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Abstract—For large volume visualization, an image-based
quality metric is dif cult to incorporate for level-of-detail selec-
tion and rendering without sacri cing the interactivity. This is
becauseit is usually time-consuming to update view-dependent
information as well as adjust to transfer function changes.In
this paper, we intr oduce an image-basedlevel-of-detail selection
algorithm for interactive visualization of large volumetric data.
The designof our quality metric is basedon an ef cient way to
evaluate the contribution of multir esolution data blocks to the
nal image. To ensure real-time update of the quality metric
and interactive level-of-detail decisions,we proposea summary
table schemein responseto run-time transfer function changes,
and a GPU-basedsolution for visibility estimation. Experimental
resultson large scienti ¢ and medical data setsdemonstrate the
effectivenessand ef ciency of our algorithm.

Index Terms— Data compaction and compression, perceptual
reasoning,viewing algorithms, interaction techniques,hierarchi-
cal image representation,volume visualization.

I. INTRODUCTION

IRECT volume renderingwith hardware texture map-

ping has becomea standardtechniquefor visualizing
three-dimensionakcalar elds from scientic and medical
applications.An increasingnumberof theseapplicationsare
now producinglarge-scaledata sets,ranging from gigabytes
to terabytesOne exampleis the Visible Woman (VisWoman)
datasetwith resolutionof 512 512 1728from TheNational
Library of Medicine,generateds part of the Visible Human
Project. Another example is the RichtmyerMeshlov Insta-
bility (RMI) simulation performedat Lawrence Livermore
NationalLaboratory The simulationwasexecutedon a 2048
2048 1920rectilineargrid, andit produced?.5 gigabytesof
dataat eachtime step.

While it is commonfor the domain scientiststo gener
ate enormousamount of data, the size of video memory
in the state-of-the-arhigh-end graphicshardware is limited
to only several hundred megabytes. This disparity severely
challengesbrute-forcecornventional hardware-texturing based
volumerenderingapproachesNew visualizationsystemsthat
canscaleadequatelyandensurea high level of interactvity are
needed.Among several alternatves, multiresolution volume
rendering[13], [17], [31] is a solution that can reducethe
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renderingcostdramatically To performinteractive renderinga
multiresolutiondatahierarcty composedf multiple spatially
partitioned blocks is rst created.At run time, as the user
navigatesthrough the hierarcly, various amountsof data at
different levels of detail can be extracted and usedfor the
rendering.

Often,suchalevel-of-detail(LOD) is determinedby various
userspeci ed parameterssuchasthetoleranceof errorsbased
on certain data-dependeninetrics [1], [19], [29], different
view-dependenparameter$l?], [21], or both[12], [13], [22],
[32]. In generalthesemetricscanbe classi ed asdata-based
and image-basedmetrics. Data-basedmetrics measurethe
distortionbetweeriow andhigh (or full) resolutiondatablocks
in the volume. The mostwidely useddata-basednetricsare
meansquae error (MSE), L2-norm, and signal-to-noiseratio
(SNR). Thesemetrics have clear physical meaningsand are
simpleto compute.However, they are usually not effective in
predictingthe quality of therenderedmagesdueto thelack of
correlationbetweendataand image,asindicatedin [7], [15],
[22], [27], [30]. Image-basednetrics focus on the ultimate
imagesthe user perceves, and strive to capturethe quality
loss in the renderedimages introduced by rendering low
resolutiondata.Thesemetricsareintrinsically view-dependent
and more dif cult to develop in conjunctionwith interactie
LOD selectionsfor large volume visualization. The major
challengdies in designinganimage-basednetric for quality-
driven LOD selection,andupdatingthe metric fastenoughas
not to harmthe interactvity.

In this paper we presentan interactve LOD selectionand
renderingalgorithm using an image-basedjuality metric for
visualizing large volumetric data. The main contrikutions of
our paperare:

We introduceanimage-spacenodelfor the quality metric
design,basedon an ef cient way to evaluatethe impor-

tancevaluesof coarse-grainechultiresolutiondatablocks
onthe nal image.Fig. 1 shavs a comparisorof the LOD

renderingof the VisWoman data set using our image-
basedquality metric and the MSE-basedand SNRMSE-
based(MSE of SNR) metrics. Unlike traditional LOD

selectionalgorithmsusing data-basednetrics, our LOD

selectionalgorithm capturesthe structural distortion of

the data and generatesmagesof better visual quality

undersimilar block budgets.

Our methodis adaptve to changesof the input transfer
function.We utilize a zigzagrun-lengthencodingscheme
to store summary tables of data blocks in the mul-
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Fig. 1.

(a) shavs a zoomto the upperskeletonof the VisWomandataset, renderedwith full resolution.(b) (MSE-based36 blocks), (c)

(SNRMSE-based37 blocks),and (d) (image-based34 blocks) shav a closerzoomto the spinewhile renderedn low resolution.

tiresolution hierarcly with very small storageoverhead
(around1% of the original volumedata).During the run-

time rendering,we can updatethe quality metric within

seconddor large datasetswheneer the transferfunction
changesat run time.

Based on summedarea tables (SATS), we proposea
GPU reductionschemethat can ef ciently perform the
visibility estimationfor multiresolutiondatablocks, en-
suring real-time update of view-dependentinformation
andinteractve LOD selection.

The remainderof the paperis structuredas follows. First,
we presentbackgroundandreview relatedwork in Sectionll.
In Sectionlll, we briey introduceour multiresolutiondata
representatiorfor large three-dimensionatlata sets.In Sec-
tion 1V, we describeour multiresolutionLOD selectionand
renderingalgorithmin detail. Experimentalevidenceshaving
the visual quality gain using our image-based.OD selection
over data-basednesis provided in SectionV. The paperis
concludedin SectionVI with future work for our research.

Il. BACKGROUND AND RELATED WORK
A. Badground

Multiresolution Data Repesentation:Building a multires-
olution data hierarcly allows the user to visualize data at
different scales,and balanceimage quality and computation
speedA numberof techniquehave beendevelopedto provide
hierarchicaldata representatiorfor volumetric data, such as
the Laplacian pyramid [9], multi-dimensionaltrees[32], and
octree-basetlierarchieq1], [17]. Muraki [25] rst introduced
the useof wavelettransformdor volumetricdata.Westermann
[31] presenteda framework for approximatingthe volume
renderingintegral using multiresolution spacesand wavelet
projections. More recently Guthe et al. [13] presenteda
wavelet-encodedhierarchicalrepresentatiorfor large volume
data setsthat supportsinteractve walkthroughson a single
commodity PC.

Image-BasedQuality Measuement:The lack of correlation
betweenthe type of error in an image and the responseof
the humanvisual system(HVS) to different types of errors
promptedresearcherso develop image-basednetrics.Jacobs
et al. [15] introducedan image-querymetric for searching
in an image databaseusing a query image similar to the
intended target. The metric makes use of multiresolution

waveletdecompositionsf the queryanddatabasémagesand
operate®nthe coefcients of thesedecompositiongGaddipati
et al. [7] presenteda wavelet-basedmetric which captures
the changein imageswrought by operatorsand the image
synthesisalgorithms. Sahasraldhe et al. [27] proposeda
guantitatve techniquewhich accentuatedifferencesn images
and datasetsthrougha collection of partial metrics.A study
of differentimage comparisonmetrics, categorizedinto spa-
tial domain,spatial-frequenc domain,andperceptually-based
metrics,waspresentedn [33]. Alternatively, Wanget al. [30]
proposedthe use of structural similarity for the design of
image quality measuresExperimentalresultsshav that their
Structual Similarity Index simulatesthe responsef the HVS
with low computationcost.

In the contet of large volume visualization, an image-
basedmetricis dif cult to incorporatebecausef thefollowing
reasonsFirst, image-basednetricsneedto considerrun-time
information, such as the viewing, projection, and occlusion.
Unlike mostdata-basednetricswhich canbe easilycomputed
in a preprocessingstage,to get view-dependentocclusion
informationfor a large dataset,onehasto resortto eitherso-
phisticatedprecomputatiorwith considerableverhead8], or
run-time calculationwith roughapproximation[12]. Next, the
usermay adjustthe transferfunction during the renderingin
orderto reveal differentfeaturesImage-baseanetricsshould
be adaptve to run-time transfer function changes.Previous
work on large data visualization usually assumeghe input
transferfunctionis x ed, or is limited to a family of transfer
functionsconsistingof a seriesof basisfunctions[8]. Last,the
humanobserer plays a centralrole in perceving the image
quality. Therefore,image-basednetricsshouldalso take into
accounthumanperception[28] in the visualizationprocess.
The factors needto be consideredinclude the perception
of distance,coverage, shape,color, occlusion, texture, and
lighting. In this paper we integrate an image-basedjuality
metric into the multiresolutionLOD selectionand rendering
framework.

Visibility Computation:To acceleratehe processof image
generation,visibility culling has long been emplosed [2]
in renderinglarge polygonal models as well as volumetric
data sets. Klosowski and Silva [16] introduced the time-
critical Prioritized-LayeedProjection(PLP)algorithmfor fast
renderingof high depth complity scenesusing a solidity-
basedmetric for visibility estimation.A similar approachthat
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TABLE |
THE COMPARISON OF THE THREE APPROACHES.

approach Gutheet al. [12]

Ljung etal. [22]

our approach

data hierarchy octree-based

at block-based

octree-based

error evaluation RGB, usemax error

CIELUV, MSE-based

CIELUV, imagequality measure

block projection projectionsize

not considered

luminance projectionsize, thickness

visibility estimation || assumeuniform opacity
occlusiononly

raycasting,CPU

usesimpli ed histogram
occlusiononly
raycasting,CPU

uselow resolutiondata
emission+ occlusion
SAT, GPU

transfer function not adaptve

adaptve, 12-level simpli ed histogram

adaptve, 256-level histogram

integrates occlusion culling with view-dependentrendering
wasgivenin [4]. Gaoetal. [8] proposeda PlenopticOpacity

Function (POF) scheme which encodesthe view-dependent
opacity of a volume block for visibility culling of large

volume data. Utilizing visibility information for multiresolu-

tion volume renderinghas not beenwidely studied,nor has

the potential of using programmablegraphicshardware for

visibility estimationbeenfully explored.

B. Related\Work

Two recent methodshave been proposedfor error mea-
surementand visibility calculationwithin the multiresolution
volume rendering framevork. Guthe et al. [12] presented
several improvementson compressiorbasedmultiresolution
renderingof large datasetsto speedup the volumerendering
processThescreen-spacerrorwasmeasureésthe maximum
error producedby each block multiplied by its projection
size. The maximum error was calculatedby simply adding
the differencesof RGB color and opacity componentsrather
than more correct opacity-modulateccolor differences.The
visibility estimationwas performedfor empty spaceskipping
and occlusionculling to speedup the rendering.They took a
conserative way of visibility testing,andassumed uniform
opacity for each data block for very rough approximation.
Ljung et al. [22] focusedon incorporatingtransferfunction
into adaptve decompressiomf volume datafor multiresolu-
tion volumerendering.Similar to [21], they took a at block-
basedvolume decompositionapproach.At the compression
stagethey calculatedhe meta-datdor eachblock: theaverage
scalarvalue,theroot-mean-squa (RMS) waveletcoefcients,
anda simpli ed histogram.The error metric was basedon a
simpli ed versionof MSE in the CIELUV space.To account
for occlusion,a low resolutionray-castingrenderemwas used
to estimatethe averageopacity of eachblock, followed by
empirical testsfor approximatingthe simpli ed discreteren-
dering equationwith no emissionfactor

In our work, the goal is to incorporatean image-based
quality metric for multiresolutionvolume renderingof large
datasets.Thus,our mainfocusis on quality-driveninteractive
LOD selection ratherthancompressiorbasedrendering[12],
or transfer function baseddecompressiorf22]. To achieve
this goal, we proposemuch more re ned solutionsat each
stepof our algorithm. Our image-basedjuality metric takes
into accountthe emissionas well as the occlusion of the
multiresolution data blocks, and is more accuratethan the
simpli ed onesin [12] and[22]. We presenta summarytable

schemeto accountfor the run-time transferfunction change
with much higher precision (256-level histogram)than the
one (12-level simpli ed histogram)in [22]. Using simpli ed

histogram has the risk of missing important details in the
data.Therefore,our re ned solutionis moresuitablefor large
data setswith high dynamic range.Our schemeallows one
to updatethe errorsfor a large volume of size around1024
within secondsAlso, we introduce a GPU-basedreduction
schemefor getting estimatedvisibility for the datablocksin

real time, while both of thosemethodsin [12] and[22] used
only the softwareraycastingapproachWe uselow resolution
data for visibility estimation,which is more exact than just
assuminga uniform opacity [12] or taking the simpli ed

histogram[22] for eachblock. In Table |, we list the major
differenceshetweenour approachandthe two relatedones.

I1l. MULTIRESOLUTION DATA HIERARCHY

To build a multiresolutiondatahierarcly from alarge three-
dimensionadataset,we usewavelettransformgo corvertthe
datainto a hierarchicalmultiresolutionrepresentationcalled
the wavelettree [13]. The wavelet tree constructionalgorithm
startswith subdviding the original 3D volumeinto a sequence
of blocks with the samesize (assumingeachhasN voxels).
Theseraw volume blocks form the leaf nodesof the wavelet
tree.After performinga 3D wavelettransformon eachblock, a
low-passltered subblockof sizeN=8 andwaveletcoefcients
of size 7N=8 are produced.The low-pass ltered subblocks
from eightadjacenteaf nodesin the wavelettreearegrouped
into a single block of N voxels, which becomesthe low
resolutiondatastoredin the parentnode.We recursvely apply
this 3D wavelettransformand subblockgroupingprocessn a
bottom-upmannettill the root of the treeis reachedwherea
single block of size N is usedto representhe entire volume.
To reducethe size of the coefcients storedin the wavelet
tree,thewaveletcoefcients in eachtreenodearesetto zeroif
they aresmallerthana userspeci ed threshold Thesewavelet
coefcients are then compressedising run-length encoding
combinedwith a x ed Huffman encoder Note that in the
wavelettree,themultiresolutiondatablocksassociateavith all
thetreenodeshave dataof the samesize,whichis N. However,
the spatialresolutionsthey representnay vary, dependingon
which level of the tree the correspondinghodeslie on.

Coupledwith the constructionof the wavelettree, multires-
olution error e is evaluatedfor eachof the tree nodes.We
calculatethe error asthe summationof the errorsbetweenthe
parentblock and its eight immediatechild blocks. We also



take into accountthe maximumerror of the child blocks, as
an approximationof the error betweenthe parentblock and
the original full-resolutiondatablock it representsWiritten in
equation:

aj+ max /-9 1)

0

Qo

& =

I

whereq; is the voxel-wise error betweenparentblock b; and
its jth child block b; (Note that b; contritutes one eighth of
the low-pass ltered datato bj. For eachvoxel valuein bj,
we linearly interpolateits correspondingvalue from its low-
pass ltered datain bj.); &, and &, are the multiresolution
errorsof blocks bj andb; respectiely. As a specialcase,if
block b; is associatedvith a leaf nodein the hierarcly, we
de ne its errorasa small constaniC. Dependingon the need,
g; canbe calculatedin differentways. For example,we can
directly calculateit in the scalardata spaceusing MSE or
SNRMSE (MSE of SNR), or in the RGB or the CIELUV
color space.The multiresolutionerrorsin the datahierarcly
arethen normalizedfor our use.

IV. LOD SELECTION AND RENDERING ALGORITHM

Our multiresolutionLOD selectionandrenderingalgorithm
optimizesthe quality of renderedmagesthroughthe useof an
image-basedjuality metric. Our quality metric evaluatesthe
importancevaluesof multiresolutiondatablocksby examining
the contritution of datablocksto the nal image,basedonthe
discretizedvolumerenderingintegral (DVRI). The evaluation
approximatesthe emissionof eachblock, as well as takes
into accountthe occlusioncausedby the blocks in front of
it. To capturethe multiresolution error in the data hierar
chy, we modulatethe importancevalue with the distortion
betweenlow and high resolution data blocks, calculatedin
theroughly perceptually-unifornCIEL u v (CIELUV) color
space.To ensurea real-timeupdateof the quality metric, we
proposea summarytable schemeo respondo changef the
transferfunction, and a GPU reductionschemefor visibility
estimation.At run time, for a given viewing direction, the
LOD selectionis made basedon a priority queue scheme
utilizing the importancevalues of multiresolutionblocks as
their priority values.The wavelet tree traversalmaintainsthe
LOD asa cutthroughthe hierarcly, andtheimportancevalues
dictate the sequenceof LOD re nements.A certain number
of blocksup to a userspeci ed budgetare extractedand sent
to the texture hardware for rendering.

A. WolumeRenderinglntegral

According to the emission-absorptiomptical model [23],
thevolumerenderingintegral (VRI) thatcalculategsheamount
of light | alonga viewing ray r throughthe volumeis given

by:
Zp Z
Iy = . (s(x(1))) exp( o t(sx(!9) dIyd (2

where s(x(/ )) is the scalarvalue at position %(/ ) in the
volume, parameterizedby the distancel/ to the viewpoint;
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&(s) is the volume sourceterm or intensity; t(s) de nes the
attenuatiorfunction.

In generalthe VRI cannotbe evaluatedanalytically There-
fore, practicalvolumerenderingalgorithmsdiscretizethe VRI
by numericalapproximationUsing Riemannsumfor n equal
ray sgmentsof length D=n, and further approximatingthe
exponential function with the rst two terms of the Taylor
series expansion,we get the discretized volume rendering
integral (DVRI) [24], alsoknown asthe compositingequation
[20]:

n i1
=8 c)a@ 00 as) ©)
i =

=0
where ¢(s) and a(s) de ne the color and opacity transfer
function. This equationdenotesthat at eachdiscretesample
position i along the viewing ray r in the volume, light is

emitted accordingto the term c(s)a(s), which is absorbed
by the volume at all positionsalongr in front of i according
to the term a(s;j). Eqgn. 3 senes as the foundationfor our
designof importancevaluesfor multiresolutiondatablocks.

B. ImportanceValue Design

The DVRI in Eqgn. 3 evaluatesthe amountof light visible
to the eye on a perray basis.It is also possibleto look at
the equationon a perslice basis,which leadsto the popular
slice-basedcompositingtechniquefor volume rendering.In
this paper the underlying entity for our LOD selectionand
renderingalgorithmis a datablock. Therefore we evaluatethe
importancevaluesof multiresolutiondatablocks by approxi-
mating Eqn. 3 on a perblock basis.The importancevalue of
a datablock b alongthe viewing directionr is calculatedas
follows:

Ib=(c(ma(m t (4)

where m is the mean scalar data value of block b; c(m)
and a(m de ne the color and opacity transferfunction (we
actuallycalculatethe magnitudeof its correspondin@CIELUV
color); t is the averagethickness(the length of the viewing
ray segmentinside the block) of block b; a is the screen
projectionareaof the block, and n is its estimatedvisibility.
Similar to Eqgn. 3, here ((c(ma(m) t a) approximateshe
emissionof block b along direction r, and n accountsfor
the attenuation.Given a viewing direction r, I, essentially
evaluatesthe contritution of block b to the nal image.

If we recordthe meanscalarvalue mof eachblock during
the constructionof the multiresolutiondatahierarcly, we can
quickly computec(nm) and a(m) on the y. Also, given a
viewing directionr, the averagethicknesg andprojectionarea
a of a block can be easily calculatedat run time. However,
to obtain the estimatedvisibility n of a block interactvely
is non-trivial, and we will describeour real-time GPU-based
solutionin SectionlV-E.

Even if two multiresolution data blocks have the same
approximateemissionand absorptionterms, the distortions
betweerthe blocksandtheir childrencanbe different. Taking

a n
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into accountthe relative distortion, we modulatethe impor
tance value with the multiresolution error betweenlow and
high resolutiondatablocks. Eqn. 4 becomes:

Ib=(c(ma(m e t (5)

where e is the distortion betweenblock b and its higher
resolutionchild blocks, normalizedto [0; 1]. The motivation
behind this modulation is that if a block contains larger
distortion, then it should receive a higher priority value for
LOD re nements.

a n

C. MultiresolutionError Evaluation

Previously, researcherbave proposedvariouswaysto cal-
culatethe multiresolutionerror e in the scalardataspace[1],
[19], [29], andin the RGB [5], [12] or the CIELUV [22] color
space.In this paper we take an image-spacepproachand
opt to evaluatethe multiresolutionerror in the perceptually-
adaptedCIELUV color space assuggestedy Glassnef10].

Let us considertwo datablocks bj and bj, whereb; is an
immediate child block of b;. We de ne the multiresolution
error betweenb; andb; asfollows:

2§i§j +C
where§;j; is the covariancebetweenb; andbj; i and i are
the meanvaluesof b; andb; respectiely; §; and §; arethe
standarddeviations of b; andb; respectiely (small constants
C; and C, are includedto avoid instability when i and
;S arevery closeto zero):

N
= N 1él(x|k m) (% )

()

1

m a (Xix

§i= m)? ; m?: (8)

1= N 1
Here,N is the numberof voxelsin the block, andX is the

volume sourceterm. Using Eqn. 1 and 6, we can calculate
the multiresolutionerror for eachtree node as we build up

the multiresolution data hierarcly. Eqn. 6 consistsof three
parts,namely covariance luminancedistortion and contrast
distortion The rst part is the covariance betweenb; and
bj, which measureshe degree of linear correlationbetween
the two blocks (§j; is always non-nejative sincewe actually
calculateit basedon the CIELUV color differencesof the
pairs (Xi; ) and (Xjx; M), as explainedin Eqn. 9 and 10).

Eventhoughb; andb; arelinearly related therestill might be
relative distortionsbetweerthem.Thereforewe addtwo more
partsto the equation.The secondone,measurefiow closethe
meanluminanceis betweenb; andbj. The minimum value of

1.0 is achieved if and only if i3 = . On the other hand,
§i and §; can be viewed as estimateof the contrastof b

and bj, so the third part measureow similar the contrasts
of the two blocks are. Also, the minimum value of 1.0 is

achievedif andonly if §; = §;. Collectively, thesethreeparts
capturethe distortion betweenthe two blocks. The luminance
distortionandcontrastdistortionareoriginally from theimage

quality assessmediterature[30], and have beenshavn to be
consistentwith the luminancemaskingand contrastmasking
featuresin the HVS respectiely.

Oneshouldnoticethat the input sourceterms,X and m are
CIELUV color values,ratherthan original scalardatavalues.
Accordingly we de ne X i asfollows (Xjx M canbe
de ned similarly):

Xk M= DE(f(crgn(Xik)a(xik)); f(cgp(m)a(m)))  (9)
wherex is the scalardatavalue at the kth voxel positionin
block bj; m is the meanscalarvalue of bj; ¢,gp anda de ne
the color and opacity transferfunction; f is the function that
corverts an RGB color to its CIELUV color [6]; DE is the
Euclideandistancebetweena pair of colors speci ed in the
CIELUV color space:

p
DE= DL2+ Du2+ Dv2 (10)

whereDL , Du , andDv arethedifferencesof L , u, andv
componentgor the pair of CIELUV colors.

D. SummaryTable Sheme

As we can see,the calculationof multiresolutionerror g
in Egn. 6 requiresthe input of the color and opacity transfer
function (Egn. 9). At run time, whenever the useradjuststhe
transferfunction, the multiresolutionerrorsin the entire data
hierarcly have to be recomputedall over again. This entailsa
considerableamountof computationoverheadand makes the
whole LOD selectionand renderingprocessnon-interactre.
In the following, we describea summarytable schemethat
ensuregeal-time updateof the errorsin responseo transfer
function changes.

Our summarytable schemeis basedon the obseration
that, for large data sets, the size of the datarangeis often
mary ordersof magnitudesmallerthanthe numberof voxels
in the volume. For instance the RMI datasetis byte (8-bit)
datawith a datarangesize of 256. However, the numberof
voxelsin thevolumeis 2048 2048 1920.Thereforejnstead
of calculatingEqgn. 7 and 8 by going throughthe individual
voxels, it sufces to count the frequenciesof unique error
terms, which is much faster(similar obsenations have been
madeand utilized in [5], [18]). In the caseof byte data,there
are256° = 65536combinationdor Sij, andonly 256 casedor
i or §;. To computethe error, ratherthan addingindividual
errortermsvoxel by voxel, we addthe productsof eachunique
error term andthe frequeng of thatterm.

To realizethis, rst of all, for eachof the datablocks at
the multiresolutionhierarcly, we precomputehe meanscalar
value m andkeepa local histagram table H (256 entries):

m=H (x)

wherex; is the scalarvalue, m is the frequeng of x; in the
block.

Next, for eachdatablock associatedvith a non-leafnodein
the hierarcly, we keepa local correspondenceéable C (65536
entries):



m= C (X; X;)

where x; is the scalar data value in the current (parent)
block; x; is the datavaluein oneif its eightimmediatechild
blocks; m is the frequeng of the datapair. We refer to these
histogramandcorrespondenceblesassummarnytables They
are createdduring the constructionof the datahierarcly and
are precomputedonly once. Besidesthis, we keep a global
distancetable D (1+ 2+ :::+ 255= 32640entries):

DE = D (xi; Xj)

wherex; andx; arescalardatavalues,andx; < x;; DE is the
distancebetweenx; andx; in the CIELUV color space.

Finally, we keepa global functiontable F (the numberof
entriesin the transferfunction, usually 256):

Luv = F (rgha)

where rgha is the RGB color and opacity in the current
transferfunction,L u v is the correspondindCIELUV color.
The global distancetable and function table are initialized at
run time and are updatedwhenthe transferfunction changes.
At run time, we can quickly calculatethe multiresolution
error e for eachblock using Eqn. 1 and 6-10, by looking up
the meanscalarvalue mandsummarytables(H andC) stored
in eachof the blocks, as well asthe global distancetable D
andfunctiontableF. The lookup relationshipsare asfollows:

mm  mF;
$i; S| H;F;
§ij C;D:

Wheneer the user changesthe transfer function, only the
global distancetable and function table needupdate.

For datasetsotherthanbyte data,quantizationis necessary
in order to reducethe size of summarytables (otherwise,
the size of thesetablescould be even larger than the size
of actualdatablocks,andthetime for error calculationwould
increasadramatically) For example,we canquantizehescalar
datarangeinto 256 levels either uniformly or basedon the
histogramof the whole dataset. In this way, the total size of
the summarytableswill remainsmall regardlessof the data
type of the input volume.

One can obsere that, usually there is a strong degree
of correlation betweenparentand child blocks in the data
hierarcly. This meansthat in the correspondencéable C,
when x; is closeto x; (i.e., the entry is close to the major
diagonalof the table),the frequeng m is large. m is smaller
actuallyoftenzero,if the entryis furtheraway from the major
diagonal. Leveragingthis obsenation, we can perform run-
length encodingon the correspondencéable C in a zigzag
manner asillustratedin Fig. 2. The zigzagrun-lengthencod-
ing not only reduceghe storageof correspondencebles,but
also improves the run-time performanceFor instance,using
the run-lengthencodedcorrespondenceablesC for the RMI
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Xj
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Fig. 2. Run-lengthencodingon the correspondencéable C in a
zigzag manner An example of an 8 8 table is shovn here.The
encodingstartsfrom the red circle, and follows the red arrows.

dataset,thetotal sizeof summarytablesreducedrom 208MB
to 44.1MB, andaccordinglythetime to updatemultiresolution
errorsdecreasefrom 43 secondgo 13 seconds.

E. GPU-BasedVisibility Estimation

Obtaining the exact visibility of the multiresolution data
blocks requiresrenderingthe blocks. This is similar to ren-
dering the entire hierarcly, which could be rather slow and
defeatsthe purposeof the visibility test. For coarse-grained
multiresolutionrendering,gettingan approximatevisibility of
a block sufces. In this scenario,the visibility computation
shouldbe doneprior to the actualrenderingof blocks.

drawn
— — —— undrawn

occlusion map

Fig. 3. Visibility estimationvia renderinga low resolutionof the
data.The visibility of a block is acquiredwhenits nearestvertex is
in-betweenthe currentslice andthe latestdravn one.

In our algorithm, we rendera low resolutionof the data
(for example, we can use the root of the data hierarcly)
by drawing front-to-back view-aligned slices, and evaluate
the approximatevisibility of all the blocks during the slice
drawing, as illustrated in Fig. 3. The visibility of a block
is computedas (1 a), where a is the avelage opacity
within the block's screenprojection on the occlusion map,
accumulatedight beforethe rst slice intersectingthe block
(a is consideredas the accumulatedpacity in front of that
block). Here we assumethe visibility of a data block is
independentof the resolutionsof all the occluding blocks
in front of it, becauseopacity correctionis performedto
compensatehe varying slice distanceswithin datablocks of
different resolutions.Note that a conserative way of taking
the minimumopacity commonlyusedin occlusionculling, is
unnecessaryFor occlusionculling, the decisionis to either
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renderor discarda block, and gettingthe minimum opacityis

crucial to avoid producingincorrectimagesby leaving holes.
For multiresolutionrendering,the whole volume is rendered
aryway, becausethe questionis to selectproper LODs for

different regions within the volume, ratherthanto renderor

discarda region. Therefore|t is reasonabléo getthe average
insteadof the minimum opacity

To computethe estimatedsisibility for a datablock, a naive
way is to readthe alphachannelof the framehuffer to an off-
screerbuffer aftera certainnumberof slicesarerenderedand
iterate throughthe pixels that the datablock projectsto and
obtain an averageof the opacities. This software approach
is slow due to the frameluffer readsfrom the GPU to the
CPU (refer to the timing in Table IV). The testingtime is
proportionalto the size of outputimagesand the numberof
pixels eachblock projectsto. To minimize the transferringof
pixels from the GPU to the CPU, we move all operations
to the GPU. Our GPU reduction schemeis basedon the
summedarea tables (SATs) [3]. The constructionof a SAT
is linearto the numberof pixels on the areabeingconsidered,
in our casethe whole rendering screen.However, it only
takes constanttime to retrieve the sum over ary rectangular
area, which is done in one addition and two subtractions.
This ts perfectlyin gettingthe correspondingaveragesrom
the projectionsof the blocks. We build the SATs in multiple
passeswith the supportof framehuffer objectshaving double
auxiliary buffers (seethe Appendix for the implementation
detail). Gettingthe estimatedvisibility for ablockis performed
by anotherfragmentprogramthatlooks up the four cornersof
its projectionin the outputauxiliary buffer holding the SAT.

Testingshaws thatthetime to performGPU-basedisibility
estimationis not nggligible. For instance with outputimage
resolutionof 512°, eachSAT takes around10msto compute
on annVidia GeForce7800GT graphicscard.In total, it took
about0.3 second(recall that we needto recomputethe SAT
wheneer a certainnumberof slicesof the low resolutiondata
aredrawn) to updatethe visibility of 10499non-emptyblocks
for the RMI data set. If we perform such a test for every
frame,thenthe framerate would be limited to around3.3fps.
To overcomethis constraintwe incorporatethe following two
stratgjiesto improve the renderingframerates.

First, the number of block budget the user speci es is
usually much smallerthan the total numberof blocksin the
data hierarcly. For sucha typical block budgetand a given
transfer function, normally a large portion of the updated
visibility of blocks farther away from the viewpoint (more
likely to be occludedfrom the blocksin front of them)never
gets a chanceto contritute to the current LOD decision.
Actually, for the RMI data set, tests shov that about 30-
50% of the total number of blocks fall into this category.
In view of this, we can only drav the front slicesup to a
certain percentageof the total numberof slices,and update
the correspondingyisibility of blocks that are closerto the
viewpoint. Any block whosevisibility is not updatedin this
run useswhatever it hasfrom the latestprevious run. In this
way, we can reducethe visibility estimationtime to around
0.18 secondfor the RMI dataset,if we only update60% of
the front slicesand blocks.

Secondthe visibility of the blocksonly changes little bit
if the view doesnot changegreatly Therefore,if the angle
betweenthe currentviewing directionandthe latestone with
the visibility updatedis lessthana thresholdangleq, we do
not updatethe visibility and usewhatever we have from the
latestrun. Otherwise,we needto updateagnin. Here, g is a
prede nedsmallangle(initialized to 5 degreesin our test),and
is adaptve to the zoomingof the dataduring the rendering.

By reducing the load to perform each run of visibility
estimationandthe frequeng of performingsuchestimations,
we canreusevisibility computatiorandutilize frameto frame
coherence,achiing smootherrendering and better frame
rates.

F. LOD Selectionand Rendering

At run time, the user speci es the number of blocks as
a budgetfor rendering.Given a viewing direction, the LOD
selectionis made basedon a priority queue scheme.The
priority valuesof blocksaretheirimportancevaluescalculated
accordingto Eqgn. 5 (wheren is updatedper view and e per
transfer function). Thus, a block with a higher importance
value is more likely to be selectedfor re nement during the
wavelet tree traversal. Constrainedby the given budget, the
traversal maintainsthe LOD as a cut through the multireso-
lution datahierarcly, and re nes the blocks on the cut in a
greedymanner

The LOD selectionand renderingworks as follows: First,
we initialize the priority queuewith the data block of the
lowest resolution, i.e., the root of the multiresolution data
hierarcly. Then, we successiely re ne the block with the
highestpriority value in the queueuntil the budgetis met.
The re nement is performedby deleting the block b with
the highestpriority value, updatingthe importancevaluesof
b's eight child blocks, andinsertingthe child blocksinto the
gueue.Finally, all the datablocksin the queueare sortedin
front-to-backviewing order Theseblocks are reconstructed,
if necessaryand sentto texture hardware for rendering.

As we may anticipatereusingmostof thereconstructedata
blocks for subsequenframesdue to the spatial locality and
coherenceaxploited by the multiresolutiondata hierarcly, it
is desirableto cachethe datablocks that have alreadybeen
reconstructedor better performanceThe usercan prede ne
a x ed amount of disk spaceand memory dedicatedfor
the caching purpose.Upon requestinga data block for the
rendering,we retrieve its data from memory provided the
block is cachedin main memory Otherwise we needto load
the datafrom disk if the reconstructediatablock is cached
on disk. If it is neithercachedin memorynor on disk, then
we needto reconstructthe datablock and load it into main
memory Whenthe systemruns shortof the available storage
for cachingthe reconstructedblocks, our replacemenscheme
will swap out a datablock that hasbeenvisited leastoften.

V. RESULTS AND DISCUSSION
A. Results

We experimentedwith our LOD selectionand rendering
algorithm on the Viswomanand RMI datasets,as listed in
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Fig. 4. Firstrow: (a) shavs an overviev and (b)-(e) shov a zoomto the pelvis. One can obsere that (d) (image-based?7 blocks, 8.29%
of full data)shavs moredetailsthan (b) (MSE-based80 blocks,8.61%)and(c) (SNRMSE-based/?9 blocks,8.50%).The referencemage
(e) is renderedwith full resolution(929 blocks).Secondrow: objective imagecomparisorin the CIELUV color space(f), (g), and(h) shav
the differencebetween(b) and(e), (c) and(e), and(d) and(e) respectiely. The color map (i) mapsDE to color. Third row: (j) and(k) shav
the numbersof blocks selectedn eachof the multiresolutionerror levels for (b) and (c) respectiely.

Tablell. Thedecisionfor the block sizewasbasedon the cost
of performingthe wavelet transformfor a single datablock,
andtherenderingoverheadfor nal imagegeneration\We ex-
tendedonevoxel overlappingboundariebetweemeighboring
blocksin eachdimensionwhen breakingthe original volume
datainto blocksin orderto produceseamlessendering.As a
result,both hierarchieshave a tree depthof six. For both data
sets, the Haar wavelet transformwith a lifting schemewas
usedto constructthe datahierarchiesA losslesscompression
schemewas usedwith the thresholdsetto zeroto compress
the waveletcoefcients. For LOD renderingwe comparedhe
imagesgeneratedusing our image-basedjuality metric and
two data-basednetrics: MSE and SNRMSE (MSE of SNR).
For the MSE-basedSNRMSE-basednetric,we directly used
the multiresolutionerror asthe importancevalue, while gj is
the MSE (SNRMSE)of the scalardatavaluesof blocksb; and
bj in Eqn. 1. Similar block budgetsweresetfor all threecases
for fair comparison.All testswere performedon a 3.0GHz
Intel Xeon processomwith 3GB main memory and an nVidia
GefForce 7800GT graphicscard with 256MB video memory

The rst row of Fig. 4 shows the LOD renderingof the
VisWomandatasetusingthe threemetrics.The full-resolution
referencemageis providedfor comparisonWe usedatransfer
function that highlights the skeleton.It can be obsered that

TABLE I
THE VISWOMAN AND RMI| DATA SETS.

data set (type) VisWoman (short) RMI (byte)
volume dimension 512 512 1728 | 2048 2048 1920
block dimension 32 32 64 128 128 64
volume (block) size || 864MB (128KB) 7.5GB (1IMB)
# non-empty blocks 9446 10499
compressionratio 2.37:1 5.60:1

whenwe renderedhe datain low resolution,the LOD selec-
tion using the image-basedjuality metric shovs more details
thanthe MSE-basecand SNRMSE-basedetrics.In Fig. 4 (j)
and (k), we comparethe numbersof blocks selectedin each
of the multiresolutionerror levels for (b) and (c) respectiely
(the multiresolutionerrors have beennormalized).Assuming
thatour multiresolutionerrorsareableto capturethe structural
distortion of the data,we caninfer that both MSE-basedand
SNRMSE-basednetrics perform much worse due to their
selectionsof not-so-highly prioritized multiresolution data
blocks. An objective image comparisonwas also conducted
to testify the visual quality gain obtainedusing our image-
basedquality metric. We calculatedthe pixel-wise differences
betweenthe low resolutionimageandthe referencemagein
the CIELUV color space.The differencethresholdDE  6:0
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and (c) (image-based55 blocks) shov a zoomto the centerof the

RMI dataset, while an overview is shavn in (d). (e) shavs the numbersof blocks renderedn eachof the ten visibility levels for (a)-(c)

Fig. 5. (a) (MSE-based55 blocks), (b) (SNRMSE-based55 blocks),
respectiely.
@) (b)

() (d) (e)

Fig. 6. (a) shavs the referencemagewith full resolution(1237blocks).(b) shaws the percentagef pixelswith DE  6:0 in the difference
imagesfor the three metrics, under ve different block budgets.(c)-(e) shov three differenceimagesnear 5%, as indicatedin (b): (c)

(MSE-based150 blocks),5.51%, (d) (SNRMSE-based] 28 blocks), 5

givesthe noticeablepixel distortion[22]. At the secondow of
Fig. 4, we shawv thesedifferenceimagesside by side.Clearly,
the oneswith the MSE-basedand SNRMSE-basedmetrics
containlarger visual distortion. Anotherrenderingexampleof
the VisWomandatasetis shavn in Fig. 1. We can seethat
theimage-basedlOD selectionshaws clearerstructuresalong
the spine.

Fig. 5 shawvs the LOD selectionand renderingof the RMI
dataset using the three metrics. We zoomedinto the center
of the dataand comparedne detailsafter an overvien. The
image-basedjuality metric takes into accountthe multireso-
lution error and visibility of eachdatablock, thus puts more
re nementeffort ontheblocksthathave largervisual contriku-
tion. Fig. 5 (e) shavs the numbersof blocksrenderedn each
of thetenvisibility levelsfor Fig. 5 (a)-(c) respectiely. As we
cansee,comparedvith the oneswith MSE andSNRMSE the
image-basedne selectedmore blocks with higher visibility.
Similar conclusionscan be dravn from Fig. 6, where the
image-basedjuality metric achievzes near5% noticeablepixel
distortion with a block budget of only 50, as opposedto
150 and 125 for the MSE-basedand SNRMSE-basednes
respectrely. To verify thatincluding estimatedvisibility n in

.48%,and (e) (image-based50 blocks),4.75%.

Eqn. 5 doeshelp in LOD selections,we testedour image-
basedLOD selectionalgorithm without and with visibility

information. The resultsin Fig. 7 shav that addingvisibility

informationin the LOD selectionleadsto morere nementon
blocks closerto the viewpoint and with higher visibility. All

the resultsin Fig. 1 and4-7 con rm the effectivenessof our
image-based OD selectionalgorithm.

We also experimentedwith our summarytable schemefor
updatingthe multiresolutionerrors.With 256-level histograms
andtransferfunctions,the statisticsis shavn in Tablelll. For
both datasets the zigzagrun-lengthencodingschemeakesat
least70% lesstime to updatethe multiresolutionerrorswith
much smaller storageoverheadthan the one with no coding.
Thesummarytableschemeprovedvery ef cient in responséo
thetransferfunctionchangewith negligible storageoverhead.
A renderingexample of the VisWomandatasetis shaovn in
Fig. 8, whereadifferenttransferfunctionwasusedto highlight
both the skin and the skeleton.We zoomedinto the left foot
and renderedin closeto full resolution.The three methods
generatedsimilar results as we approachedull resolution.
Still, it canbe seenthatthe MSE-basednethodcontainsmuch
noise coming from the 3D test bed surroundingthe cadaer
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(d) (e)

Fig. 7. (a) shavs a zoomto the kneejoints of the VisWomandataset, renderedwith full resolution(1033blocks). (b) (w/o visibility, 156
blocks)and(c) (with visibility, 154 blocks)shav the differentimages.(d) (w/o visibility, 37 blocks)and (e) (with visibility, 32blocks)shav
a zoomof the RMI datasetwith block boundariedrawn to illustrate different LODs.

TABLE 1lI
THE STATISTICS OF SUMMARY TABLE SCHEMES.

[ | no encoding | zigzagrun-length encoding |
data set space(overhead) | update time | space(overhead) | update time
VisWoman || 175MB (20.25%) 34s 9.22MB (1.07%) 5s
RMI 208MB (2.71%) 43s 44.1MB (0.57%) 13s

(a) (b)

Fig. 8.

© (d)

(a) (MSE-based;107 blocks), (b) (SNRMSE-based]08 blocks), and (c) (image-based]l06 blocks) shav a zoomto the left foot,

renderedcloseto full resolution.The referenceimage(d) is renderedwith full resolution(151 blocks). White framesare drawvn in (a) and

(b) to indicatesomeof the differences.

(the blocks correspondingo the test bed have larger MSEs
yet less visual importancethan the blocks correspondingo
the foot.). Although the SNRMSE-basedne generateshe
resultwith the leastnoise,it leaves someportion renderedn
lower resolution,which is discernablewhen comparedwith
the referencemage.

After applying the two stratgies on visibility estimation
for improving the performancgSectionlV-E), we compared
thetiming of visibility estimationfor CPUandGPU solutions.
We evaluatecthe visibility of the multiresolutionblocksin the
datahierarcly for a wide variety of block budgets(from 10
to 11000),togetherwith differentcombinationf translation,
scale,and rotation. Table IV gives the upperboundsof the
timing for thetwo datasetswith four outputimageresolutions.
The timing resultsshav that the solution with the GPU is
aboutthreeto four timesfasterthanthe CPU one.

B. Discussion

Comparedwith the traditional MSE-basedand SNRMSE-
based metric, our experience shavs that for most of the
casestheimage-baseduality metricgivesLODs bettervisual

quality. This is especiallytrue whenthe block budgetis small
(usuallybelonv 20%) comparedwith the numberof blocksfor
full resolution.As one graduallyincreaseshe block budget,
thethreemetricsgeneratecloserresultsasexpected However,
asshavn in Fig. 8, we still get someimprovementover the
data-basednetrics.Our image-basedjuality metric performs
quite well evenwhenthe datacontainsnoise.For example,the
VisWomandatasetcontainsnoisefrom the 3D testbed.Fig. 4
shaws thatthe image-basedjuality metricis insensitve to the
noise and capturesthe structuraldistortion of the data,since
more re nement effort was put on the blocks corresponding
to the pelvis. This resultis consistentwith the image quality
measurausingstructuralsimilarity [30]. Finally, we compared
our image-basedguality metric with Guthes screen-space
metric (refer to Sectionll-B). We usedthe sameestimated
visibility with animplementatiorof the screen-spacerrorand
testedboth datasets.The resultsin Fig. 9 shov the advantage
of our image-basedjuality metric over the screen-spacerror
metric.

Our summarytable schemeworks well when the space
overheadfor storing the tablesis small, comparedwith the
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TABLE IV
THE TIMING OF VISIBILITY ESTIMATION WITH DIFFERENT OUTPUT IMAGE RESOLUTIONS.

[ | VisWoman ]

image resolution || CPU | draw | FBread | getavg || GPU draw SAT
256 256 0.219s| 8.72% | 63.37% | 27.91% || 0.072s| 9.72% | 90.28%
512 512 0.578s| 3.84% | 58.59% | 37.57% || 0.151s| 17.21% | 82.79%
768 768 1.078s| 2.56% | 52.96% | 44.48% || 0.312s| 17.63% | 82.37%
1024 1024 1.531s| 1.79% | 42.83% | 55.38% || 0.487s| 21.56% | 78.44%

l | RMI |
256 256 0.359s| 6.41% | 56.02% | 37.57% || 0.103s| 9.71% | 90.29%
512 512 0.828s| 3.53% | 52.16% | 44.31% || 0.185s| 17.84% | 82.16%
768 768 1.594s| 2.09% | 44.30% | 53.61% || 0.372s| 16.13% | 83.87%
1024 1024 2.338s| 1.35% | 34.47% | 64.18% || 0.538s| 20.45% | 79.55%

[ FB read = framehuffer read,get avg = get averageocclusion ]

@ (b)

® (9)

(©

(h)

(d) (e)

@ 0

Fig. 9. Firstrow: (a) (full resolution,486 blocks),(b) (Guthes screen-spacmetric, 56 blocks),and(c) (our image-basednetric, 53 blocks)
shav a zoomto the left pelvis. (d) and (e) show the differencebetween(b) and (a), and (c) and (a) respectrely. Secondrow: (f) shavs a
zoomrenderedn high resolution(427 blocks). (g) (Guthes screen-spacenetric, 43 blocks), and (h) (our image-basednetric, 41 blocks)
shav a zoomof (f). (i) and(j) shav the differenceimagesfor (g) and (h) respectiely.

size of the input data set. In our experiments,good results
were obtainedwith block sizesof 32° or 64° for a datasetof
size around1024. This allows oneto have histogramtables
with sufcient entries(suchas256in our experiments)while
still keepingthe schemeefcient. For a smaller block size,
such as 16°, we can reducethe number of entriesin the
histogramtable, or usea simpli ed histogramto maintainan
effective tradeof betweerstorageandprocessingequirements
versushaving enoughprecisionfor summarytablesgeneration.
On the other hand,our currentsolutionis suitablefor value-
basedransferfunctions.Thereis a needof furtherresearcton
generalizingthe summarytable schemefor multidimensional
transferfunctions.

To our knowledge, we are the rst to utilize the GPU
implementationof SATs for visibility estimation.We tested
our GPU-basedalgorithm on the nVidia GeForce 7800 GT
graphics card, which is basedon the nev generationPCI
Expressbus architecture.With PCI Express,the bandwidth

betweenthe CPU and the GPU increasesto over 4GB per
secondin both upstreamand downstreamdata transfers.In
this case,frameluffer readsbecomelessa constraintfor the
CPU-basedsolution. Still, it can be seenfrom Table IV that
frameluffer readstake at leastone third of the total time for
the CPU solution. Our experimentreportsthat utilizing the
GPU for visibility estimation,one can achiee a speedupup
to four times.

For a typical outputimageresolutionof 5122, the summary
of block classi cation is listed in Table V. For data-based
metrics, the classi cation time is almostneggligible sincewe
only usethe MSE or SNRMSEfor block prioritization. For our
image-basednetric, taking into accountthe time for visibility
estimation,we are able to prioritize all the multiresolution
datablocksfor LOD selectionat a speedof 19.1kblocks/dor
the VisWoman dataset, and 14.0kblocks/sfor the RMI data
set. This resultis comparabldo the signi cance classi cation
performanceresentedhn [22], consideringhatwe take amore



12

TABLE V
THE SUMMARY OF BLOCK CLASSIFICATION WITH 5122 oUTPUT
IMAGE RESOLUTION.

data set VisWoman RMI
block dimension || 32 32 64 | 128 128 64
# blocks 9446 10499
[ data-based || 0.028s | 0.032s ]
visibility 0.151s 0.185s
prioritization 0.343s 0.563s
transfer function 5s 13s

re ned andexactsolutionfor block classi cationandvisibility

estimation Notethatthetiming for visibility andprioritization
gives the upper bound for all blocks. In actual rendering,
the block budgetis usually aroundtensto hundredsand the
classi cationtime is much smallerthanthe upperbound (for

instance the prioritization time for the RMI datasetis 0.016
secondwhenthe block budgetis 1000). The classi cation of

the blocksin the entire datahierarcly canbe nished within

secondseven if the userchangeghe transferfunction at run

time. This timing performancecould be furtherimproved with

the supportof transferfunction preview atreducedesolutions.
For example, the transferfunction updatetime reduceto 1.7
secondsand 4.8 secondsfrom Table Il for the VisWoman
and RMI data setsrespectiely, if both use 64-level rather
than 256-level transferfunctions.

V1. CONCLUSION AND FUTURE WORK

The focus of this work is to develop animage-based. OD
selectionalgorithm for large volumetric data, and produce
imagesof bettervisual quality comparedwith traditionaldata-
basedLOD selectionalgorithms,undersimilar block budgets.
In this paper we have presentedin interactive LOD selection
and renderingalgorithm through the use of an image-based
quality metric. Experimentalresults on large scienti ¢ and
medicaldatasetsdemonstratéhe effectivenessandef ciency
of our image-based OD selectionalgorithm.

Our approachis promisingdue to its generalityand e x-
ibility. The summarytable schemegreatly alleviates the de-
pendencef the error calculationon the transferfunction, and
thusallows oneto updatethe errorswithin secondsvheneer
the transferfunction changesThe GPU reductionschemefor
visibility estimationis not limited to multiresolutionvolume
renderingandis readily applicableto otherlarge volumevisu-
alizationscenarioghat capitalizeon the visibility information.
Moreover, the hierarchicaldata representatiorand the user
speci edbudgetfor renderingmake our LOD selectiorscheme
suitable for time-critical multiresolution volume rendering
and remotevisualizationapplications.Finally, one can have
different de nitions and thus different ways of measurement
for the multiresolution error in Eqgn. 5, which we plan to
explore more.In the future, we alsowould like to extend our
methodfor large-scaldime-varying datavisualization.

APPENDIX
THE GPU IMPLEMENTATION OF SATS

Nowadays,GPUs and fragmentprogramssupportrender
to-texture (RTT) with 32-bit oating-point channelsfor pixel
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buffers (pbuffers) as well as framehuffer objects (FBOs).
This is important for the constructionof SATs since the
sums require more precision. Our implementationusesthe
GL_EXT_framebuffer_object extension to avoid the
contet switching of phuffers. Given an input FBO, a SAT
can be built by successiely adding the columnsfrom left
to right andthenthe rows from bottomto top. However, this
requiresthatthe FBO is treatedasbothaninput andan output
texture, which highly dependson the kinds of hardware and
graphicslibrary available. To date,mostimplementationsdo
not have this capability Therefore we take an alternatve and
build the SATs in passeswith the supportof FBOs having
double auxiliary buffers: one is the input, and the other is
the output. Both auxiliary buffers have the samesize as the
renderingframeluffer. At the beginning,the alphavaluesfrom
the renderingbuffer is mappedto the input buffer.

The constructionof a SAT in the GPU is asfollows: First
of all, we operateon the columns.At the ith pass,eachtexel
Ti(x;y) in the outputbuffer is updatedusing two texels from
the input buffer accordingto the following equation:

Tixy) =T axy)+ T a(x 2 hy) (11)

where samplingoff texture returnszero and doesnot affect
the sum. At the end of each pass,the auxiliary buffers are
swapped.For a renderingscreenwith resolutionof n?, the
number of passesneededis log,(n). Then, the processis
repeatecbver the rows in a similar way to completethe SAT
construction.

The GPU implementatiorof SATs was rst givenby Green
[11] from nVidia, where a simple scanline-basedlgorithm
was presentedand used for antialiasingin the traditional
way. For an input table of size n?, the numberof passess
2n. Our implementationrequires 2log,(n) passeswith two
samplereadsperpass Actually, this couldbefurtherimproved
by performing up to 16 sample reads per pass. Henslg
etal. [14] performedstudyon thetradeof betweerthe number
of renderingpassesandthe numberof samplesper pass.The
optimaltradeof betweerthe numberof passesndthecostper
passargely depend®n the overheadof rendertarget switches
and the designof the texture cacheon the target platform.
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