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Abstract

Deformable isosurfaces,implemented with level-set methods, have demonstrated a
great potential in visualization for applications such as segmetiation, surfaceprocess-
ing, and surface reconstruction. Their usefulnesshas been limited, however, by two
problems. First, 3D level setsare relatively slow to compute. Second,their formulation
usually entails seweral free parametersthat canbe ditcult to tune correctly for speci ¢
applications. The secondproblem is compounded by the rst. This paper preseris a
solution to these challengesby describing graphics processor(GPU) basedalgorithms
for solving and visualizing level-set solutions at interactive rates. Our excient GPU-
based solution relies on padking the level-set isosurfacedata into a dynamic, sparse
texture format. As the level set moves, this sparsedata structure is updated via a
novel GPU to CPU messagepassingscdeme. When the level-set solver is integrated
with a real-time volume rendereroperating on the samepadked format, a usercan visu-
alize and steerthe deformablelevel-set surfaceasit ewlves. In addition, the resulting
isosurfacecan serwe as a region-of-interest speci er for the volume renderer. This pa-
per demonstratesthe capabilities of this technology for interactiv e volume visualization
and segmemation.
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Figure 1: (a) Interactive level setsegmetation of a brain tumor from a 256£ 256€ 198 MRI
with volumerenderingto give context to the segmeted surface. (b) A clipping plane shows
the userthe sourcedata, the volume rendering, and the segmenation simultaneously while
probing data valueson the plane. (c) The cerebralcortex segmeted from the samedata.
The yellow band indicates the outline of the level-setmodel on the clipping plane.

1 Intro duction

Level-setmethods[1] rely on partial di®ererial equations(PDES) to model deformingisosur-
faces. Thesemethods have applicationsin a wide rangeof elds sud asvisualization, scien-
ti ¢ computing, computer graphics,and computervision [2, 3]. Applications in visualization
include volume segmetation [4, 5, 6], surfaceprocessing[7, 8], and surfacereconstruction

[9, 10].

The use of level setsin visualization can be problematic. Level sets are relatively slov
to compute and they typically introduce seeral free parametersthat cortrol the surface
deformation and the quality of the results. The latter problem is compoundedby the rst

because,in many scenarios,a user must wait minutes or hours to obsene the results of a
parameter change. Although e®ortshave beenmadeto take advantage of the sparsenature
of the computation, the most highly optimized solvers are still far from interactive. This
paper proposesa solution to the above problemsby mapping the level-set PDE solwver to a
commality graphicsprocessor(GPU).

While the proposedtechnology has a wide range of useswithin visualization and elsewhere,
this paper focuseson a particular application: the visualization and analysisof volume data.

By acceleratingthe PDE solver to interactive rates and coupling it to a real-time volume
renderer, it is possibleto visualize and steer the computation of a level-set surfaceas it

moves toward interesting regionswithin a volume. The volume renderer, with its global

visualization capabilities, provides cortext for the ewlving level set. Also, the results of a

level-setsegmetation can specify a region of interest for the volume renderer[11].

The main cortributions of this paper are:



2 An integrated systemthat demonstrateslevel-setcomputations can be intuitiv ely con-
trolled by coupling a real-time volume rendererwith an interactive soler.

2 The designof a GPU-based3D level-setsolwver, which is approximately 15 times faster
than previousoptimized solutions.

2 A dynamic, padkedtexture format that enablegshe excient processingof time-dependen,
sparseGPU computations.

2 A novel messagepassing scheme between the GPU and CPU that usesautomatic
mipmap generationto encale messagesand update textures.

2 Real-time volume rendering directly from this paded texture format.

The following section discussesprevious work and badkground for level sets, GPUs and
hardware acceleratedvolume rendering. Section 3 discusseghe algorithmic and graphics
hardware details of our level-set solver and volume renderer. Section 4 descrikes our seg-
mertation application and comparesour results to previousimplemertations. In section5,
we give conclusions,descrike future researt directions, and make suggestionsfor future
GPU improvemerts.

2 Background and Related Work
2.1 Level Sets

This paper descritesa newsolver for an implicit represemation of deformablesurfacemodels
called the method of level sets[1]. The useof level setshasbeenwidely documerted in the
visualization literature, and seeral works give comprehensie reviewsof the method and the
assaiated numerical techniques|[2,3]. Here we simply review the notation and descrike the
particular formulation that is relevant to this paper.

In an implicit model the surfaceconsistsof all points S = f%jA(X) = 0g, whereA: <3 7! <.
Level-setmethods relate the motion of that surfaceto a PDE on the volume,i.e.

@=@= ir Acy; (1)

whereV, which canvary of spaceand time, descrikesthe motion of the surface. Within this
framework one can implemert a wide range of deformationsby de ning an appropriate ¥.
This velocity (or speed)term is often a combination of seweral other terms, including data-
dependen terms, geometricterms (e.g. curvature), and others. In many applications, these
velocities introduce free parameters,and the proper tuning of those parametersis critical to
making the level-setmodel behare in a desirablemanner.

Solving level-set PDEs on a volume requires proper numerical schemes[1] and ertails a
signi cant computational burden. Stability requiresthat the surfacecan progressat most



a distanceof onevoxel at ead iteration, and thus a large number of iterations are required
to compute signi cant deformations. The purposeof this paper is to o®era solution that is
relevant to a wide variety of level-setapplications;that is, the ability to solve suc equations
exciently on commaity graphicshardware.

There is a special caseof Eq. 1 in which the surfacemotion is strictly inward or outward. In
sud casesthe PDE can be solved somewhatezxciently using the fast marching methal [2]
and variations thereof [12]. Howewer, this casecoversonly a very small subsetof interesting
speedfunctions. In generalwe are concernedwith problemsthat require a curvature term
and simultaneously require the model to expand and cortract, sud as those discussedn
[8, 6, 10].

Excient algorithms for solving the more generalequation rely on the obsenation that at
any onetime step the only parts of the solution that are important are those adjacert to
the moving surface(near points where A = 0). In light of this obsenation seweral authors
have proposednumerical shemesthat compute solutions for only those voxels that lie in a
small number of layersadjacer to the surface. Adalsteinsonand Sethian[13] have proposed
the narrow band methal, which updatesthe ermbedding, A, on a band of 10-20pixels around
the model, and reinitializes that band wheneer the model approatesthe edge. Whitaker
[14) proposedthe sparse- eld method, which introducesa scheme in which updates are
calculated only on the wavefrort, and seweral layers around that wavefront are updated
via a distance transform at ead iteration. A similar strategy is descrited in [15. Even
with this very narrow band of computation, update rates using corverntional processorson
typical resolutions(e.g. 256" voxels) are not interactive. This is the motivation behind our
GPU-basedsolwer.

2.2 Scientic Computation on Graphics Pro cessors

Graphics processingunits (GPUs) have beendeweloped primarily for the computer gaming
industry, but over the last seweral yearsresearbers have cometo recognizethem as a low
cost, high performancecomputing platform. Two important trends in GPU dewelopmen,
increasedprogrammability and higher precisionarithmetic processinghave helpedto foster
new non-gamingapplications.

For many data-parallel computations, graphics processorsout-perform certral processing
units (CPUs) by more than an order of magnitude becauseof their streaming architecture
[16] and dedicated high-speed memory. In the streaming model of computation, arrays of
input data are processedidentically by the same computation kernel to produce output
data streams. In cortrast to vector architectures, the computation kernel in a streaming
architecture may consist of many (possibly thousands) of instructions and use temporary
registersto hold intermediate values. The GPU takesadvantage of the data-level parallelism
inherernt in the streaming model by having many identical processingunits execute the



computation in parallel.

Currently GPUs must be programmedvia graphicsAPIs sut as OpenGL [17] or DirectX
[18]. Thereforeall computationsmust be castin terms of computer graphicsprimitiv essuc
as vertices, textures, texture coordinates, etc. Figure 2 depicts the computation pipeline of
a typical GPU. A render passis a set of data passingcompletely through this pipeline. It
can alsobe thought of asthe complete processingof a stream by a given kernel.

Grid-based computations, sud as the level-set partial di®erettial equations, are solved by
“rst transferring the initial data into texture memory The GPU performsthe computation
by rendering graphics primitiv es that addressthis texture. In the simplest case,a two-
dimensionalarray of data undergeessomecomputation by drawing a quadrilateral that has
the samenumber of grid points (pixels) as the texture. Memory addresseshat identify
eat fragmert's data value as well as the location of its neighbors are given as texture
coordinates. A fragmert program (the kernel) then usestheseaddressego read data from
texture memory, perform the computation, and write the result badk to texture memory
A 3D grid is processedas a sequencef 2D slices. This computation model has beenused
by a number of researbersto map a wide variety of computationally demandingproblems
to GPUs. Examplesinclude matrix multiplication, nite elemen methods, Navier-Stokes
solvers, and others[19, 20, 21]. All of theseexamplesdemonstratea homogeneousequence
of operations over a denselypopulated grid structure.

Rumpf et. al. [22] werethe rst to shaw that the level-setequationscould be solved using
a graphics processor. Their solver implemerts the two-dimensionallevel-set method using
a time-invariant speedfunction for °ood- Tl-lik e imagesegmetation without the assaiated
curvature. Lefohn and Whitak er demonstratea full three dimensionallevel-setsolver, with
curvature, running on a graphicsprocessorf23. Neither of theseapproates,however, take
advantage of the sparsenature of level-setPDEs and thereforethey perform only marginally
better (e.g. twice asfast) than sparseor narrow band CPU implemertations.

This paper preserts a GPU computational model that supports sparse and dynamic grid

problems. Theseproblemsare dizcult to solve exciently with GPUs for two reasons.The

“rst isthat in orderto take advantage of the GPU's parallelism, the streamsbeing processed
must be large, cortiguous blocks of data, and thus grid points near the level-set surface
model must be packal into a small number of textures. The seconddixcult y is that the level

setmoveswith ead time step, and thus the padked represemation must readily adapt to the

changing position of the model. This requiremen is in cortrast to the sparsematrix solver

preserted in [24] and previouswork on rendering with compressediata [25, 26]. Section3

describeshow our designaddresseshesechallenges.



Figure 2: The modern graphicsprocessormipeline.

2.3 Hardw are-Accelerated Volume Rendering

Volume rendering is a °exible and ezcient technique for creating imagesfrom 3D data
[27, 28, 29]. With the advert of dedicated hardware for rasterization and texturing, inter-
active volume rendering has becomeone of the most widely usedtechniquesfor visualizing
moderately sized 3D rectilinear data [30, 31]. In recen years, graphics hardware has be-
come more programmable, permitting rendering featureswith an image quality that rival
sophisticated software techniques [32, 33, 34]. In this paper, we describe a novel volume
rendering systemthat leveragesprogrammablegraphicshardware to simultaneously render
the level-setsolution and sourcedata.

3 Implemen tation

This sectiongivesa technical description of our implemertation. We beginwith a high-lewel
description of the algorithms usedfor both the sparse-grid,streaming, level-set solver and
the real-time volume renderer. We then cover someof the implementation details that are
speci ¢ to the architecture of currernt graphicsprocessors.

3.1 Algorithmic  Details

3.1.1 GPU Level-Set Solver

The excient solution of the level-set PDESs relieson updating only those voxels that are on
or nearthe isosurface.The narrow band and sparse eld methods achieve this by operating
on sequencesf heterogeneousperations. For instance,the sparse- eldmethod [14] keepsa
linked list of active voxels on which the computation is performed. Sud algorithms are not
well suited for streaming architectures and thus the mapping of the sparse- eld algorithm
to GPUs requiresa very di®erern approad.

The sparseGPU level-setsolver decompsesthe volumeinto a set of small 2D tiles (e.g. 16
x 16 pixels ead). Only those tiles with non-zeroderivatives are stored on the GPU (see
Fig. 3). Theseactive tiles are padked, in an arbitrary order, into a large 2D texture on the
GPU. The 3D level-setPDE is computeddirectly on this padked format.
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Figure 3: The spatial decompsition schemefor padking active regionsof the volume into
texture memory The CPU-basedtracks the location of ead tile in texture memory,

Three-dimensionalneighborhood information is reconstructedthrough texture coordinates
from all neighboring tiles. Two data structures, a packal map and unpackal map, are kept
on the CPU to track ead tile's padked and unpadked position. The padked map storesthe
volumetric location of ead tile in the sparse,GPU texture. The unpadked map storesa
pointer to an abstract tile object that cortains the verticesand texture coordinates for the
actual texture data. There are two special tiles set asidefor white and blackregions. Tiles
that are not active (i.e. homogeneousn value) are either inside or outside of the level set,
and are mapped to either the white or black tile in texture memory Also note that the
verticesare replicated for ead tile becausesad tile needsits own set of texture coordinates
in orderto nd its neighboring tiles. A diagram of thesemapping is shown in Fig. 3.

Neighbor lookups acrosstile boundariesrepresem eight special caseqfour cornersand four
edges)of texture lookups. We rendergeometryto draw only thosepixelsin ead special case
and sendtexture coordinates that identify all 3D neighbors for those cases. This method
allows for all data points in ead case(e.g. all left-edgepixels from all tiles) to be processed
in the samerender pass,and thus take maximum advantage of the parallelismin the GPU.

There are se\eral important details that make this strategy e®ectie. First, becauseactive
tiles are identi ed by non-zerogradierts, it is crucial that the volume in which the level-set
surfaceis enmbedded, A, resenble a clamped distance transform. In this way regionson or
near the model will have nite derivatives, while tiles outside this narrow band will be °at
(white or bladk), with derivative values of zero (and thereby undergo no change for that
iteration). This is accomplishedby adding an additional speedterm to the velocity term
Y(t) in Eqg. 1. This resaling term, G, is of the form,

G = Agi Ar Aj ()
whereA is the value of the embedding at a voxel and jr Aj is the gradiert in the direction of
the isosurface.The target gradiert, gs, is set basedthe numerical precision of the level-set

data. This speedterm is strictly a numerical construct; it doesnot a®ectthe movemern of
the zerolevel set, i.e. the surfacemodel.

After the GPU updatesthe level-setdata, it createsa compressedencaled message.The
CPU readsthis messagdao determine the status of all tiles for the next pass. The GPU
computesthis messagen se\eral steps. First it produces,for eat pixel in an activetiles, an
eight byte code (2 four-channelimages)which indicatesif a pixel hasany nonzeroderivatives,
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Figure 4. Flow diagram of the GPU-basedlevel-setsolver.

if it is a boundary pixel and has a nonzeroderivative perpendicular to the boundary (for
ead of the six cardinal directions), and if the pixel is white. The GPU down-samplesthese
imagesusing the automatic mipmap generationfeature combined with a fragmert program
that reducesead channelto a singlebit. The result is small bit-vector image, one pixel per
tile, that encadesthe overall color of the tile and derivative information within the tile and
acrossead boundary. This image (< 64KB) is read badck by the CPU and decaled. Using
theseeight bits the CPU can determine how to con gure the tile for the next iteration. It
activates new tiles (white or black as appropriate), freestiles that are no longer active, and
updatesthe padked and unpadked mapsdescriked above.

Figure 4 shows a °ow diagram of the computation. The pseudaode for the GPU portion
of the computation is given in Fig. 5. Becauseof the paded represetation and arbitrary
positioning of the tiles, the neighbor lookups are relatively expensive. Thereforeour design
ensuresthat pixel neighborhood lookups occur only once,which is during the computation
of volume derivatives. To ensuremodularity, we have encapsulatedeat render passin a
function call, wherethe input textures are argumerts and the output textures are the return
value(s). For increasedgenerality the application can create level-set speed functions as
modules and passthem to the solver as function arrays. In the pseudaode below, d is an
array of four textures that cortain 1st and 2nd partial derivatives,p is the padked level-set
texture, s is an array of evaluated speedfunction textures, and t is an array of 2 textures
cortaining active tile information.

3.2 Volume Rendering of Packed Data

Our volume renderer performs a full 3D (transfer-function based)volume rendering of the
original data simultaneously with the ewlving level set. For renderingthe original volume,
the input data and its gradiert vectors are kept on the GPU as 3D textures. The volume
data is renderedon the GPU with multidimensional transfer functions as described in [34].

For renderingthe ewlving level-setmodel, we usea modi cation of the convertional 2D sliced
approad to texture-basedvolume rendering[3(0]. We modify the convertional approad to
render the level-set solution directly from the paded tiles, which are stored in a single 2D
texture. The level-set data and tile con guration are dynamic, and therefore we do not
precomputeand store the three separateversionsof the data, slicedalong cardinal views, as
is typically donewith 2D texture approades. Instead we reconstructtheseviews asneeded.



for each level-set iteration, n
/[ Computel9, 1st and 2nd Partial Derivs
for each 9 neighbor lookup cases, i
d = computeDerivs[ij( p )

/[ Computespeed terms
for each speed function, i
s[i] = speedFunc[i]( d, p, srcData )

/I Update level-set PDE
p = updateLS( d, speed, p)

/I Sendtile information messageto CPU
t[0] = interiorTileInfo( d, p)

for each 8 tile boundary cases, i
t[1] = bndryTileInfoli]( d, p)

message= makeBitVector( t )
updateTiles( message)

Figure 5. Pseudaode for the GPU-basedlevel-setsolver.

g I|'|'”|'|'|

Figure 6: For volume rendering the padked level-setmodel: (a) When the preferredslicing
direction is orthogonal to the padked texture, the tiles (shown in alternating colors) are
renderedinto slicesasquadrilaterals. (b) For slicing directions parallel to the padkedtexture,
the tiles are drawn onto slicesas either vertical or horizortal lines.

The 2D slice-basedenderingrequiresinterpolation betweentwo adjacen slicesin the badk-
to-front ordering along the appropriate cardinal direction. When reconstructing these two
sliceson the °y from the padked level-setdata, two casesnust be considered.The rst case
is when the preferred slice axis, basedon the viewing angle, is orthogonal to the paded
texture. In this casethe slicescan be reconstructedusing quadrilaterals, one for ead tile
in the level-setmodel. If the preferredslice direction is parallel to the paded texture, we
must reconstruct those slicesby rendering a row or column from ead tile using textured
line primitiv es. Figure 6 illustrates the two casedor 2D slice-basedenderingof the level-set
model.

For exciency the rendererreusesdata whereer possible. For instance,lighting for the level-
set solution usesgradiert vectorscomputedin the level-setupdate stage. The rendering of



the sourcedata relieson precomputedgradiert data|the gradiert magnitudeis usedby the
transfer function and the gradiert direction is usedin the lighting model.

3.3 Graphics Hardw are Implemen tation Details

This subsectiondescritesimplemertation details that are speci ¢ to the current generation
of graphicshardware. Suggestiondor future graphicshardware featuresare givenin Sec.5.

The level-setsolver and volume rendererare implemerted in programmablegraphics hard-
ware using vertex and fragmert programson the ATl Radeon9700 GPU. The programs
are written in the OpenGL ARB _vertex program and ARB _fragmen _program asserbly lan-
guages. The bulk of the computations are performed in fragmernt programs, but vertex
programsare usedto exciently computetexture coordinatesfor neighbor lookups;therefore
minimizing both AGP bandwidth and valuable fragmert instructions.

Critical to the performanceof the systemare two capabilities pertaining to render passdes-
tination bu®ers. The rst capability, relatively recert on GPUs, is the ability to output
multiple, high-precision4-tuple results from a fragment program. Multiple outputs enable
usto perform the expensive 3D neighborhood reconstructiononly onceand usethe gathered
data to compute all derivativesin the samepass. The secondfeature crucial to the perfor-
manceis the ability to quickly changerender passdestination bu®ers.As discussedn [24],
current display driversrequirethe OpenGL rendercortext to changein order to changeren-
der targets. This operation is unnecessaryand expensiwe|it cantake up to 0:3 milliseconds.
To avoid this overheadwe allocate a single bu®erwith many render surfaees (front, bad,
aux0, etc.) and switch betweenthem. When the complexity of the computation requires
more intermediate bu®ers,we usesub-regionsof larger bu®ersto augmer this multisurface
approad.

There is a subtle speed-\ersus-memorytradeo® that must be carefully considered. The
padked level-settexture can be as large as 2048 (the largest 2D texture currently allowed
on GPUSs). In order to minimize the memory costsof the intermediate bu®ers(derivatives,
speedvalues,etc.), the level-setdata is updated in sub-regions.Minimizing the number of
thesesub-regionsis important becauseadding a large number of render passesntroducesa
signi cant amourt of overheadand reducescomputational exciency. We currertly use512
sub-regionswhen the level-settexture is 2048 and usea singleregionwhenit is smaller.

4  Application and Results

This sectiondescribesan application for interactive volume segmetation and visualization,
which usesthe level-setsolver described previously The systemcombinesinteractive level-
set modelswith real-time volume renderingon the GPU. We shaw pictures from the system



(also seethe assiated video) and presen timing resultsrelative to our current bendymark
for level-setdeformations,which is a highly optimized CPU solution.

4.1 Volume Visualization and Analysis

For segmeting volume data with level sets,the velocity usually consistsof a combination
of two terms [4, 5] ) . )
@ . .. r A’
— = r RD(X)+ (1 ®r ¢— 3
G- A i Or ¢ 3)
where D is a data term that forcesthe model toward desirablefeaturesin the input data,
thetermr &r A3r A)) is the meancurvature of the surface,which forcesthe surfaceto have
lessarea(and remain smaoth), and ® 2 [0; 1] is a free parameterthat cortrols the degreeof

smaothnessin the solution. There are se\eral variations on this approad in the literature,
e.g.[39.

This combination of a data- tting speedfunction with the curvature term is critical to the
application of level setsto volume segmetation. Most level-set data terms D from the
segmetation literature are equivalert to well-known algorithms sud isosurfaces’ood 1l
or edgedetection|when usedwithout the smaothing term (i.e. ® = 1) . The smoothing
term alleviatesthe e®ectf noiseand small imperfectionsin the data, and can prevert the
model from leaking into unwanted areas. Thus, the level-set surfacemodels provide se\eral
capabilities that complemen volume rendering: local, user-de nedcortrol; smooth surface
normals for better rendering of noisy data; and a closedsurfacemodel, which can be used
in subsequen processingor for quartitativ e shape analysis.

For the work in this paper we have chosena simple speedfunction to demonstratethe e®ec-
tivenessof interactivity and real-time visualization in level-setsolvers. The speedfunction
we usein this work dependssolelyon the input data | at the point X. Thusit is a grey scale
transformation of the input intensity:

D({)=2i jli Tj; (4)

where T cortrols the brightnessof the regionto be segmeted and 2 cortrols the range of

greyscalevaluesaround T that could be consideredinside the object. When the model lies
on a voxel with a greyscaldevel betweenT j 2 and T + 2, the model expandsand otherwise
it cortracts. The speedterm is gradual, as showvn in Fig. 7, and thus the e®ectsof the D

diminish asthe model approadesthe boundariesof regionswith greyscaleevelswithin the

T 8§ 2 range. To cortrol the model a user speci es three free parameters, T, 2, and ®, as
wel as an initialization. The usergenerally placesthe initialization inside the regionto be

segmeted. Note that the user can alternatively initialize the solver with a preprocessed
(thresholded,°ood Tled, etc.) versionof the sourcedata.



Figure 7: A speedfunction basedon imageintensity causeshe model to expandover regions
with greyscalevalueswit™*~ *-- —=-=" =~ -====- -~ -==--=* ~““aryjise,
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Figure 8: The GUI for the volume analysisapplication. Usersinteract via slice views, a 3D
rendering,and a cortrol panel.

4.2 Interface and Usage

The application in this paper consistsof a graphical user interface that preseins the user
with two slice viewing windows, a volume renderer,and a cortrol panel (Fig. 8). Many of
the cortrols are duplicated throughout the windows to allow the userto interact with the
data and solver through thesevarious views. Two and three dimensionalrepresemations of
the level-setsurfaceare displayed in real time asit ewlves.

The rst 2D window displays the current segmetation asa yellow line overlaid on top of the
sourcedata. The second2D window displays a visualization of the level-set speedfunction
that clearly delineatesthe positive and negative regions. The rst window can be probed
with the mouseto accomplishthree tasks: set the level set speedfunction, setthe volume
renderingtransfer function, and draw 3D sphericalinitializations for the level-setsolver. The
“rst two are accomplishedby accurrulating an averageand variancefor valuesprobed with
the cursor. In the caseof the speedfunction, the T is setto the averageand 2 is setto the
standard deviation. Userscan modify thesevalues,via the GUI, while the level setdeforms.
The sphericaldrawing tool is usedto initialize and/or edit the level-set surface. The user
can place either white (model on) or black (model o®) spheresinto the system.

The volumerendererdisplays a 3D reconstructionof the current level setisosurfaceaswell as
the input data. In addition, an arbitrary clipping plane, with texture-mapped sourcedata,
canbe enabledvia the GUI (Fig. 1b). Just asin the sliceviewer, the speedfunction, transfer
function, and level-setinitialization can be setthrough probing on this clipping plane. The
crossingof the level-setisosurfacewith the clipping planeis alsoshown in bright yellow.



Figure 9: (top) Volume renderingof a 2566 MRI scanof a mousethorax. Note the level set
surfacewhich is deformedto segmenthe liver. (bottom) Volumerenderingof the vasculature
inside the liver using the sametransfer function asin (a) with the level-setsurfaceis being
usedas a region of interest speci er.

The volume rendererusesa 2D transfer function to render the level set surfaceand a 3D
transfer function to renderthe sourcedata. The level-settransfer function axesare intensity
and distance from the clipping plane (if enabled). The transfer function for rendering the
original data is basedon the sourcedata value, gradiert magnitude, and the level-set data
value. The latter is included sothat the level set model can function as a region-of-irterest
speci er. All of the transfer functions are evaluated on-the-°y in fragmen programsrather
than in lookup tables. This approad permits the useof arbitrarily high dimensionaltransfer
functions, allows run-time °exibilit y, and reducesmemory requiremerts [36].

We demonstrateour interactive level-set solver and volume rendering systemwith the fol-
lowing three data sets: a brain tumor MRI (Fig. 1), an MRI scanof a mouse(Fig. 9), and
transmissionelectrontomography data of a gap junction (Fig. 10). In all of theseexamples
a user interactively controls the level-set surface ewolution and volume rendering via the
multiview interface. The initializations for the tumor and mousewere drawn via the user
interfacewhile the gapjunction solution wasseededwvith a thresholdedversionof the source
data.



Figure 10: Segmetation and volume renderingof 512£ 512£ 61 3D transmissionelectron
tomography. The picture shaws cytoskeletal membrane extensionsand connexins(pink sur-
facesextracted with the level-setmodels) near the gap junction betweentwo cells (volume
renderedin cyan).

4.3 Performance Analysis

Our GPU-basedlevel-set solver achieves a speedup of ten to fteen times over a highly-
optimized, sparse- eld, CPU-basedsoler. All bencimarks were run on an Intel Xeon 1.7
GHz processomwith 1 GB of RAM and an ATl Radeon9700Pro GPU. The level-setsolver
runs at rates varying from 70 stepsper secondfor the tumor segmetation to 3.5 stepsper
secondfor the nal stagesof the cortex segmetation (Fig. 1). In cortrast, the CPU-based,
sparse eld implemertation ran at 7 stepsper secondfor the tumor and 0.25stepsper second
for the cortex segmetation.

A pro le of the the level-setsolver revealsthe following distribution of executiontime: 70%
on GPU arithmetic instructions, 15% on texture memory reads, 10% on CPU performing

bit vector readbak and updating the active tiles, and 5% on transferring data acrossthe

AGP bus. Theseestimateswere made basedon the pro ling techniquesdescribed in [37].

Creating the bit vector messageonsumesappraximately 15% of the GPU arithmetic and

texture instructions. The ertire sparsealgorithm adds a 15%-20%computation overhead,
but for most applications the speedupover a denseGPU-basedimplemertation far eclipses
this additional overhead.

5 Conclusions

This papers demonstratesa new tool for interactive volume exploration and analysis that
combinesthe quartitativ e capabilities of deformableisosurfaceswith the qualitative power
of volume rendering. set solver interactive By relying on graphics hardware the level-set
solver operatesat interactive rates (approximately 15 times faster than previoussolutions).



This mappingrelieson a novel dynamic, padkedtexture and a GPU-to-CPU messaggassing
stheme. While the GPU updatesthe level set, it rendersthe surfacemodel directly from

this padced texture format. Future extensionsand applicationsof the level-setsolver include

the processingof multiv ariate data aswell as surfacereconstruction and surfaceprocessing.
Most of theseonly involve changing only the speedfunctions.

Another promising area of future work is to adapt these volume processingalgorithms to
leveragethe ewlving capabilities of GPUs. For instance,a currernt limitation with the pro-
posedmethod is volume size. The exciency of our memory usageis hamperedby in°exibili-
ties in the GPU memory model and instruction set. We have identi ed se\eral new features
that would alleviate this shortcoming. First, in order to spreadthe padked represemation
acrossmultiple textures, we would needan excient medanism for renderingto subregions
of a 3D bu®er. Alternativ ely, a medanism for dynamically specifying the sourcetexture of
a read operation would provide a similar capabilityli.,e. more indirection in texture reads.
Another promising strategy for reducing memory usageis the dewelopmern of better com-
pressionschemes.Better compressiorsthemescould be facilitated by the addition of integer
data typesand bitwise operationsinto the fragmert processor.

Current GPU capabilitiesalsolimit the computational exciency of the proposedalgorithms.

We could achieve better computational exciency within ead tile if we could avoid processing
pixels that are not suzciently closeto the surface,i.e. we could achieve an even narrower

band of computation. This would require a more °exible depth and/or stencil culling med-

anism in which multiple data bu®erscould accessa single depth/stencil bu®er. We could

save additional fragmert instructions by computing all texture addressesn the vertex stage.
This would require more per-vertex interpolants. For instance,the samplingofa 3£ 3£ 3

kernelrequiresat least 21, 4-tuple interpolarts.
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