 19, 33,
34] to traversethe hierarcly, which take into accountthe
datadistortionor variation. Theerrortoleranceganalsobe
modulatedby theviewing parameter§l, 10]. In this paper
we introducea hierarchicalnavigation interfacethat works
well with traditionalLOD selectionmethodsgenhanceshe
visual dataexploration,andfacilitatesthe interactve LOD
multiresolutionvolumerenderingof large datasets.

3 Multir esolutionData Hierar chies

In this section,we brie y describehowv we build mul-
tiresolution data hierarchiesfor large three-dimensional
steadyandtime-varyingdatasetsusingthewavelettreeand
thewavelet-basedime-spacepartitioningtreerespectiely.

3.1 The WaveletTree

To build amultiresolutiondatahierarcly from alarge3D
dataset,we usewavelettransformgo corvert the datainto
hierarchicamultiresolutionrepresentatiorcalledawavelet
tree[10]. The wavelet tree constructionalgorithm starts
with subdviding theoriginalthree-dimensionalolumeinto



a sequencef blocksof the samesize (assumingeachhas
n voxels). Theseraw volumeblocksform theleaf nodesof
thewavelettree. After performinga 3D wavelettransform
to eachblock, a low-passItered subblockof sizen=8 and
wavelet coefcients of size 7n=8 are produced. The low-
passltered subblockdrom eightadjacenteafnodesn the
wavelet tree are groupedinto a single block of n voxels,
which becomeghe low resolutiondatablock storedin the
parentnode. We recursvely apply this 3D wavelet trans-
form and subblockgroupingprocessn a bottom-upman-
nertill theroot of thetreeis reachedwherea singleblock
of sizen is usedto representhe entirevolume. To reduce
the size of the coefcients storedin the wavelet tree, the
wavelet coefcients in eachtree nodewill be setto zero
if they are smallerthana userspeci ed threshold. These
wavelet coefcients arethencompressedising run-length
encodingcombinedwith a x edHuffmanencode(10].
Coupledwith the constructionof the wavelettree, 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 eightimmediatechild
nodes addingthe maximumerrorvalueof the child nodes.
The error metric canbe rapidly computed,and also guar
anteeghatthe errorvalue of a parentnodewill be greater
than or equalto thoseof its eight child nodes. This hier-
archical error metric is usefulfor controlling the tradeof
betweenthe image quality and the renderingspeedwhen
we perform the wavelet tree traversaland multiresolution
volumerenderingatruntime.

3.2 The Wavelet-BasedTime-SpacePartitioning
Tree

Originatingfrom the time-spacepartitioning (TSP)tree
[25], the wavelet-basedime-spacepartitioning (WTSP)
tree[34, 32] is aspace-timéierarchicadatastructureused
to organize multiresolutiontime-varying volume data. To
constructthe WTSP tree, a blockwise two-stagewavelet
transformandcompressiomprocesss performed.The rst
stageis to build a spatialhierarcly in the form of an oc-
tree (similar to a wavelet tree) for eachtime step, where
eachnodein thetreerepresents subvolumewith a certain
spatialresolutionat that particulartime step. In the sec-
ond stage for the nodesthathave the samespatiallocation
andresolutionin all the octrees,we perform 1D wavelet
transformsalong the time dimensionon their wavelet co-
efcients to createthe temporal hierarcly. Using Haar
wavelets, this will producea binary time tree similar to
the error treealgorithmdescribedn [20]. As aresult,the
1D wavelettransformprocessneigesall the spatialoctrees
acrosgime into a singleuni ed spatio-temporahierarchi-
cal datastructure. In essencethe WTSPtreeis anoctree
(spatialhierarcly) of binary trees(temporalhierarcly), as

illustratedin Figure 1. Thereis only one octreeskeleton,
and at eachoctreenode,thereis a binary time tree. Each
time treespangheentiretime sequencandcombinedata
from multiple octrees.Similar to how we computethe hi-
erarchicalerror metric for the wavelet tree, a hierarchical
spatial and tempoal error metric[34] is usedto calculate
the approximationspatialand temporalerrorsfor eachof
thetime treenodes.At runtime, theuserspeci esseparate
spatialand temporalerror tolerancedo selectdatablocks
with variousspatio-temporalesolutiondor therendering.

Figure 1. The WTSPtreehierarchicalstructure.In this
gure, thetime-varyingdatahasfour time steps.

Thethree-dimensionateadyandtime-varyingdatasets
usedfor illustration in the following sectionare listed in
Tablel1. To build the multiresolutionhierarchieswe con-
sideredone voxel overlappingboundarieshetweenneigh-
boring blocksin eachdimensionwhenloadingthe volume
datain orderto producecorrectrenderingresults.

4 Hierar chical Navigation Interface for LOD
Selectionand Rendering

In this section,we rst introduceour hierarchicalnavi-
gationinterface thendescribdn detailthekey featuresand
main interactionsthat supportthe LOD selectionandren-
dering of large datasets. The interfaceis shovn in Fig-
ure2. It consistf threemaininteractve componentsthe
renderingwindow, the overviev map,andthetreemap.

4.1 The RenderingWindow

The renderingwindow shaws the ultimate volumeren-
deringresult. The usercantogglebetweerthe renderingof
thewireframeandtheactualvolume,or shav bothto better
illustrate the spatiallocationsand sizesof the subvolumes
correspondingo thewavelettreenodesn thecurrentLOD,
asshovnin Figure2 (a).

4.2 The Overview Map

The overview mapis a conceptuaddrawing illustrating
thehierarchicalwavelettreestructuretheerrordistribution
amongall thetreenodesandthecurrentselectionof LOD,
asshovnin Figure2 (b). The purposeof the overviev map



data(type) RMI (byte)

PLUME ( oat)

SPO (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

block dimension 128 128 64

32 32 128

64 64 32

wavelettransform Haarwith lifting

Daubechied

Daubechieg (space} Haar(time)

Table 1. Thethree-dimensionateadyandtime-varying datasetsusedfor illustration.

Figure 2. The hierarchicalnavigationinterfaceillustratedwith the RMI dataset. (a) The renderingwindowv shaws the volume
renderingresultwith subvolumeboundariesiravn. (b) Theoverviev mapillustratesthetreehierarcly, theerrordistributionamong
treenodesandthecurrentLOD asacutthroughthehierarcly. (c) Thetreemapshavsthenodesn thecurrentLOD in anuncluttered
view which helpsthe userpinpointthetamgetregions.(d) The control panelof theinterface. Thenodesselectedn the currentLOD

arehighlightedwith red boundariesred squaresandwhite crossesn the renderingwindow, the overview map,andthe treemap

respectiely.

is to inform the useraboutthe errorsinvolvedwith the cur
rentLOD beingrenderedandtheoverall errordistribution.
It alsosenesasa startingpointfor theuserto performlocal
LOD adjustmentsSimilar to the structuie-basecdborushing
interface[6, 7], to shov the wavelettreestructurewe rst
drav an equilateraltriangle framewith the apex of the tri-
anglerepresentinghe root of the wavelettreeandthe base
representingll theleavesof thetree.Next, we drawv equal-
distancehorizontalline segmentsin the triangle frameto
depictdifferentintermediatetree levels. Eachnodein the

wavelettreeis mappedo apointonthehorizontalline seg-
mentof its correspondindevel. All the nodesat the same
tree level are arrangedequidistantlyfrom left to right as
pointson its line segment. Note that the node-pointmap-
ping in the overvien mapis performedin the dataspace
andthusis independenbf the run-time orientationof the
volume.

To visualizethe errorvalueat eachnode,we |l thetri-
angleframeby lling small triangle fansrepresentingall
theparent-childrerbranche®f thewavelettree.For sucha



Figure 3. A “hole” remainsin betweerif weonly Il the
two neighboringrianglefans.

trianglefan,onevertex is aparentnodewhile theremaining
eightareits immediatechildren. Thecolorassignedo each
vertex is determinedy theerrorvalueof its corresponding
treenode. For example,we could usea rainbav color map
andassignred colorsto the oneswith high errorsandvio-
let colorsto the oneswith low errors,asshovn in Figure2
(b). Thecolorsin thetrianglefanarelinearly interpolated.
Besidedirectlinear mappingfrom errorto color, to better
utilize the colorsfor the hierarcly with alarge errorrange,
we could rst transformthe errorsinto their squareroot or
logarithmicvaluesandthenmapthetransformed/aluesinto
colorslinearly. The lling of all thesetrianglefanswould
leave “holes” in thetriangleframe. Figure 3 illustratesone
of thoseholes- the quadwith two verticescorresponding
to two neighboringparentnodes(V 1 andV 4) andthe re-
mainingtwo, onebeingthelastchild (V 2) of aparentnode
(V1), andthe otherthe rst child (V 3) of the otherparent
node(V4). Keepingthe holesgivesthe tree hierarcly a
fractal appearancand makesit dif cult to obsere the er-
ror distributionin the hierarcly. Thisis addressetly lling
all the quadswith linearly interpolatedcolorsof their four
vertices.Thecolor- lled triangleframegivestheuseranin-
stantoverview of theerrordistributionin thewholewavelet
tree,which guideshim/herin navigatingthroughthehierar
chy andselectinga properLOD for therendering.

The currentLOD is highlightedasa cut throughthe tri-
angleframe,with eachnodealongthe cutdravn asa small
squarandicatingits correspondingointlocation. Thecon-
nectionsof the pointsfollow the sameorder asthosenodes
wouldappeain thedepth- rst-searc{DFS)order Figure2
(b) shaws sucha cut.

4.3 The Treemap

The treemap[13, 26] is a space- lling methodfor pre-
senting hierarchicalinformation. It is formed by recur
sively subdviding a givendisplayareabasedon the hierar
chicalstructure alternatingbetweernverticalandhorizontal
subdvisions,andpresentingndividual nodes information
throughvisual attributessuchasthe color and the size of
theboundingrectangle Thetreemags utilized hereto dis-
play the nodes'informationin the currentLOD in anun-
clutteredway, andhelpthe userpinpointthetargetregions
to adjustthe LOD, which will be explainedin Section4.4.
Remembein the overviev map,all the wavelettreenodes
arerepresentedspointsalongthehorizontalline segments

within thetriangleframe.As we godown thetreehierarcly,
treenodesquickly cluttertogetherandgo beyondsub-pidel
resolutionswithin increasinglylimited displayareas.This
would undoubtedlyhinderthe userfrom selectingdesired
nodesandmakingeffective LOD decisions.We noticethat
only the nodesin the currentLOD arethe active nodesfor
further LOD selectionandre nement. Therefore unlike in
the overview map,we only shav thecurrentactive nodesin
thetreemapasshavn in Figure2 (c). This meanghatwe
have mary morepixelsin the screermspaceto representhe
active nodesin the wavelettree,which makesit mucheas-
ier for the userto identify and pick individual subvolumes
for LOD adjustmentsThe spatialarrangementor suchan
active nodeis deducedrom its correspondingreelevel and
the ordinalamongits siblings. Its erroris color-codedand
its level is size-codedn the correspondingectangularre-
gion in the treemap. Specifyinga small error toleranceto
decidethe LOD could resultin getting nodeswith rather
similar errorvalues which meanghatthetreemapmayend
upwith shaving someindistinguishableolors.In thiscase,
we canusean alternateerror metric, which is the sameas
the hierarchicalerror metric describedn Section3.1, ex-
ceptthatit doesnotincludethe maximumerrorvalueof the
child nodesandonly shavs the differencebetweerthe par
entandthe child nodes.This alternateerrorcolor mapping
mayhelptheuserbetterdiscernthedifference®f theerrors
betweeractive nodeshatbelongto the sameparent.

4.4 Brushing and Linking

Oftenwe are interestedn exploring certainregions of
interestafter having an overvien of the data. Oneway to
achieve this is throughbrushing,which allows the userto
selecta subsef datafor furtheroperationssuchashigh-
lighting, deleting,or analysig6, 7]. In ourhierarchicahav-
igationinterface brushings usedto seleciasubsebf nodes
from the currentLOD for furtheroperationsuchasjoin or
split, which will be describedn Section4.6. Brushingcan
be performedin ary of the threeviews and the result of
the selectionis highlightedin all views, asshown in Fig-
ure 2. Using brushingandlinking, all the threeviews are
linked togetherand updateddynamicallywhene&er one of
the views changes. This allows the userto detectcorre-
spondencesnd correlationsamongthe threedifferent vi-
sualrepresentations.

Brushingin the overvien mapcomesn handywhenthe
userwould like to join or split all the nodesat particular
levelsin thetreehierarcly. As for brushingin thetreemap,
it is adwantageousvhenthe userwould like to changethe
resolutionsof the blocksin a local vicinity accordingto
their correspondinghodes’ error values. Since the sizes
andcolorsof rectangleregionscorrespondingo the nodes
in the currentLOD areboth preattentre featuresthe user
canreadilyknow whereto pick the nodesandperformjoin



(a) The PLUME dataset (b) Brushingusingpoint

(c) Brushingusingplane

(d) Brushingusingbox

Figure 4. Brushmanipulationin the renderingwindow illustratedwith the PLUME dataset. (a) A renderingof the dataset. (b)
Brushingby specifyinga point location(x; y;z) = (400; 448, 1536). (c) Brushingby specifyinga cutting planex = 288. (d)

Brushingby specifyinga Itering boxwherel44  x
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 The selec-
tion resultis dynamicallylinked backward to therendering
window.

Brushingin the renderingwindow is usefulif the user
wantsto directly interactwith the dataset. Whenthe user
navigatesthroughthe datain the renderingwindow, he/she
may identify certain 3D blocks of interestin the current
LOD, and needsto know which squaresn the overview
mapandwhichrectangleegionsin thetreemaporrespond
to thoseblocks. This requiresbrushingmanipulationin the
renderingwindow andlinks the selectionresultforward to
theothertwo views. We provide slidersfor theuserto spec-
ify thebrushcoveragen thedataspaceasa 1D point,a2D
plane,or a 3D box, asshavn in Figure 4. Thesebrush-
ing tools canhelp the useridentify andpinpointthe tamget
regions,andmake LOD decisionsasdesired.

Additionally, sincethe error valuesof the nodesin the
tree hierarcly are mappedto colorsin the overvievw map
andthetreemapwe allow the userto performbrushingby
specifyingthe brushcoveragein the color space.The user
canadjusttwo slidersprovided, bothin the rangeof [0; 1],
andsetthe minimumandmaximumcolor valuesfor brush-
ing. All thenodesin the currentLOD andwithin the spec-
i ed colorrange(andaccordingly the correspondinggrror
range)would beselectedor furtheroperationsRatherthan
giving only a binary-styleglobal error toleranceto deter
mine the LOD, this brushingmanipulationgives the user
anotheroption: selectingnodesfrom a certainerror range
in a fuzzy manney and changingtheir resolutionsaccord-
ingly. Thisis useful,for example ,whentheuserwouldlike
to reducetheresolutionsof somenodesn the currentLOD
while notdegradingtoo muchtherenderedmages quality.

352,144 y

352 and576 z 1408 Thenodesselectedhare

(a) Colorspacebrushing (b) Joinselectechodes

Figure 5. The overview mapswith brushmanipulation
in the color spacellustratedwith the RMI dataset. Both
overview mapsare zoomedin for betterobsenation. The
two white barsalongthe color mapin (a) indicatethe mini-
mumandmaximumcolor valuesfor brushing.

Figure5 (a) shavs suchan example,wherea brushcov-

erageof 3% of the whole color rangeis speci ed andthe
nodeswithin this coverageareselected Theseneighboring
nodesthathave smallerrorvaluesarethenjoinedinto their
parentnodesasshowvn in Figure5 (b).

4.5 Focusand Context

Whenvisualizinglarge and high-dimensionatiatasets,
focusandcontext techniquesareusuallyusedto shav por-
tions of the dataof interestin detail, while the restof the
dataat a lower resolutionas a contet for orientation[3].
Focusand contet techniquesare employed in our hierar
chical navigation interfaceto betterassistthe userin the
dataexplorationand LOD selectionprocess. Thesetech-
niquesinclude:

Interactive ltering: Whenthe usernavigatesthrough
thedatahierarcly, thenodesn thecurrentLOD but outside
the viewing frustumwould be culled away and not shovn



in therenderingwindow. Accordingly, thosenodesarede-
activatedfrom selection,asno squaresvould be dravn at
their correspondingpoint locationsin the overvien map
(althoughthe line segmentsare still dravn throughthose
pointsto shav the cut for the context). Similarly, their cor
respondingectangleregionsare lled with grey colorsin
the treemap(althoughthey are still drawvn to provide the
contet). Figure2 (b) and(c) show thisinteractve Itering.

Direct Transformation: Direct transformationis pro-
vided for interactvity and examining ne details. Using
the mouse the usercantranslate scale,androtatethe 3D
volumein the renderingwindow. Similarly, the usercan
translateand scalethe 2D mapsin the overviev 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.Theblack rectangleregionscorrespondo

emptynodesin thewavelettree.

Opacity Modulation: In theoverviev map,theusercan
instantly obsere the error distribution of all the nodessi-
multaneouslyn thetreehierarcly (althoughtherecouldbe
severe visual cluttering towardsthe leaf level). However,
in the treemap,only the errorsof the nodesin the current
LOD areshowvn. For the nodesdisplayedin the treemap,
if the usercould know beforehandhe errorsdistribution
amongtheir child nodes,he/shewould immediatelyknow
which regions containmore datavariation (and thus may
needfurtherre nement), andwhich regionsare more uni-
form within themseles. Thus,the usercanperformLOD
decisionsin a more informed manney ratherthan by ran-
dom picking or exhaustve checks.To provide sucha con-
text, we draw in the treemapthe currentLOD andits next
LOD in two differentlayersandblendthemtogethetin the
treemap. More speci cally, for eachnon-leafnodein the
currentLOD, we shaov theerrordistribution of its eightim-
mediatechildrenby blendingit with thepareninode.Rather
thanblendingthe colorsof the parentwith the colorsof its
children,herewe usetheerrorvaluesof its childrento mod-
ulate the opacity of the parent,as shovn in Figure 6 (b).
That s, the eight children usethe same(r; g; b) color as

their parentnode,while their opacity valuesare weighted
by their relative errorsamongits siblings. All the parent
nodesare assignedvith the sameopacity , andaccord-
ingly, the maximumopacityary child nodemayreceve is

(1 ), where 2 [0; 1]. Theopacityassignedo eachof

the childrenis in proportionto its relative error to its sib-
lings. As aresult,if achild nodehasrelative large/small
error comparedwith its siblings, its correspondingsubre-
gion would appeamore/lesopaque.In this way, the user
canobsene the error distributionsof boththe currentLOD

andits next LOD simultaneouslywhich provide additional
hintsfor LOD selections.

4.6 LOD Selectionon The WaveletTree

To performthe LOD selectionthe userstartswith a de-
fault LOD decidedby specifyinga tree level or an error
tolerance.Then,the usercanchooseoneor multiple nodes
fromthecurrentLOD by brushingn ary of thethreeviews,
andperformeitherjoin or split operationsFor multiple se-
lectednodesthey areputinto aqueueandprocessedneby
one.A join operationmeigesa selectechodetogethemith
its siblingsinto its parentnode(i.e., selectsa lower reso-
lution for the aggreyate region of the child nodes),while
a split operationbreaksa selectechodeinto its eight child
nodes.Joiningtherootnodewouldtake no effect, andsplit-
ting aleaf nodewould take no effect either Provided with
multiple brushingmanipulationand interactiontools, the
usercanmalke ef cient LOD selectionsasdesired.

4.7 LOD Selectionon The WTSP Tree

To rendera time-varying datasetwith the multiresolu-
tion representationsingthe WTSPtree theuserstartswith
aparticulartime step. Thenhe/shespeci esanoctreelevel
andatimetreelevel, or tolerancedor bothspatialandtem-
poral errorsfor the rendering. We traversethe WTSPtree
andasequencef datablocks(eachcorrespondingo a par
ticular nodein its time tree)with differentspatio-temporal
resolutionsareidenti ed in back-to-frontorderfor theren-
dering.Similarto theway we representiwavelettreenode
in the currentLOD, we usethe information of an octree
nodein the currentLOD to draw its correspondingblock
boundarysquareandrectangleegionin therenderingwin-
dow, the overvien map, andthe treemaprespectrely. To
shav theerrordistribution of the WTSPtreein theoverview
map,we useeitherthespatialerroror thetemporalerroras-
sociatedwith the root (asa summaryerror value) of each
timetreein the octreeskeleton.Brushingcanbe performed
in all the threeviews in the samemanneras presentedn
Section4.4.

For thetime treecorrespondingo an octreenodein the
currentLOD, the LOD selectiononly coversthetime tree
nodesalong the path from the leaf (correspondingo the



(a) The8thtime step (b) Nodeselection

Figure 7. Thetreemapfor LOD selectionon time tree
nodesllustratedwith the SPOT dataset.(a) A renderingof
the datasetat the 8th time step. (b) Portionof the treemap
iszoomedn to shav theselectedimetreenodesn thecur-
rentLOD, coloredwith encodedemporalerrorsandhigh-
lightedwith white crosses.

time stepin query)to the root. An exampleis shavn in
Figure 1, wherethe time-varying datahasfour time steps
andthe third time stepis the onein query In the gure,
the LOD selectionon the time treeis to selectone node
from the nodes(drawn in black) alongthe path. To make
the LOD selectionthe userstartswith selectinga subsebf
octreenodesfrom the currentLOD by brushing. For such
a selectedoctreenode, its correspondingectangleregion
is further split equallyinto smalleronesto displayall the
time tree nodes(with one of them pre-selectedn the cur
rentLOD) alongthe path. The arrangemenof a time tree
nodealongsucha pathis deducedrom its corresponding
level in the time tree. The resultingsmallerrectanglere-
gionsare lled with colors, encodedwith their spatial or
temporalerrors,asshavn in Figure7 (b). Then,the user
makesthe LOD decisionby moving the selectedime tree
nodesin the currentLOD up or down along their respec-
tive paths. In this way, time tree nodesof differentspatial
and temporalresolutions,indicatedby differentsizesand
relative positionsof their respectre rectangleregions,can
be selected.For a time-varying datasethaving a relatively
largenumberof time stepsto avoid visualcluttering,a slid-
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

Thehierarchicahavigationinterfaceprovidesa platform
for the userto make LOD decisionsin an effective andef-
cient manner To explore a large dataset, the userstarts
with an overview of the datarenderedn its lower resolu-
tion. By observingandinteractingwith the corresponding
overviev mapandthe treemapthe usergetsto know how

the error valuesare distributedin the datahierarcly, how
thecurrentLOD maychangen relationto local errorrange
adjustmentsandhow therelative errorrelationshipamong
parent-childnodesmay vary within the currentLOD etc.
Thisinsightof the dataprovidesthe userwith the guidance
asto whereto exploreandhow to proceedwith the current
LOD. Equippedwith toolsandtechniguessuchasbrushing
andlinking, andfocusandcontet, theusercaneasilyzoom
and Iter the dataand quickly identify and pinpoint local
regions of interest. Higher resolutionsof the datacanbe
retrieved andrenderecbn demandasthe usermakesLOD
decisionsby performingjoin or split operationsn selected
targetnodes. As canbe seen this GUI addressethe con-
cernspostedin Sectionl by providing the userwith suf-
cient visual information and interactiontools, which are
not supportecandthuscould not be achieved by traditional
automatid_OD selectiormethods.

5 Conclusionsand Futur e Work

We have presente@ hierarchicahavigationinterfacefor
LOD multiresolutionvolume renderingof large datasets.
Thenavigationinterfacepresentshedatahierarcly in three
views - the renderingwindow, the overviev map,andthe
treemap,which help the userinteractwith the hierarcly
moredirectly andthusobtainbetterinsight. With key fea-
turessuchasbrushingandlinking, andfocusand context,
this interface supportsinteractve and e xible navigation
throughthe multiresolutiondatahierarcly. Demonstrating
with three-dimensionasteadyand time-varying data sets
that containmultiple gigabytes,we shaoved that the inter-
faceenhanceshe visual dataexplorationandfacilitatesin-
teractve 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 readily applicableto othermultiresolutionLOD selec-
tion andrenderingapplicationsusingdifferenthierarchical
structuresanddifferentwaysof errormeasurement-uture
work includesperforminguserstudy for this new interac-
tion tool andextendingthis techniquefor large multivariate
or multi eld datavisualization.
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