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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 ¢ 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 mary casegheseimagesareobsened by humansn an
effort to testhypothesesnddiscover insights. Visualizationis, there-
fore, aniterative and exploratory process.Human-computemterac-
tions,suchasparametetweaking,areofteninvolvedin abid to create
betterrepresentationsThis scenariowvorks well for small data. With
theadwancesdn graphicshardware,theinteractvity canbe guaranteed
evenwith a straightforvard implementation.For larger data, the re-
sponsetime of a visualizationsystemcould becomeuncomfortably
long. Slower responsesesultin anincreasen time neededo obtain
insightsfrom the data. This posesa greatchallengefor visualization
to beeffectiveandefcient [22].

In this paper we focus on the subjectof multiresolutionrender
ing in the contet of large volumevisualization. A centralthemefor
multiresolutionvolume renderingis the selectionof dataresolution,
or level-of-detail (LOD). Quite often, suchLODs are automatically
determinedby userspeci ed errortolerancesandviewing parameters
[27, 10, 5]. Many of the metrics,suchas meansquareerror (MSE)
andsignal-to-noiseatio (SNR),aredata-centridén the sensehatthey
measurahe distortionbetweenow andhigh resolutionblocksin the
dataspacgGeometricerrormetrics,on the otherhand,areoftenused
in surfacerendering,wherethe geometryor meshis known. In this
paper we do not considerthis case.). Although thosemetricshave
speci ¢ meaningsand are simpleto compute,they are not effective
in predictingthe quality of renderedmagesdueto the lack of corre-
lation betweendataandimage[25]. In fact, nding the bestLOD is
a NP-completeoptimizationproblem[3], so mostalgorithmstake a
greedyapproximationstrateyy instead. In this case,datablocksare
selectedaccordingto their priority valuestill certainconstraintssuch
astheblock budget,aremet. Rarely we have amechanisnto examine
thequality of LODs from thosegreedyselectionsanddecidewhether
it is possibleto furtherimprove the quality througheitherautomatic
methodsor userinteractions.

Anotherimportantbut non-trivial issueis the validationof existing
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LOD selectionalgorithms. In computergraphicsand visualization,
validationis usuallydonethroughside-by-sidecomparisorof images
createdrom differenttechniquesHowever, it maynotbeeffective for
multiresolutionvolumevisualization.Thisis becauselirectrendering
of 3D volumesto 2D imagesinvolveslight attenuationplending,and
transferfunctionmappingwheremuchinformationaboutaLOD may
be hiddenor lost. Without the completeinformation, it could be in-
sufcient to assessheimprovementsof new algorithmsover existing
ones.Moreover, alargedatasetis oftentoo comple to beunderstood
from a singleimage. Inspectingimagesfrom differentviews requires
renderingarge amountof data,which makesit very dif cult for usto
performthevalidationef ciently .

Fromthe problemsmentionedabore, it canbe seenthatthereis a
greatneedto devise techniquegor multiresolutionvolumevisualiza-
tion thatallow the userto examine,compareandvalidatethe quality
of LOD selectiomandrendering.To ful Il thisneedwe presenanex
measurdor LOD quality basedon the formulation of entropy from
informationtheory Our quality measuraakesinto accounthequality
of eachindividual datablock in a LOD andthe relationshipsamong
them. This entrofy measureallows usto mapkey ingredientsof the
LOD quality to a treemaprepresentatioifl 7], calledthe LOD map
for furthervisual analysis.The LOD mapbringsusa novel approach
for navigating the explorationof large multiresolutiondata. By “nav-
igating”, we meanthe useris guidedwith immediatevisualfeedback
whenmaking decisionsaboutwhele to go, whatto do, andwhento
stop Theuseris provided with cuesthat leadsher quickly to inter
estingpartsof the data. Shewould readily know whatactionsto take
to adjustthe LOD, clearly seethe gain or lossof the adjustmentand
beinformedwhenthere nementprocessnaybestoppedLeveraging
a heuristicoptimizationalgorithmanda setof interactve techniques
designedor the LOD map, makingLOD adjustmentand rendering
budgetcontrolbecomes simpleandeasytask. Experimentaresults
on large datasetsdemonstrateéhat this visual representationf LOD
quality is light-weightedyet quite effective for interactve LOD com-
parisonandvalidation.

2 RELATED WORK

The pastfew yearswitnessedherapidgronth of data.Scienti ¢ sim-
ulationsare producingpetabytesof dataas opposedo gigabytesor
terabytesa coupleof yearsago. Building a multiresolutiondatahier
archy from largeamountof dataallows usto visualizedataat different
scalesandbalanceimagequality and computationspeed.Examples
of hierarchicaldatarepresentatiofor volumedataincludethe Lapla-
cian pyramid [4], multi-dimensionatreeg[27], andoctree-basetier
archieq10]. Muraki introducedhe useof wavelettransformdor vol-
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umetricdatal16]. Westermanii26] proposediframework for approx-
imating the volume renderingintegral using multiresolutionspaces
andwaveletprojections.Gutheetal. [5] presented wavelet-encoded
hierarchicarepresentatiorgalledthewaveletiree thatsupportsnter
active walkthroughsof large datasetson a singlecommodityPC. In
this paper we usethe wavelettreeasanillustration for our presenta-
tion.

The goal of visual dataexplorationis to facilitatethe extractionof
new insightsfrom the data. For instance Marks et al. [14] presented
the DesignGallery systemthattreatsimageandvolumerenderingas
a procesf exploring a multidimensionaparametespace.Usingan
imagedifferencemetric, the systemarrangesenderinggrom various
parametersettings,from which the user selectsthe most appealing
one. Bajaj et al. [1] introducedthe contour spectrum a userinter-
facecomponenthatimprovesqualitative userinteractionandprovides
real-timeexactquali cation in the visualizationof isocontours A set
of well-designedmanipulationwidgetsfor multidimensionakransfer
function designwasgiven by Knissetal. [9]. By allowing directin-
teractionin the spatialandtransferfunction domains,thosewidgets
malke nding transferfunctionsanintuitive andef cient process.

Ontheotherhand,the procesf visualdataexplorationcontainsa
wealthof information- parametergesults history, aswell asrelation-
shipsamongthem.To learnlessonsndshareexperiencestheprocess
itself canbe stored tracked,andanalyzedlt canalsobeincorporated
into, andthusbecomesa part of the userinterfaceof a visualization
system. Suchexamplesare image graphs[13], and interfaceswith
spreadsheg6] andparallelcoordinatg21] styles.A generamodelof
thevisualizationexplorationprocessvasformalizedby Jankun-kelly
etal.[7].

Over the last decade a numberof information visualizationtech-
nigueshave beendevelopedto supportthe visual explorationof large
andhigh-dimensionatiatasets[8]. Parallelcoordinategandtreemaps
aretwo mostwidely-usedtechniquesamongthem. Thetreemap17]
is aspace- llingmethodfor visualizinglargehierarchicalnformation.
It works by recursvely subdviding a givendisplayareabasedon the
hierarchicalstructure,and alternatingbetweenvertical and horizon-
tal subdvisions. The informationof anindividual nodeis presented
via visual attributes,suchascolor andsize, of its boundingrectangle.
Originally designedo visualize les on a harddrive, treemapshave
beenappliedto awide variety of domaing19].

One of the notable commercialapplicationsof treemapsis the
SmartMong “Map of the Market”, a simpleyet powerful tool for the
generalpublic to spotinvestmentrendsand opportunities. The map
shavs approximately600 publicly tradedcompaniegroupedby sec-
tor andindustry Thesizeof eachcompaly in the mapcorrespondso
its market capitalization.The color mappingis naturalfor mostusers
to look for visually-strikingfeatures:greenfor gain, redfor loss,and
darkfor neutral. A recursve algorithmwasdevisedto reducesover-
all aspectatiosof therectanglesor morereadablaisplay All these
factorscontritutesthe succes®f the Map of the Market. Inspiredby
this applicationwe strive for simplicity andeffectivenessn searchof
our solutionfor navigating multiresolutiondataexploration.

3 LOD ANALYSIS

In thevisualizationof multiresolutionvolumedata,a givenLOD con-
sistsof a sequencef datablocksat variousresolutions. Intuitively,

the LOD quality canbe analyzedby investigating the quality of each
individual block aswell asthe relationshipsamongthem: Eachblock
may containa differentdistortion becausef the resolutionand data
variation. It mayalsoconvey a differentoptical contentif a colorand
opacitytransferfunctionis applied.Furthermorethesequencef data
blocks are renderedo the screen. Eachblock may have a different
contributionto theimagedependingnits projectionandhowv muchit

is occludedby otherblocks. To optimizethetotalinformationreceved
ontheimage,onemayattemptto eitheradjustthe LOD or changehe
view. The conceptof entropy from informationtheoryprovidesus a
way to measureéhe LOD quality in a quantitatve manner

3.1 Entropy

In informationtheory theentropy givestheaveragenformationor the
uncertaintyof arandomvariable. The Shannorentrofy of a discrete

randomvariable X with valuesin the nite setfai, az, ...,am g is
de ned as:
H(X) = pi logpi (1)
i=1
wherep; is the probability of a variableto have thevaluea;; logpi

representdéts associatednformation. The unit of informationis call
abit. Thelogarithmis takenin base2 or e. For continuity, variable
of probability zerodoesnot contritute to the entropy, i.e., 0log0 =
0. Theentropy achiezesits maximumof logM whenthe probability
distributionis uniform.

To evaluatethe quality of aLOD, we rst de ne the probability of
amultiresolutiondatablock b as:

. ) hod
=G SDI : whereS = G
i=1

whereG andD; arethe contritution anddistortionof b respectiely
(more detailsaboutthesetwo termsare givenin Section3.2); M is
the total numberof blocksin the multiresolutiondatahierarcly. The
summationS is taken over all datablocks, andthe division by S is
requiredto make all probabilitiesaddupto unity. Eqn.2 stateghatthe
probabilityof adatablockin aLOD is highif it haslargedistortionand
high contritution. Theentrogy of aLOD thenfollowsthede nition in
Eqgn.1.

Note thatfor arny LOD, it is impossiblefor all the datablocksin
the hierarcly to have the equalprobabilityof 1=M , i.e.,aLOD could
not achieve anentrofy valueof logM . Thisis becausén ary LOD,
if a parentblock is selectedthennoneof its descendanblockswill
be selected. Any block which is not includedin the LOD receves
zeroprobability anddoesnot contribute to the entropy. Ideally, since
a higherentropy indicatesa betterLOD quality, the bestLOD (with
the highestinformationcontent)could be achiezed whenwe selectall
theleaf nodesin the datahierarcly. However, this requiresrendering
the volume dataat the original resolution,and defeatshe purposeof
multiresolutionrendering.

In practice,a meaningfulgoalis to nd thebestLOD undersome
renderingbudget, suchas a certain block budget, which is usually
muchsmallerthanM . Accordingly, the quality of a LOD could be
improved by splitting datablockswith large distortionandhigh con-
tribution, andjoining thoseblockswith smalldistortionandlow con-
tribution. The split operationaims at increasingthe entrogy with a
morebalancedprobability distribution. Thejoin operationis to offset
theincreasan block numberandkeepit underthe budget. In addi-
tion, adjustingthe view could improve the quality of LOD too, since
the contritutionsof datablocksvary whentheview changes.

pi Di v

3.2 Distor tion and Contrib ution

In amultiresolutiondatahierarcly suchasawavelettree,ablock hav-
ing largerdistortionor variationis morelikely to receie a higherpri-
ority for LOD re nement. The distortion of a multiresolutiondata
block captureghis intrinsic property Let us rst considertwo data
blocksky andl , wherely is animmediatechild of by. We de ne the
distortionbetweerty andb asfollows:

2, 2
2+ 2+ Cy
2 j+C

2, 2
P+ 2+ C
2 j+C

where j isthecovariancebetweerty andly; ; and j arethemean
valuesof b andby respectiely; ; and ; aretheir standarddevia-
tions. We includesmallconstant<; andC; to avoid instability when
i j and ; j areverycloseto zero.
Eqn. 3 consistsof threeparts,namely covariance luminancedis-
tortion, andcontrastdistortion Collectively, thesethreepartscapture
the distortionbetweerthe two blocks. The luminancedistortionand

dij = j ©))
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contrastdistortionareoriginally from theimagequality assessmetit-
eraturg25], andhave beenshavn to be consistentvith theluminance
maskingand contrastmaskingfeaturesin the humanvisual system
respectiely.

In awavelettree,a pareninodehaseightimmediatechildren. Thus,
we adddistortionsbetweerthe parentblock andits eightchild blocks.
We alsotake into accounthe maximumdistortionof the child blocks,
asanapproximatiorof thedistortionbetweerthe parentolock andthe
original full-resolutiondatait representsWrittenin equation:

di + maxfDjj g
i=0

(4)

whereD; andD; arethedistortionsof blocksb andby respectiely.
As aspecialcase|f b is associatedvith aleaf nodein the hierarcly,
we de ne D; = Cs, whereCs is a smallconstant.The distortionfor
eachtree nodecan be calculatedas we build up the multiresolution
datahierarcly. They arethennormalizedfor ouruse.

To evaluatethe contrikution of amultiresolutionblock by to theim-
age wetreatthecoarse-grainedatablockasawholeandapproximate
its contritution asfollows:

G = t a (5)

where isthemeanvalueof b ; t is its thicknesqthe averagelength
of the viewing ray segmentinsideb ); a is the screernprojectionarea
of the block, and s its estimatedvisibility. Here, similar to the
well-known compositionequation12], ( t a) approximateshe
emissionof b, and accountdor theocclusion.
Dependingonourneed, , ,and j in Eqn.3 and5 canbeeval-

4 LOD MaprP

Althoughvariousefforts have beenmadeto chooseproperLODs that
condensealataand presere featureq28, 10, 5], little work hasbeen
doneto represenandvalidatethis decision-makingprocessActually,
theinformationderivedfor dataselections knowledg thatguidesthe
userthroughthe entiresolutionspace .Suchknowledgesavestime on
decisionandcomputationwhich the userwould have otherwisespent
on a trial-and-errorsearch. The time saved may be usedto improve
frameratesor alternatvely, on othertechniquego betterunderstand
thedata.

The formulationof LOD quality in Section3 tells usthata LOD
is goodif it hasa high entrofy value. Thus,a good LOD not only
indicatesa goodquality of renderedmagesput alsoa balancedrob-
ability distribution for all the datablocksin the LOD. This includes
informationof bothwhatwe canperceve (datablocksnot occluded)
andcannot (datablocksoccluded)from therenderedmage. There-
fore,asuitablevisualrepresentatiofor LOD quality shouldrevealnot
only whatis visible, but alsowhatis not. Suchinformationis impor-
tantbecausét canhelpusanswerquestionsuchas“do we wastethe
budgeton thoseblockswhich areoccluded?”pr, “can we generaten
imageof similar quality with a reducedblock budget?”. In orderto
avoid possibleocclusionwe rule outthe optionof ary 3D representa-
tion of LODs. Actually, a 2D treemapprovidesa simpleyet effective
representationf large hierarchicalstructure.The key issuesnvolved
in this knowledgerepresentatioareinformationmappingandlayout
design.

4.1 Information Mapping
In thispaperwe call thetreemapepresentationf LOD theLOD map

uateddirectly in the scalardataspaceor in the perceptually-adapted As a treemapthe LOD mapis formedby recursvely subdviding a

CIELUV colorspacgse€23] for moredetail). In Section7.2,we will
describeour pre-computatiomndreal-timeupdatetechniquedor cal-
culatingD andC of multiresolutiondatablocks,which ensurea quick
updateof theentropy valuefor aLOD.

3.3 Heuristic Algorithm

Basedntheentrofy measurewe proposeathree-stagéeuristicalgo-
rithm to adjusta LOD automatically ThegivenLOD couldcomefrom
ary LOD selectionmethods.The motivationis to balancethe proba-
bility distribution amongall datablocksin the LOD, andimprove its
entropy. Ourthree-stag@lgorithmis asfollows:

1. Join: Locatethedatablockh with thelowestprobability Check
if joining by with its siblingswould decreasé¢he entrogy or not.
If not, join b with its siblings. Otherwise,mark b out. This
procesghenrepeaton all unmarked datablocksuntil all blocks
arescanned.The rst stagewould potentially free someblock
budgetfor usein thesecondstage.

2. Split: Locatethe datablock b, with the highestprobability.
Checkif splitting b, would increasethe entropy or not. If yes,
split b, . Otherwise,mark b, out. This procesghenrepeatson
all unmarled datablocksuntil eitherthe block budgetis metor
all blocksarescanned.

3. Join-Split: Considera pair of datablocks(h, b,) in the LOD,
whereh is the block with the lowestprobability andby, is the
block with the highestprobability Checkif joining by with its
siblings and splitting by, would increasethe entrofy or not. If
yes,join b with its siblingsandsplit b,. Otherwise mark the
pair (b, by) out. This procesghenrepeatnall unmarledpairs
until all pairsarescanned.

Note thatjoin or split operationsn our algorithmwill only increase
theentropy, if possiblebut never decreaseThis monotoniccondition
guaranteethe corvergenceof the algorithm. Our heuristicalgorithm
couldalsobeusedto generatea balanced_OD (in termsof probabil-
ity distribution) given the constraintof block budget. The algorithm
re nes the LOD startingfrom the root of the datahierarcly until the
block budgetis met.

givenarea.Eachdatablock in the LOD is representedsa rectangle
in the LOD map. Treemapscan effectively visualize datawith two
attributes,in which oneattributeis typically mappedo the sizeof the
rectanglesandthe otherattribute to the color of the rectangles.The
critical questionto askis whatinformationshouldbe displayedn the
generatedectanglegor the LOD map.

Sincethetreemapsrecommonlyusedfor representingpierarchical
structuresA rst thoughtalongthis directioncouldleadusto usethe
size of rectangleto encodethe resolutionof differentdatablocksin
the LOD map.As in [24], the sizeof therectanglecanbe determined
by thelevel of the datahierarcly the datablock lies on. Althoughthis
way of representing-ODs is natural the mappingonly yieldslimited
usefulnessThis is becausevhich level of the hierarcly a datablock
lies on may not give hints on its actualquality. A datablock at a
low level (low resolution)may containemptyspaceor have a uniform
value. In contrastanotherdatablock at a high level (high resolution)
may still exhibit muchvariationor distortion. Therefore this kind of
codingdoesnot grantinsights,andwastesmportantchannelswvhich
couldbeusedto encodemoreessentialL OD information.

Theentropy characterizethe quality of a LOD. To revealthis key
information,we mapitsingredientsi.e.,thedistortionD andcontribu-
tion C of adatablockin theLOD, to thecolorandsizeof its bounding
rectanglen theLOD map.More speci cally:

The color assignmenis basedon the distortionD: redfor large
distortion,magentdor medium,andbluefor small.

Thecontribution Cis split into two parts:( t a)ismapped
to thesizeof therectanglewhile is assignedo its opacity

This color andsizecodingschememalesit easyfor the userto look
for “hot spots”- datablockswith largedistortionandhigh contritution
in the LOD map. The motivationfor separatingisibility from Cis
intuitive too: morevisible blocksin the LOD shouldappeatbrighter
in theLOD map,andlessvisible onesdarker.

4.2 Layout Design

Anotherkey issuefor the generatiorof LOD mapis layoutdesign.In
theearly1990swhentreemapsvere rst prototypedastraightforvard
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(a)entrogy = 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 generatehe treemapayout. A
problemwith this standardnethodis thatit oftenproducegectangles
with high aspectratios. As a result, suchskinry rectanglescanbe
dif cult to seecompareandselect.Overtheyears severalalgorithms
have beenproposedo improve the aspectratios of rectanglesn the
treemap[18]. However, they introduceinstability over time in the
displayof dynamicallychangingdata,andfail to presere anordering
of theunderlyingdata. Thesedravbacksarecritical in our LOD map
representatiobecause:

The information of a LOD keepschangingwheneer the user
malkes LOD adjustmentbr changeghe view. If the LOD map
layout hasdramaticchangeghat causesunattractve ick ering,
it is hardto selectandtrackdatablocksin the LOD map.

A LOD often comeswith the back-to-frontviewing order in
which neighboringblocks are closeto eachotherin the LOD.
Preservingthis orderin the LOD map layout is importantfor
locatingneighboringblocksandobservinggrouppatterns.

Theorderedtreemagntroducedby ShneidermaandWattenbeg [18]
usedayoutalgorithmsthatoffer agoodtradeof amongstableupdates,
orderpreservingandlow aspectatios. In this paper we adoptthis
layoutdesignfor our LOD maprepresentationThe layoutalgorithm
is similar to the ideaof nding a 2D analogueof the QuickSort
algorithm. TheinputsarearectangleR to be subdvidedandalist of
itemsthatareorderedby anindex andhave givenareas.The crux of
the algorithmis to choosea specialitem, the pivot, which is placed
atthesideof R. Theremainingitemsin thelist arethenassignedo
threelargerectangleshatmalke up therestof thedisplayarea.Finally,
the algorithmis appliedrecursvely to eachof theserectangles.See
[18] for amoredetaileddescriptiorof thealgorithm. Variationsof the
algorithmarethe choicesof pivot. The pivot could be the item with
thelargestareain thelist (pivot-by-sizg or the middleitem of thelist
(pivot-by-middlg. In Section7.1,wewill discusdwo scenariosvhere
eachof thesechoicesof pivot shouldbe usedfor smoothupdate.

4.3 Put It All Together

Having discussedow to de ne andrepresenthe quality of LODs, it
is timeto putit all togetherandshav how ourschemecanbeused.We
experimentedurideawith the RichtmyerMeshlov Instability (RMI)
dataset[15]. The 7:5GB RMI datasethasthe spatialdimensionof
2048 2048 1920 from whichwe built a wavelettreewith atree
depthof six. Fig. 1 shavs a LOD renderingof the RMI datasetat
the third treelevel andits LOD map layouts. The viewing orderis
roughly presered, aswe canseethatdarler/brighterrectanglegdata
blockswith lower/highervisibility) arecloseto eachotherin theLOD
map. Sincea LOD mapencodeshe entrofy informationof a LOD,

if thereis anunbalancegrobabilitydistribution amongdatablocksin
theLOD, we caneasilyperceve this throughcolor andsizeattributes
of rectanglesn its LOD map. Then,asdemonstrateih Fig. 1 (b) or
(c), severaldirectionsfor optimizingthe LOD quality canbeimmedi-
atelyfollowed:

Look for “hot spots”- large rectangleswith bright red colors.
They arehighly-visible datablocksthat have high contribution
andlarge distortion. Splitting theseblockswill mostlikely in-
creasaheentrogy andimprove the LOD quality.

Smallbluerectanglesredatablocksthathave low contribution
and small distortion. If they clusterin a local region, joining
theseblocks may save the block budgetwithout decreasindhe
entropy.

Dark rectanglesare datablocks with the lowest visibility. If
mary of themclustertogetherjoining theseblocksmayalsosave
theblock budgetwithout sacri cing the LOD quality.

Thenext sectionintroducesa setof interactize techniqueghatallows
theuserto performLOD adjustmenef ciently.

5 INTERACTIVE TECHNIQUES

In computergraphicsandvisualization,brushinghasbeenusedasa
methodfor selectingsubsetsof datafor further operationssuchas
highlighting, deleting, or analysis. In our case,brushingis usedto
selecta subsebf datablocksfrom a LOD for join or split operations.
We provide brushingin both views: the renderingwindow andthe
LOD map. The resultof selectionis highlightedin both views, as
they arelinkedtogetherandupdateddynamicallywheneer oneof the
views changesThis techniquehelpsthe userdetectcorrespondences
betweerthetwo differentvisualrepresentationdiVe allow the userto
performbrushingin thefollowing ways:

Directbrushingin theLOD mapby clicking arectanglepr spec-
ifying arectangularegion to selectmultiple rectanglesimulta-
neouslyvia mouse.

Brushingin the renderingwindow by specifyingthe brushcov-
erageas 1D point, 2D plane,or 3D box in the dataspacevia
slider.

Brushingsomeparametelsuchasvisibility ) or combination
of parameter®y specifyingits rangevia slider.

Direct transformatioris providedfor interactvity andexaminationof
localdetails.Theusercantranslatescale androtatethe 3D volumein
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therenderingwindow, andtranslateandscalethe 2D LOD map.Data
blocks selectedn the LOD are highlightedwith red boundariesand
white crossesn therenderingvindow andthe LOD maprespectiely.

The userthenproceedsdo join or split theseblocks. A join operation
memgesa selectedblock with its siblingsinto its parentblock. A split

operationbreaksa selectedlockinto its eightchild blocks. For mul-

tiple selecteddatablocks,they areputinto a queueandprocessedn

sequence We also provide the “undo” function so thatthe 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 the datablocksintersectinghe plane(dravn in blue) are
selectecandrendered.In the LOD map,the selecteddatablocksare
highlightedwith white crosses.

dataset(type) RMI (byte) VisWoman(short)
volumedimension | 2048 2048 1920 | 512 512 1728

block dimension 128 128 64 32 32 64
volume(block) size 7:5GB (1MB) 864MB (128KB)
# non-emptyblocks 10499 9446
compressiomatio 560:1 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 experimentedvith our LOD mapontwo data
sets:the RMI dataset(alsomentionedn Section4.3) from scienti ¢
simulation,andthevisible woman(VisWoman)datasetfrom medical
application. For both datasets,the Haar wavelet transformwith a
lifting schemeavasusedto constructhewavelettreedatahierarcly. A
losslesscompressiorschemewas usedwith 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 compresdhe wavelet coefcients. To ensureseamlessendering,
we extendedone voxel overlappingboundarieetweenneighboring
blocksin eachdimensionwhenbreakingthe original volumedatainto

blocks.As aresult,both hierarchieshave a treedepthof six. All tests
were performedon a 3:0GHz Intel Xeon processomwith 3GB main
memory andannVidia GeForce7800GT graphicscardwith 256MB

videomemory

6.1 LOD Comparison

For LOD comparisonwe took threecommonly-used.OD selection
methods,.e., level-based MSE-basedand SNR-basedfor our test.
Thelevel-basednethodselectsa particularresolutionlevel in themul-

tiresolutiondatahierarcly. For the MSE-based SNR-basedjnethod,
we specifythe MSE (SNR) errortoleranceto determinghe LOD (we

followed Eqn. 4 whered; is the MSE (SNR) of blocksb andb ).

Fig. 3 givesan examplewherewe comparedhe LOD quality of the
MSE-basedand level-basedmethodsunderthe sameblock budget.
Clearly, we canseethatFig. 3 (b) containgwo “hot spots”(largerect-
angleswith bright red colors) and somesmall blue rectanglesclus-
teredtogether Theseareindicationsof baddistribution of datareso-
lution. Onthecontrary Fig. 3 (d) exhibits a muchbetterdistribution.

It follows thatthe level-basednethodachiezesa betterLOD quality

thanthe MSE-base@ne. Theirentropy valuesandrenderedmagesn

Fig. 3 (a) and(c) alsocon rm this.

Fig. 4 and5 shav thechangeof entrofy valuesonthetwo datasets
undera seriesof block budgets.For thelevel-basednethod the block
budgetincreaseightfolds whenthe level increasedy one. There-
fore, isolateddatapointsratherthanpolylinesareillustratedin both
gures. For bothdatasets,we canseethatthe MSE-basecand SNR-
basedLOD methodscould not outperformthe straightforvard level-
basedmethodin termsof thetradeof betweerLOD quality andblock
budget,althoughthelevel-basednethoddoesnotallow e xible block
budgets.For the RMI dataset,the MSE-basednethodperformscon-
sistentlybetterthanthe SNR-baseane. However, thisis notthecase
for the VisWomandataset,asthe two polylinesintertwinewith each
otherin Fig. 5. Another nding is thattheentrofy doesnotalwaysin-
creasdactuallydecreasesometimesyvith theincreaseof block bud-
get. Thisdoesnotindicatethe deterioratiorin renderedmagequality,
but rather alessbalancedlistribution of probabilityamongall thedata
blocks. In fact, we canimaginethis potentiallyleavesroomfor usto
improve theLOD quality (seeSection4.3) usingthe LOD map.

6.2 View Comparison

The quality of a given LOD canbe improved by adjustingthe view.
Similar to theideasof view selectionpresentedn [2, 20], theentropy
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(a) MSE-based67 blocks (b) entropy = 0:163

(c) level-based67 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) entrory = 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
givesan examplewherewe comparedifferentviews for a x edLOD
of the RMI dataset. The entropy increasessmoreinformationcon-
tentis recevedfrom Fig. 6 (a)to (d). Lookingatthesequencef LOD
maps,we canobsenre that the visibility of the LOD getsimproved
sincetheentireLOD mapis gettingbrighter Another nding fromthe
LOD mapsequencés thatsmallerblocksat the bottomof thevolume
correspondfo bluerectanglegsmalldistortion)attheupperright part
of Fig. 6 (a), andlarger blocksat the top of the volume corresponds
to redrectangleglargedistortion)in the LOD maps.Therelatie sta-

ble updateof the LOD mapallows usto detectsuchcorrespondences

betweenthe renderedlocksandthe 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 distortion and high contritution,
and joining datablocks with small distortion and low contritution,
we achieve a more balancedprobability distribution amongall data
blocks, andtherefore,increasethe entrogy of the LOD. Fig. 7 shov
two examplesof LOD adjustmenton the RMI and ViswWomandata
setswithin x edblock budgets.For the RMI dataset,we clearly see

some'hot spots”(largerectanglesvith brightredcolors)andacluster
of dark rectangleqoccludeddatablocks)in the LOD mapof Fig. 7
(a). In this example,we usedthe heuristicalgorithm(Section3.3) to
optimizethe LOD automatically The LOD map after adjustmenin
Fig. 7 (b) shavs a morebalancedesult. For the VisWomandataset,
hot spotsare poppingout in the LOD map of Fig. 7 (c). Although
thereareno darkrectanglesmary smallbluerectangleglusteratthe
lower-left cornerof the LOD map. The LOD quality is improved by
splitting thosehot spotsandjoining small blue rectangles.With the
assisiof a setof brushingtechniquegSection5), selectingsuchtarget
rectanglesn theLOD mapandperformingLOD adjustmenbecomes
asimpleandef cient task.

6.4 Budg et Control

As demonstrateth Fig. 4 and5, thecommonly-usedSE-basednd
SNR-based . OD selectionmethodsdo not performwell (in termsof
improving thequality of LOD) with theincreaseof block budget. This
givesus opportunitiesto control the block budget. Thatis, if sucha
LOD selectioralgorithmcouldnot optimizethequality of LOD under
acertainblock budget,couldwe insteadgive a LOD of similar quality
but with areducedlock budget?Generatingmagesof similar quality
with smallerbudgetsis appealingor large datavisualizationbecause
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before,90 blocks after, 90 blocks

(a)entropy = 0:192 (b) entropy = 0:386

before, 108 blocks after, 108 blocks

(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) entrogy = 0:448, 365blocks (b) entrofy = 0:476, 274 blocks

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 resourcesFig. 8 shavs anexampleof budget
controlonthe RMI dataset. By joining datablockswith low visibility
(darkrectanglespndimproving the overall distribution of resolution,
we reducethe block budgetby 25% while increasingthe entropy of
the LOD. This budgetcontrol doesnot affect the quality of rendered
image,astherenderingdeforeandafterthebudgetcontrolarealmost
identical.

7 DiscussIiON

As a re ection of what we stateat the beginning of the paper we
discusghe effectivenessandef ciency of our LOD mapapproacho
multiresolutionvolumevisualization.

7.1 Effectiveness

Usingentroyy, our LOD quality measuréecomes global quality in-
dex, i.e., it notonly indicatesthe quality of renderedmages but also
the probability distribution of all multiresolutiondatablocksin the

LOD. The probability takesinto accountthe distortionand contriku-
tion of datablocks. Therefore a high entrogy (gooddistribution) im-
pliesabalancedlistribution of resourcege.g. dataresolution) which
is not capturedby traditional LOD selectionmethods. Throughthe
mappingof key LOD ingredientdo atreemaprepresentationye cre-
atethe LOD mapasa visualinterfacefor LOD comparisorandval-
idation. The LOD mapis anintuitive representatioof LOD quality,
sincekey ingredientof a LOD aremappedo pre-attentie attributes
(color andsize of rectangles)n the LOD map. Integratinga heuris-
tic algorithmand a set of interactive techniquesijt alsosenesasa
corvenientuserinterfacefor visual dataexploration. Note that the
LOD map canbe manipulatedndependentlyand the actualrender
ing of datacould be deferreduntil a desiredLOD of good quality is
achieved. Theresultsin Section6 demonstratehat this visual inter-
faceis light-weightedand quite 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
changesThechoiceof whichlayoutshouldbeuseddepend®nwhich
layoutis morelik ely to keepthe pivot unchangedFor example,if the
view changesthemiddleitemin theLOD list is morelikely to remain
the same asopposedo the item with the largestarea. Therefore the
pivot-by-middlelayout shouldbe used. On the otherhand,if a LOD
undegoesary join or split operationsthenthe pivot-by-sizelayout
shouldbe used,sincethe item with the largestareain the LOD list
is morelikely to keepunchangedatherthanthe middle item. This
simplerule provesvery effective in maintainingsmoothupdateof the
LOD map.

7.2 Efcienc y

In orderto generatehe LOD mapin real time, we needquick up-
dateof the distortion D and contritution C for multiresolutiondata
blocks. In this paper we calculateD in the roughly perceptually-
uniform CIELUV color spacgnotethatin thiscaseD depend®nthe
input color andopacitytransferfunction). Similar to errorcalculation
in [11], we pre-computendstoresummarytablesto ensurereal-time
updateof the distortionD. The summarytablesarethe histogramta-
ble (frequeny of quantizedscalarvalues)and correspondenceable
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(frequeng of pairs of quantizedscalarvaluesin the parentand its
child blocks)for eachdatablockin the multiresolutiondatahierarcly.
A zigzagrun-lengthencodingschemes usedto reducethe storage
overheadandfacilitate the table lookup at run time. During the ren-
dering,we canrecomputehe distortionwithin seconddor large data
sets(suchasthe 7:5GB RMI dataset)wheneer the transferfunction
changes.

On the otherhand,the quick updateof the contritution C requires
real-timeestimateof thevisibility (Eqn.5). Here,theessentiatjues-
tion is how to calculatethe visibility of mary datablocks quickly,
givenaninput occlusionmap. Our solutionis basedon summedarea
tables(SATs), which take the occlusionmapasthe input. We utilize
the GPU to estimatethe averagevisibility. The GPU implementa-
tion builds the SATs in passesvith the supportof frametuffer objects
(GL_EXT_framebuffer_object ). Gettingthe averagevisibility
for ablockis performecby afragmentprogramthatlooksup four cor
nersof its projectionin the SATSs. In this way, thevisibility for all the
datablockscanbe evaluatedinteractively at runtime. For instancejt
only takesaround0:2 secondo updatethe visibility of thousand®of
datablocksfor the RMI dataset.We referreadergo [23] for thealgo-
rithm, implementationandperformancef our summarytablescheme
andGPU-basedisibility estimation.

The efciency of our LOD mapis thus ensuredwith a real-time
updateof the distortionD andcontrikution C. Our experimentsshow
thatatruntime whenwe changeheview or performLOD adjustment,
theentrofy andthe LOD mapcanbe updatednteractively for aLOD
consistingof up to thousand®f datablocks (a typical magnitudefor
our multiresolutiondatahierarchies).

8 CONCLUSION AND FUTURE WORK

We have presentec new LOD quality measuraisingentrogy andits

visual representatiomisingthe LOD mapfor multiresolutionvolume
visualization. Leveragingthis quality measureand visual interface,
it becomemot 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 generalizedand
appliedto explore othersolutionspaceshatexhibit similar properties
asthe LOD optimizationproblem.

TheLOD mapcouldcarrymorecustomizednformationfor aLOD.
For example, if the userwantsto inspecthow the transferfunction
contentsof datablocksvary from their scalar eld contentswe can
addshadingto the rectanglesn the LOD mapto indicatethis. Tex-
ture could also be appliedto the LOD mapto represensomeother
informationof interest.Userstudyalongthis direction,suchasinves-
tigating how mary channelghe usercanperceve easilyin the LOD
mapwithoutinformationoverload,is necessaryin thefuture,we also
would lik e to extend our approactto multiresolutionvisualizationof
large-scaldime-varyingdata.
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