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LOD Map - A Visual Interface for Navigating
Multiresolution Volume Visualization
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Abstract —In multiresolution volume visualization, a visual representation of level-of-detail (LOD) quality is important for us to exam-
ine, compare, and validate different LOD selection algorithms. While traditional methods rely on ultimate images for quality measure-
ment, we introduce the LOD map - an alternative representation of LOD quality and a visual interface for navigating multiresolution
data exploration. Our measure for LOD quality is based on the formulation of entropy from information theory. The measure takes
into account the distortion and contribution of multiresolution data blocks. A LOD map is generated through the mapping of key LOD
ingredients to a treemap representation. The ordered treemap layout is used for relative stable update of the LOD map when the
view or LOD changes. This visual interface not only indicates the quality of LODs in an intuitive way, but also provides immediate
suggestions for possible LOD improvement through visually-striking features. It also allows us to compare different views and perform
rendering budget control. A set of interactive techniques is proposed to make the LOD adjustment a simple and easy task. We
demonstrate the effectiveness and ef�ciency of our approach on large scienti�c and medical data sets.

Index Terms —LOD map, knowledge representation, perceptual reasoning, multiresolution rendering, large volume visualization.
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1 INTRODUCTION

The �eld of visualizationis concernedwith the creationof images
from data.In many casestheseimagesareobservedby humansin an
effort to testhypothesesanddiscover insights.Visualizationis, there-
fore, an iterative andexploratoryprocess.Human-computerinterac-
tions,suchasparametertweaking,areofteninvolvedin abid to create
betterrepresentations.This scenarioworkswell for smalldata.With
theadvancesin graphicshardware,theinteractivity canbeguaranteed
even with a straightforward implementation.For larger data,the re-
sponsetime of a visualizationsystemcould becomeuncomfortably
long. Slower responsesresultin an increasein time neededto obtain
insightsfrom thedata. This posesa greatchallengefor visualization
to beeffectiveandef�cient [22].

In this paper, we focus on the subjectof multiresolutionrender-
ing in thecontext of largevolumevisualization.A centralthemefor
multiresolutionvolumerenderingis the selectionof dataresolution,
or level-of-detail (LOD). Quite often, suchLODs are automatically
determinedby user-speci�ederrortolerancesandviewing parameters
[27, 10, 5]. Many of the metrics,suchasmeansquareerror (MSE)
andsignal-to-noiseratio (SNR),aredata-centricin thesensethatthey
measurethedistortionbetweenlow andhigh resolutionblocksin the
dataspace(Geometricerrormetrics,on theotherhand,areoftenused
in surfacerendering,wherethe geometryor meshis known. In this
paper, we do not considerthis case.). Although thosemetricshave
speci�c meaningsandaresimple to compute,they arenot effective
in predictingthequality of renderedimagesdueto the lack of corre-
lation betweendataandimage[25]. In fact, �nding thebestLOD is
a NP-completeoptimizationproblem[3], so mostalgorithmstake a
greedyapproximationstrategy instead. In this case,datablocksare
selectedaccordingto their priority valuestill certainconstraints,such
astheblockbudget,aremet.Rarely, wehaveamechanismto examine
thequalityof LODsfrom thosegreedyselections,anddecidewhether
it is possibleto further improve the quality througheitherautomatic
methodsor userinteractions.

Anotherimportantbut non-trivial issueis thevalidationof existing
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LOD selectionalgorithms. In computergraphicsand visualization,
validationis usuallydonethroughside-by-sidecomparisonof images
createdfrom differenttechniques.However, it maynotbeeffectivefor
multiresolutionvolumevisualization.This is becausedirectrendering
of 3D volumesto 2D imagesinvolveslight attenuation,blending,and
transferfunctionmapping,wheremuchinformationaboutaLOD may
be hiddenor lost. Without the completeinformation,it could be in-
suf�cient to assesstheimprovementsof new algorithmsover existing
ones.Moreover, a largedatasetis oftentoocomplex to beunderstood
from a singleimage.Inspectingimagesfrom differentviews requires
renderinglargeamountof data,which makesit very dif�cult for usto
performthevalidationef�ciently .

Fromtheproblemsmentionedabove, it canbeseenthat thereis a
greatneedto devise techniquesfor multiresolutionvolumevisualiza-
tion thatallow theuserto examine,compare,andvalidatethequality
of LOD selectionandrendering.To ful�ll thisneed,wepresentanew
measurefor LOD quality basedon the formulationof entropy from
informationtheory. Ourqualitymeasuretakesinto accountthequality
of eachindividual datablock in a LOD andthe relationshipsamong
them. This entropy measureallows us to mapkey ingredientsof the
LOD quality to a treemaprepresentation[17], called the LOD map,
for furthervisualanalysis.TheLOD mapbringsusa novel approach
for navigatingtheexplorationof largemultiresolutiondata.By “nav-
igating”, we meantheuseris guidedwith immediatevisual feedback
whenmakingdecisionsaboutwhere to go, what to do, andwhento
stop. The useris provided with cuesthat leadsher quickly to inter-
estingpartsof thedata.Shewould readilyknow whatactionsto take
to adjusttheLOD, clearlyseethegain or lossof theadjustment,and
beinformedwhenthere�nementprocessmaybestopped.Leveraging
a heuristicoptimizationalgorithmanda setof interactive techniques
designedfor the LOD map,makingLOD adjustmentandrendering
budgetcontrolbecomesa simpleandeasytask. Experimentalresults
on largedatasetsdemonstratethat this visual representationof LOD
quality is light-weightedyet quiteeffective for interactive LOD com-
parisonandvalidation.

2 RELATED WORK

Thepastfew yearswitnessedtherapidgrowth of data.Scienti�c sim-
ulationsareproducingpetabytesof dataasopposedto gigabytesor
terabytesa coupleof yearsago. Building a multiresolutiondatahier-
archy from largeamountof dataallowsusto visualizedataatdifferent
scales,andbalanceimagequality andcomputationspeed.Examples
of hierarchicaldatarepresentationfor volumedataincludetheLapla-
cianpyramid[4], multi-dimensionaltrees[27], andoctree-basedhier-
archies[10]. Muraki introducedtheuseof wavelettransformsfor vol-
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umetricdata[16]. Westermann[26] proposedaframework for approx-
imating the volume renderingintegral using multiresolutionspaces
andwaveletprojections.Gutheet al. [5] presenteda wavelet-encoded
hierarchicalrepresentation,calledthewavelettree, thatsupportsinter-
active walkthroughsof large datasetson a singlecommodityPC. In
this paper, we usethewavelet treeasan illustration for our presenta-
tion.

Thegoalof visualdataexplorationis to facilitatetheextractionof
new insightsfrom thedata. For instance,Markset al. [14] presented
theDesignGallery systemthat treatsimageandvolumerenderingas
a processof exploring a multidimensionalparameterspace.Usingan
imagedifferencemetric,thesystemarrangesrenderingsfrom various
parametersettings,from which the userselectsthe most appealing
one. Bajaj et al. [1] introducedthe contour spectrum, a userinter-
facecomponentthatimprovesqualitativeuserinteractionandprovides
real-timeexactquali�cation in thevisualizationof isocontours.A set
of well-designedmanipulationwidgetsfor multidimensionaltransfer
functiondesignwasgivenby Knisset al. [9]. By allowing direct in-
teractionin the spatialandtransferfunction domains,thosewidgets
make �nding transferfunctionsanintuitiveandef�cient process.

On theotherhand,theprocessof visualdataexplorationcontainsa
wealthof information- parameters,results,history, aswell asrelation-
shipsamongthem.To learnlessonsandshareexperiences,theprocess
itself canbestored,tracked,andanalyzed.It canalsobeincorporated
into, andthusbecomesa part of the userinterfaceof a visualization
system. Suchexamplesare image graphs[13], and interfaceswith
spreadsheet[6] andparallelcoordinate[21] styles.A generalmodelof
thevisualizationexplorationprocesswasformalizedby Jankun-Kelly
etal. [7].

Over the last decade,a numberof informationvisualizationtech-
niqueshave beendevelopedto supportthevisualexplorationof large
andhigh-dimensionaldatasets[8]. Parallelcoordinatesandtreemaps
aretwo mostwidely-usedtechniquesamongthem. Thetreemap[17]
is aspace-�llingmethodfor visualizinglargehierarchicalinformation.
It worksby recursively subdividing a givendisplayareabasedon the
hierarchicalstructure,and alternatingbetweenvertical and horizon-
tal subdivisions. The informationof an individual nodeis presented
via visualattributes,suchascolor andsize,of its boundingrectangle.
Originally designedto visualize�les on a harddrive, treemapshave
beenappliedto awidevarietyof domains[19].

One of the notablecommercialapplicationsof treemapsis the
SmartMoney “Map of theMarket”, a simpleyet powerful tool for the
generalpublic to spotinvestmenttrendsandopportunities.The map
shows approximately600 publicly tradedcompaniesgroupedby sec-
tor andindustry. Thesizeof eachcompany in themapcorrespondsto
its market capitalization.Thecolor mappingis naturalfor mostusers
to look for visually-strikingfeatures:greenfor gain, redfor loss,and
dark for neutral. A recursive algorithmwasdevisedto reducesover-
all aspectratiosof therectanglesfor morereadabledisplay. All these
factorscontributesthesuccessof theMap of theMarket. Inspiredby
thisapplication,westrive for simplicity andeffectivenessin searchof
oursolutionfor navigatingmultiresolutiondataexploration.

3 LOD ANALYSIS

In thevisualizationof multiresolutionvolumedata,agivenLOD con-
sistsof a sequenceof datablocksat variousresolutions.Intuitively,
theLOD quality canbeanalyzedby investigating thequality of each
individual block aswell astherelationshipsamongthem:Eachblock
may containa differentdistortion becauseof the resolutionanddata
variation. It mayalsoconvey a differentopticalcontentif a color and
opacitytransferfunctionis applied.Furthermore,thesequenceof data
blocksare renderedto the screen.Eachblock may have a different
contributionto theimagedependingonits projectionandhow muchit
is occludedby otherblocks.To optimizethetotal informationreceived
on theimage,onemayattemptto eitheradjusttheLOD or changethe
view. The conceptof entropy from informationtheoryprovidesus a
way to measuretheLOD quality in aquantitativemanner.

3.1 Entr opy

In informationtheory, theentropy givestheaverageinformationor the
uncertaintyof a randomvariable. TheShannonentropy of a discrete
randomvariableX with valuesin the �nite set f a1 , a2 , ..., aM g is
de�ned as:

H (X ) = �
MX

i =1

pi log pi (1)

wherepi is theprobabilityof a variableto have thevalueai ; � log pi

representsits associatedinformation. The unit of informationis call
a bit. The logarithm is taken in base2 or e. For continuity, variable
of probability zerodoesnot contribute to the entropy, i.e., 0 log 0 =
0. Theentropy achievesits maximumof log M whentheprobability
distribution is uniform.

To evaluatethequality of a LOD, we �rst de�ne theprobabilityof
amultiresolutiondatablockbi as:

pi =
Ci � D i

S
; whereS =

MX

i =1

Ci � D i (2)

whereCi andD i arethecontribution anddistortionof bi respectively
(moredetailsaboutthesetwo termsaregiven in Section3.2); M is
the total numberof blocksin themultiresolutiondatahierarchy. The
summationS is taken over all datablocks,andthe division by S is
requiredto makeall probabilitiesaddupto unity. Eqn.2 statesthatthe
probabilityof adatablockin aLOD ishighif it haslargedistortionand
highcontribution. Theentropy of aLOD thenfollowsthede�nition in
Eqn.1.

Note that for any LOD, it is impossiblefor all the datablocks in
thehierarchy to have theequalprobabilityof 1=M , i.e.,a LOD could
not achieve anentropy valueof log M . This is becausein any LOD,
if a parentblock is selected,thennoneof its descendantblockswill
be selected. Any block which is not includedin the LOD receives
zeroprobabilityanddoesnot contribute to theentropy. Ideally, since
a higherentropy indicatesa betterLOD quality, the bestLOD (with
thehighestinformationcontent)couldbeachievedwhenwe selectall
the leaf nodesin thedatahierarchy. However, this requiresrendering
thevolumedataat theoriginal resolution,anddefeatsthepurposeof
multiresolutionrendering.

In practice,a meaningfulgoal is to �nd thebestLOD undersome
renderingbudget, suchas a certainblock budget,which is usually
muchsmallerthanM . Accordingly, the quality of a LOD could be
improvedby splitting datablockswith largedistortionandhigh con-
tribution, andjoining thoseblockswith smalldistortionandlow con-
tribution. The split operationaims at increasingthe entropy with a
morebalancedprobabilitydistribution. Thejoin operationis to offset
the increasein block numberandkeepit underthe budget. In addi-
tion, adjustingtheview could improve thequality of LOD too, since
thecontributionsof datablocksvarywhentheview changes.

3.2 Distor tion and Contrib ution

In amultiresolutiondatahierarchy suchasawavelettree,ablockhav-
ing largerdistortionor variationis morelikely to receive a higherpri-
ority for LOD re�nement. The distortion of a multiresolutiondata
block capturesthis intrinsic property. Let us �rst considertwo data
blocksbi andbj , wherebj is animmediatechild of bi . We de�ne the
distortionbetweenbi andbj asfollows:

dij = � ij �
� 2

i + � 2
j + C1

2� i � j + C1
�

� 2
i + � 2

j + C2

2� i � j + C2
(3)

where� ij is thecovariancebetweenbi andbj ; � i and� j arethemean
valuesof bi andbj respectively; � i and� j aretheir standarddevia-
tions.WeincludesmallconstantsC1 andC2 to avoid instabilitywhen
� i � j and� i � j areverycloseto zero.

Eqn.3 consistsof threeparts,namely, covariance, luminancedis-
tortion, andcontrastdistortion. Collectively, thesethreepartscapture
the distortionbetweenthe two blocks. The luminancedistortionand
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contrastdistortionareoriginally from theimagequalityassessmentlit-
erature[25], andhavebeenshown to beconsistentwith theluminance
maskingand contrastmaskingfeaturesin the humanvisual system
respectively.

In awavelettree,aparentnodehaseightimmediatechildren.Thus,
weadddistortionsbetweentheparentblockandits eightchild blocks.
Wealsotake into accountthemaximumdistortionof thechild blocks,
asanapproximationof thedistortionbetweentheparentblockandthe
original full-resolutiondatait represents.Written in equation:

D i =
7X

j =0

dij + maxfD j j7j =0 g (4)

whereD i andD j arethedistortionsof blocksbi andbj respectively.
As a specialcase,if bi is associatedwith a leaf nodein thehierarchy,
we de�ne D i = C3 , whereC3 is a smallconstant.Thedistortionfor
eachtreenodecanbe calculatedaswe build up the multiresolution
datahierarchy. They arethennormalizedfor ouruse.

To evaluatethecontributionof amultiresolutionblockbi to theim-
age,wetreatthecoarse-graineddatablockasawholeandapproximate
its contributionasfollows:

Ci = � � t � a � � (5)

where� is themeanvalueof bi ; t is its thickness(theaveragelength
of theviewing ray segmentinsidebi ); a is thescreenprojectionarea
of the block, and � is its estimatedvisibility. Here, similar to the
well-known compositionequation[12], (� � t � a) approximatesthe
emissionof bi , and� accountsfor theocclusion.

Dependingon our need,� , � , and� ij in Eqn.3 and5 canbeeval-
uateddirectly in thescalardataspace,or in theperceptually-adapted
CIELUV colorspace(see[23] for moredetail). In Section7.2,wewill
describeourpre-computationandreal-timeupdatetechniquesfor cal-
culatingD andCof multiresolutiondatablocks,whichensureaquick
updateof theentropy valuefor aLOD.

3.3 Heuristic Algorithm

Basedontheentropy measure,weproposeathree-stageheuristicalgo-
rithm to adjustaLOD automatically. ThegivenLOD couldcomefrom
any LOD selectionmethods.Themotivation is to balancetheproba-
bility distribution amongall datablocksin theLOD, andimprove its
entropy. Our three-stagealgorithmis asfollows:

1. Join: Locatethedatablockbl with thelowestprobability. Check
if joining bl with its siblingswould decreasetheentropy or not.
If not, join bl with its siblings. Otherwise,mark bl out. This
processthenrepeatsonall unmarkeddatablocksuntil all blocks
arescanned.The �rst stagewould potentially free someblock
budgetfor usein thesecondstage.

2. Split: Locate the data block bh with the highestprobability.
Checkif splitting bh would increasethe entropy or not. If yes,
split bh . Otherwise,mark bh out. This processthenrepeatson
all unmarkeddatablocksuntil eithertheblock budgetis metor
all blocksarescanned.

3. Join-Split: Considera pair of datablocks(bl , bh ) in the LOD,
wherebl is the block with the lowestprobability, andbh is the
block with the highestprobability. Checkif joining bl with its
siblingsandsplitting bh would increasethe entropy or not. If
yes, join bl with its siblingsandsplit bh . Otherwise,mark the
pair (bl , bh ) out. Thisprocessthenrepeatsonall unmarkedpairs
until all pairsarescanned.

Note that join or split operationsin our algorithmwill only increase
theentropy, if possible,but never decrease.This monotoniccondition
guaranteestheconvergenceof thealgorithm. Our heuristicalgorithm
couldalsobeusedto generatea balancedLOD (in termsof probabil-
ity distribution) given the constraintof block budget. The algorithm
re�nes theLOD startingfrom the root of thedatahierarchy until the
blockbudgetis met.

4 LOD MAP

Althoughvariousefforts have beenmadeto chooseproperLODs that
condensedataandpreserve features[28, 10, 5], little work hasbeen
doneto representandvalidatethisdecision-makingprocess.Actually,
theinformationderivedfor dataselectionis knowledge thatguidesthe
userthroughtheentiresolutionspace.Suchknowledgesavestime on
decisionandcomputation,which theuserwouldhaveotherwisespent
on a trial-and-errorsearch.The time saved may be usedto improve
frameratesor alternatively, on othertechniquesto betterunderstand
thedata.

The formulationof LOD quality in Section3 tells us that a LOD
is good if it hasa high entropy value. Thus,a goodLOD not only
indicatesagoodqualityof renderedimages,but alsoabalancedprob-
ability distribution for all the datablocks in the LOD. This includes
informationof bothwhatwe canperceive (datablocksnot occluded)
andcannot (datablocksoccluded)from the renderedimage. There-
fore,asuitablevisualrepresentationfor LOD qualityshouldrevealnot
only what is visible, but alsowhat is not. Suchinformationis impor-
tantbecauseit canhelpusanswerquestionssuchas“do we wastethe
budgeton thoseblockswhichareoccluded?”,or, “canwegeneratean
imageof similar quality with a reducedblock budget?”. In order to
avoid possibleocclusion,weruleout theoptionof any 3D representa-
tion of LODs. Actually, a 2D treemapprovidesa simpleyet effective
representationof largehierarchicalstructure.Thekey issuesinvolved
in this knowledgerepresentationareinformationmappingandlayout
design.

4.1 Information Mapping

In thispaper, wecall thetreemaprepresentationof LOD theLOD map.
As a treemap,the LOD mapis formedby recursively subdividing a
givenarea.Eachdatablock in theLOD is representedasa rectangle
in the LOD map. Treemapscaneffectively visualizedatawith two
attributes,in whichoneattributeis typically mappedto thesizeof the
rectangles,andthe otherattribute to the color of the rectangles.The
critical questionto askis whatinformationshouldbedisplayedin the
generatedrectanglesfor theLOD map.

Sincethetreemapsarecommonlyusedfor representinghierarchical
structures.A �rst thoughtalongthis directioncouldleadusto usethe
sizeof rectangleto encodethe resolutionof differentdatablocks in
theLOD map.As in [24], thesizeof therectanglecanbedetermined
by thelevel of thedatahierarchy thedatablock lies on. Althoughthis
way of representingLODs is natural,themappingonly yieldslimited
usefulness.This is becausewhich level of thehierarchy a datablock
lies on may not give hints on its actualquality. A datablock at a
low level (low resolution)maycontainemptyspaceor haveauniform
value. In contrast,anotherdatablock at a high level (high resolution)
maystill exhibit muchvariationor distortion. Therefore,this kind of
codingdoesnot grantinsights,andwastesimportantchannelswhich
couldbeusedto encodemoreessentialLOD information.

Theentropy characterizesthequality of a LOD. To reveal this key
information,wemapits ingredients,i.e.,thedistortionD andcontribu-
tion Cof adatablock in theLOD, to thecolorandsizeof its bounding
rectanglein theLOD map.Morespeci�cally:

� Thecolor assignmentis basedon thedistortionD: redfor large
distortion,magentafor medium,andbluefor small.

� ThecontributionCis split into two parts:(� � t � a) is mapped
to thesizeof therectangle,while � is assignedto its opacity.

This color andsizecodingschememakesit easyfor theuserto look
for “hot spots”- datablockswith largedistortionandhighcontribution
in theLOD map.Themotivationfor separatingvisibility � from C is
intuitive too: morevisible blocksin theLOD shouldappearbrighter
in theLOD map,andlessvisibleonesdarker.

4.2 Layout Design

Anotherkey issuefor thegenerationof LOD mapis layoutdesign.In
theearly1990swhentreemapswere�rst prototyped,astraightforward
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(a)entropy = 0:238 (b) pivot-by-size (c) pivot-by-middle

Fig. 1. (a) shows a rendering of the RMI data set at low resolution with 36 blocks. (b) and (c) are its two LOD map layouts. In each layout, the “P”
indicates the �rst pivot rectangle, and the yellow boundaries show the �rst subdivision. The normalized entropy is low because only a small number
of data blocks are rendered.

slice-and-dicealgorithmwasusedto generatethe treemaplayout. A
problemwith this standardmethodis thatit oftenproducesrectangles
with high aspectratios. As a result, suchskinny rectanglescan be
dif�cult to see,compare,andselect.Overtheyears,severalalgorithms
have beenproposedto improve the aspectratiosof rectanglesin the
treemap[18]. However, they introduceinstability over time in the
displayof dynamicallychangingdata,andfail to preserveanordering
of theunderlyingdata.Thesedrawbacksarecritical in our LOD map
representationbecause:

� The information of a LOD keepschangingwhenever the user
makesLOD adjustmentor changesthe view. If the LOD map
layout hasdramaticchangesthat causesunattractive �ick ering,
it is hardto selectandtrackdatablocksin theLOD map.

� A LOD often comeswith the back-to-frontviewing order, in
which neighboringblocksarecloseto eachother in the LOD.
Preservingthis order in the LOD map layout is important for
locatingneighboringblocksandobservinggrouppatterns.

Theorderedtreemapintroducedby ShneidermanandWattenberg [18]
useslayoutalgorithmsthatoffer agoodtradeoff amongstableupdates,
orderpreserving,andlow aspectratios. In this paper, we adoptthis
layoutdesignfor our LOD maprepresentation.Thelayoutalgorithm
is similar to the idea of �nding a 2D analogueof the QuickSort
algorithm.Theinputsarea rectangleR to besubdividedanda list of
itemsthatareorderedby an index andhave givenareas.Thecrux of
the algorithmis to choosea specialitem, the pivot, which is placed
at thesideof R. Theremainingitemsin the list arethenassignedto
threelargerectanglesthatmakeuptherestof thedisplayarea.Finally,
the algorithmis appliedrecursively to eachof theserectangles.See
[18] for amoredetaileddescriptionof thealgorithm.Variationsof the
algorithmarethe choicesof pivot. The pivot could be the item with
thelargestareain thelist (pivot-by-size), or themiddleitemof thelist
(pivot-by-middle). In Section7.1,wewill discusstwo scenarioswhere
eachof thesechoicesof pivot shouldbeusedfor smoothupdate.

4.3 Put It All Together

Having discussedhow to de�ne andrepresentthequality of LODs, it
is timeto put it all togetherandshow how ourschemecanbeused.We
experimentedour ideawith theRichtmyer-Meshkov Instability (RMI)
dataset [15]. The 7:5GB RMI datasethasthe spatialdimensionof
2048� 2048� 1920, from which we built a wavelet treewith a tree
depthof six. Fig. 1 shows a LOD renderingof the RMI datasetat
the third tree level and its LOD map layouts. The viewing order is
roughlypreserved,aswe canseethatdarker/brighterrectangles(data
blockswith lower/highervisibility) arecloseto eachotherin theLOD
map. Sincea LOD mapencodesthe entropy informationof a LOD,

if thereis anunbalancedprobabilitydistributionamongdatablocksin
theLOD, we caneasilyperceive this throughcolor andsizeattributes
of rectanglesin its LOD map. Then,asdemonstratedin Fig. 1 (b) or
(c), severaldirectionsfor optimizingtheLOD quality canbeimmedi-
atelyfollowed:

� Look for “hot spots” - large rectangleswith bright red colors.
They arehighly-visible datablocksthat have high contribution
andlarge distortion. Splitting theseblockswill most likely in-
creasetheentropy andimprove theLOD quality.

� Smallbluerectanglesaredatablocksthathave low contribution
and small distortion. If they cluster in a local region, joining
theseblocksmay save the block budgetwithout decreasingthe
entropy.

� Dark rectanglesare datablocks with the lowest visibility. If
many of themclustertogether, joining theseblocksmayalsosave
theblockbudgetwithoutsacri�cing theLOD quality.

Thenext sectionintroducesa setof interactive techniquesthatallows
theuserto performLOD adjustmentef�ciently .

5 INTERACTIVE TECHNIQUES

In computergraphicsandvisualization,brushinghasbeenusedasa
methodfor selectingsubsetsof datafor further operations,suchas
highlighting, deleting,or analysis. In our case,brushingis usedto
selecta subsetof datablocksfrom a LOD for join or split operations.
We provide brushingin both views: the renderingwindow and the
LOD map. The result of selectionis highlightedin both views, as
they arelinkedtogetherandupdateddynamicallywheneveroneof the
views changes.This techniquehelpstheuserdetectcorrespondences
betweenthetwo differentvisualrepresentations.We allow theuserto
performbrushingin thefollowing ways:

� Directbrushingin theLOD mapby clicking arectangle,or spec-
ifying a rectangularregion to selectmultiple rectanglessimulta-
neouslyvia mouse.

� Brushingin therenderingwindow by specifyingthebrushcov-
erageas 1D point, 2D plane,or 3D box in the dataspacevia
slider.

� Brushingsomeparameter(suchasvisibility � ) or combination
of parametersby specifyingits rangevia slider.

Direct transformationis providedfor interactivity andexaminationof
localdetails.Theusercantranslate,scale,androtatethe3D volumein
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therenderingwindow, andtranslateandscalethe2D LOD map.Data
blocksselectedin the LOD arehighlightedwith red boundariesand
whitecrossesin therenderingwindow andtheLOD maprespectively.
Theuserthenproceedsto join or split theseblocks. A join operation
mergesa selectedblock with its siblingsinto its parentblock. A split
operationbreaksa selectedblock into its eightchild blocks.For mul-
tiple selecteddatablocks,they areput into a queueandprocessedin
sequence.We alsoprovide the “undo” function so that the usercan
roll backto the previous LOD if the operationjust performedis not
desired.

(a)brushingwith 2D plane (b) LOD map

Fig. 2. Brushing the RMI data set by specifying a 2D cutting plane. (a)
shows the rendering of data selection and (b) is the corresponding LOD
map.

Fig. 2 givesanexampleof brushingmanipulationwith a2D cutting
plane.Only thedatablocksintersectingtheplane(drawn in blue)are
selectedandrendered.In theLOD map,theselecteddatablocksare
highlightedwith whitecrosses.

dataset(type) RMI (byte) VisWoman(short)
volumedimension 2048� 2048� 1920 512� 512� 1728
blockdimension 128� 128� 64 32 � 32 � 64

volume(block)size 7:5GB (1MB) 864MB (128KB)
# non-emptyblocks 10499 9446
compressionratio 5:60 : 1 2:37 : 1

Table 1. The RMI and VisWoman data sets.

Fig. 4. LOD quality comparison on the RMI data set with the same �x ed
view as in Fig. 1 (a). The plot shows how the entropy changes with
different block budgets for three LOD selection methods. There are a
total of 10499 non-empty blocks in the data hierarchy.

6 RESULTS

As listedin Table1, we experimentedwith ourLOD mapon two data
sets:theRMI dataset(alsomentionedin Section4.3) from scienti�c
simulation,andthevisiblewoman(VisWoman)datasetfrom medical
application. For both datasets,the Haar wavelet transformwith a
lifting schemewasusedto constructthewavelettreedatahierarchy. A
losslesscompressionschemewasusedwith the thresholdsetto zero

Fig. 5. LOD quality comparison on the VisWoman data set with the �x ed
front view shown above. The plot shows how the entropy changes with
different block budgets for three LOD selection methods. There are a
total of 9446 non-empty blocks in the data hierarchy.

to compressthe wavelet coef�cients. To ensureseamlessrendering,
we extendedonevoxel overlappingboundariesbetweenneighboring
blocksin eachdimensionwhenbreakingtheoriginalvolumedatainto
blocks.As a result,bothhierarchieshave a treedepthof six. All tests
were performedon a 3:0GHz Intel Xeon processorwith 3GB main
memory, andannVidia GeForce7800GT graphicscardwith 256MB
videomemory.

6.1 LOD Comparison

For LOD comparison,we took threecommonly-usedLOD selection
methods,i.e., level-based,MSE-based,andSNR-based,for our test.
Thelevel-basedmethodselectsaparticularresolutionlevel in themul-
tiresolutiondatahierarchy. For theMSE-based(SNR-based)method,
we specifytheMSE (SNR)errortoleranceto determinetheLOD (we
followed Eqn. 4 wheredij is the MSE (SNR) of blocksbi andbj ).
Fig. 3 givesan examplewherewe comparedthe LOD quality of the
MSE-basedand level-basedmethodsunder the sameblock budget.
Clearly, wecanseethatFig. 3 (b) containstwo “hot spots”(largerect-
angleswith bright red colors) and somesmall blue rectanglesclus-
teredtogether. Theseareindicationsof baddistribution of datareso-
lution. On thecontrary, Fig. 3 (d) exhibits a muchbetterdistribution.
It follows that the level-basedmethodachievesa betterLOD quality
thantheMSE-basedone.Theirentropy valuesandrenderedimagesin
Fig. 3 (a)and(c) alsocon�rm this.

Fig. 4 and5 show thechangeof entropy valueson thetwo datasets
underaseriesof blockbudgets.For thelevel-basedmethod,theblock
budgetincreaseseight folds whenthe level increasesby one. There-
fore, isolateddatapointsratherthanpolylinesareillustratedin both
�gures. For bothdatasets,we canseethat theMSE-basedandSNR-
basedLOD methodscould not outperformthe straightforward level-
basedmethodin termsof thetradeoff betweenLOD qualityandblock
budget,althoughthelevel-basedmethoddoesnotallow �e xible block
budgets.For theRMI dataset,theMSE-basedmethodperformscon-
sistentlybetterthantheSNR-basedone.However, this is not thecase
for theVisWomandataset,asthe two polylinesintertwinewith each
otherin Fig. 5. Another�nding is thattheentropy doesnotalwaysin-
crease(actuallydecreasessometimes)with theincreaseof block bud-
get.Thisdoesnot indicatethedeteriorationin renderedimagequality,
but rather, alessbalanceddistributionof probabilityamongall thedata
blocks. In fact,we canimaginethis potentiallyleavesroomfor us to
improve theLOD quality (seeSection4.3)usingtheLOD map.

6.2 View Comparison

The quality of a given LOD canbe improved by adjustingthe view.
Similar to theideasof view selectionpresentedin [2, 20], theentropy
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(a)MSE-based,67 blocks (b) entropy = 0:163 (c) level-based,67 blocks (d) entropy = 0:381

Fig. 3. LOD comparison (�x ed view, different LODs). A zoom to part of the spine of the VisWoman data set. (a) and (c) show the rendering of two
different LODs with the same block budget. (b) and (d) are the LOD maps for (a) and (c) respectively.

(a)entropy = 0:330 (b) entropy = 0:343 (c) entropy = 0:384 (d) entropy = 0:390

Fig. 6. View comparison (�x ed LOD, different views). Four snapshots from a rendering sequence of the RMI data set. The LOD remains the same
with 246 blocks while the entropy increases from (a) to (d). The pivot-by-middle layout is used to maintain relative stable update of the LOD map
throughout the rendering sequence. The dramatic change in the LOD map layout from (a) to (b) is due to the abrupt change of the viewing order.

andtheLOD mapcanhelpus�nd goodviewsfor acertainLOD. Fig.6
givesanexamplewherewe comparedifferentviews for a �x edLOD
of theRMI dataset. Theentropy increasesasmoreinformationcon-
tentis receivedfrom Fig.6 (a) to (d). Lookingat thesequenceof LOD
maps,we can observe that the visibility of the LOD getsimproved
sincetheentireLOD mapis gettingbrighter. Another�nding from the
LOD mapsequenceis thatsmallerblocksat thebottomof thevolume
correspondsto bluerectangles(smalldistortion)attheupper-right part
of Fig. 6 (a), andlarger blocksat the top of the volumecorresponds
to redrectangles(largedistortion)in theLOD maps.Therelative sta-
ble updateof theLOD mapallows usto detectsuchcorrespondences
betweenthe renderedblocksandthe rectangles.This informationis
usefulwhenit comesto LOD adjustment.

6.3 LOD Adjustment

The goal of LOD adjustmentis to improve the quality of LOD.
By splitting datablockswith large distortionandhigh contribution,
and joining datablocks with small distortion and low contribution,
we achieve a more balancedprobability distribution amongall data
blocks,andtherefore,increasethe entropy of the LOD. Fig. 7 show
two examplesof LOD adjustmenton the RMI and VisWomandata
setswithin �x edblock budgets.For theRMI dataset,we clearlysee

some“hot spots”(largerectangleswith brightredcolors)andacluster
of dark rectangles(occludeddatablocks) in the LOD mapof Fig. 7
(a). In this example,we usedtheheuristicalgorithm(Section3.3) to
optimizethe LOD automatically. The LOD mapafter adjustmentin
Fig. 7 (b) shows a morebalancedresult. For theVisWomandataset,
hot spotsarepoppingout in the LOD mapof Fig. 7 (c). Although
thereareno darkrectangles,many smallbluerectanglesclusterat the
lower-left cornerof theLOD map. TheLOD quality is improvedby
splitting thosehot spotsandjoining small blue rectangles.With the
assistof asetof brushingtechniques(Section5), selectingsuchtarget
rectanglesin theLOD mapandperformingLOD adjustmentbecomes
asimpleandef�cient task.

6.4 Budg et Contr ol

As demonstratedin Fig. 4 and5, thecommonly-usedMSE-basedand
SNR-basedLOD selectionmethodsdo not performwell (in termsof
improving thequalityof LOD) with theincreaseof blockbudget.This
givesus opportunitiesto control the block budget. That is, if sucha
LOD selectionalgorithmcouldnotoptimizethequalityof LOD under
acertainblockbudget,couldweinsteadgiveaLOD of similarquality
but with areducedblockbudget?Generatingimagesof similarquality
with smallerbudgetsis appealingfor largedatavisualizationbecause
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before,90 blocks after, 90 blocks before,108blocks after, 108blocks

(a)entropy = 0:192 (b) entropy = 0:386 (c) entropy = 0:251 (d) entropy = 0:414

Fig. 7. LOD adjustment. A zoom of the RMI data set: (a) shows a given LOD based on the MSE, and (b) shows the result after the LOD adjustment.
A zoom to the left pelvis of the VisWoman data set: (c) shows a given LOD based on the SNR, and (d) shows the result after the LOD adjustment.
The pivot-by-size layout is used to maintain relative stable update of the LOD map during the adjustment process.

(a)entropy = 0:448, 365blocks (b) entropy = 0:476, 274blocks

Fig. 8. Budget control on the RMI data set. A LOD based on the MSE
is given, where the view is the same as in Fig. 1 (a). (a) and (b) are
the LOD maps before and after the budget control. The percentage of
blocks with visibility less than 0:20 decreases from 48% in (a) to 29% in
(b).

it couldsave uslimited resources.Fig. 8 shows anexampleof budget
controlon theRMI dataset.By joining datablockswith low visibility
(darkrectangles)andimproving theoverall distribution of resolution,
we reducethe block budgetby 25% while increasingthe entropy of
the LOD. This budgetcontrol doesnot affect thequality of rendered
image,astherenderingsbeforeandafterthebudgetcontrolarealmost
identical.

7 DISCUSSION

As a re�ection of what we stateat the beginning of the paper, we
discusstheeffectivenessandef�ciency of our LOD mapapproachto
multiresolutionvolumevisualization.

7.1 Effectiveness

Usingentropy, ourLOD qualitymeasurebecomesaglobalquality in-
dex, i.e., it not only indicatesthequality of renderedimages,but also
the probability distribution of all multiresolutiondatablocks in the

LOD. The probability takesinto accountthe distortionandcontribu-
tion of datablocks.Therefore,a high entropy (gooddistribution) im-
pliesa balanceddistribution of resources(e.g.dataresolution),which
is not capturedby traditionalLOD selectionmethods. Throughthe
mappingof key LOD ingredientsto a treemaprepresentation,we cre-
atethe LOD mapasa visual interfacefor LOD comparisonandval-
idation. TheLOD mapis an intuitive representationof LOD quality,
sincekey ingredientsof a LOD aremappedto pre-attentive attributes
(color andsizeof rectangles)in the LOD map. Integratinga heuris-
tic algorithm and a set of interactive techniques,it also serves as a
convenientuser interfacefor visual dataexploration. Note that the
LOD mapcanbe manipulatedindependently, andthe actualrender-
ing of datacould be deferreduntil a desiredLOD of goodquality is
achieved. The resultsin Section6 demonstratethat this visual inter-
faceis light-weightedandquite effective for multiresolutionvolume
visualization.

For the LOD map, we utilize both pivot-by-size and pivot-by-
middle layouts for relative stable updatewhen the view or LOD
changes.Thechoiceof whichlayoutshouldbeuseddependsonwhich
layoutis morelikely to keepthepivot unchanged.For example,if the
view changes,themiddleitemin theLOD list is morelikely to remain
thesame,asopposedto theitem with thelargestarea.Therefore,the
pivot-by-middlelayoutshouldbeused.On theotherhand,if a LOD
undergoesany join or split operations,then the pivot-by-sizelayout
shouldbe used,sincethe item with the largestareain the LOD list
is more likely to keepunchangedratherthan the middle item. This
simplerule provesvery effective in maintainingsmoothupdateof the
LOD map.

7.2 Ef�cienc y

In order to generatethe LOD map in real time, we needquick up-
dateof the distortion D and contribution C for multiresolutiondata
blocks. In this paper, we calculateD in the roughly perceptually-
uniformCIELUV colorspace(notethatin thiscase,D dependsonthe
input color andopacitytransferfunction).Similar to errorcalculation
in [11], we pre-computeandstoresummarytablesto ensurereal-time
updateof thedistortionD. Thesummarytablesarethehistogramta-
ble (frequency of quantizedscalarvalues)andcorrespondencetable
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(frequency of pairs of quantizedscalarvaluesin the parentand its
child blocks)for eachdatablock in themultiresolutiondatahierarchy.
A zigzagrun-lengthencodingschemeis usedto reducethe storage
overheadandfacilitatethe tablelookup at run time. During the ren-
dering,we canrecomputethedistortionwithin secondsfor largedata
sets(suchasthe7:5GB RMI dataset)whenever thetransferfunction
changes.

On theotherhand,thequick updateof thecontribution C requires
real-timeestimateof thevisibility � (Eqn.5). Here,theessentialques-
tion is how to calculatethe visibility of many datablocks quickly,
givenaninput occlusionmap.Our solutionis basedon summedarea
tables(SATs), which take theocclusionmapasthe input. We utilize
the GPU to estimatethe averagevisibility. The GPU implementa-
tion builds theSATs in passeswith thesupportof framebuffer objects
(GL_EXT_framebuffer_object ). Gettingtheaveragevisibility
for ablockis performedby afragmentprogramthatlooksupfour cor-
nersof its projectionin theSATs. In this way, thevisibility for all the
datablockscanbeevaluatedinteractively at run time. For instance,it
only takesaround0:2 secondto updatethevisibility of thousandsof
datablocksfor theRMI dataset.Wereferreadersto [23] for thealgo-
rithm, implementation,andperformanceof oursummarytablescheme
andGPU-basedvisibility estimation.

The ef�ciency of our LOD map is thus ensuredwith a real-time
updateof thedistortionD andcontribution C. Our experimentsshow
thatatruntimewhenwechangetheview or performLOD adjustment,
theentropy andtheLOD mapcanbeupdatedinteractively for a LOD
consistingof up to thousandsof datablocks(a typical magnitudefor
ourmultiresolutiondatahierarchies).

8 CONCLUSION AND FUTURE WORK

We have presenteda new LOD quality measureusingentropy andits
visual representationusingtheLOD mapfor multiresolutionvolume
visualization. Leveragingthis quality measureand visual interface,
it becomesnot only feasible,but also effective and ef�cient for us
to examine,compare,andvalidatethe quality of LOD selectionand
rendering. We believe that this techniquecould be generalized,and
appliedto exploreothersolutionspacesthatexhibit similar properties
astheLOD optimizationproblem.

TheLOD mapcouldcarrymorecustomizedinformationfor aLOD.
For example, if the userwantsto inspecthow the transferfunction
contentsof datablocksvary from their scalar�eld contents,we can
addshadingto the rectanglesin the LOD mapto indicatethis. Tex-
ture could alsobe appliedto the LOD mapto representsomeother
informationof interest.Userstudyalongthis direction,suchasinves-
tigating how many channelsthe usercanperceive easilyin the LOD
mapwithout informationoverload,is necessary. In thefuture,wealso
would like to extendour approachto multiresolutionvisualizationof
large-scaletime-varyingdata.
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