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ABSTRACT

A ubiquitous requirement in many mathematical and computational problems isd set
well-placed point samples. For producing very even distributions of sanguess complex
surfaces, a dynamic particle system is a controllable mechanism that naagatijnmodates
strict sampling requirements. The system rst constrains particles toacsydnd then moves the
particles across the surface until they are arranged in minimal energyucations. Adaptivity
is added into the system by scaling the distance between particles, caugieg dépsities of
points around surface features. In this dissertation we explore and the dynamics of particle
systems for generating ef cient and adaptive point samples of impliciasas.

Throughout this dissertation, we apply the adaptive particle system frarkew several
application areas. First, ef cient visualizations of high-order nite eletdatasets are generated
by developing adaptivity metrics of surfaces that exist in the presencerailinear coordinate
transformation. Second, a framework is proposed that meets fundarsantpling constraints
of Delaunay-based surface reconstruction algorithms. In meeting tbaseants, the particle
distributions produce nearly-regular, ef cient isosurface tesselldtianh are geometrically and
topologically accurate. And third, a novel analytic representation of mbteviandaries in
multimaterial volume datasets is developed, as well as a set of projectioriapetiaat allow for
explicit sampling of nonmanifold material intersections. Using a tetrahedralifgpalgorithm,
the material intersections are extracted as watertight, nonmanifold meshaethal-suited for

simulations.



To my cheerleading squad.
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CHAPTER 1

INTRODUCTION

This dissertation is about manipulating points that sample an implicit surface. Byizimg
an energy function associated with the point distribution, a wide rangengblsgpatterns can
be achieved, from homogeneous distributions to those that are highlyiedaphe point set is
described by garticle systemwhich constrains a set of dynamic particles to the surface while
simultaneously associating potential energy functions with each particle thatannterparticle
repulsive forces, pushing the particles across the surface. Thensyteratively moves the
particles along the induced force eld to locally minimize the energy distributicesylting in a
regular distribution of points over the entire surface. Furthermore, ttempal energy kernels can
be manipulated to create higher densities of points around interestingesteédigres. Robust and
controllable, the particle system is an implicit surface sampling strategy thakeceon gured to
meet the needs of a broad range of applications, from visualization to reeshagion.

Because of their volumetric expression, implicit functions are a naturakseptation for
three-dimensional (3D) digital data representing the physical worldtheh¢hose data are ac-
quired through a simulation or through a measuring device like magnetic resmmaaging
(MRI) machines. Implicit functions characterize a volume by de ning whethpoint is on one
side of the surface or the other, implicitly specifying the surface as a eamstiThese surfaces
can be interpreted as a thin band of some value embedded within a volume rtkeacknes on
a map for indicating paths of constant altitude over a landscape, illustratéglired..1.

Oftentimes, data from scanning devices or simulations come in the form of me&utia lattice
of values, which can then be interpreted as an implicit function. In MRI ditasity values for
different tissue types in a patient's head, for example, are stored aeguéar grid and can be
used to deduce boundaries between the skull and the brain, or the bdaintamor. Similarly,
vortices in data computed from a computational uid dynamics simulation can laelddy
nding surfaces of constant pressure, inferred from pressataeg stored at simulation data
points. The ability to locate and visualize these implicitly de ned surfaces all@engsts to

study effects that would otherwise be too costly, or even impossible, tteceperimentially



Figure 1.1 Implicit surfaces are implied bands of some constant value embedded within a
volume, much like lines of constant altitude in a topographic map.

while similarly providing physicians a noninvasive lens into the physiology @attiology of
their patients. Figure 1.2 provides examples of implicit surface visualizations.

Advances in the acquisition of digital data, as well as the associated abilitytriceihe
implicit surfaces de ned within, has also enabled patient-speci ¢ simulation tsdadgreatly in-
crease the accuracy and relevance of biomedical simulations. Simulatiopglefctric elds [151],
cardiovascular uid dynamics [144, 34], and implanted medical devicesdliitdiac de brilla-
tors [1], to name a few, have bene ted from technology that capturestiddual geometry and
pathology of a patient. To generate these models, digital data of a patientesped to extract
the implicit surface of interest, which is then parameterized into an explica&representation,
such as a polygonal mesh like those shown in Figure 1.3. The parametsuiZade model can
then be used directly to study phenomena that occur over the surfaegtemded to a volumetric
representation suitable for biomedical simulations.

Visualization, analysis, and extraction of implicit surfaces are all computatjoohalleng-
ing problems due to the lack of an explicit surface representation. LocHtegurface is a
root- nding problem; the surface exists as the zero crossings of ardealetion. For implicit

functions that have a closed-form inverse, root- nding can be actish®ul ef ciently using rst-



@) (b)

Figure 1.2 Examples of implicit surface visualizations: (a) a volume rendering of a tumor
extracted from MRI data using a levelset surface deformation techn8fij€ifnage courtesy of
Aaron Lefohn); (b) a raytraced image of a helium plume computed fronmguatational uid
dynamics simulation (image courtesy of the University of Utah Center for Aota Fires and
Explosions (C-SAFE)).

@) (b)

Figure 1.3 Examples of implicit surface extractions for biomedical applications: (egwature
extraction for use in a catheter-placement simulation [34] (image used wipeontission); (b)
patient-speci ¢ model used in an EKG simulation [151] (image used withounhission).
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order approximations schemes like Newton-Raphson or subdivisiontaigsr More complex
functions, however, like those embedded in curvilinear coordinate sy$68fsequire compu-
tationally intensive numerical algorithms that do not easily extend to traditiosizzation and
surface extraction schemes.

Locating the surface of interest embedded in an implicit function for visuaizar extrac-
tion inheriently relies on effective and accurate sampling schemes. HEbgasampling of an
implicit surface comes down to how well a set of discrete points approximagegntierlying
continuous geometry to meet the needs of an application. In visualizaticioricgpsmall fea-
tures is important for providing accurate illustrations of the data. Many traditieisualization
techniques rely on piecewise-linear approximations, thus faithfully reptiesy a curved surface
thar requires a dense enough sampling that the approximation capturgsdtiogycand geometry
of the surface.

A straightforward approach to adequately sampling an implicit surface iserge a large
number of samples everywhere on the surface, ensuring, by sheaenuhat all of the features
are captured. Algorithms for producing such surface points are ginsimple to implement and
fast to execute, such as supersampling a surface over a nely sdédilattice. The drawback of
such methods is that most parts of the surface will be sampled by far mots gj@n necessary,
which can be particularly inef cient when the root- nding is computationalbstly. A counter
approach is to purposefully place the surface points according toatbesdics of the implicit
surface, such as generating sparser sets across at areas. dgleliad produce these adaptive
point distributions are typically more computationally intensive and complex,utiimately
produce more ef cient and compact representations of the underlyinlicibgurface.

Extracting a surface mesh for biomedical simulations further requires #hpbiht samples be
regularly spaced such that the resulting polygonalization contains wededhegements. In nite
element simulations, theondition numberwhich is the value that quanti es how numerically
well-behaved the simulation will be, is often dictated by the most poorly shdpateats — for
triangular meshes, a well-shaped element is as close to an equilateral teangssible. Thus,
sampling a surface for nite element mesh generation will ideally result in g@xal patterns of
points.

The fundamental goal of this dissertation is to provide a robust and dlabtsframework for
adaptive sampling of implicit surfaces, speci cally for the generation afiexfit visualizations
and high-quality polygonal representations of scienti ¢ and biomedictd.ddhe framework

posed in Chapter 3 uses a system of dynamic particles that are constmareunplicit surface



and minimize a global energy con guration. By employing speci c types dfeptial energy
kernels, the system easily accommodates numerous optimization schemesctbathyetis-
tribute large numbers of particles while requireing that very few paramie¢ettsned by the user.
Furthermore, the addition of a space-warping scheme provides a turetiéefor a user to
create highly controllable adaptive distributions. Combined with a simple set thfematical
constraints based on the geometry of the surface, the system cantgeoenalex, adaptive, and
regular distributions of points across arbitrarily shaped surfaces.

Using this new particle system framework, high-quality, direct visualizatimsiplicit sur-
faces can be produced for even the most complex of data sets. Forlex&hapter 4 presents
results from visualizing isosurfaces embedded in high-order nite elerdatd sets. These
data sets pose numerous challenges for traditional visualization technigtiesin be sampled
naturally and ef ciently using a particle system by warping space aniastip according to
surface metrics computed from tensor product quantities. The exibility @rdrollability of
dynamic particle systems also allows for a framework where particles samplatthelement
basis functions directly, avoiding costly numerical inversions of higleordapping functions
which have no closed-form analytical inverse.

In Chapter 5, a pipeline that exploits the regularity of the particle distributioreisgmted for
generating geometrically and topologically accurate surface meshes.nilyiring the particle
system framework with surface sampling theory and PDE-based methaasitoolling the local
variability of particle densities, the meshing pipeline is shown to create higltyquzeshes
of implicit surfaces. Extending this pipeline, Chapter 6 presents a mathemfatioawork
for describing the nonmanifold material intersections in multimaterial volumes teathan
sampled with dynamic particles. The use of multiple, interacting particle systemssdiow
explicit sampling of topological points, lines, and planes, a feature whictersuked to produce
consistent meshes of intersection materials. These meshes of abutting materigortant for
simulations that span multiple layers and boundaries, such as models fagptioy electrical

signals through the body [1].

1.1 Contributions
This dissertation seeks to provide a robust and controllable method fotivadagampling
implicit surfaces using a system of dynamic particles. In meeting the statedlysalissertation

provides several contributions:



A method for adding controllable adaptivity into a dynamic particle system framew
By combining carefully designed potential functions for controlling particléioms with
mechanisms for adding and removing particles, a novel adaptivity frarkés/presented
that alters the effective distance between particles for precise coffitiateoparticle dis-
tances (Chapter 3) [93, 95].

A framework for adaptively and ef ciently distributing particles in the preseot curvi-
linear coordinate transforms.The controllability of the particle system is employed to
adapt particle distributions to surface geometry that is in uenced by cuedticoordinate
transformations. Furthermore, the particles remain in the space in whichdiseunactions
are de ned, avoiding costly inversions of coordinate transformatioriswigenerally) have
no analytic inverse. This framework is shown to be effective for visuajidiata produced

by high-order nite element simulations (Chapter 4) [95].

A pipeline for generating isosurface triangulations suitable for simulatiodsing fun-
damental work in computational geometry and PDE-based methods, partiolde dis-
tributed such that the resulting set of surface samples will generate smegular Delaunay

triangulations of volumetric data (Chapter 5) [94].

A mathematical representation of nonmanifold material junctions in multimatesiames,
and a systematic approach for sampling these junctions for tessellations aidtezial
interfaces which are suitable for simulationghe development of novel, analytic functions
for describing nonmanifold junctions of materials, as well as a correspgrset of pro-
jection operators, allows particle systems to explicitly sample corners, emlygesurfaces
of material intersections. The resulting point distributions meet fundameartgdlsg con-
straints, allowing Delaunay-based meshing algorithms to reliably extracttigataneshes

that include sharp features (Chapter 6) [96].

1.2 Overview
Chapter 2 is devoted to a brief overview of implicit surfaces and their histottye elds of
computer graphics, scienti ¢ visualization, and computational geometryairhef that chapter
is to establish a mathematical description of implicits that we will use throughoutigisisrthtion,
as well as an overview of reconstruction methods used to produce srddfarentiable implicit
functions from volume data (Section 2.4). Also included are severalaeie@oncepts from the

image processing literature for preprocessing segmented volumes ta@geingplicit functions



with controlled feature sizes (Section 2.5).

Chapter 3 provides a detailed discussion of the proposed particle systerawork and its
bene ts over other methods posed in the literature (Section 3.2). We presgmrenergy functions
and algorithms that guide the dynamic particles (Sections 3.3 and 3.4), asvethaiques for
adapting and controlling the distribution of particles (Section 3.5). The chepiteludes with a
comprehensive implementation outline (Section 3.6) that will guide implementionsgistis in
later chapters.

Chapter 4 adapts the basic particle system framework for the visualizatimosafrfaces
embedded in high-order nite element data. After presenting previouk amisosurface visual-
ization, including that speci ¢ to high-order nite elements, we present adhgh investigation
on the dif culties of adapting traditional, piecewise-linear visualization techesqto these data
sets (Section 4.2). Next, a particle system framework for sampling higir-onite element
isosurfaces is proposed (Section 4.3) that includes a formulation ovataue-based adaptivity
metric for surfaces embedded in curvilinear coordinate systems (Sectidy &£mally, we com-
pare results generated using the particle system approach againstistiadization algorithms,
indicating that the proposed method is an ef cient scheme for creatingatecvisualizations of
these challenging data sets (Section 4.6).

Chapter 5 describes a method for constructing isosurface triangulaticsesmpled, volu-
metric, 3D scalar elds by combining the particle system with surface samplingryjthend
PDE-based methods. The chapter rstintroduces previous work m@rgeng isosurface meshes
that are suitable for simulations, which is followed by a discussion of the sagngdinstraints
posed by Delaunay-based reconstruction algorithms (Section 5.2). Wrsgent a pipeline that
outlines a scheme for generating particle distributions that conform to thelingropnstraints
(Section 5.3), followed by an analysis of results (Section 5.5).

Chapter 6 proposes a method for constructing geometrically accurateandold tessella-
tions of material intersections in multimaterial volumes. We develop a novel, furattiepre-
sentation of material junctions, along with a set of projection operatorh, that each material
junction is explicitly sampled with a dynamic particle system (Section 6.4). Whep $atures
in the data are explicitly sampled, we show that Delaunay-based meshingtatgocan be used
to generate watertight, nonmanifold tessellations of the intersections of multinha&idsets
(Sections 6.4.3 and 6.5). The chapter concludes with results that indicgieophesed method
reliably generates meshes that are well-suited for simulations (Section 6.7).

The nal chapter of this dissertation presents preliminary results frormsidas to the parti-



cle system and mesh generation frameworks. Included in this chapter #redsiéor generating
guad-packings of particles, for generating sphere-packings tswhedcreation of tetrahedral

meshes, and future avenues of work.



CHAPTER 2

TECHNICAL BACKGROUND

Although this dissertation is abosamplingimplicit surfaces, the ideas herein fundamentally
rely on the description and mathematical properties of implicit functions. Tlapteh brie y
describes and reviews implicit functions as they are used in the computgriegand image
processing literature. Details on constructing implicit functions, as well asegsing volume

data to control the geometry of the levelsets,are is also included.

2.1 Notation

Our notation for this disseration is as follows: bold face lower-case Jagatenote column
vectors, such as = [x y z]", while bold face upper-case variables denote matrices, such as
the identity matrixl ; bold face subscripts denote partial derivatives of the function witheets
to each component of the subscripted column vector, suéh as [ %f( %5 %ZT; Xj speci es
the position of the-th particle, and other nonbold subscripts denote the evaluation of a scalar
function at a speci c particle's location, such Bs. We stray from this notation only in Section
4.3.1, Equations 4.4 — 4.12, where we present the Einstein notation comviamtibe derivations

of curvature computed in the presence of curvilinear coordinate tnanafmns.

2.2 Implicit Surfaces

An implicit surface is mathematically characterized as the zero level setlaf selal de ned
by a functionF : R3 ! R . Thatis,F implicitly de nes a locus wherdx 2 R3 : F(x) =
Og [16]. All other points lie either inside or outside of the surfaBgX) < 0 andF(x) > O,
respectively, by standard convention), with the valué ¢x) frequently indicating the relative
distance of the point to the surface [70].

The speci cation ofF is typically given as either a set of discrete samples, often spaced
regularly over a lattice, or as a set of mathematical functions which evatuaea pointx.
Discrete samples are usually physical measurements such as densityatenepar pressure,

which, when convolved with functional kernels, de ngosurfaceswithin F asfx 2 R3 :
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F (x) = cg[99] — these kernels will be described in detail in Section 2.4. Heisereferred to as
theisovalueof the surface, and can be varied in visualization applications for expgledienti ¢
and medical data. These mathematical descriptios gipecify the implicit surface as the roots
of a function. Recent work in the computer graphics community has als@gedpmethods
for constructing implicit functions from scattered point data using functsuch as radial basis
functions [27, 108] and moving least squares descriptions [3].

Implicit surfaces de ned by continuous, differentiable functions arealyidised in computer
graphics, visualization, and scienti c computing, in part due to their mathenhptigperties. The
gradients of a surface, that is the rst partial derivativéof F(x) = [ @F=@x; @F=@Y; @F =@z
are used for advanced shading effects to enhance the perceptimalbssarface features [116,
56, 60]. The de nition of surface normalgge., the normalized gradients, is also important for
surface deformations in simulations and medical imaging [133]. Furthermeringiicit surface
representation easily accommodates morphing and surface editing [23]p@&ations [102],
shape interpolation [150], and collision detection [41].

The curvature of an implicit surface can be computed as the eigenvaldks tfe second
derivative matrix, oHessian evaluated at a point and projected onto the local tangent plane at
that point. With the Hessian given as:

2 3

@F=@x GCF=@x@Yy 2@-Q@x@z

H =4 @F=@x@y ’B-@y GF=@yQ@2 (2.1)
GF=0x@z *E-QyQ@z *B@%

the projection oH onto the local tangent plane of the surface is:

PHP
= — . 2.2
jr Fj (2.2)
whereP = | nnT is the projection operator, with as the normalized gradient. Tlshape

matrix G will have two (possibly) nonzero eigenvalues, giving the minimum and maximum
curvature values, with the corresponding eigenvectors de ning thepeive directions. A
thorough derivation of this curvature calculation is presented by Kindlreaah[78]. Curvature
is used in visualization to enhance features and provide depth and orierdatss [121, 36], as
well as for parameterization of implicit surfaces [129].

Blobbies [15] and metaballs [107] were the rst implicit surfaces usedrfodeling in com-
puter graphics, while more recent work has focused on functionsiintie greater controllabil-

ity, a richer set of surface characteristics, and the ability to reconstomtinuous surfaces from
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scattered point data. For reconstructing continuous surfaces framedisdlata sampled over a
regular lattice, certain types of compact spline kernels have been shafciemtly and accu-
rately approximate the original data [99, 78]. Methods for reconstruetisigrface by interpolat-
ing a set of surface points are used for interactive sculpting and domy@olygonal models to
smooth representations — example implicit functions include radial basis fosdiRBF) [27],
and their more scalable successors, compactly supported radial bagisris (CSRBF) [100],
along with variational implicits [149]. Approximating implicits, such as multipartition oity
(MPU) functions [108], on the other hand, are ideal for reconstrgcturfaces from noisy or
missing surface point data.

There are several major drawbacks of implicit surfaces that limit their usimend mod-
eling applications. Their inability to capture sharp features, as well as tlmecligputational
overhead associated with de ning many types of implicit functions such aSsRBSRBFs,
and MPUs, limit the number of shapes and variety of surfaces that can tieledo Further-
more, implicit functions are inherently unintuitive to deform, and require ai sigmt amount
of machinery to indirectly produce speci ¢ deformations [162]. In scientrisualization and
computing, however, the biggest drawbacks for using implicit surfacesh& computational
challenges of directly rendering implicits and the lack of an explicit paramatésiz of the
surface for de ning computational boundaries — methods in the literaturteatiidress these

two challenges will be discussed in Chapters 4 and 5, respectively.

2.3 Distance Transforms
A commonly used implicit function is thdistance transfornwhich will be used throughout
this dissertation. This function returns, for anywhere in the domain of thetifun, the distance
to the closest point on a surface [70]. The distance transform ofacsur at a poinix is de ned

as

d (x)=inf kx sk: (2.3)
s2

Oftentimes we are interested in thigneddistance transform of a sol, which is the distance to
the closest point on the boundary®f S, with the sign of the value indicating inside (negative

by convention) or outside @3:

ds(x) =sgn(x) sig]fS kx sk (2.4)



12

where

1 ifx2S

otherwise (2.5)

sgne) = 4

Unless stated otherwise, we will assume a signed function when discussiagoa transforms
in this dissertation, and will thus refer to Equation 2.4 as sinu§l). Figure 2.1 shows a 2D
distance transformation of curve.

The distance transform is an implicit representation of the suifige® = 0, and has nu-
merous interesting mathematical properties. For exampld(x)j = 1 almost everywhere with
r d(x) orthogonal to the levelset passing throughthe exception being at locations where the
gradient is unde ned due to more than one closest surface panippints along thenedial axis
which will be discussed in more detail in Section 5.3.1). The distance transfocontinuous
everywhere, and is differentiable almost everywhere, (exceptthe points along the medial
axis). Furthermore, where the distance transform is differentiableréugamt eld is1-Lipschitz
continuous which is de ned for a functior asjF(x) F(y)j < jx yj— this property is
a smoothness condition that states that the magnitude of the gradients of thealistasform
will never be larger than its Lipschitz value of one.

To compute a distance transform of a solid, such as a binary classi catipryscale classi-

cation can be initialized in a narrow band around the boundary of the sattl that

Figure 2.1 A distance transformation of the black curve, where the shade of gpagsents the
signed distance from the curve.
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d(x) in the narrowband

F(x) = 1 elsewhere

(2.6)

Methods such as anti-aliasing have been shown to be effective atimgdumxelization arti-
facts [156]. For cases where the boundary is de ned as an isesurfa functior-, a rst-order
approximation ofd can be computed & c)5jr Fj in the narrow band region, whecds the
isovalue of the surface.

Once the narrow band region has been initialized, several methods exgsiniputing the
distance transformation over the domain of the function, such as the chdmsfance trans-
form [124, 24] and the vector distance transform [38, 101]. A popuoiathod for computing
the distance transformation is the fast marching method (FMM) [132, 138¢hwomputes the
arrival time of a front that expands in the normal direction over a setidfgpints. By solving
the Eikonal equation from the boundary conditions given in the narrowd begion around the
surface, the FMM establishes an inverse relationship between the spéwel foont and the
magnitude of the gradient eld over a domain. Becajisej = 1 at the surface, the front will

move with unit speed and result in a distance transformation.

2.4 Reconstruction Kernels
The proposed system speci cally targets volumetric data, such as segimest@om MRI
or CT scans, which come as a set of discrete values de ned over krdaftice. We construct
a continuous, differentiable implicit function from these discrete points Imyawing the data
with reconstruction kernels. In 1D, a set of discrete sample peintecated at positions;, are
represented continuously a&) = P Vi (X Xj), where (x) is the Dirac delta function. The

convolution ofv(x) with a continuous kerndl(x) is de ned as [54]

X X
(v H)x)=  vi (x xf(x)= wvf(x xj): (2.7)

In visualization, reconstruction of a continuous implicit function in 2D and &gdiently uses
separable convolutigrwhich treats each axis in an image (or volume) separately [76]. Thus, a 1D
continuous kerndl (x) generates a 3D continuous kerhé€k;y;z) = f (xX)f (y)f (), resulting

in a 3D convolution:
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X
(v DO)xy;z)= v fx xpfly ypf(z  z): (2.8)
isj;k
Using separable convolution, derivatives of the reconstructed funcéo also be evaluated and

summed along each axis:

- P
QOCYD = L Vi FOC XDy yfE 2
A TG = o ik Vik FOC xRy vtz (2.9)
w: L Vii f(X X)f( . f()( .
@ ik Viik DIy vtz z):

The choice of reconstruction kernel for different applications aniémiht scanning modal-
ities has been extensively studied in image processing [54]. In visualizatevever, the most
common reconstruction method is trilinear interpolation due to the ease and apiéedom-
putation, as well as its pairing with many techniques that assume piecewiseditaa For
visualization tasks that require a higher order reconstruction, sucheadefign of transfer
functions for volume rendering boundaries and interfaces [77],inditpes of compact kernels
have been shown to effectively balance computation ef ciency with gqmataximations of
derivatives [99, 78]. Using these observations, this dissertation utdizéscubic B-spline for
approximating volume data, or4¢ Catmull-Rom spline for interpolation. Figure 2.2 presents
two isosurface extractions of a distance transform using an approxinketingl! (eft) and inter-

polating kernel (ight).

2.5 Mathematical Morphology

Volume (and image) data in the form ofténary image i.e., where the value at each pixel
indicates the pixel is part of the material, or not, is often preprocessed twilsieatures and ||
gaps. Using only blurring kernels that smooth data through diffusion as@ Gaussian kernel,
can result in arbitrarily small (and sharp) features which can impose ailyjithigh sampling
requirements for applications that must capture all parts of the surfaeeindéad propose to
preprocess labeled data using mathematical morphology, rst on binaresriaglose gaps and
remove features of a certain pixel size, followed by a grayscale morghthat limits the radius
of curvature of the reconstructed data. We explain each of thesetogeirathe following two
subsections. For these sections we will refer to 2D and 3D data stored oegular lattice as an

image
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(@) (b)

Figure 2.2 Examples of an isosurface of a distance tranform extracted using (@p@oxi-
mating42 cubic B-spline reconstruction kernel, and (b) an interpolaith@atmull-Rom spline
reconstruction kernel.

2.5.1 Binary Morphology
By expressing an image in a set theoretic framework, binary morphologratpns can be
described by unions and intersections of the shape contained in the imagmaeviphologic
stencils. As described by Gonzalez and Woods [54], binary morphalpgyations have two
fundamental operations -gilation, which will add material to the shape boundary; &ndsion
which removes material from the boundary. Dilation of a set (a shape iresyhimage)A by a

stencilB is

A B=fzjB,\ A6 g (2.10)

while erosion is

A B=fzjB, Ag (2.11)

These two operations are shown in Figure 2.3.

Building on these two primitive operations, two other fundamental morpholqugcadions
can be de ned. Openingsmooths the boundary by removing small features and thin regions,
while closingsmooths the boundary by closing gaps and eliminating small holes. Opening is an

erosion ofA by B, followed by a dilation of the result b :
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(@) (b) (©)

Figure 2.3 A binary segmentation (a) and results of the fundamental binary morpholog
operationdilate (b) anderode(c).

A B=(A B) B: (2.12)

Closing, on the other hand, is a dilationAfoy B, followed by an erosion of the result 8.

A B=(A B) B: (2.13)

These two operations are shown in Figure 2.4.

For 3D binary images, there are three basic, isotropic stencils. The asbipointed stencil
we will call aplus the second is a 22-point stencil that is a solid cube minus the corners waich
will call a ball; and the third is a 26-point solicubestencil. The operations erosion and dilation

can be intuitively thought of as sliding these stencils along the inside or outkithe dinary

(@) (b) (©)

Figure 2.4. A binary segmentation (a) and results of the binary morphology operaijmeryb)
andclose(c).
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shape, respectively. In Figure 2.5, isosurface extractions of the steacils are shown. These
stencils can be dilated with themselves, or in combination to produce largeilstenopening
or closing features larger than one pixel.

For results in this dissertation, speci cally those presented in Chapter Gawefound that
rounder stencils (like the ball stencil) produce the best binary shapexfeasing the minimum
size of features in the reconstructed data. In Table 2.1 we present tiod stanbinations used
in this dissertation. However, other combinations can produce the similidtsegun example
of the effects of morphology on the geometry and topology of an implicit saran be seen in
Figure 2.6.

2.5.2 Tightening

To produce smooth surface reconstructions from binary data, the datdomsmoothed at the
subvoxel level to eliminate aliasing artifacts from the voxelization. Blurringdiffusion (.e.,
using a Gaussian blurring kernel) can generate arbitrarily small suidateres, even if small
features in the binary data have been eliminated using morphology opera&diotize other hand,
methods that perform grayscale morphology operations based onuervaws can smooth
the data while maintaining a lower bound on the feature size. One such gl@ysorphology
scheme proposed by Williams and Rossignac [160], used in Chapter Betstaghtening which
limits the radius of curvature of the resulting boundary using constrainezlskt curvature ow.
Other methods have also been proposed that obtain similar results, suobethtit use discrete
Willmore ows [18] or implicit fairing [40].

Tightening eliminates high curvature on a surface while preserving lovatune parts of the
boundary by de ning a region around the surface calledrtfmtar in which minimum length
loops are computed. These loops are the boundary of a tightenedestidddas the properties
that the radius of curvature is greater thraeverywhere and differs from the original surface

only within the mortar. The mortar is de ned by morphological operations catteddingand

plus ball cube

Figure 2.5 Isosurface extractions of the three basic isotropic stencilplusis a 6-pointed
stencil,ball is a solid cube minus the corners, anubeis a solid cube.
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(@)

(b)

()

Figure 2.6. Isosurface of a brain segmentation [142] at various stages ofquessing, extracted
using an approximating kernel: (a) the original segmentation; (b) afteriogpend closing the
volume using a ball stencil; (c) after tightening with= 1.
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Table 2.1 The speci c, round stencils used in this dissertation for a range ofrieaiaes. The
stencils were generated by dilating combinations of the three basic isotropidistevherep is
theplusstencil,bis theball stencil, anct is thecubestencil.

| feature size| stencil morphology/ stencil isosurface \
1 b
2 b c
3 (b p c
4 (P B ¢ p

lleting , which are analoguous to the binary morphology operations openinglasidg: The
mortar of the shape in Figure 2.7(a) is shown in gray in Figure 2.7(b); minimngiidoops are
computed in the mortar with = 40 to generate the shape in Figure 2.7(c). Figure 2.6(c) shows

an isosurface extraction of a brain segmentation tightenedrwith .
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@ (b) ©

Figure 2.7. The original shape (a) has a mortar shown in gray in (b). The tighteméats, with
r =40 is shown in (c). (images used without permission)



CHAPTER 3

DYNAMIC PARTICLE SYSTEMS

Particle systems are a mechanism for controlling point samples and distribugimgaitross
an implicit surface, producing compact, object-space samples of thelyindegeometry which
can then be rendered ef ciently, or, used as input to a parameterizatimme. Recent research
on point-based surface representations also suggests that point gdis engiable alternative to
parametric surface representations in applications where the topologitstaints of a param-
eterization are unwieldy or inef cient [57]. The state of the art in partigistams for sampling
implicit surfaces, however, presents some shortcomings. First, mostsef $yetems have many
parameters that interact in complicated ways, making it dif cult for usersne the system to
meet speci ¢ requirements. And second, these systems do not readithEmdelves to spatially
adaptive sampling schemes, which are essential for ef cient, accaatesentations of complex
surfaces.

In this chapter we rst review the history of particle systems in the computgglgcs litera-
ture, focusing on the work of Witkin and Heckbert [162] which estabtlisie scheme as a viable
method for sampling implicit surface. We then present a new frameworkdtsitaliting particles
on implicit surfaces, including a new class of energy functions and aespaing scheme for
adapting the particle densities. These techniques are shown to provilie stabable, ef cient,
and controllable mechanisms for distributing particles that sample implicit serfaithin a

locally adaptive framework.

3.1 Background
Particle systems for sampling implicit surfaces were introduced to the compajdrigs com-
munity more than a quarter of a century ago. Modeling surfaces with panvelesst proposed
by Szeliski and Tonnesen [139, 140] as an oriented particle systensahgiles deformable
surface models. They employ an energy function from the molecular dyeditei@ature which
causes particles to exert short-range repulsion and long-rangdiattrdeeping particles at an

appropriate distance from each other. Turk [148] uses repelling lgsrtic resample polygo-
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nalized static surfaces using curvature measurements, while De Figuetrad{B9] propose a
physically-based particle method to polygonalize implicit surfaces by modedirtcies with a

mass-spring system. Other work presents ideas for sampling implicit ssiffacanimation [41]

and texture mapping [169]. In parallel, a body of work has been desdlopthe mathematics
community that studies the discretization of surfaces via energy minimizationsg2p

In 1994, Witkin and Heckbert [162] introduced a novel approach nopgdimg and controlling
implicit surfaces that builds on many of these early ideas. The system tkegilmiconstrains a
set of interacting particles to lie on an implicit surface while each particle repealby particles
to minimize a Gaussian energy function. The Gaussian energy has atehiatidength, which
is adapted for each particle to suit the distribution of its neighbors. The lgami®ractions
are constrained to the local tangent plane of the surface, while the padreeeprojected onto
the implicit surface. The Witkin and Heckbert (W-H) method includes appraeind0 free
parameters, and when they are carefully tuned ([162] gives antieffeset of guidelines), the
resulting system produces a homogeneous distribution of particles on rflaeesu The W-H
system will be covered in more detail in the following section.

Heckbert [65] extends the original W-H method by developing a spatiaifgioptimization
that determines the radius of in uence of a particle and only calculatesg$diar neighboring
particles within this radius. The radius of in uence varies from particle tdiga, so the
bounding sphere must be computed for each particle. An extension to thednethmosed
by Hartet al. [62] allows the system to sample increasingly complex surfaces within antobjec
oriented framework that numerically differentiates implicit surfaces comgséarge numbers
of control parameters. Galet al.[52] propose a method that uniformly samples implicit surfaces
generated from the BlobTree model [164], creating interactive visu@izmof these surfaces.
To decrease the number of iterations a particle system requires to centengetet al. [86]
present a geometric scheme for initializing particle positions over a suffdie method is fast
to generate uniform initial positions, and Okaal. [109] extend these preprocessing ideas to

quickly produce initial particle positions that are adaptive to surfaceaturs.

3.2 The Witkin and Heckbert Method
The W-H method constrains repulsive particle® = fpo; ;pn 10 to lie on an implicit
surface of the functioiir (g), which is controlled by parametecgt) that change over time to

meet user-de ned surface deformation goals. That is,
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F(xi;q(t) =0 (3.1)

wherex; is the position of particlg;. In this framework, particles provide not only a way
to visualize the implicit surface in real time, but also provide a handle througbhwsurface
deformations are controlled by updating the parametéty. This dissertation is concerned
with only the particle placement, and thus, to simplify the discussion, we ignorsuiti@ce
deformation terms from the original W-H formulation.

Once the particles lie on the surface, individual potential functions a@caged with each
to induce particle-particle interactions. Each partige, creates a potential eld, which is a
function of the distance betwegn and all neighboring particles that lie within the potential
eld. The energy at a particlp; is de ned as the sum of potentials of theparticles that interact
with pj:
xn

Eij (rij 1) (3.2)
j=1ij8i

NI =

whererj = X;  X;j. Inthe W-H scheme, a Gaussian kernel is used for the potential function:

jrij i2

Eij = exp 5 2

(3.3)

where is a global repulsion amplitude parameter, andcalled the repulsion radius, is the
standard deviation of the Gaussian.
The derivative of a particle's energy with respect to its position givestdashe repulsive force

that de nes the repulsion velocity direction (steepest descent) that minithizéscal energy:

@E_ @E_ X Q@F j
@i @i @ rij jirij

Vi = (3.4)

j=1j6i

Iteratively moving particles along their energy gradients causes the systamnverge toward a
minimal energy con guration.

The surface constraint is enforced by projectingnto the local tangent plane of partigig,
and then reprojecting the updated particle position onto the zeroBatsihg a Newton-Raphson

gradient descent technique. The change in a particle's positjas,characterized by
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[t

wherel is the identity matrixr F; is the spatial gradient ¢t at the particlg;, andr F; r F;is

the projection operator formed by the vector direct product of the gnadide last term in (3.5)

is the reprojection onto the implicit surface (tleedback ternn [162]), which is scaled by a free
parameter . A fraction of x; is added to the current position in the manner of a nite forward
difference schems,e., X; Xi + Xj, where is the gradient descent constant mentioned
previously. The patrticle is then rendered using a disk oriented to lie in thedodace tangent
plane [139].

Each particle maintains an adaptive repulsion radiusywhich grows and shrinks based on
the local energy values. This allows particles to quickly spread over tti@ceuby increasing
their repulsion radius in sparse regions, which in turn increases theantietp forces that push
particles to lower energy states. Accompanying the adjustable radiusghtting and dying
mechanism based on a target radiisthat controls the insertion and deletion of particles in
the system. When a particle's drops below some fraction df, indicating a densely sampled
region, it is removed, and when it goes above some multipte afdicating a sparsely sampled
region, a new particle is inserted nearby. The system can thus quickly paotieles into sparse
regions by growing ; for particles in underpopulated regions, and then inserting new patrticles
when ; becomes too high.

The dying mechanism is also important to keep particles from clumping together if they get
closer to each other than the characteristic length of the Gaussian potemtial. KAt i, a
particle's force function begins to dip towards zero as the derivativhefGaussian energy
reaches a maximum, creating a potential well that can trap particles togethiboudh the
particles will not be able to force each other away, the increase in theectsge energies will
cause their ; values to decrease, either eventually moving the particles out of the poteelial
or causing a particle to die as its falls below the dying criteria cut-off.

Ultimately, the system forms homogeneous distributions of particles over tif@csuny
adapting i until all particles have similar energy measures. Many applications, howegelire
inhomogeneous distributions based on curvature, such as using pddiplelygonalize [72] or
to parametrize [169] the surface. Several extensions to the originapatitie system have been
proposed in order to accommodate increased sampling in areas of highurarfdi23, 35, 72].

All three extensions apply an adaptive, per-particle, curvature diepey to either the repulsion
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radius, i, or to the target radiug);. We have found these extensions do not provide adequate
curvature dependent distributions for complex surfaces with largetizarsain curvature values,
con rming the dif culties mentioned by Rschet al.[123] and Karkani®t al.[72].

These dif culties arise because will grow and shrink regardless of the underlying curvature
value, and"; does not control the behavior of a particle apart from its splitting and dyiiug
example, consider a particle in a high curvature area with a relativelloAs ; increases this
particle splits at faster rates than particles in nearby atter areas. Howtbese new particles
will merely be pushed out onto at areas, which will, in turn, become too dexly resulting in the
deletion of particles. Meanwhile, the high-curvature particle, missing thengeparticles it re-
cently created, will continue to split—a never ending cycle of insertion aledide, illustrated in
Figure 3.1. In our experiments, when we tuned parameters to stop the insietation cycle by
expanding the hysteresis of insertion and deletion we found that the palistieutions did not
re ect the desired differences in particle densities—the W-H scheme temdsd homogeneous
distributions despite variations i Local adaptation in the W-H scheme is signi cantly more
complex than a single parameter; it also requires modi cations to the partididretactions
with the per-particle energy functions.

Further complicating ne-grained control of the system are not only theerous free pa-
rameters in the splitting and dying mechanism, but also the tunable parametersiimtbgcal
algorithm used for iteratively distributing the particles. The W-H method relies gradient

descent for both particle repulsion andadaptation. Discretized gradient descent algorithms

@) (b) (©

Figure 3.1 Adapting the radius of particles based on local surface curvature MWiHesystem

results in a cycle of insertion and deletion of particles: (a) a high curvatanticle in red has
a low energy value; (b) the high curvature particle splits to increase itggnand these new
particles are pushed outwards towards a lower curvature region sabypled yellow particles;
(c) the new particles are deleted as the lower curvature area becomeasawded, leaving the
high curvature particle again in a low energy state.
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invariably introduce a critical free parameter (the descent rate, or liaitge per iteration), and
the system can easily become either too slow or unstable if the parameter isémiptoped. As
a result, changes to the W-H system often entail careful retuning of thespmnding gradient
descent parameter.

In this chapter we propose a new approach to distributing particles aanossplicit sur-
face, allowing for a wide range of distribution patterns from homogenémiéghly adaptive.
The proposed system is general across a broad range of shapéexiymagnd size, and re-
quires minimal parameter tuning from surface to surface. The new frarkdwilds upon the
constrained particle system developed by Witkin and Heckbert, but irdesda new class of
energy functions accompanied by a single, global radiubat virtually eliminates the need
for insertion-deletion to ensure even distributions of particles acrossntite surface. These
(approximately) scale-invariant energy functions allow particles to inténaa similar fashion
over a wide range of distances without adapting or tuning parameters.pdrkiele insertion
and deletion mechanism is instead applied for control of particle densitiespawihg, and is
combined with a space-warping scheme that causes particles to distributéghigh tensities in
regions of interest. To address the limitations of gradient descent wefyntbpose an adaptive
time-stepping minimization scheme, which automatically tunes the descent rate tonagdate
the individual particle force magnitudes.

The result is a robust system with relatively few parameters that proaicesv capability:
a controllable, locally adaptive distribution of particles on implicit surfacegcihénisms such
as neighborhood size and deletion/insertion of particles can now be ddapteeet other con-
straints, such as the total number of particles in the system, the averagdéepdetisity, the

ef ciency of the computation, or update and rendering times.

3.3 A New Particle Energy Scheme

At the heart of the proposed particle system is the computation of the potemtiay associ-
ated with particle-particle interactions. The minimization of this energy de nealt@ithm for
distributing particles across the surface and leads to a quanti able notmidgal distribution.
This pairwise potential enerdy;j is the most important aspect of any such particle system, with
a bad energy function leading to numerical instabilities and uneven parti¢tébdimons, and
a good function resulting in a homogeneous steady state. We have expgedméth several
potential energy functions from the literature and have identi ed three itapbcharacteristics

of a well behaved potential energy function. First, energies shouf@'beontinuous functions
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of particle distance. Second, the energy functions should be compaaitbgdobal in uences
and allow for ef cient computation. And third, to avoid characteristic lengémsl the associated
parameter tuning, the energy must be scale invariant — that is, two particléeeent distances
should have the same ratio of energies regardless of the choice of uthitssyfstem.

The Gaussian energy used in the W-H method is smooth and nearly compaaséehe
function can be truncated in a manner that does not signi cantly affectftavior. The Gaussian,
however, has a characteristic length and is not scale invariant. A parkyculzresting example
of a scale-invariant energy is the electrostatic poterfigl,= 15jrjj j. The electrostatic function
is smooth, except at the origin (which can be xed by adding adding a sroasitant to the de-
nominator), but does not fall off quickly enough to provide local bétraAs a result, particles do
not remain on at regions but instead concentrate exclusively on coimgh-curvature areas—a
well-known phenomenon from electrostatics. Furthermore, truncatingehta@static potential
yields unreliable results, and the con gurations of particle steady stadegeay sensitive to the
distance of truncation. Thus, the electrostatic function is not approximaieipact. Figures 3.2
(a-b) show graphs of the Gaussian and electrostatic energy funceéspgctively.

An energy function which establishes a good compromise between apptexsoae invari-
ance and compactness isnadi ed cotangent

(

_ cot Lijjf +—ri“§ 5 Jrij]
Ej =

e (3.6)
0 Irijl >

which is shown graphically in Figure 3.2 (c). This potential has one freanpeter , which

establishes the farthest distance at which particles interact. Wherj= 0 Equation 3.6 goes

to in nity — we avoid this numerical instability by adding a small valug, = 10 7, to the

interparticle distances. The derivative of this energy with respect tejeatistance is:

(  h o
@'—T_f 5 1 sin 2 Jr”J§ jrijj

@rijji o jrijj >

3.7)

The derivative shows an analogous relationship to the electrostatic pbt&kian the distance
between particles is small relative tosin(jrij j= ) j rjjj= , and the force behaves likel=r?,
which is invariant to scale.

The particle system uses Euclidean distances when computing the distameerbparticles
as opposed to the more accurate, and computationally expensive, igetdidesce. This ap-

proximation is reasonable as long as the distance between particles is sntiak teléhe local
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Figure 3.2 Plots of energy functionsE) and the corresponding force functiors)(: (a)
Gaussian energy, exhibiting a characteristic length; (b) electrostatigyee&hibiting a necessary
truncation; (c) the proposadodi ed cotangengenergy, exhibiting compactness and approximate

scale invariance.

(@)

(b)

()
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curvature of the surface such that the surface is approximately plelmah is a valid assumption
when adapting the particle densities with curvature (discussed in Sectioh &é&r2 values that
are large relative to the dimensions of the domain, it is possible then to inclutiggsin the

energy and force computations that lie on non-adjacent parts of theecsuffo cull some of the
non-neighboring particles, we scale Equations 3.6 and 3.7 by a weighticdn based on the

dot product of the normals @t andp; :

8
2 1 ni n;

wij = _ cos ni >n nj>0 (3.8)
' 0 ni nj O

with = 0:156for the results in this dissertation.

Another energy that is very similar to the modi ed cotangent function is a radiergy:

8 2
31
E. = — =z il (3.9)
ij 3 Irij 1 .
"0 jrijj >
with a derivative given as
8 2 3
E o4 1 irij
24 5 jrii
@J.@F il ETIANRE (3.10)
ij
0 jrijj >

Experiments using this function result in visually similar distributions as thosergd using
Equation 3.6.

Our experiments show that the modi ed cotangent and radial energiesdgemmaously dis-
tributes particles across the surface, freeing up the need to modify a per particle basis
or to implement a parameter sensitive particle insertion and deletion algorithm. artiegs
distribute themselves in a nearly hexagonal packing, which is the gerstatrpfor optimal
con gurations [127]. The system is well behaved due to the lack of aaceristic length in
the energy or force function, and works across a broad rangerfafceushapes and sizes with
no modi cations. Because of this robust behaviorgan be treated as an application dependent
parameter which can be tuned in accordance with the desired densityiolgseaind the run-time

requirements of the application — these ideas will be discussed furtheriio$8c.



30

Table 3.1 illustrates the robustness and generality of the cotangent daeoggn (with the
radial energy exhibiting similar results). For these examples we start witidamaplacement of
particles, then iteratively move these particles using a gradient desd@hesystem converges
to a homogeneous distribution. We vary the value ainder two different scenarios: a sparsely
packed system of 300 particles, and a densely packed system of B@)epa When =1
(where is the fraction of the domain size), the energy has a global in uence oeeettire
surface function domain. The particle distributions continue to be homogsraewe reduce

, demonstrating that the cotangent energy is approximately invariant owgdearange of
scales. The only restriction is thatmust be large enough such that particles interact with a
ring of neighbors at the steady statae (6 for this example). The upper right example in
Table 3.1 shows the system breaking down wheg too small to provide suf cient interaction.
As discussed in later sections, this condition can be met automatically by eitheasimgy or

adding more particles.

3.4 Moving Particles
Integrating the particles towards a progressively lower energy stateidiaesar optimization
problem that introduces numerical challenges. A gradient desceunir@sgcareful tuning of
the step size parameter, which can vary from surface to surface,vandparticle to particle.
Improper values can lead to very long convergence times if the step size ssnif or irrec-
oncilable oscillations around the minimum if the step size is too large. To avoid phelsiems

we have implemented an adaptive gradient descent integration algorithm, @pititeof the

Table 3.1 The effects of varying the one free parameteiin the cotangent energy function. The
total number of particleqy, is constant along the rows, and the value a$ the fraction of the
total domain. The average number of in uenced neighborsis given for each variation. The
upper right example illustrates the one constraint pwhich is that must be large enough to
ensure adequate distributing forces at a particle.

onl =t [ m ] =5 [m][ =5 [m[ =5 [m]

300 150.3 8.5 5.8 1.1

600 302.1 18.9 6.6 5.8
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Levenberg-Marquardt integration scheme [119], that does notreegny tuning of parameters,
described in detail in Section 3.4.1. We also propose a Gauss-Siedét ghddegy, in which
particle positions are updated one at a time, and each particle update retles miost recent
positions of its neighbors. Moving particles in this method causes the distribiatioonverge
about twice as fast as iterating using a Jacobi update where all particenmeats are computed
before making any positional updates [73].

A two-step update scheme keeps the moving particles constrained to theesiifat, particle
positions are updated based on the repulsion velocity in the tangent plane:

re o F

Xi Xi r Fi r Fi Vis ( )

which is the result of a Lagrangian formulation of the constrained optimizatetrkéeps parti-
cles on the zero sets 6. Movements in the tangent plane can, however, push particles off of
the surface, especially in areas of high curvature. Therefore antptge movement must be

followed with a reprojection:

I’Fi

! I II’ Fi rF

(3.12)

which is a Newton-Rhapson approximation to the nearby roots (zero $dts)\We have found
that a single iteration of Equation 3.12 is generally suf cient to keep partaethe surface for

most well-behaved implicit functions.

3.4.1 Adaptive Gradient Descent
To overcome the numerical problems of using a xed stepsize parameter Wwtegrating

the particle motions, we propose an adaptive gradient descent methoditinaiagically tunes
individual step sizes for each particle. Each particle maintains an indivitiela size parameter

i thatis adjusted by the system based on the local energy of the particletidepia temporarily
moved to a new position, with the motion scaled hy and the new energl " is compared
to the old. If the energy is not lower, the value is decreased and the particle attempts another,
smaller movement. Otherwise, the particle accepts the movement, andistsncreased for
the next iteration. When; is low the particle moves in small steps in order to not over step
the minimum, but when; is high, the particle moves much faster, quickly minimizing poor

con gurations. This particle-by-particle adjustment allows the particles te t&ps that con-
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tinually decrease the local energy, avoid destabilizing motions, and to makersamal smaller
movements as the distribution converges to a steady state.

Particles must be on the surface before compuBi§"” because a particle should not be
allowed to move to a lower energy position if that position is not on the surfsse, the system
is slow to converge if the particles are allowed to jump over one another, asduvé penalize
a particle with a very high energy when it attempts to move too large a distancto(&8.6
de nestoo largg. This movement size penalty forcesto decrease until the motion is on the
same scale as the neighborhood. Each particle is updated and moved.ialiivéd that changes
are propagated into subsequent particle updates. The entire praeesdl®f the particles is
repeated until convergence.

Each particle's j value is initialized to 1.0 (although we have found the system to be insensi-
tive to this value) and modi ed by factors of 10 as the system converges &ven distribution.
Modifying i is an iterative process governed by energy computations and comjsaréh

works as follows for one patrticle's position update:
Step 1: ComputeE;, and compute; with Equation 3.4.
Step 2: Computev{®¥ = jv; .

Step 3: Compute the new particle positio®" by solving Equation 3.11 witki ", followed

by a reprojection to the surface by solving Equation 3.12.
Step 4: Compute the new energy valug;®", at the new particle locatioa".

Step5:If EM™®"  Ej,and | > min, decrease; by a factor of 10 and go back to Step 2. If

i min» do not move the particle and skip to the next particle in the list.

Step 6: If EM™W < E, updatex; = x'®". Increase ; by a factor of 10 if this is the rst time

through the loop.

We have found this integration scheme to be insensitive to the two free parantie¢einitial
value of , as well as min, as long as mjn is suf ciently small (for all the results in this
dissertation, mn = 10 %). The method converges over a wide range of surface shapes and

sizes with no modi cations.
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3.5 System Control

The scheme described in the previous section ensures that particlesagipether and reach
a uniform distribution in a reasonable amount of time, without modifying frearpaters, or
inserting and deleting particles. The only restriction of the scheme is thatst be large
enough such that all the particles can maintain at least a one-ring of esghi practice, when
dealing with unfamiliar or deforming surfaces it may be necessary to enfentain relationships
between the particles and the surface. For instance, we might want to mainmaimmum
number of particles, a certain minimum particle density, or a minimum particle raditisatiers
the surface with a speci ed number of particles. Meeting these conditionsagiire modifying
the number of particles or the radius of the energy function. Furthermaeayould also like
to have patrticle distributions that adapt to local surface features. Mirha for meeting these

conditions are discussed in the following two subsections.

3.5.1 Global Control of Particles

As with the W-H method, the particle energy quanti es the density of particlesaméigh-
borhood of a single particle, while the system energy provides informatigheoglobal density
of particles. The system energy measure provides further insight td tieney of the system
and the locality of the particle in uences. Based on energy measuresaséechniques can be
used to ensure an ef cient and effective system.

The energy of a particle quanti es the amount of interaction the particle fiasta/neighbors,
where a low energy implies too few neighbors, and high energy indicatesry Madetermine
whether the particle system contains enough energy to enforce evmtepdistributions without
incurring unnecessary particle-particle computations, the system enmerggure is compared
against an ideal energy measung; igea, Wheren is the number of particles in the system
and Eiqea is the ideal energy for a single particle. In our system, we ddepg, based on
a hexagonal packing of particles where the repulsion radius ends awaheng of neighbors,
similar to the distribution described in the W-H method:

Eigea =6E; with il= = _05_ (58 (3.13)

cos(:: 6)

The hexagonal con guration represents a natural, low local endsggitaition [127], and is

illustrated in Figure 3.3. When the system energy is bael@eq, particles will generally not
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have enough neighbors to reach an acceptable distribution. On the atitenthen the system
energy is greater thamk jgeq1, particles are in uencing more neighbors than necessary, resulting
in extraneous particle-particle computations and slower global convaggen

To achieve theEigea, Several mechanisms exist to modify the system energy. Particles can
be inserted or deleted to increase or decrease the system energytivespeor can grow or
shrink. These mechanisms can be used separately or in combinationditepen the goals of
the application.

Inserting and deleting particles drives the system to maintain a speci cceudansity of
particles, de ned by the value of. For a specic value, the system energy speci es the
approximate local density of neighboring particles across the entirecsuifahe local densities
contain more particles than the de ned ideal packing, particles can be dietgtieer randomly
across the surface, or in a biased approach similar to the W-H deletion crifenaersely, low
local energies can be adjusted by splitting particles in the local tangent plane

Adjusting can be used when a speci ¢ number of particles is desired. Maue grows and
shrinks to ensure that particles interact with only the ideal neighborhistrtbdtion. Growing
is important when the system energy is too low to ensure an even distributpartafies, while
shrinking when the system energy is too high produces the most computationally &f cien
system by keeping inter-particle calculations as local as possible. Changere carried out
iteratively using a gradient descent or some other 1D optimization technique.

A combination of insertion and deletion of particles can be used with growidglrinking

to maintain a lower bound on the number of particles, as well as an upped looun This

combination of constraints ensures a minimum number of particles in the sysaditiraes, and

O O O

Figure 3.3 When determining the ideal energy at a particle, we want only the 6-riigipiners
to in uence a particle's energy and force calculations. In this diagramywame the distance from
i toj1to be , which makes the distance fronto j 2 approximately0:57 . The white particles
fall at, or just outside of, the repulsion radiusmf while the gray particles exert forces.
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a cap on the complexity of the interparticle calculations. Only changisgiseful in applications
that require a strict number of particles, such as using particles to setrrgspondence points
between multiple shapes for use in shape statistics [28]. For the applicatitims dissertation,
however, we rely solely on inserting and deleting particles to achieve spéensities of points.
The ability to achieve speci c interparticle distances is an integral compdoensing particle

systems to generate isosurface meshes (Chapter 5 and 6).

3.5.2 Locally Adaptive Particle Distribution
The local density of particles can be controlled to achieve an adaptivdiegrop introducing

a repulsion amplitude, j; , between each pair of particles. This parameter is used to scale the
effective distancbetween particles based on the local geometry of the surface, resulticegéial s
energy and force values. For instance, if we allow surface curvatuigcrease the effective
distance between particles, the energy and force at these particles evédbade, and the areas

of high curvature will have a higher density of particles. This adaptivityhmmatsm maintains a
small number of in uential neighbors around a particle even in regiongybf ¢urvature, allowing

for effective optimization strategies (discussed in Section 3.7). For rasulfss dissertation,

=1, and the vector between two particles is:

= (X X)) = i (3.14)

With this formulation, when rj j> 1, we haveEj = 0, andj vj j= 0. Equation 3.14
also ensures that the energy and force between two particles is symmatals,isvimportant for
stability in the system. The repulsion amplitudg could be de ned as a function based on any
geometric property of the surface, and we have developed one fornmutetsed on the curvature

magnitudeC (root sum of squares of the principle curvatures):

(3.15)

wheres and are user de ned variables that specify the distance, in world units, leetparticles
on a planar surface and the density of particles per unit angle ovevadcsurface, respectively,

andC; is the average of the curvature magnitudes;aandx;. The principle curvatures are
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computed analytically from the gradient and Hessian of the implicit functioneasribed in
Chapter 2, Equation 2.2.

For surfaces that contain singularities, the curvature magnitudes cambéexbitrarily large
at critical points and cause extremely high densities of particles. To curkfthist a maximal
bound can be placed on; . This constraint still allows particles to get very close to singularities,
but does not guarantee that the critical point will be exactly sampled. Wedieserved, however,
that particles tend to sample the sharpest points and edges of a surfacartifaat of projecting
a particle's motion vector into the local tangent plane of the surface.

To illustrate the adaptivity of the particle system, Figure 3.4 presents thregéesof particle

distributions over a quartic implicit function with varying values of the angudasity parameter,

3.6 Implementation

Here we present a basic implementation overview of the proposed parstégrsysing an in-
sertion and deletion mechanism, which will be referred to in later chaptegesra.6 and 3.6 list
all the free parameters in the system. We eliminate divisions by zero in the impldioeatahe
the proposed curvature based sampling method by adding a very smaltovaludenominators.

For the results presented in this chapter we initialize our system with seveididd particles
in random positions within the 3D domain of the implicit surface, whiledl@d parameters
are user-de ned. In later chapters (Chapters 5 and 6) we promesing the particle system
with the vertices of a mesh generated using itierching cubeslgorithm [90] to ensure that
the surface is adaquetly sampled. We have found that for complex ssiffidds possible for

the convergence criteria (described below) to fail and stop the partidiibditon early if the

Figure 3.4. The adaptivity of the particle system is modi ed from left to right witee 0, =7,
and =15.
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initial set of particles is not dense enough. For the results in this dissertatimever, we did not
experience this problem.
First, the particles are projected onto the isosurface by performingadéezations of Equa-
tion 3.12. We have found that ve iterations is usually suf cient for movirgytles to within
r =10 °of the isovalue. Next, the system iterates using a Gauss-Seidel upddtemgesantil

the particle distribution converges by repeating the following steps:
1. For each particle (taken from Section 3.4.1):

(&) ComputeE;, and compute; with Equation 3.4.
(b) Computev{™®" = jv;.

(c) Compute the new particle positiafi®V by solving Equation 3.11 witk"®", followed

by a reprojection to the surface by solving Equation 3.12.

(d) Compute the new energy valdg/®", at the new particle locatiox®", as well as the

new implicit function valueF;"*".

(e) FEM™Y Ejorjxi x"®¥j>sorF"™ > r,and ; > i, decrease; by a
factor of 10 and go back to Step 2(b)ii. If min » d0 not move the particle and skip

to the next particle in the list.

() If E®Y < E, updatex; = x{™®". Increase ; by a factor of 10 if this is the rst time
through Step 2b.

2. Decide whether the system is at a steady state. There are numerous toetieétermine
steady state, and we have chosen to use the difference of the systgm @me sum of the
energy at all the particles) from one iteration to the next. When the systerg\edifference
is less than a small fraction of the total energy (we use 0.15% for the rese#isred in
this dissertation, although a range of values would produce similar resuétg)educe that
particles have reached a steady state. Otherwise, repeat Step 2lnoFdmifializations,
we have found it can be useful to skip to Step 2d every 50 iterations insteeaiting for

the system to reach a steady state.

3. Check whether the con guration of particles is desirable. We compachl particle's
energy against an ideal ener§/?¢@ which is de ned by a hexagonal packing of neighbors
on a at surface with inter-particle distancesfWe biask; with a random value on the

interval[0; 1] to eliminate mass splitting or dying, then split particles viith< 0:35E 'deal|
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and delete particles with; > 1:75E 92 Alternatively, if a constant number of particles
is desired, the planar separation variableould be modi ed to move the system energy
towards the ideal system energy. While we have provided speci c vdarethis step,
we have found in practice that varying the values by up to 20% produseally similar

results, although with different convergence times.

4. If the energy of the particles is acceptable, stop iterating.

3.7 Computational Optimizations

We have implemented several strategies to increase the computational e ciEtme distri-
bution process. First and foremost, any type of Lagrangian schelfieessirtbm an inherent lack
of explicit spatial relationships. In the case of the particle system deddnbhis dissertation,
the problem manifests in the computation of repulsive forces from locaiclgamteractions.
Nominally the particle-to-particle interaction problem@$n?) for each iteration. The use of
compact energy kernels, however, leaves the energy and forceutatiops null for all but a
small subset of neighboring particles. Thus, we have implemented a spatiilidystructure [35]
that lessens the subset of potential interactions. The size of the bin®s lpasn the maximum
possible extent of the energy kernel (which derived from Equatioh &% ), with each bin
maintaining a list of resident particles. Neighboring particle queries for cdimgp forces and
energies is then reduced to computing interactions with particles that resi&e8in 1 3 block
of bins surrounding the querying particle's bin. As such, every time agbars moved in Step
2b above, the binning structure particle lists are updated.

Although the binning structure dramatically decreases the system coneertjme, particles
will still compute distances with many non-neighbor particles, especially asithgiaity of the
system is increasedl €., for large values for). By not allowing particles to move further than
s in any one iteration (Step 2(b)v), however, the neighborhood contgura change very little
from iteration to iteration. Taking advantage of this observation, we stord afliseighbors
with each particle that is updated only after several iterations (every vatitms for the results
in this chapter). Although the lists may be out of date for intermediate iteratioastettative
convergence method smooths out these errors. We have found thatghiseh is particularly
effective as the system approaches a steady state and the particleonieigiis become stable.
Storing the lists of neighbors typically decreases the computation time by a Gc2e8, and

even more so with increasing adaptivity.
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Table 3.2 Table of free parameters.

Parameter Value Description Comments
r 10 7 added to interparticle distances tesystem is insensitive to values
avoid in nite energy values near machine precision
1.0 effective particle radius constant for all results in this dis-
sertation
0.156 denes range of normals forinsensitive to exact value as long
which the particle energies areas 1
smoothed
0 1.0 initial stepsize value system is insensitive to this value
min 10 4 minimum stepsize value system is insensitive to this value
as long as it is suf ciently small
S user-de ned planar separation value that speaiebust system behavior relies on
es desired interparticle distancesthis value to be small enough such
across a at plane that Euclidean distance measures
closely approximate geodesic dis-
tances
user-de ned density of particles per unit anglesystem is insensitive to this value
over a curved surface
= 10 ° surface threshold value should be around the ma-
chine precision value
5 number of initial projections of a system is insensitive to this value
particle as long as particles get to within
g of the surface
0:15% system energy difference fromvalue must be small enough such
previous iteration that indicates athat the particle distribution con-
steady state verges to an even packing
50 number of iterations when systenmvalue must be large enough such
automatically checks for a desir-that local particle neighbors can
able con guration (Step 2d) be established
0:35 percentage dEqey that indicates values with approximatelg0%of

a particle should be split this value produce visually simil-
iar results with different conver-
gence times
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Table 3.3 Table of free parametersont

Parameter Value Description Comments
1:75 percentage dEqeq thatindicates values with approximatel®0%of
a particle should be deleted this value produce visually simil-
iar results with different conver-
gence times

5 number of iterations when parti-values< 10 maintain stability in
cle neighbor lists are updated  the system

4w  initial value of s based on the this value must be small enough
width of a voxel,w such that Euclidean
distance computations closely ap-
proximate geodesic distances

We have also observed that the particle system quickly eliminates the higlefregerrors
in its con gurations by taking large movements during the rst few iterationfipfved by many
iterations of small movements to eliminate the low frequency errors. To exploitrérid, we
have developed a hierarchical distribution mechanism. We rst distribuaesedevel particles
across the system using a lagealue, then split each of these particles into four evenly spaced
particles and reduce by half. This process is repeated urttifeaches the user de ned value.
We have found that an initial value sfbased on the width of the volume voxels works most

effectively.

3.8 Rendering

Rendering a particle system with oriented disks provides the user with alizétien of
accurate surface samples. The disks allow the user to infer the topologg efitface, aided
by the ability to rotate and translate the surface in 3D. However, the orieislesiahnnot express
subtle shading cues or connectivity as effectively as rendering methaidgeherate water-tight
surface visualizations.

Over the last several years, work on point set surfaces has ek&bpisints as a popular, and
effective, geometric primitive. One common approach for rendering [s@itst is the splatting
method, rstintroduced by P steet al. assurfels[115], with numerous extensions for improving
the quality of the rendering [170, 171], as well as the speed [29]. Splattitails an additive
blend of oriented, alpha-channel Gaussian kernels at each pointyéollby a normalization

of each pixel's color to ensure an even intensity across the surfacendimals of the points
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can also be included in the projection and blending to allow for smooth shatlihg surface.
We have implemented the basic splatting algorithm on the GPU, achieving intereatidering
speeds — results are shown in Section 3.9. The adaptivity of the partitrsgiows the splat
surfaces to appear smooth with relatively sparse point samples (spanpared to typical point

set surfaces that contain millions of points).

3.9 Results

In this section we present results of the proposed particle system forliggnapvariety
of implicit surfaces. All the data sets de ned over a regular grid arensiracted using an
approximating kernel, described in Section 2.4. The distributions were dedhpn a 3.2GHz
CPU with 2.0Gb of memory.

Figure 3.5 shows results of the proposed particle system sampling a sfurass and box.
The sphere and torus implicit surfaces are de ned as the zerosetalgfiafunctions, while the
box is an offset surface of the distance transform of a box. The disitiis on the sphere and
torus show regular, hexagonal packings of points over the surfaoésthe distribution on the
box is adaptive to the curvature on the edges and corners. The plotureRB¢gp compares the
number of particles distributed across the sphere with the convergenceftineesystem. From
this plot, the linear behavior of the distribution time of the system with increasingbets of
particles is evident, which is due to the compact energy kernels and thensystienizations that
take advantage of this characteristic.

The next example in Figure 3.7 is an implicit surface generated from a béegyentation
of white matter in a brain. Using the techniques discussed in Sections 2.5.15%RdtRe data

were smoothed by rst closing and then opening the binary volume usiradl atencil, followed

(@) (b) (©)

Figure 3.5. Particle distributions over simple surfaces. The surfaces in (a) ardelthe zerosets
of analytic functions, while (c) is a levelset of the distance transform afxa b
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Figure 3.6. Comparison of the distribution time of the particle system over a spheresvitrsu
total number particles in the system.

by a tightening of the surface with a maximum radius of curvature of 1.0. €i§ut (a) shows
a homogeneous packing of particles across the surface, and in Figui® ghe particle system
adapts to the curvature of the surface.

Figures 3.8 and 3.9 are surfaces reconstructed from the zerosettaoicé transforms. These
gures again present homogeneous as well as adaptive distributigresrtidles. Figure 3.8 (d)
and Figure 3.9 (d) were generated using a GPU-based splat rendhiehn allows these solid
appearing surfaces to rendered at interactive rates. The GPU-bpls¢ algorithm runs on an
NVIDIA GeForce 6800 GT card with Pixel Shader 3.0.

In Table 3.9 we provide the number of particles for each of the examples iseabi®n, as
well as the time the particle systems took to converge. For the surfaces ¢hatcanstructed
from volume data, computing the curvature to adapt the particles increasedrhergence time
by roughly a factor of four over the distribution using the same valug dfor the surfaces in
Figure 3.5, the jump in distribution time from the analytic surfaces to the box destaaasform

is due to the cost incurred by reconstructing volumetric data.
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(@)

(b)

Figure 3.7. Particles on a brain reconstructed froi49 188 148binary volume that was
closed then opened withtzall stencil, followed by a tightening with=1. In (a) and (bs = 2,
with =0 in(a)and =5 in (b).
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@) (b)

(©) (d)

Figure 3.8 The dragon dataset is36 161 251distance transform. In (a) and (b)= 4
ands = 2, respectively, with = 0, and in (c) and (d¥ =2 and = 7:5. Image (d) is a splat
rendering of the particles in (c).

3.10 Discussion

In this chapter we have presented a new particle system framework astroadaptive
sampling of complex implicit surfaces. We have developed a new class @fyefumctions and
applied several numerical techniques to generalize, stabilize, and lahvetrdistribution of par-
ticles. The physically-based nature of the particle system inherently iaduiggh computational
cost, and the proposed system provides the tools necessary to autongitthe convergence
reliably for the production of compact sets of surface samples.

There are numerous avenues to improve the proposed system. Althouggvergresented
several optimization strategies, more work can be done to increase thenefycof the distri-

bution process. First, the development of an adaptive spatial binnirggusguwould reduce the
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@) (b)

(©) (d)

Figure 3.9. The grif n dataset is d04 48 98 distance transform. In (a) and (b)= 2 and
s = 1, respectively, with = 0, and in (c) and (ds = 2 and = 7:5. Image (d) is a splat
rendering of the particles in (c).
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Table 3.4 Number of particles for each of the distributions presented in Section8Wekhas
the time required for the particle systems to converge.

Dataset Number of Particles Time
sphere 492 1 second
torus 1184 1 second
box 1049 26 seconds
brain (a) 31635 3.3 minutes
brain (b) 57139 11.3 minutes
dragon (a) 11011 2.3 minutes
dragon (b) 41879 6.2 minutes
dragon (c-d) 44042 13.5 minutes
grifn () 8036 1.5 minutes
grif n (b) 21189 3.6 minutes
grif n (c-d) 32144 7.2 minutes

number of potential neighbors at highly adaptive particles. Secontthefuexploitation of the
system's tendency to quickly eliminate high frequency error in the distributiocgss could be
done by posing the system in a hierarchical framework, such as multigneseTadvancements

would help to enable visualization of dynamic data sets, where course isirddutions can help

guide ne level distributions from time step to time step.



CHAPTER 4

ISOSURFACE VISUALIZATION OF
HIGH-ORDER FINITE
ELEMENT DATA

This chapter uses the exibility and controllability of dynamic particles for sangpimplicit
surfaces in the context of visualization. Visualization has become an impadarponent of
the simulation pipeline, providing scientists and engineers a visual intuition of riedels.
Simulations that make use of the high-order nite element method for spatidivgsion, how-
ever, present a challenge to conventional isosurface visualizationigees. High-order nite
element isosurfaces are often de ned by basis functiongfierence spacgewhich give rise to
a world spacesolution through a coordinate transformation, which does not neceshasity
a closed-form inverse. Therefore, world-space isosurfaceerergimethods such as marching
cubes and raytracing must perform a computationally expemngsted root nding To address
these challenges we propose visualizing the isosurfaces with a partitéensyehis chapter de-
scribes a framework that allows particles to sample an isosurface inmeéespace, avoiding the
costly inverse mapping of positions from world space when evaluating the foastions. The
distribution of particles across the reference space isosurfaceyapugecontrolled by geometric
information from the world space isosurface, such as the surfacéegtaahd curvature. The
resulting particle distributions can be homogeneous, or, adapted to accatenveatld-space
surface features, providing compact, ef cient, and accurate isaseirfisualizations of these
challenging data sets.

The following section provides an introduction to high-order nite elements tharedchal-
lenges they pose for isosurface visualization. This is proceeded bgrsethat provide back-
ground of isosurface visualization methods, as well as the proposgth#idas of the particle
system scheme for visualizing high-order data sets. A derivation aicidurvature in the pres-
ence of curvilinear coordinate transformations is given in Section 4.3.&.cliapter concludes
with a comparison of results from the proposed particle system appratthtiver visualization
techniques.
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4.1 High-Order Finite Elements

The method of nite elements [67] is a common spatial subdivision scheme usszidntists
and engineers to reduce large simulation domains to sets of small subdon&indah physical
simulations can be computed robustly and ef ciently. While traditional nite elenmethods
utilize only low-order, linear basis functions for representing data oeeelibments, they provide
considerable exibility for handling complex geometries. The geometric exibiiyaided by
the transformation of individual elements constructed as identical culrefeirence spacato
uniqueworld spaceelements, which can have not only rectangular faces, but also triangular
faces. In world space, the spatial extent of each element is de nechésacteristics of the
domain and simulation, such as boundary conditions and features of intéfke mapping
functions responsible for the transformations can distort the elementsdighsiig, skewing,
or even collapsing the faces of the reference space cubes, as illdstr&igure 4.1.

A number of researchers have developed methods to improve the cengergroperties of
nite elements through the use of high-order functions for the repregentaf the data, as
well as the element transformations. Today, high-order nite element igebga have reached
a level of sophistication such that they are commonly applied to a broad cdreygineering
problems [42, 74, 138]. Although there do exist some high-order nitenel® methods that do
not rely on reference space transformations, the use of curvilineadioate transformations is
of increasing interest [68]. This chapter is addressing the problemitd element methods that
rely on higher order (higher than linear) basis functions for the solutiengell as the coordinate
transformations.

Conventional approaches to nite element isosurface visualization asthahdinear data

D AN
W// ¢
it

Reference Space World Space

Figure 4.1 A 2D schematic of the nite element subdivision scheme. réference spacge
elements are de ned as identical squares. These squares are riratsfiotoworld spaceby
a mapping functio that can stretch, skew, shrink, or even collapse edges.
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Figure 4.2 An isosurface of a nite element uid simulation pressure eld sampled with a
particle system. The color indicates the relative direction of the surfaceal@t the particle
(blue indicatemutwardand red indicatemward).

representations can be adapted to accommodate low-order nite elemeiststrategy, however,
faces a number of challenges when considering high-order data setstie data must be nely
subsampled to ensure that features are adequately captured with lipeaxiagation schemes.
Second, there is, in general, no closed form expression for the eéeérisigh-order mapping
functions. Numerical inversion schemes are required to transform \spéde locations into the
reference space when sampling the data, creating a nested root- naiblgm when locating

an isosurface. Furthermore, determining which reference-space reglé@menhich to invert a

particular point in world space adds to the computation.

Computational scientists who wish to visualize high-order nite element solutidhsequire
visualization algorithms that are exible enough to accommodate these comstrahese algo-
rithms will need to have variable degrees of freedom so that users siyamtrol the trade-off
between visualization quality and speed. For ef ciency, these computathuss be locally
adaptive, allowing computational power to be applied to regions of the saduttiah exhibit the
most complexity ite., h-r adaptivityin nite element terms). Furthermore, these algorithms will
need to achieve the appropriate balance of computations in world spaees thle metrics for
adaptivity are de ned, and reference space, where there aralefosa expressions for the asso-
ciated geometric quantities. To address these issues we are proposiaguafaise visualization
technique that relies on a particle system, exhibited in Figure 4.2. The pagrel@®nstrained
to an isosurface and exert repulsive forces on each other, resulgngn distributions across the
surface.

In Chapter 3, we showed how these types of systems can be made rodusirdrollable
while also adaptive to features of interest. For isosurfaces embeddigthinfder nite elements,
adaptivity based on the curvature of the isosurface in world space iscido of not only

the high-order basis functions, but also the mapping function. A contributichis chapter
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is the derivation of isosurface curvature in the presence of curviltmadinate transformations,
including a reduction of the isosurface Hessian from a rank-threertenstraction into a series
of standard vector-matrix computations. Also, we propose a method for oiatify the particle
positionsin reference spaceto avoid a numerical inversion of the coordinate transformation,
while computing the particle interactions and adaptivity in world coordinates.

The resulting particle system allows for a seriesavivard computations to obtain desirable
distributions of samples that are accurate and compact over the workelspédace. The resulting
distribution of particles — a process that may take anywhere from a feandsdo minutes
— can be rendered interactively as either simple point sprites or as a tiggitesplat surface
on the GPU, allowing a scientist or engineer to quickly explore their data froyncamera
location. Furthermore, the generality of this system can be broadly appleuyttype of data

representation that makes use of a reference space and a mappimgnfunc

4.2 Background
This section rst presents a brief overview of techniques in the literaturdifectly sampling
implicit surfaces. The discussion is followed by an analysis of the chalkefmeadapting
traditional visualization methods to high-order nite element data, along witkiaweof existing

methods for visualizing these data sets.

4.2.1 Direct Visualization of Implicit Surfaces

In scienti ¢, medical, and engineering applications, visualization has beeonaegral part
of simulation and analysis pipelines. As the size of data sets continues to stheheincrease
in computing capacities and scanning resolutions, visualization tools ardeevme invaluable
for recognizing features in otherwise dizzying amounts of information. [€3ftentimes, data
from scanning devices or simulations come in the form of a volumetric latticeloésawhich
can then be interpreted as an implicit function. When directly visualizingsesfand boundaries
embedded in these implicit functions, methods typically excel in one of two astr@dgharac-
teristics: they either produce a high quality visualization, or they are compuadliicef cient.
These competing paradigms have brought forth two general classeshufdae— those that are
image-space based, and those that are object-space based.

Image-space methods visualize implicit surfaces by sampling the surfandteoreference
frame of the image plane in the virtual camera model. Ray tracing, for examgdestthe path
of individual rays from a virtual camera into each pixel of the output imaug through the

implicit function, computing intersections of the ray with the implicit surface [@8termining



51

the intersections is done via root- nding along the ray, either by solvingHerroots directly if
the functional form of the implicit function is known, or, by an iterative meteadh as Newton-
Raphson, subdivision, or interval arithmetic [98]. Once the intersectiamtg are computed,
advancing shading effects can be generated using the derivatitles whplicit function at the
point location [157], producing photo-realistic or highly stylized images.[55]

Another image-space approach to visualizing implicit functions is volume rawpf89],
which assigns a color as well as opacity to different levelsets of the funcBy blending the
values of the levelsets together, the result is a volumetric effect that alewesad isosurfaces to
be viewed at once. The original method, called ray casting, is a direci®ateof ray tracing,
and was proposed independently by Drebin and Levoy [48, 87]. Rating composites the
color and opacity values of interpolated data as rays, originating frontuwal/tamera, traverse
the implicit function. Methods for preprocessing the color and opacity saissigned to an
implicit function, such as shear-warp [82] and splatting [155], have lokeseloped to optimize
this volume rendering algorithm.

Although image-space approaches generate stunning visualizationarégheymputationally
expensive for two reasons: rst, the algorithms are inherently depegngb®n the view point, thus
every new view of the data must be recomputed; and second, the samptivegimiplicit surface
is dictated by the resolution of the nal image and the data dimensions, not lgothplexity
of the surface itself. Extensions to these image-based methods exist tased¢he rendering
ef ciency, but require multiprocessor machines [111] or specializedware [114, 25].

Object-space methods, on the other hand, rst sample a surface in #rerme¢ frame of
the virtual world, allowing the sample points to be determined as a preprogessin. Sam-
pling the surface directly in object-space can be done by projecting af setirts onto the
zeroset of the implicit function using a technique like gradient descentauBecthe samples
are view-independent, the surface can be visualized from many differ@vpoints without a
computationally expensive resampling, making these methods effectivegdimriag scienti c
data on commodity desktop (and laptop) machines. The surface point saraples rendered as
simple point primitives, as disks oriented tangentially to the surface, or usitggesophisticated

point-based rendering technique, such as splatting.

4.2.2 Low-Order Visualization Methods for High-Order Data
Until recently, much of the work in nite-element simulations has focused oralieéements.
In the simplest case where the nite elements form a regular grid in worldesganventional

methods like marching cubes [90] and direct volume rendering [91] gskcaple. In general,
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however, the nite elements produce an irregular grid in world space that@npatible with
the assumptions these methods make about the regularity of the grid. Eakybw&@hirley
and Tuchman [136] and Williams [161] proposes a volume rendering apprior tetrahedral
elements, and Bunyét al. [23] propose a generalized ray-casting algorithm for irregular grids.
Doi and Koide [47] present the Marching Tetrahedra method for triatigg isosurfaces de ned
over tetrahedral elements. More recently, work has moved the volumeriegd154, 26] and
isosurface generation [122, 112] algorithms onto the GPU to obtain fastéering speeds.

Applying these low-order, linear methods to high-order nite elements, kieweresents
several challenges. First, high-order basis functions represstrés in the data with far fewer
grid elements than an equivalent low-order representation. Thus|izetien methods that rely
on linear interpolation must rst nely subdivide the domain to ensure thatufees in the data are
not missed. This increase in grid resolution can have an explosive effgwt only the storage
requirements for the visualization, but also on the computation required tesilfy sample the
elements.

The second problem stems from the need to compute an inverse of the méppatign
to evaluate the data in the world space. [Eet(u) be the functional representation of the
nite element solution, which is de ned in the reference space, andl'ldte the coordinate
transformation that maps a reference space pointo a world space poing, i.e, T(u) = x. The
world space representation of the solution is therefofe) = F (T 1(x)). There is generally
no closed form expression far 1, causing world-space evaluations to require iterative numerical
schemes for the computation of= T 1(x). Thus, determining the location of isosurfaces in
high-order nite element data becomes a nested root nding problénfp (and its derivatives)
must be iteratively evaluated to determine the position of the isosurface, withegaluation of
F (x) requiring an iterative, numerical inversion Df

There is yet one more challenge for the general problem of visualizirigrdrider nite
elements. The data and coordinate transformations are valid for only a sieghent, and in
practice another layer of computation is required to determine which refeeament contains
the pointu = T 1(x). Although ef cient element lookups based on regular grids [125, 58w
order curves [159] can be applied to elements with planar or quadratiedtaces, respectively,
there is no closed form solution for the general problem. Spatial partiticséhgmes can be
utilized to reduce the grid ambiguity to among a few elements [103], but the eweapping
u =T (x) will (generally) require multiple iterations across multiple elements. The problem

is becoming increasingly more dif cult as results from the scienti ¢ computingditiere extend
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the nite element methodology to more general frameworks. For instanoentrevork by Hughes
et al. [68] proposes spline-based functions for nite elements, which preslyet another class
of curvilinear mappings between the reference and world domains.

Adapting marching cubes to accommodate high-order nite elements elucidaiss tiiree
challenges. In Figure 4.3 we present the results of the isosurfacetextréechnique applied to
a sphere that is transformed through a 2 2 set of quadratic b-spline functions. To generate
these results, a regular world space grid is rst created. The worldesjoation of each grid
node is numerically inverted within each potential element until the associderénmee space
location is determined and the basis functions can be evaluated. Accuratkhg the zeros of
the high-order data along the grid is then accomplished via a root-trappirfgamem.

We have incorporated two different root-trapping methods into a marchibgscframework.
The rstis a grid re nement strategy that uses an adaptive subdivisiberae to be as ef cient
as possible, recursively subdividing only the grid cells that contain@@ssings. Care has been
taken in the implementation of the subdivision scheme to ensure coherense aeighboring
cells, avoiding redundant sampling of the data. The the second rootrigagpproach uses the
Newton-Rhapson method along grid edges to determine the zero crossings.

Ensuring that point samples of the isosurface—for any sampling schemen-e surface
to within a small error tolerance is important for generating accurate sugiggroximations. In
Figures 4.3(b-d) the vertex locations are computed using linear interpotatemrogressively
more re ned grids. These results indicate that using low-order interpalatbemes requires a
very nely subdivided grid to accurately determine the zeros of the dataapture the geometry
of the surface (Figure 4.3(d)). In Figures 4.3(e-g) the vertex locaitaoe computed using a
Newton-Rhapson root- nding method. While the grids in these images arevedlatioarse, the
zeros of the data are more accurately computed, generating more piguiegimations of the
surface.

While Figure 4.3 illustrates that capturing the geometry of high-order dataswilge with
low-order schemes, the results come at the cost of lengthy compute timescoifipaitations
are dominated by the large number of mapping function evaluations, which MWwépaard
evaluations The surfaces in Figures 4.3 require a numerical inversion of eachhgdd, and
the surfaces in Figures 4.3(e-g) also incur nested root- nding evahsttong the grid edges.
The number of forward evaluations and timings are given in Table 4.1 $oitteegenerated on a
P4 3.2GHz CPU with 2.0Gb of memory. Itis interesting to note that Figures 4)3{at perform

Figure 4.3(d), indicating that root- nding along coarse grid edges is mbogent than linearly
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(b) © (d)

@ (e) ® (9)

Figure 4.3 Marching cubes surfaces of a sphere mapped through quadratimé-ginctions:
(a) the transformed elements; (b-d) surfaces generated using divadapdivision root-trapping
scheme; (e-g) surfaces generated using Newton-Raphson rogittjarid dimensions, number
of forward evaluations, and timings are given Table 4.1.

Table 4.1 The number of forward evaluations and timings for the marching cubesasnésh
Figure 4.3.

Grid Root-trapping Number Forward Time
Mesh  Resolution Method Evaluations (millions) (seconds)

(b) 5 5 13 subdivision 0.6 6.7
(© 9 9 25 subdivision 2.4 25

(d 17 17 49 subdivision 7.7 82

(e) 5 5 13 Newton-Raphson 1.7 19
® 7 7 17 Newton-Raphson 3.2 35
(9) 9 9 25 Newton-Raphson 6.8 73

interpolating along re ned grid edges.

4.2.3 High-Order Visualization Methods

Other researchers have also noted the challenges of ef ciently addptingrder visual-
ization methods to high-order functions, and some work has been donedocsfly address
the problem of visualizing high-order nite element data. Wileyal. [159, 158] formulate
raycasting for curved-quadratic elements, and Brasher and Haimgprfiose a GPU-based
method for color mapping cut planes of quadratic and cubic elements. A metsubdivide
elements containing high-order basis functions so that low-order visuglingthods can be
used is proposed [130, 145]. Coppetaal. [33] address the issue of vector visualization with
high-order representations by formulating the particle advection problemmigh-order basis
functions. Similar to our framework, this work tracks particle advection in ¢fierence space to
avoid the inverse mapping problem. More recently, Nelson and Kirby [f8jent an algorithm

for raytracing high-order, spectrafi elements. Their method uses a world-space approximation
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of the composition of the coordinate transformation and the reference $j@esis functions.
It assumes multilinear mappings (linear element boundaries in world spawk)neudes a
guanti cation of the approximation and root- nding error. They show thia@ image-space
method compares favorably with marching cubes in compute time when the t@sm@msurface

position are suf ciently high.

4.3 Adaptation of the Particle System Framework
In this section curvature metrics for surfaces that exist in curvilineaderged, as well as
a method for sampling the isosurfaces in reference space that resultgilarrdistributions of

particles in the world space.

4.3.1 Isosurface Geometry in Finite Elements

To adaptively distribute particles across a nite element isosurface, we fousulate the
gradient and Hessian of the world space implicit functibn,in terms of the reference space
speci cations that are given by the nite element basis and mapping furgtida mentioned in
Section 4.2.2, the implicit function representing the simulation datajs de ned over a set of
nite elements in reference space and is transformed into world spacegtiheomapping function
T(u) = x. The gradient and Hessian of the world space implicit function are thusediby not
only F , but also byT, and therefor& must be included in all of the derivative calculations.

Used in the computation of the world space gradient and Hessian is theialaafkthe
mapping function, which describes how the space around a referpace position is stretched

or squashed by the mapping function:
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Also, to simplify the following derivations we denote the inverse of the Jaoddsa

K=J1 (4.2)

and provide a linear algebra identity for a matix
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av 1 aM
o - M (4.3)

wherez denotes some Cartesian basis vector.

Formulating the expressions for the world space gradient and Hessjaimes meticulous
derivations of the derivatives of the coordinate transformaftiorCare must be taken to correctly
determine the order of the component multiplications as well as which vectdrsainices need
to be transposed. Furthermore, the derivation of the Hessian incluéesaa multiplication with
a rank-three tensor, which is the result of computing the second deeattithe vector-valued
coordinate transformation. To clarify these derivations we use the Eingtéation convention,
as described in [14]. Developed for dealing with curved spaces iniggysinstein notation
identi es relationships often hidden by conventional linear algebra notadigeh as transposition
and order of operations.

To begin, we de ne the world space As the reference space ds and the mapping function
asT : U 7! X;letx 2 X andu 2 U. Using Einstein notation, we de ng = x' and
u = uj, utilizing upper indices for world space components and lower indicegference space
components. The number of indices of a variable indicates the rank of #wr ten is a rank-one
tensor (or vector)Mj is a rank-two tensor (or matrix}k is a rank-three tensor, and so on. In

this convention, repeated indices in a term indicates a summation over theofangex values.

For example:
. X
Ped= ab = g @4
vector | I_{Z_} Einstein notation
summation

Parenthese are also dropped on functional variables, such as fedmgts functions and the

mapping function:

F(x)= F'x (4.5)
F (u)= Fu (4.6)

T(u)= Ty = x": (4.7)
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For brevity, however, we will notate Equations 4.5 and 4.6 as sirhpBndF , respectively,
emphasizing the role of these equations as scalar functions throughowrivesidns. Finally,
Einstein notation also uses indices to represent partial derivativdsasuor the Jacobian of the

mapping function:

J(u) = @@’Zﬂiuk = g:j = (4.8)
The inverse of the Jacobian is then
Kji=() * (4.9)
The world space gradierf,', is:
Fl= g;: g';gf(zlrj K/ (4.10)

The expression of the Hessian includes the derivative of the inversbida which, using Equa-
tion 4.3, is written:
@J) *

Kik = o - K I K i (4.11)

Notice that the second derivative of the mapping functi.hhk, is a rank-three tensor. Using

Equations 4.10 and 4.11 the HessiBM,, is de ned as:

@ @F _ @ @F@u

@x @K - @u Ox @k = F KK F KMIMKIK (4.12)

By carefully matching Einstein notation indices of each component in Equatid@sahd
4.12, the gradient and Hessian expressions are reduced to a sesimadrd vector-matrix
operations. Introducing j j ] to express the concatenation of three column vectors into a

matrix, the expressions for the world space gradient and Hessian irastiamotation are:
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Fx = KTF, (4.13)
T @) @) @3 7
Fix = FuK 'K FJ ou FJ oy FJ Gw K K: (4.14)

The expressions conveyed in Equations 4.13 and 4.14 allow world spapivity to be
achieved using reference space evaluations of the basis functiongingdpnctions, and their
derivatives, along with any standard vector-matrix library. This formutelias general applica-
bility and could, for instance, be used to add curvature dependenciglsenapplications that

make use of reference space regularity, such as mesh generatipn [134

4.3.2 Reference Space Particles

To avoid the computations associated with! we have developed a strategy that maintains
particle positions in reference space, while controlling the particle distriaitiaqth geomet-
ric information from the world space. This strategy is similar to the guided Besgorithm
proposed by Coppolet al. [33] for particle advection. Maintaining reference space positions
allows the basis functions that de rfle  to be sampled using closed form expressions. Thus,
the curvature calculations and projection of particles onto the isosurape(ion 3.12) can be
computed directly. We ensure that the particle distributions are even aptivadia the world
space by using world space positions (forward mapping) when computingefulsive force
velocities in Equation 3.4. We then transform these velocities via the degwaitithe mapping

function to obtain an approximate reference space velogity,

v = Kv; (4.15)

The reference space positions are then updated using Equation 3.1kfeittnce space com-
ponents. We note that Equation 4.15 is a rst-order approximation, andabsismes updates
that are small relative to the isosurface and the curvature of the cotwdiaasformation. We
are not interested in the precise motion of particles, but rather that they tmdower energy
states. Thus we adapt the time steps to accommodate this rst-order approxinaatiescribed

in Section 3.4.
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To effectively distribute particles in the reference domain, particles musbalsble to move
from element to element. Finite element data sets typically contain referenme igfarmation
describing which elements abut one another in the world space, as sldiva iashed lines in
Figure 4.4. Because reference space elements are identical culs) e&sily determine when
a particle's positional update causes it to leave an element, and use thenagljadormation to
compute the particle's new element and new position within that element. Whetidgamoves
from one element into the next, we use linear interpolation—based uponftdrenee space
coordinates of the adjacent elements' shared world space vertices-tetondee the particle's

location in the neighboring element’s local coordinate system.

4.4 Boundary Discontinuities

Surfaces de ned over nite elements are usually guaranteed to be ©flgontinuous at
the element boundaries, allowing for cusps on a surface in areas ¢hanalytically at. This
potentially results in lessened interparticle forces due to the tangent plgeetjn of a particle's
neighborhood force eld. The iterative nature of the convergencehar@sm, however, smooths
out this effect.

In practice we have found the discontinuities present a problem only wdmfering the
particles. The particles' radii do not adapt to these discontinuous &sateausing artifacts
to sometimes appear when disks or splats intersect each other — Figure 4ratdkishe phe-
nomenon along boundaries. To more accurately capture these swéceet, the particles can
be adapted in Equation 3.15 by not only the curvature computed from tregedebut also by the

particles' proximity to element boundaries. This adaptation will not remove ihepresence

Reference Space World Space

Figure 4.4. Particles move from element to element by utilizing neighboring element informatio
(dashed lines) and linear interpolation of the reference space elenrénesdo determine the
coordinates of the particle in the neighboring element.
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of the cusps but will make the discontinuities appear smoother.

4.5 Implementation
This implementation is a modi ed version of that found in Section 3.6. Changes toatie
particle system implementation arefinld. For all of the results presented in this chapter we ini-
tialized the system with several hundred particles at random locationdyelistributed among
all nite elements. The particles maintain reference space positions as whk# asrresponding

world space positions.
1. For each patrticle:

(a) Computee; and compute; with Equation 3.4y summing the repulsive forces and
energies of all the neighboring particles in world space. Transformhe velocity

into reference space with Equation 4.15

(b) Computev,; "™ = v, .

(c) Compute the new particle positiamreference spaceau" by solving Equation 3.11
with v; "¢, followed by a reprojection to the surface by solving Equation 3flthe
new position is outside of the element, determine which element the weposition

is in, and convert the position into the new, local coordinate system

(d) Compute the new energy vallg®", at the new particle locatiox" by mapping
the new reference space position into world space with, as well as the new implicit

function value F"".

Figure 4.5. Artifacts due to boundary discontinuities where disks (left) or splatstjrigtersect
each other.
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(e) TEM™Y Ejorjxi x®¥j>sorF"™ > t,and ; > i, decrease; by a
factor of 10 and go back to Step 2(b)ii. If min » d0 Not move the particle and skip

to the next particle in the list.

(f) If EMW <E;, updateu; = u®". Increase ; by a factor of 10 if this is the rst time
through Step 2b.

2. Decide whether the system is at a steady state. There are numerous toetietermine
steady state, and we have chosen to use the difference of the system @me sum of the
energy at all the particles) from one iteration to the next. When the systerg\edifference
is less than a small fraction of the total energy (we use 0.15% for the rese#tsred in
this dissertation, although a range of values would produce similar resuéts)educe that
particles have reached a steady state. Otherwise, repeat Step 2lnoFdmitializations,
we have found it can be useful to skip to Step 2d every 50 iterations insteeaiting for

the system to reach a steady state.

3. Check whether the con guration of particles is desirable. We compact particle's
energy against an ideal ener@/?¢ which is de ned by a hexagonal packing of neighbors
on a at surface with inter-particle distancesofWe biask; with a random value on the
interval[0; 1] to eliminate mass splitting or dying, then split particles vith< 0:35E 'deal
and delete particles witR; > 1:75E9eal  Ajternatively, if a constant number of particles
is desired, the planar separation variableould be modi ed to move the system energy
towards the ideal system energy. While we have provided speci c vdarethis step,
we have found in practice that varying the values by up to 20% produseally similar

results, although with different convergence times.

4. If the energy of the patrticles is acceptable, stop iterating.

4.6 Results
We begin with a demonstration of the method on a curvilinear mapping of a simple implicit
function. Figure 4.6 shows a quadratic b-spline coordinate mapping fanatibich maps a
reference space sphere into a world space teardrop, introducingadure variation across the
surface. Our mathematical formulation of the world space curvatureatlyrigccounts for the
effects of the mapping function.
Figure 4.7 demonstrates the particle system achieving an even distributiospber in the

world space, despite the irregular reference space geometry. Figuasgerts that the system
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Figure 4.6. A sphere de ned in reference spadefi) is mapped to a teardrop in world space
(right). The mapping function induces a curvature variation to the surfacehammhrticles adapt
accordingly.

can correctly adapt to the world space curvature introduced by the ngappiction. All of
these results are produced by manipulating the positions of particles in ¢neneé space, while
computing inter-particle distances and curvatures using world space tjezsme

The patrticle system visualizations in Figure 4.8 are generated from theatataes! in the
marching cubes example shown in Figure 4.3. These examples are pragidecbmparison of
what the particle system achieves in approximately the same amount of time dsnganabes
with root- nding. Using the same computing resources speci ed in Sectior24Eigure 4.8(a)
requires 16 seconds and 1.1 million forward evaluations; Figure 4.8fb)res 36 seconds and
2.5 million forward evaluations; and Figure 4.8(c) requires 70 secondigl&million forward
evaluations. The particle system is able to capture the sharp tips of theestaftnfully due
to the adaptivity mechanism, even at coarse resolutions — this is a signi fearedce from the
polygonal surfaces. Furthermore, the splat renderings produde smumother water-tight surface
approximations than the marching cubes results.

These results allow us to compare directly against marching cubes, elugitte@indvantage
of the particle system. First, notice that the particle system produces highktygesults in
similar amounts of time witliewerforward evaluations (compare Figures 4.3(e-g) with Figure
4.8). Thisis in part due to marching cubes evaluating grid nodes in regioex®uhe surface does
not exist, but also due to the numerous iterations at each grid intersectigrigpgdetermine the

correct placement of the vertex, a chore that consumes over half cbtheute time. In contrast,
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Figure 4.7. The particle system converges to an even distribution in world spgte) (regardless
of the shape of the surface in reference sp&fé.(

the particle system spends most computation time evaluating the data (by thessrsiuabbut
70%) and little time in the overhead of the particle system, computing particle-particle in-
teractions. These results, like those described in the literature [103] ndéraie that generating
accuratevisualizations of high-order data is inherently expensive due to the ¢e@statuating
the high-order solutions and coordinate transformations. By simultaneoathg the roots of
F and distributing the surface samples in a sensible way, the particle systers veakeffective
use of these costly evaluations.

The raytracing method described in [103] generates nicely shadedatedtight image®f
high-order nite element isosurfaces, but with the image-space drdwbaberent to all raytrac-
ing methods. Data exploration is computationally expensive because eagioiierequires the
isosurface to be resampled, and the computational cost is also assodtatésewesolution of
the resultant image. Furthermore, the accuracy of the ray-isosurf@rsdations are related to
the degree of the polynomial used to approximate the implicit function along thie naorld
space. This relationship scales with computation timp?a® p°, wherep is the degree of the
polynomial.

Conversely, the particle system allows users the freedom to explore thbydiatiractively

moving a distributed set of particles in space. The accuracy of the partisieoms with respect
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@)

(b)

(©)

Figure 4.8 The data set from Figure 4.3 sampled with a particle system. righé column
images are splat renderings of the particles inl#fiecolumn: (a) 1280 patrticles distributed in
16 seconds with 1.1 million forward evaluations; (b) 3232 particles distribunte36 seconds
with 2.5 million forward evaluations; (c) 8647 particles distributed in 70 ses@vith 4.8 million
forward evaluations.

to the isosurface are controlled on a per particle basis by the error didesh, and is indepen-
dent of the sampling density of the particle system, unlike the raytracing meffiags, very
coarse, fast distributions of particles will be guaranteed to lie withiof the isosurface. The
accuracy of the visualization produced by the particle system is instedddatatheinferred
topologyof the isosurface by the viewer. Course level distributions provide ihsigthe gross
geometry of the isosurface, while ner distributions provide increasinglyaerietailed repre-
sentations of the underlying geometry. Accuracy thus relates to the amfodetadl that can be
visualized with a speci ¢ resolution of the particle system — a relationship taes linearly
with time.

Figures 4.9(a) and 4.9(b) illustrate the results of two different resolutibifie particle system
with 500 and 6800 particles, respectively. In Figure 4.9(c), the partistellition from Figure
4.9(b) has been rendered with a GPU-based splat algorithm, and is virtudiyinguishable

from a raytraced image &12 512resolution. Moreover, the isosurface in Figure 4.9(c) can
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be rotated at interactive frame rates (greater than 30 frames per $eddredGPU-based splat
algorithm runs on an NVIDIA GeForce 6800 GT card with Pixel Shader 3le isosurfaces
in Figure 4.9 reside within a single hexahedral element, and are the zefaseteighth-order
polynomial implicit function. The 500 particles in Figure 4.9(a) took 4 secdndsonverge,
and the 6800 particles in Figure 4.9(b) took 3 minutes to converge.5TIRe 512 raytraced
image with ar25" -order reconstruction polynomial required 6 minutes to render. We note tha
the particle system implementation uses the same nite element evaluation codeagrtheer,
which is also the implementation used for results in [103]. We have founddhgilgg the nite
element implicit function takes, on average, an order of magnitude longercthraputing the
inter-particle forces. This is consistent with our earlier observationptisis-element evaluations
dominate the computation.

We demonstrate the capabilities of our proposed particle system by visugliasgure eld
isosurfaces of two CFD simulations. In the rst example, shown in Figur@s 4.10, and
4.11, we examine the wake of a rotating canister traveling through an incesipee uid.
The nite element mesh consists of 5040 hexahedra and 696 prisms, withothputational
uid mechanics problem being solved with third-order polynomials per elemiaenthe second
example, shown in Figure 4.12, we visualize the ow past a block with aryarfraplitter plates
placed downstream of the block. This example contains 3360 hexahedi#644 prisms, again
with the computational uid mechanics problem being solved with third-ordéyrnmmials per
element. The color of the disks in Figures 4.2, 4.10, and 4.12 indicates thigaelaection of
the surface normal at the particle (blue indicateswvardand red indicategwward). In Figure

4.11, color speci es the size of the particles.

4.7 Discussion

In this chapter we have presented a general and robust method faliziisg isosurfaces of
high-order nite element data sets that would allow scientists and engineefsiently explore
simulation data. By sampling isosurfaces with a particle system, the method psoclumpact
and adaptive visualizations that can be viewed at a variety of resolutibngthermore, the
proposed system is general and easily adaptable to a broad range @lemient representations,
from low-order linear elements, to complex, spline based elements. Thatere\derivation
presented in Section 4.3.1 is also relevant for any application that measukegure in the
presence of curvilinear coordinate transformations.

As mentioned in Section 4.3.1, the discontinuities in the derivatives at the elbmamdaries
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(a) (b)

(©) (d)

Figure 4.9. The zeroset of an eighth-order implicit function de ned within a singlededral
element: (@) 500 particles, with a distribution time of 4 seconds; (b) 6800 lgartiwith a
distribution time of 3 minutes; (c) A GPU-based splat rendering of the 680icles that is
visually indistinguishable from thB12 512raytraced image in (d) that required 6 minutes to

render.
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Figure 4.10 The isosurface of pressuge= 0 for a CFD simulation over 5736 elements with a
third-order polynomial implicit function in each element: (a) Schematic for thd simulation;
(b) 5000 particles, 55 seconds; (c) 13,000 particles, 3.4 minutes; @)@Particles, 15 minutes;
(e) 59,000 patrticles, 39 minutes.
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Figure 4.11 The distribution from Figure 4.10(d), color-mapped based on the rédie
particles. The colorbar provides the range of values of the radii.

can cause features in the surface that cannot be analytically deteaedhhtomputation of
surface curvature. These undetectable features will contain a vargespampling of particles,
which create artifacts when the particles are splat. One solution would be tamepie more
sophisticated splatting algorithm that clips splats along these boundarig¢sAlS@, the particle-
based visualization system could be bundled with an image-space rengitimigue, such as

raytracing, and serve as a preview for quickly determining isovaluesiangboints of interest.
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Figure 4.12 The isosurface of pressu@ = 0:1 for a CFD simulation over 11,004 elements
with a third-order polynomial implicit function in each element: (a) Schematic fer thd
simulation; (b) 43,000 particles, 25 minutes.



CHAPTER 5

ISOSURFACE MESHES USING DYNAMIC
PARTICLES WITH QUALITY
CONSTRAINTS

Biomedical simulations increasing rely on patient-speci ¢ models for accucathyuring the
pathology and physiology of individual patients. The generation of thesgels depends on
a pipeline for extrating high-quality parameterizations of implicit surfacesnstcucted from
MRI or computed tomography (CT) data. In this chapter we describe a méthbdddresses
a piece of this pipeline — speci cally, the construction of isosurface trigatgans of implicit
surfaces. The resulting meshes consist of triangles that are well-soitaddurate interpolation
of scalar and vector-valued quantities, as required for numerous aftis in visualization and
numerical simulation. The proposed method does not rely on a local cotietrar adjustment of
triangles as is done, for instance, in advancing wavefront or adaptivement methods. Instead,
a system of dynamic particles optimally samples an implicit function such that thiel@sir

relative positions produce a topologically correct Delaunay triangulatidmus, the proposed

method relies on global placement of triangle vertices. The main contributions of the chapter

are the integration of dynamic particles systems with surface sampling theor RB-based
methods for controlling the local variability of particle densities, as well aslaeja practical
method that accommodates Delaunay sampling requirements to generatesssao$@oints for
the generation of surface tessellations.

The chapter begins with an introduction of biomedical applications that udeimyegchnol-
ogy, and is followed by a review of existing methods for parameterizing implicfases. We
then present a detailed description of the proposed particle-based meghétine along with

results and a discussion.

5.1 Meshing for Biomedical Simulations
The problem of surface meshing has been studied extensively in a wadedrapplications

and contexts by a range of disciplines, from visualization and graphicsipuatational geometry
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and applied mathematics. Existing approaches for tackling the surface ipgsbisiem can

generally be distinguished by:
how the original surface ispeci ed
what therepresentatiorof the output mesh is; and
what the metrics are for measuring tipeality of the mesh.

This chapter deals with a particular application, whichthie generation of nearly-regular
triangle meshes from medical or biological data either for visualizing iterpolated quantities
or for conducting numerical simulations.

Generating polygonal reconstructions of biological data is important imiatyaf contexts.
For example, in bioelectric eld problems there is evidence of better souradization when
inverse-problem solution techniques employ geometry and material prap#téeconform to
those of the patient or subject [151]. Similarly, research in cardioVasauid dynamics and
image guided medical simulations rely increasingly on models created from irobgeas vas-
culature [144, 34]. Recent work proposes using image driven gegrfatithe analysis of
biomolecular functional models [167]. Accurate and compelling visualizat@insmulated
guantities over surfaces, such as the visualization of ow on manifold®,[&8], also require
high-quality geometry. In the context of mesh generation, visualizationiandation are related
in the way they demand not only accurate geometric approximations but pteseatations that
provide for accurate interpolation of other physical quantities acrossuitiece.

The dependence of biomedical applications on image data drives saspealts of this work.
First, a surface is not represented in a parameterized form but ratlev@umetric constraint,
such as a levelset in a binary or grayscale mask resulting from an imagestegion. Thus,
we focus on isosurfaces. Second, images have nite resolution amibiceapture small, sharp
features beyond the resolution of the imaging device, which is limited by intetsatigiance
and the point-spread function of the measurement process. Thus,ofespd method trades
geometric accuracy for mesh quality and topological consistency, resintmgnerically useful
meshes.

The strategy described in this chapter combines work from severalrdisp&lds, estab-
lishing aglobal approachto meshing isosurfaces of volume data. This approach allows for
local decisions about point placements to effect the global distributiontmer and generates

high-quality, closed surface meshég ( water-tight) that adapt triangle size to closely approx-
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imate the isosurface geometry. In this work, high-quality is de ned by tadgeteasures of
the regularity of the triangles. Although the proposed method is computatiorxpiynsive, the
production of consistently higher quality meshes than other approaches thekmethod useful
for applications that demand very regular triangulations. Starting with a smeocdmstruction
of the volume data, the method computes the curvature and medial axis of aridgseswhich

are then used to construct a Lipschitz continuous measuiecaf feature sizea fundamental
geometric quantity that governs the minimal sampling rate of a surface. A dyrzarticle

system then positions a large number of samples with interpoint distancesgpatt this local
feature size. The resulting point samples are triangulated using the Dglaased meshing
algorithm of Dey and Goswami [44], an algorithm that relies on samplingtiesithat exceed the
minimal sampling rate. Thus, this chapter proposes a new meshing pipeline ishibddressing
the question of how, in practice, to make use of the fundamental work iacgusimpling theory

by detailing an algorithm for reliably achieving speci ¢ sampling densities.

5.2 Background

For many applications it is useful to generate a parametric representationimiplicit sur-
face, such as a piecewise-linear polygonal mesh. In visualization, @uteanmesh can be
rendered very ef ciently using modern graphics hardware, while in sitirga, boundaries rep-
resented in implicit functions can be linearly subdivided into a nite element meaHy work on
isosurface meshing in the computer graphics literature focuses on dfycganerating approxi-
mate meshes, used mostly for visualization. The well-knovanching cubealgorithm [165, 90]
provides a well-de ned set of rules for reliably and quickly producimgt-order approximations,
but does not construct tessellations that are adaptive to the isosgdaneetry. Furthermore,
quality measures of triangle regularity can be arbitrarily poor while vertneas vary greatly,
independent of the input surface geometry. Improvements to marchirgs @re numerous,
including improvements for better geometric approximations and closed md$i@s [

One general class of strategies for achieving higher quality surfdgggmalizations is to
start with a mesh that is either coarse or of low quality and, through some catiolirof mesh
re nement, edge-swapping, or vertex repositioning, incrementally imptoganesh geometry
and triangle quality. For example, Velho [153] proposes a curvaturedidasnement method for
improving the geometric accuracy of a marching cubes mesh, but doadlgatddress the issue
of triangle quality. Woodet al. [163] propose another strategy that rst constructs a coarse,

topologically correct mesh that is then smoothly re ned, producing higheldity triangles.
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Other researchers have proposed re nement algorithms without tltefoea base mesh [31].
In general, however, the strategy of re ning a mesh to improve triangldéitguaoduces the
inef ciency of a great many samples that are dictated by mesh quality ratherttie geometry
of the underlying surface (for convergence rates of mesh quality3dge [

Another scheme for generating quality isosurface meshes is to start freroranore seed
points and grow triangles in the form of an expandingadvancing front [83, 63]. The basic
approach is quite fast and can produce high-quality triangles, espewiadly triangle size is
adapted to local surface curvature [72, 129]. The core algorithreples in two phases. First,
the front is grown by adding triangles along active edges, where thglemare sized according
to local curvature metrics. Triangles are added as long as they are rtasedo other preexisting
ones until the initial front and the active front are separated by a thintyeragion. The second
phase of the algorithm stitches these fronts together using a variety atieufor detecting and
connecting nearby triangles.

A key element of advancing front techniques is the detection of mergimgsfroSpatial
subdivision schemes can be used to nd any nearby triangles [72jara®ther methods such
asfenceg128], which test for bounding sphere intersections. Even with these fresits can
still overshoot or miss existing triangles. Using more stringent triangle sizihgrses, such as
aguidence eld[128], can help to limit the size of triangles and avoid misdetections of nearby
fronts. The detection and stitching schemes, however, are based oiety wh heuristics and
special cases that have yet to be provably correct or implementabléheFuaore, the shapes
and sizes of triangles along merging fronts is determined not only by sugfs@metry, but also
by the geodesic curvature (curvature in the tangent plane) of the mawng fThis problem
becomes even more acute when the data contain wavefronts that collidedpasite directions,
which is unavoidable for certain topologies or shapes. Thus, advafrangalgorithms must
have additional built-in heuristics, such as wavefront smoothing [131§pecial triangulation
schemesd.g, edge swapping) that deal with collapsing or colliding wavefronts, oftethe
expense of triangle quality in those areas.

A third approach to surface meshing is to generate an unorganizedssefaxfe samples and
use algorithms from the computational geometry literature to create a Delagsaildgon of the
points. Early work in the eld provides the algorithmic foundations for prcidg solid Delaunay
triangulations in 2D and 3D [126, 50, 32], complemented by literature on tloeytled methods
for extracting the surface manifold [6, 5, 8, 43]. These methods employn@elling bottom-up

approach for constructing edges and faces from nonlocal propeftie point set, guaranteeing



74

closed, nonintersecting meshes. Generating the set of surface samlpigls,determine the
topology of the resulting tessellatiaand the quality of the resulting triangles, is dif cult and
generally treated as either a separate problem, or as part of an adaghterae for iteratively
improving mesh quality [31, 45].

This chapter proposes a surface sampling and triangulation algorithnelileaton fundamen-
tal sampling requirements associated with Delaunay surface reconstrsctiemes. Amentet
al. provide the quantitative requirements, based on surface geometryDfoues [6] and
3D surfaces [5], such that a unique Delaunay tessellation exists frdohwhsubset of edges
or faces have a topological equivalence to the underlying surfaceer Afstributing a set of
points based on these sampling requirements, we use methods that geaszatigivt Delaunay
reconstructions from such samples [44, 9] to create a tessellation.

The core of the Delaunay sampling requirements relies on a characterinhsonface ge-
ometry that depends on nonlocal information. Given a smooth suFface 2, a suf ciently
dense samplin® is one such that for any poist2 F the Euclidean distance betwegand the
closest sample poimt 2 P is no greater thantimes thelocal feature sizeats. Any discrete set
of surface point® that meets this requirement is aisample ofF . The current theoretical (3D)
results show = 0:06is suf cient [5]. However, empirical results indicate that the actual lwbun
might be looser, and several authors have conjectured th@t:5 may be closer to the necessary
bound [7].

The de nition of local feature size (LFS) is an important aspect of theselts and of the
proposed algorithm. The LFS of a poist2 F is de ned as the distance fromto the nearest
point on the medial axis (MA) oF , shown in Figure 5.1 as the distande¢o the point on the
surfaces. The MA has been heavily studied in the literature [80, 70] in the contexhapes
modeling, computational geometry, and computer vision. Although the MA hesaddormal
de nitions and many interesting and important characteristics, it is suf cienthe proposed
method to consider the MA of a surface as (the closure of) the set of pdints 3 such that the
nearest point on the surfacerto2 M (i.e, mingF jS mj) is not unique. Alternatively, several
authors de ne the MA as the set of points where there exists a spheréadsinot intersect the
surface and is tangent to the surface in more than one location.

The relationships between the MA, local surface geometry, and samptjoirements are
important in several ways. First, the cotangency de nition implies that the &ffs$S2 F is no
greater thanthe local radius of curvature at that point. The radius of curvature isdheupper

bound, as is the sampling condition, and is therefore not a suitable pnotkefbFS. For instance,
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Figure 5.1 A curve (shown in black), with ansampling of points (also shown in black), and its
MA is (shown in red). The-sampling requirements state that a point on the suria@annot be
further away from a sample point thatimes the LFS as.

the feature size can be very small on thinly separated, at objects thatehesry large radius of
curvature. Second, the LFS condition is necessary for establishingthextttopology among
an unorganized set of points. If the topology is somehow knaweriori (e.g, via continuity in
an advancing front) the sampling density could be much more sparse. Eigwee common
use of a surface mesh is for the construction of a body tting tetrahedtializ§d] where it is
important that the triangles, which form the faces of the correspondirahttra, conform to the
global solid geometry. If, for example, a thin region of a surface wemgp$ed with a sparse set
of points, the corresponding tetrahedra would be very at. Howevéngipoint density is related
to the LFS, the tetrahedra are more likely to be regularly shaped.

Algorithms for constructing an-sampling of a surfacé are not immediately evident from
the sampling theorems or mesh generation algorithms. Although several sehtsdes propose
methods for sampling surfaces with less-strict or slightly different boutis31], the -sampling
requirement provides guarantees necessary for subsequent simsili® to the side effect of
respecting local as well as global object shape. Among the contributiotissochapter is a
practical scheme for generating sets of surface points that closelproonb the -sampling

requirements.
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5.3 Mesh Generation with Particle Systems

The goal of the proposed meshing system is to generate nearly-regagutar meshes of
isosurfaces. By adaptively distributing a set of dynamic particles sutthitiapositions conform
to an -sampling requirement, the particles can be used to generate a Delauiaag suesh that
corresponds to the geometry and topology of the isosurface. To adhievgoal, the proposed
method consists of several steps: (1) computation of a MA approximatione¢muee the local
feature size; (2) creation of a sizing eld to specify the desired distabebtseen particles; (3)
adaptive distribution of particles across the isosurface; and (4) tiaigu of particle positions
to create a polygonal reconstruction of the isosurface. Figure 5.2tddpis pipeline. The

following subsections will describe each of these steps in more detail.

5.3.1 Local Feature Size

As described in Section 5.2, the LFS is the distance to the MA of a surfaceurdte
computation of the MA is a challenging research problem, and humerousaah@s have been
proposed for its solution. One approach presented in the computer visiatuie is to detect
discontinuitiesite., shocks) in a distance transform of a surface. Detecting the shaukbeace
the MA approximation, in the distance transform is numerically tricky due to treodiguities
in the derivatives at these points. Siddiial. [137] propose measuring the divergence of the
gradient of the distance transform, where high values indicate a signicteange in the eld,
and thus a MA point. Another approach by Persson [113] ts local catacs over the distance
transformation grid, looking for places where these functions interseset &f heuristics then
determine whether an intersection point should be included in the MA apprtogima

For this work we have developed a medial axis detection algorithm for mowerglamplicit
surfaces which is moderately robust to free parameters, gives sudigmistacy, and does not
require the thinning or postprocessing of similar methods [137]. This scheliee on thefoot
pointmethod, which is the nearest pombn a surface to a given poigt and can be found using
gradient descent by the method described in [64]. Here we consitiethenMA proper, and not
the singular points where the MA terminates. The line segment depigés perpendicular to the
surface, and every point @g hasp as its foot point. This line segment formsharacteristic
which is the path of a surface point that moves inward/outward in the direcfitime surface
normal (to within a sign difference). As we proceed from the surfacegaém inward or outward
characteristic, the foot point of each point along that path remains thengtaoint for the

characteristiauntil the characteristic intersects the MA — once the characteristic intersects the
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Implicit Surface Medial Axis Initial Sizing Field

Final Mesh Particle Distribution Smoothed Sizing Field

Figure 5.2 The proposed mesh generation pipeline using a dynamic particle systerm.aFirs
medial axis is computed from a distance transform of an implicit surface; aexnitial sizing
eld is built from the local feature size and radius of curvature; a smabgieing eld is then
generated by limiting the gradient of the initial sizing eld; particles sample thegizkl and
distribute themselves accordingly; and nally, the particles are triangulasétyla Delaunay
surface reconstruction algorithm.

MA, the position of the foot point changes. The algorithm for detecting thadvas follows. For
each point on the grid nd the foot pointp, then nd the pointg along the characteristic (away
from the foot point) that intersects the current voxel (far face of tieef. Find the footpoint
p associated witly . If the angle between the line segmeptsandp q is greater than some
small thresholdh, then the segmenp crosses the MA. The position of the MA alopg™ can
be found by using a rst-order (tangent plane) approximation to theasarét the poinp . We
usecos(@) = 0:9for all of the results in this paper.

After constructingVl , aLFS eld (x) is created by nding the distance to the closest medial

axis pointm 2 M at the grid nodes. For ef ciency, we restrict this eld to the subset af godes
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that bound the isosurface. Theeld needs only to be a conservative estimate of the distance to
the true MA as LFS (and curvature, which will be discussed in the netibs@provides an upper
bound on the distance between particles in the proposed system; anytlsitigdesor equal to,
the true distance will drive the nal distribution of particles to be agampling.

The accuracy of the eld fundamentally relies on the underlying accuracy of the medial
axis detection algorithm, which is itself a sampling problem. Creating the medialeyiges a
sampling of the data eld, where those samples are chosen dictating thaagaifrthe medial
axis detection. The problem thus cycles between choosing samples totbetewtdial axis, and
using the detected medial axis to determine where the samples should be tielg@apture the
true medial axis. For this work, we intentionally break the cycle by relegatm@dhuracy of the
system for determining thiés, and ultimately achieving a truesampling of the surface, to that
of the accuracy of the underlying medial axis detection algorithm. As refls@ato medial axis
detection progresses, the proposed sampling method can make use dfowthras to achieve

more accurate results.

5.3.2 Sizing Field
The sizing eld is the mechanism by which the particle system adapts its distriltotioeet
an -sampling requirement. There are two geometric quantities, LFS and radiusvature, and
two parameters, and , that govern the construction of the eld.
To establish an initial sizing eldg(x), the eld is compared to the radius of curvature
at each grid node in a narrow band around the isosurface. The @diusvature is calculated
aslTkmax ] — the absolute value of the maximum curvature can be computed directly from the

Hessian of [78]. The initial sizing eld is given as:

ho(x) = Cmin( (x); 15Kmax (X)) (5.1)

whereC is a constant based onthat is discussed and de ned in the following paragraphs.
Including the radius of curvature in Equation 5.1 helps to ensure that suntte features that
may not have been capturedhh appear in the sizing eld construction.

Although hg contains most of the core geometric information about a surface negdssar
describing an -sample, it is not suitable on its own for regulating particle distances for two
reason: rst, the Delaunay sampling theory indicates that some fractioredfFl$ is required

for topologically correct reconstructions; and second, to achieveduglity triangles across the
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entire mesh, the gradient of the sizing eld must be limited to ensure smoothyareldanges
in triangle size. These two characteristics are controlled by the user d@ameters and
which modifyhg to create arf ; )-sizing eld h(x).

Multiplying hg by twice the parameter, suchth@t = 2 , causes the sampling to be a fraction
of local feature sizei,e., an -sampling. The Delaunay sampling requirement [6] speci éar
some point on the surfageherthan the sample points, thus we include this implied factor of
two in C, and the literature indicates that 0:5 may be a loose upper bound farThe second
parameter, , is used to limit the gradient dfy such that the values in the resulting eltdwill
not change faster than Thus, dictates how quickly the edge lengths of neighboring triangles
can change — <  will generally produce well-shaped triangles. This limiting produces a

-Lipschitz eld (described in Section 2.3), an important property for smagémgle gradation.
To limit the rate of change df over its grid we use the following discrete operator, operating
on a lattice sampling of our eldx = h(x) at a grid node positiox, which is shown by
Persson [113] to generate d.ipschitz eld:

hict = hijc + tminC §c: ) i) (5.2)

where

o =1 max(Dy hf} ;0)?+min( Dy hf} ;0)? +
max(D, hf} ;0)+min( Dy hf} ;0)* +

max(D,, hf} ;0)? +min( D} hf} ;0)2 1" (5.3)

and whereD* andD are the forward and backward difference operators, respectiwély
subscripts denoting the axes along which they are operating. In our impizioarof the system
we consider the limiting of the gradient to have converged when the maximutiveethange of
any grid node is less thatD °.

While the LFS function is 1 Lipschitz [126], the inclusion of the radius of curvature
caused to lose this property. We have found, however, that the initial sizing leJds nearly
1 Lipschitz, producing a nal sizing elch whichismin(2 ; )-Lipschitz. Notice thatif 2,
the gradient limiting smoothing will have no effect bg. We have experimented with a range

of values for both and , and present an illustrative example in Figure 5.3 to provide intuition
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on each parameter's role in the nal mesh quality. This example visually engasathe balance
between geometric accuracy, the number of triangles, and triangle qudléy.otinded box is a
level-set of a sampled analytic distance transform of box, where the &eeplanar, the edges
are cylindrical, and the corners are spherical. The surface is regotexl using a Catmull-Rom
spline kernel and the rst and second derivative of a cubic B-splikiée also note that this
sizing eld could be incorporated in the advancing front algorithm to deteertriangle size by

replacing theguidence eld[128] with the sizing eld.

5.3.3 Distributing Particles

Using the particle system framework described in Chapter 3, a set ofdymarticles can
be controlled byh such that their nal distribution meets the sampling requirement& fofo do
this, the system is initialized with a set of particles, the positions of which arendiesd from
a marching cubes triangulation to ensure that disconnected parts of thefasesare seeded
with particles. The particles are then projected datosing a Newton-Raphson gradient descent
method. Once on the surface, each particle is associated with an indipioigaitial function
which induces interpatrticle forces that push them towards lower, loeadgrstates (see Chapter
3). To control the sampling density, we scale the distances between partielbéch determines
the magnitude of the interparticle forces — by the valué aft each particle's position. The

distance between particlpsandp; becomes:

di = §i(xi  xj)j = dj (5.4)

where j is de ned byh (evaluated at particle positions andx; using linear reconstruction

kernels) as follows:

i = i = min(h i) (5.5)
with = 0:5=cos(z). The particles are then iteratively moved to lower local energy states until
the system reaches an equilibrium.
Equation 5.5 scales the effective distance between particles based opahrhéstagonal
packing across a at surface where the region of in uence of a garéinds at the closest two-ring
neighbors. The value of is derived from this ideal packing, and allows for a population control

mechanism to be de ned that adds and removes particles based on thigyy, eniging the system
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=0:125
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Figure 5.3 lllustrative comparison of mesh quality and number of triangles for varyaiges
of and , the user de ned parameters in Equations 5.1 and 5.2, respectively. vidhaes vary
down the columns while thevalues vary across the rows.
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towards an ideal packing. Becausggestablishes an upper bound on the allowed distance between
particles for meeting anrsampling requirement, using the minimum sizing eld value of any pair
of particles establishes a conservative sampling, as do the convex fitezgaolation kernels that
reconstruch at arbitrary particle locations.

There is, however, a caveat to producing goarticle sampling. The particle system uses
Euclidean distances to compute interparticle forces and energies, aeddpdhe more accurate
(and computationally expensive) geodesic distance. The distancexapation causes particles
in a two-ring neighborhood to become in uential, adversely effecting theufadion-control
mechanism for obtaining ideal neighborhood packings. This artifacteberyvis bounded by

, which allows for a contraction factgrto be introduced to the system to counter-act the effects.
Figure 5.4 shows the distance contraction for particles equally spaaessaccircle. The distance
between each adjacent particledis— the distance betwegw andp,, however, is nofd as the

ideal packing model assumes. Instead, it is:

(dkmax )2 77

D=2d 1
d 4

(5.6)

In the proposed systerd, =kmax because the LFS is bounded from above by the radius of
curvature. Thus, we can bound the contraction parangtes:

2 1=2

1g 1 4 (5.7)

As goes to zerog approaches one because the surface becomes locally more and maraglan
the distance between patrticles shrinks. These boundstest that the contraction effect cannot
get arbitrarily worse as the surface features become smaller; the wsestschounded by,

To counteract the contraction of distance to neighboring particles, wesglyescale the sizing
eldash  h=g. We empirically determined a value gfby observing histograms of the ratio
of triangle edge lengths to the averagéait each edge's vertices. Over arange ahd values
for a variety of data sets the shapes of the histograms were visually idestagt for the tails,
which contain a relatively small number of outliers — an example of one histograhown in
Figure 5.4. Based on our observations, we determined a consenstiivate ofg to bel:5. The
inclusion ofg creates a nal mesh where the length of virtually every edge is at thbgt These

results are detailed in Section 5.5.



83

=

0 0.5 1 15 2

Figure 5.4. The effects of curvature cause the two-ring neighboring particlesdorbe closer
than2d (left). This effect is bounded by, which allows for a scaling parameter to be introduced
into the system. We empirically determined this value by studying histograms of thglé&riedge
lengths versuf, such as that of the pelvis reconstructioiglt).

5.3.4 Triangulation

To triangulate a distribution of particles, we use the water-tight Delaunaytriation method
TIGHT COCONE [44] — a free version of the software is available fromahthor's website.
TIGHT COCONE rst builds a Delaunay tetrahedralization of the union of #te§input surface
points and the Voronoi vertices of those points. The faces of the tetatzadion are then culled
such that the remaining triangles exist only in a thickened region arounditfeces samples.
To avoid the creation of holes in the manifold extraction step from these apdigces, the
remaining tetrahedral elements are markednagle or outside The marking is done by rst
creating an adacent tetrahedral element to some candidate face with>aatereity. This
element is marked as outside, and a walking algorithm then determines, baseldjencies,
which tetrahedral elements are inside or outside. The labeling of the elem#rmds isonsidered
in the nal manifold extraction step that extracts a surface triangluationfdbtcset of candidate
triangles such that the resulting mesh is gauranteed to be water-tight.

The TIGHT COCONE algorithm works well for single materials when the samgiitgria
is met. There are applications of particle-based meshing, however, suichraultimaterial
datasets for which the sampling criterial cannot be explicitly met. In Chaptee fresent a
simple labeling algorithm that takes advantage of the volumetric data for cotistywatertight
surface meshes — this algorithm could be applied to any of the sets of paiti¢tes chapter

for achieving reliable surface meshes.
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5.4 Implementation

This particle system implementation is a slightly modi ed version of that found ini&ec
3.6, where changes are lld, and free parameters introduced in this chapter are presented in
Tables 6.6.4 and 6.6.4, where we also present the free parametershapteC3 that were used
in the meshing implementation. Note that almost all of these parameters use theataeseas
previously discussed implementations.

For all of the results presented in this chapter we initialized the system with thieegeof
a marching cubes mesh. Tiseand user-de ned variables are replaced with a sizing eld

generated as a preprocessing step.
1. For each patrticle:

(a) ComputeE;, and computer; with Equation 3.4where the interparticle distances

are scaled by the j given in Equation 5.5.
(b) Computev®¥ = jv;.

(c) Compute the new particle positiaii®V by solving Equation 3.11 witk"®", followed

by a reprojection to the surface by solving Equation 3.12.

(d) Compute the new energy vallg®", at the new particle locatiox", as well as the
new implicit function valuef;"*".

(e) FEM™Y Ejorjxi x™®j>sorF"™ > 1, and ; > mp, decrease; by a
factor of 10 and go back to Step 2(b)ii. If min » d0 Not move the particle and skip

to the next particle in the list.

(f) If EMY < E;, updatex; = x"". Increase ; by a factor of 10 if this is the rst time

through Step 2b.

2. Decide whether the system is at a steady state. There are numerous toetietermine
steady state, and we have chosen to use the difference of the system @#me sum of the
energy at all the particles) from one iteration to the next. When the systemmyedifference
is less than a small fraction of the total energy (we use 0.15% for the rese#tsred in
this dissertation, although a range of values would produce similar resuétsleduce that
particles have reached a steady state. Otherwise, repeat Step 2kmoFdmitializations,
we have found it can be useful to skip to Step 2d every 50 iterations insfewaiting for

the system to reach a steady state.
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3. Check whether the con guration of particles is desirable. We compacé particle's
energy against an ideal ener@/?¢@  which is de ned by a hexagonal packing of neighbors
on a at surface with inter-particle distances of We biask; with a random value on the
interval[0; 1] to eliminate mass splitting or dying, then split particles viith< 0:35E 'deal|
and delete particles witk; > 1:75E'9€a While we have provided speci ¢ values for
this step, we have found in practice that varying the values by up to 208tipes visually

similar results, although with different convergence times.

4. If the energy of the particles is acceptable, stop iterating.

5.5 Results

In this section we present results from the proposed system for gewggeisosurface meshes
of a variety of biological data sets. The rst two tessellations, shown inféigg.5 and 5.6, are of
a pelvis [10] and brain [142] generated from binary segmentations #ivatiheen smoothed with
a Gaussian kernel (= 1:5). Figure 5.7 illustrates a skull extracted from gray-scale CT data, and
Figure 5.8 depicts vasculature represented by the zero-set of a distansform generated by an
anisotropic smoothing algorithm [104]. All four surfaces are reconstdiwith approximating
cubic B-spline kernels.

The proposed method was run on a P4 3.2GHz CPU with 2GB of memory. Tieeagieon of
the medial axes and thegrids took on average about an hour for each data set while limiting the
gradient eld of hg to generatén required several minutes. Run times to distribute the particle
systems, along with the resulting mesh dimensions are presented in Table aBo\Weesent the

and values used to generate the sets of particles and note that for all bustaneetthese two
values were constant over the set of data. These values are slightlyftarthe pelvis data set as
the resolution of the surface was more coarse than the underlying dataltpwing for a more
spare set of particles to accurately reconstruct the surface. As methiioSection 5.3.4, we use
TIGHT COCONE [44] to triangulate the particle distributions — the tessellationsired on the
order of several minutes.

The stated goal for this work is the generation of isosurface mesheslsditalsimulations
and the interpolation of data. To measure the quality of our results for thepeges we
draw upon ideas established in the nite element literature which charactegz®mle of mesh
quality in the simulation accuracy [67]. Here, we brie y discuss the interplktyveen geometric

accuracy and the error of a nite element solution computed over a mesh.
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Table 5.1 Table of free parameters.

r 10 7

1.0

0.156

min 10 14

0:15%

50

0:35

Description Comments
added to interparticle distances t@ystem is insensitive to values
avoid in nite energy values near machine precision
effective particle radius constant for all results in this dis-
sertation

de nes range of normals forinsensitive to exact value as long
which the particle energies areas 1

smoothed

initial stepsize value system is insensitive to this value

minimum stepsize value system is insensitive to this value
as long as it is suf ciently small

surface threshold value should be around the ma-

chine precision value

number of initial projections of a system is insensitive to this value
particle as long as particles get to within
g of the surface

system energy difference fromvalue must be small enough such
previous iteration that indicates athat the particle distribution con-
steady state verges to an even packing

number of iterations when systenmvalue must be large enough such
automatically checks for a desir-that local particle neighbors can
able con guration (Step 2d) be established

percentage dEjey that indicates values with approximatelg0%of

a particle should be split this value produce visually simil-
iar results with different conver-
gence times
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Table 5.2 Table of free parametersont

Parameter Value Description Comments
1:75 percentage dEjgeq that indicates values with approximatel20%of
a particle should be deleted this value produce visually simil-
iar results with different conver-
gence times
5 number of iterations when parti-values< 10 maintain stability in

cle neighbor lists are updated  the system

user-de ned  fraction of LFS stored in the values 0:5 are important for

sizing eld the reliability of accurate trian-
gulations
user-de ned  Lipschitz value of sizing eld values must be
10 ° convergence threshold for gra- value should be near machine
dient limiting precision
1.1 TIGHT COCONE parameter values in the range [0.9, 1.2]
produce reasonable tessellation
results

Table 5.3 Details of each data set, including size of the volume, values tord , minutes
required to distribute the particle system, and resulting number of mesh ventidégangles.

Data \Volume , Time Vertices Triangles
Size (mins)
brain 149x188x148 0.5,0.3 41 91702 182188
pelvis  271x390x282 0.75,0.5 1 4992 9984
skull 256x256x115 0.5,0.3 232 212188 424588
vessel 265x265x171 0.5,0.3 280 287990 576493
dendrite  270x586x154 0.5,0.3 225 203744 406994
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Figure 5.5. A tessellation of a pelvis segmentation [10].

Given a domain and a partial differential equation (PDE) that operates on a solutibat
lives over , the standard nite element method attempts to construct a geometric approximation
~= T( ) consisting of a tessellation of polygonal shapeg( triangles and quadrilaterals
for 2D surfaces) of the domain, and to build an approximating function spa€econsisting
of piece-wise linear functions based upon the tessellation [67]. Buildinthese two things,
the goal of a nite element analysis is to nd an approximatier2 V that satis es the PDE
operator in the Galerkin sense. The details of how this is accomplished yoadthe scope
of this work. The important points, however, are that a nite element arsalysist balance
geometric error and approximation error while respecting stability consti@igtsas discussed
by Babuska and Aziz [11]), and that these errors are connectedgttbe tessellation that is
generated. The space of functions from whiefs generated depends on the type of elements
that exist in~. Thus the quality of the solution approximation is not only related to the acgurac
of ~ for approximating , butalsoto the geometric properties of the mesh elements. In_the
norm, the accuracy af is bounded by a constant that includes angles of triangular elements.

Babuska and Aziz [11] show that if the largest triangle angle is boundeg &om 180 , the
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Figure 5.6. Particles on the brain and the resulting tessellation. The surface is astemtion
of a white-matter segmentation [142].

nite element method converges as the triangle size decreases. Sheji8blikotes that small
angles are preferable over large angles, so long as the largest argghext too large, and extends
these results to provide functions that guide mesh generation and re nhafgenithms toward
the production of high quality nite element tessellations. A common quality metrid urse
the literature for measuring this relationship of element angles is the ratio oadtlieof the
inscribed circle to the circumscribing circle of a trianglg,=ri.c . This metric penalizes triangles
containing small angles, with the worst ratios going to triangles that also cantaige angle.
The proposed system addresses both aspects of geometric qualityogdbednite element

method. First, the accuracy of the tessellation for capturing the topology afdimain is guar-
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Figure 5.7. The skull mesh is generated by reconstructing a level-set of a gedg-83 image.
Close-ups are from triangulations generated using the proposed pastatiem method, an
advancing front technique [129], and a marching cubes algorithm.

anteed by the Delaunay reconstruction algorithms fdistributions of particles. We quantify
the ability of the proposed system to meet this requirement by computing the fatiangle
edge lengths versus the averagdgfat the edge vertices. In Figure 5.9 we present histograms
of the results for each data set. The pelvis mesh contains no edges langhpg tictates, and
virtually every edge in the other three tessellations meets the sampling requisesheered in

ho — less than 0.004% of the triangles in the brain and skull meshes, and le€s@0866 in the
vessel mesh, contain an edge that falls above the required sampling |&vigthote that while

the particles reliably meet the sampling requirementgpthe correctness of these requirements
are ultimately related to the accuracy of the medial axis detection method, asdid@uSection
5.3.1. These results indicate that the proposed particle-based method ®ieapsctheme for

generating an-sample of an isosurface that relates point density solely to the geometrg of th
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Figure 5.8 The vessel mesh represents the zero-set of a distance transfoenatgel using an
anisotropic smoothing algorithm [104].

surface, and not to the quality of the tessellation which is instead achieved ithpdbyg the
low-energy con guration of particles.

The second nite element requirement for generating high quality tessekatdhe produc-
tion of nearly regular triangles. We compute the radius ratios for each eata measure the
quality of the triangles in the resulting meshes — Figure 5.10 displays theserhisiag We
present the average radius ratios for each data set in Table 5.4, atbripevminimum (worst)
ratio which is important for determining the condition number in a nite element simulaén
also include the radius ratios for meshes generated using a marching[@0bakjorithm that
has been modi ed to use the same reconstruction kernels as those usegarttble system,
and from an advancing front algorithm [129] that has been supplied toyuhe authors. The
data indicate that the proposed method generates average radius ratwe tiearly identical to
the advancing front technique, but consistently produces much better nniatios than either
alternative triangulation method. The proposed system is able to (globatighige very regular
triangulations due to the natural, low energy, hexagonal packing of leartevoiding the prob-

lems associated with grid-based methadds, (restriction of vertices to grid edges) or advancing



92

brain pelvis

0 02 04 06 08 1 02 04 06 08 1
skull vessel

Figure 5.9, The edge length versisratios for the four data sets. Values greater th&hwere
encountered at a frequency of less tR0l%in the brain, skull, and vessel meshes.

front techniquesi(e., detecting and stitching merging fronts) — poorly shaped triangles due to
these problems are shown in Figure 5.7.

A third metric for measuring the quality of triangulations is a measure of the vealexce
of a mesh. For applications such as mesh compression [146] and sidrdstisfaces [84] the
regularity of the vertex valences across a mesh is important for ef ciedtegcurate results.
Regular triangulations tend toward a valence of six for most vertices, similletbexagonal
properties of particle packing. Vertex valence also indirectly indicates tiueteies of a mesh
to contain large and small angles. In Table 5.5 we summarize the valencesvefties in our
triangulations. The meshes indicate a good af nity for valence-six ver{@@275%, compared
with 44.15% for marching cubes and 71.75% for advancing front), with ardgnall fraction of
vertices exhibiting valences greater than seven or less than ve (0. #¥pared with 12.86% for
marching cubes and 0.95% for advancing front). These numbers slabvihth particle-based
method out-performs marching cubes while also containing a smaller pereeoitaxtreme
valences than the advancing front technique.

Practically, the proposed method relies on a lower bound for the LFS toestis the number

of particles does not blow up. In general, however, implicit functionsteare arbitrarily large



93

brain pelvis

0 02 04 06 08 1 0 02 04 06 08 1
skull vessel

Figure 5.10 The radius ratios for the four data sets, all with an average ratio@p4.

Table 5.4 The minimum and average radius ratios for each datarsafgvg using the proposed
particle-based methodg), an advancing front schemaf), and a modi ed marching cubes

algorithm (o).

pelvis brain skull vessel
ps 0.40/0.92 0.18/0.94 0.092/0.94 0.0195/0.94
af 0.23/0.94 0.02/0.93 0.006/0.93 0.0007/0.94
mc 0.00/0.66 0.00/0.67 0.000/0.66 0.0000/0.66

Table 5.5 Vertex valences for each data set, given as a percentage of theuimitaénof vertices.

<5 5 6 7T >7
bran 0.1 172 653 171 0.3
pelvis 0.3 223 56.2 208 04
skull 0.1 16.8 66.0 180 0.2
vessel 0.3 16.7 656 169 05
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curvature, which results in very high densities of points around smallrEsatuBy controlling
the local con gurations of binary voxels as well as the curvature of thdiamsurface, e.g.
through mathematical morphology operations, the curvature of the thesteected isosurface,
and thus the maximum density of particles, can be controllably bounded. eebealsed defor-
mations [143, 133, 160], such as thghteningalgorithm discussed in Section 2.5.2, can also
systematically control the curvature of an implicit surface.

When the curvature of an implicit surface is bounded, we nd that the pexttiased meshing
algorithm consistently generates triangulations with minimimum radius-ratios in th€.8.2
range — Figure 5.11 presents one such example. This mesh consists@{iaggpely 407,000
triangles, and has a minimum radius ratio of 0.38. The sampled implicit functiolgererated

from a binary segmentation of a dendrite [51] that was tightened with rafiill®0

5.6 Discussion

In this chapter we propose a particle-based method for generating baditydessellations of
biological data sets. By creating a sizing eld to dictate the density of the padistgbutions,
this method produces sets of points that can meet the sampling requiremeetawi&y surface
reconstruction algorithms for generating topologically accurate tessellatioesaccuracy of
which depends on the correctness of the underlying medial axis detelgaitlan. We present
results from a variety of data sets that indicate the proposed method cétyrplieduce meshes
that closely capture isosurface geometry, as well as generate vetgrmeggangulations. We also
compare the method against other tessellation techniques and show thatithe-pased scheme
generates consistently higher minimum radius ratios, an important charéctinisreducing

geometric error in nite element simulations.
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Figure 5.11 A high-quality mesh of a spinny dendrite segmentation [51]. The triangulation
contains over 400,000 elements, and has a minimum radius ratio of 0.38.



CHAPTER 6

SAMPLING AND MESHING OF
MULTIMATERIAL VOLUMES

Methods that faithfully and robustly capture the geometry of complex matetiifaces
in labeled volume data are important for generating realistic and accurat@izédions and
simulations of real-world objects. The generation of such multimaterial modets rinreasured
data poses two unique challenges: rst, the surfaces must be well-samipectgular, ef cient
tessellations that are consistent across material boundaries; and dbeaesulting meshes must
respect the nonmanifold geometry of the multimaterial interfaces. In this chaptpropose a
strategy for sampling and meshing multimaterial volumes using dynamic particlensyste
present a novel differentiable representation of the material junctionsallosvs the particle
system to explicitly sample corners, edges, and surfaces of materiakirtierss. We show that
the resulting point distributions meet fundamental sampling constraints, all@elaginay-based

meshing algorithms to reliably extract watertight meshes of consistently higflityqu

6.1 Introduction

Volumetric scans (volumes) provide an important source of informationdoerating real-
istic computer models of real-world objects. For example, biological andhysagal data are
often captured using volumetric scanning methods such as magnetic resamaging (MRI) or
ultrasound. The data from these devices is usually stored as a regdlaf galues that provide
information about the surface of the scanned object and its detailed ingtrneture. Most
objects, natural or man-made, contain multiple materials with vastly differeisiqgaiyproperties
that are typically organized in complicated geometric con gurations. Extrgaginecise geo-
metric models of the interfaces between these materials is important both folizatoa and
for realistic physically-based simulations in a variety of elds, from biomeldicenputing and
computer animation to oil-and-gas exploration and engineering.

Multimaterial volumes impose particular challenges for sampling and meshingtaigsr

because the boundaries between materials are typically not smooth manifsdda. result,
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intersections of materials can produce sharp features such as edges@ers (see Section 6.3).
Furthermore, the development of increasingly realistic simulations dictatémadticonstraints,
such as a suf cient number of samples to accurately represent the ggpommpact sets of
nearly-regular triangles, and consistent tessellations across matenadrges. The construction
of geometric models that meet these requirements for surfaces of distjactis well-studied.
However, generating high-quality models of objects that contain multiple mateaalshus far
received little attention.

In this chapter we use a dynamic particle system to produce well-spaceitudistrs of
points on material interfaces in multimaterial volumes. The particles move to minimize an
objective function that is designed to produce con gurations of sampétsatie locally adaptive,
geometrically accurate, and well-suited for subsequent meshing. Thérseterial boundaries
are described as a CW-complex [79], and this chapter proposes nalyti@a representations
for the different kinds of cells that form this structure. Also de ned prejection operators
that allow the particles to sample these material boundaries in a hierarclsbadrfa— 0-cells,
1-cells, and then 2-cells. The resultis a set of surface points that@dhp underlying geometry
and meet fundamental surface sampling requirements. Using Delauseg-ime&shing schemes,
an algorithm based on labeling tetrahedron creates surface meshesethatllasuited to the
generation of well-shaped volumetric elements [4].

The main contribution of the chapter is a novel scheme for representingotitaamifold
sets formed at the material interfaces in multimaterial volume data, and a cordisp set of
projection operators that allow these interfaces to be sampled with dynarticdgogystems. We
also present an algorithm for distributing sets of particle systems sucheittatype of interface
is sampled explicitly, and show that high-quality surface meshes of the sawipks pxist as
well-de ned subsets of a Delaunay tetrahedralization. Implementation defdite groposed
algorithm are presented, and results for several multimaterial volumesagethé&om MRI scans

of real-world objects are shown, demonstrating the proposed systdatsieness.

6.2 Previous Work
Most of the previous work on meshing multiple material data focuses on gddebtes-
sellation algorithms. These algorithms work on the original, labeled volumesfoand on
extensions of the marching cubes case tables to handle the nonmanifotak Saotéasections. A
postprocessing step is then applied to reduce the voxelization artifacts.dbtimeecarliest work

presents methods that generate nonmanifold meshes from tetrahedraitelémae are created
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from the original rectilinear volume. Bloomenthal and Ferguson [17] @sefa scheme that rst
subdivides each voxel in a multilabel dataset into six tetrahedral elementsa.these elements,
intersections of multiple materials along element edges, as well as in elementritean be
determined such that a nonmanifold triangulation can be reliably extractedndiching tetra-
hedralmethod [105] adapts the well-knowmarching cubesglgorithm [90] for the tessellation of
irregular grids, and is extended by Bonreglhl.[20] to incorporate fractional volume information
of multiple material datasets. Dillat al. [46] also extend the marching tetrahedra scheme for
generating boundary meshes of data consisting of thousands of matenalgdlycrystal data.

Resolving the triangulation ambiguities of the nonmanifold topology when tesseltng
multimaterial interfaces is straight-forward using tetrahedral elementsg$uits in an excessive
number of triangles. Methods based on extracting interfaces in hexaluedls can reduce the
overall number of triangles, but they must handle an increased numbenofanifold ambigu-
ities. Reitingeret al.[120] propose a scheme for extracting nonmanifold meshes from a regula
grid of multilabel data by speci cally detecting voxels that contain more than twteriads,
placing a vertex inside these voxels, and, through a series of heurtstioputing a triangulation
of the voxels' intersection points. Bertraet al. [12] produce a single multiple material dataset
from time-sequenced volumes usinggiring procedure that produces signed distance functions
of the materials from which a nonmanifold tessellation is extracted using arnthlga@imilar to
that proposed by Hegst al. [66]. By preprocessing multiple material datasets to eliminate voxels
with more than three materials, Bischoff and Kobbelt [13] greatly reducedhwplexity of the
triangulation of these datasets. Recently, Zhanhgl. [166] proposed an octree-based approach
that relies on the dual contouring method [71] to produce adaptive tef@leements as well as
to preserve sharp features.

In general, these irregular and regular grid-based methods are ewlolisf cient, but generate
large numbers of triangles that are usually poorly shaped because thedsiélih not focus on
the placement of the vertices. Furthermore, the size of the elements is reldbedrésolution
of the grid, rather than to the geometry of the material surfaces, and thidnmgsneshes must
be postprocessed to reduce voxelization artifacts and generate tesselatiable for simula-
tion [37]. To remove the dependence of the tessellation resolution fromntierlying grid,
Ponset al. [118] extend the Delaunay-based volume meshing algorithm of Cetdait [110]
to multimaterial datasets. This approach instead builds a geometric model of multigieatsa
by subdividing a Delaunay tetrahedral mesh, generating consistentiah@tegrfaces by con-

struction. The algorithm de nes material boundaries as a subset of tiabeenalization for all
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faces that are bounded by tetrahedral elements belonging to differésiaise The quality of
the resulting elements are controlled through a re nement procedureetimadric accuracy of
which is proved by Boissonnat al.[19]. This proof, however, requires that the surface€Be
continuous, which is not the case for multiple material data — we will discussatio®es.3 that
the surfaces of materials in a multilabel dataset are G9lwas they contain sharp features where

more than two materials intersect.

6.3 Topology of Multimaterial Interfaces

We represent interfaces in a multimaterial dataset using a model that @ssesibh material
with a smooth, volumetrimdicator functionf; [92]. A set ofN indicator functiong= = ff;jf; :
V 7! <g represent®N materials. The model assigns a material laktel a pointx 2 V if (and
only if) fi(x) >f;(x) 8 j 6 1i.

Looking at the simple case when only two materials exist in the dataset, foiitis govhere
f1(x) fa(x) > 0the model will assign a label df, while assigning a label d? otherwise.
Notice that this description corresponds to the conventional formulation ghplicit surface.
In the multimaterial model, the set of pointsvheref 1(x)  f2(x) = 0 forms the interface, or
junction, between these two materials.

In the case of an arbitrary number of materials in the dataset, the con gusatianterfaces
become somewhat more complex. The boundaries that separate materiadsl@nger mani-
fold, and can form sharp corners and edges. The topology of thesggns, however, can be
characterized by certagenericcon gurations (see Figure 6.1). The tegeneric from the eld
of singularity theory, refers to the cases where the set of functo@se ingeneral position

This situation is analogous to the nite-dimensional spaces considered ireiggeometry —

@) (b) () (d)

Figure 6.1 In 2D, a 3-material junction is generic and forms a 0-cell (a); it maintainspisogy
under small perturbations (b). A 4-material junction (c), however, isrgaperic case, and is
anihilated under small perturbations (d) to form generic 2- and 3- matenietiquns.
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i.e., three points in general position cannot lie on a line, and if they do, a @epesition can be
restored through very small perturbations. This work generally corssaidy generic con gura-
tions, which is justi ed by the system's reliance on measured data that inthepemtains some
level of noise, as well as the use of a data processing pipeline thaesrassdegree of smoothness
in the indicator functions (see Section 6.6.1).

Each material interface is characterized in terms of the number of materiatiodfanctions
that are maximal (and equal) at that junction. For < 2, 2-junctions and 3-junctions occur
generically, as shown in Figure 6.1 (a-b), while a 4-junction is a nongenase, as shown in
Figure 6.1 (c-d). Fo¥ < 9eachK -junction forms a subset &f that is topologically equivalent
(homeomorphic) to & -disk, whereP = d K + 1. Thus each type of material junction can be
considered & -cell, as described in the literature on discrete topology [61]. Thusfgaiig, for
d = 3 we have 4-junctions, which are 0-cells or points; 3-junctions, which arell$ or curves;
and 2-junctions, which are 2-cells or surfaces.

The collection of cells that describe the different types of material junctiaken together,
form a CW-complex. That is, we can organize them hierarchically, suaheach 2-cell is
attached to a collection of 1-cells (at its border), and each one cell is ettdolone or more
O-cells. Special care must be taken to describe the cases where algartiaterial junction
is itself closed, but this formality is not important to the proposed method. Tagegirin this
chapter is to sample nonmanifold multimaterial boundaries using this hierarohgrofolds, and

to form the appropriate relationships between samples at each level in thechie

6.4 Representing and Sampling Junctions

Given a set of material indicator functioRs rst de ned are a set of analyticalell indicator
functions J, that approximate the cells formed by each type of material junction (Sectidl).6.4
In the proposed particle system sampling scheme, each particle will beaioesdtto a particular
material junction. The formulation for each type of cell includes a set géption operators to
enforce this constraint (Section 6.4.2). The system generates a hieddrparticle systems so
that each type of generically occurring material junction is representee im#h mesh. Thus,
in 3D we begin by sampling the 0-cells (points), followed by the 1-cells (@)nand concluding
with the 2-cells (surfaces). Finally, the multimaterial surface meshes asetedras a subset of

a Delaunay tetrahedralization of the samples (Section 6.4.3).
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6.4.1 Differentiable Multimaterial Junctions
The individual material junctions present in the volumetric model of multimatesialsits are
analytically represent to allow sets of particles to speci cally sample eachigumcTo do this,
inside/outsid€10) functions for each material are de ned using the volumetric modetd ritesd

in Section 6.3. These functions are:

fi="i - max fj; (6.1)
i)

where positive values indicate the presence of mateenat negative values indicate some other
material. These functions have the property that the zero-set of anpdoaction,f7, coincides
with the material transitions betweérand some other material. This means, for instance, that
for two adjacent materials,andj , we havef7 = fj = 0 along the 2-junction where these two
materials meet.

This coincidence of zero-sets for adjacent materials in Equation 6.1 altovesrfovel repre-
sentation that approximates the different kinds of material junctions (cetlsijva multimaterial
volume. These junctions are detected gl indicator functiorthat identi es points iV where
a set of 10 functions evaluate to zero, such as the material interfacedemwaterials 1 and 2
shown as the red dashed line in Figure 6.2. Along this cutve; 2 = 0 andf3 < 0, while
in the the vicinity of this curvdy andf> will be nonzero (one negative and the other positive).
Thus, in 3D, we can represent the set of 2-cells that form the intebaivecen two materialis

andj , wherei 6 j, as the zero-set of the continuous cell indicator function:

Figure 6.2 Material interfaces in multimaterial datasets exist where a volumetric mode¢of th
data transitions from one maximal material to another, shown by the dotteddin@sét of three
indicator functions.
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Jj = f~i2 + f']QZ (6.2)

In this scheme, the 1-cells for the set of materigik (assumed distinct) are given by the set of

pointsJjk =0 where:

Jjp = F2+ f“j2 + 2 (6.3)

and likewise, the indicator for a 0-cell is:
Jiw = P+ 7+ fif+ fF: (6.4)

6.4.2 Sampling Multimaterial Junctions with Particles

To distribute a set of dynamic particles across a manifold we need to de néhings: rst,
how particles will be projected onto the manifold; and second, how partidleserconstrained
to move along the manifold. The rst case is usually done using a gradiesnedemethod such as
Newton-Raphson, while the latter case is most often accomplished by prgjemtition vectors
onto the local tangent space of the manifold. For distributing particles acnodtimaterial
intersections, both of these tasks require rst derivative informatidhetell indicator functions.

The gradient of Equation 6.2 (with analogous de nitions for Equations Bd36a4) is:

r Jy =2fr f7+2f5r fj: (6.5)

The max function is onlyC°, however, and the derivative is not de ned at the transition
between materials. Thus, we approximatax with a smooth function that is differentiable
and can be tuned (via a parameter) to be arbitrarily closaaw. One example of an analytic,
differentiable approximation tmax for a setZ of unique valuegi;z,; zn is given by rst

de ning a functiong:

z

9(z) =1+ W: (6.6)

Themax function is then:
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1 X yn
max(Z) = on1 A az z) (6.7)
i=1  j=1;j6i
with the gradient given by:
2
1 X
r max(Z) = S 4y z oz z)+
0 i=1 j=1;j6i 13
xn hd
z @ roz z) 9z z)ASD (6.8)
j=1;j6i j=1;js&i
where:
2
rogiz)=rz L z (6.9)

@+ ha)? (P )™

At the material transitions there is a not a unique set of a values, howévers, when
evaluting the 10 functions of the transitioning materials for a cell indicatortfan¢ the max
in Equation 6.1 requires an extension of Equation 6.7 to accomodate thasdaaqum(maximal)
values:

1 X 1 Ty 1

i=1 j=1;j6i

max(F) =

wheren is the number of materials M, F is the seto{n 1) indicator functions evaluated by
max in Equation 6.1, and& is the numer of materials in transition for a speci c cell indicator
function. For the results in this chapter we uggx = 10 °.

Using the approximation tmax given in Equation 6.10, we can derive an expression for the
lower-bound of the cell indicator functiah, and show that this bound goes to zero in the limit.
The value of the transitioning materials at the junction is de ned aand the largest value of the
nontransitioning materials at the juncton is de neddasT he difference between these two values
is(A B) > 0. Using Equation 6.6, we de ne: = g(A B), which is a number slightly smaller
than2; = g(B A), whichis anumber slightly largerthan O;agtA A)=g(B B)=1.

The expression for the cell indicator function of a K-junction becomes:



104

1 2
J=K A ——— (K 1)A "K+(n K)B K1 6.11
K prx KD (n K) (6.11)
In this expression, as the difference betwdeandB gets large relative tomax, ! 2 and

I 0, which caused ! 0. This expression also shows that for the special cageofK we
haved =0.

Notice that the cell indicator functions have the property that they arelyhe@ro on the
set of interesti(e., a material junction) and positive everywhere else. Because the sé¢sh
is locally minimal, the gradient is zero on the material junctions, and thus thesiediektors,
unlike the 10 functions, do not directly provide the tangent spaces thatesrded to constrain the
motion of interacting particles. The cell indicators are constructed, howegen combinations
of implicit functions for the individual materials.¢., the 10 functions), and the gradients of these
IO functions give the local orientation of the cells. Thus the tangent sp@gtanes or lines in
3D) of the cells are reconstructed from a series of projection operduatrsely on gradients of
the corresponding IO functions.

For 2-cells, the gradients of the 10 functions that characterize the juneilbbe approxi-
mately equal and opposite near the zero set. Thus we project a motion sket@article,v,
onto a tangent plane that is de ned by the average (for numerical rodss of these 10 function

gradients:

ne = M (6.12)
ir f7r fj]
and update the motion vector as:

Vv v <v;ne>ng=(l ng nyve (6.13)

On the 1-cells, particles must move along the tangent line of the zero-3gt ofA tangent
line is computed as the summation of the cross products of each pair of thehiareeterizing

10 function normals, which all have zero-crossings along that set:
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tijk_l’fT rfj+rfj rfT(+rfk I’fi_

= — —t — —t — — (6.14)
jrf e fyp e fpp ety e kg jr f3)

The particle motion vectors are then projected onto this normalized tangerddimgtraining the

motions to the 1-cell:

tijk . tijk .
Lk Jtik]

(6.15)

The 0-cells, which are the rst to be sampled, are isolated points, eachezimpa single

particle (see Section 6.6.2), thus, we do not need to de ne a projectioatope

6.4.3 Meshing Multimaterial Samples

Fundamental work in inferring correct topology from a set of unoiggh surface points
relies on a sampling criteria that link the density of points to the LFS of the suj@cin order to
guarantee topologically and geometrically correct surface reconstacttate-of-the-art surface
sampling results require an in nite sampling density (in the limit) near sharp festsuch as
those formed by at the O-cells in a multimaterial dataset. The proof in Section Bdwéver,
shows that the LFS sampling constraint can be lifted around sharp featusample points
are placed explicitly on cells, allowing for the reconstruction of geometricaltitapologically
correct tessellations of surfaces with sharp features using Deldass®d meshing schemes. The
proof guarantees this claim in 2D for a lower bound4df on the material angles formed by
the tangent lines of the 1-cells at the 0-cell where they meet. Results froevtiset literature
indicate that angles between 1-cells, de ned by smooth indicators functasrd20 at the
0-cells [168], making th®0 lower bound a reasonable constraint for this work. We anticipate a
similar result, with a larger angle constraint, in 3D.

Based on this proof, we know that there exists a Delaunay-based metiadithreconstruct
topologically correct manifold surfaces of individual materials in multimateagsets from the
set of particles. These datasets contain additional information, thoughmelya material label
for almost ever point i/ — that allows for a simple labeling algorithm to reliably extract the
manifold material surfaces, as well as the nonmanifold intersection sytfa8¢ The labeling
algorithm rst computes a Delaunay tetrahedralization of the the sets of mantgling the 0-,

1-, and 2-cells. Next, each tetrahedron is assigned a material labetdyynildng the material
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type at the location of its circumsphere center. Finally, the algorithm gesexaterface mesh by

extracting all faces bounded by tetrahedra with different material labels.

6.5 Analysis and Correctness of Algorithm
6.5.1 Extension of Sampling Requirements to Include Sharp Fures

Individual materials in a multimaterial dataset can be constructed as a unjomations
that bound the material. For materials that have 3- and 4-junction boundsineg features
appear around these boundaries at the nonmanifold material intersedtiwse sharp features
present a problem when considering the sampling constraints imposeddunBg-based surface
reconstruction algorithms. These constraints specify that the densityfatssamples, which
form the vertices of the reconstructed tessellation, is inversely propartiothe distance to the
medial axis at those sample locations. This distance (the LFS) goes to aharpiedges where
the medial axis touches the discontinuous feature. Thus, the numbertiofgzathat sample a
material near a 3- or 4-junction must go to in nity to meet this constraint.

There is a way around the intractability of the sampling constraint near &wstipes, which
is to place sample pointirectly on these features. The following derivation shows that if the
angle between two double-junctions near a sharp feature is large enoughhatnithe sharp
feature is explicitly sampled, then the sampling constraints do not apply in a @giahraround
the feature. The derivation states that in 2Dnust be larger thad5 — we anticipate a similar
result, with a larger angle constraint, in 3D. These proofs hold so longasathples nearest the
sharp features lie within a ball that contains subsets of the surface foh wte lower-bound on

the tangent-line angles is met.

6.5.1.1 De nitions

A circle is emptyif its interior contains no points.
A circumcircleis a circle touching a set of points that is empty of those points.

Given three points, b, andc, the Voronoi vertexof these points is the center of the

circumcircle ofa, b, andc.

Given three points, b, andc, theVoronoi verte)of these points is at the intersection of the

perpendicular bisectors ab,bc, andca.

The edgeab is in the Delaunay triangulation of the set of points contairsrandb if there
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exists an empty circumcircle ferandb.

6.5.1.2 Delaunay Surface Reconstruction in 2D

Here we present a brief, high-level overview of the 2D Delaunayaserfeconstruction algo-
rithm CRUST [6], which builds on the fundamental LFS sampling requirem@iits.algorithm
begins by taking a set of poin = p1; ;pn that sample a curve, and computing their
corresponding Voronoi verticed = vi; ;Vvy. Next, a Delaunay triangulation &f [ V is
generated. From the set of all edges in the Delaunay triangulation, tks adgconnecting two
sample points irP are culled, leaving a set of edges called thest— in Figure 6.3 the crust
is shown by the bold lines. In their seminal work on this algorithm [6], Amentl. show that
if P is suf ciently dense with respect to the LFS of the curve, thastis guaranteed to contain
edges that connect only adjacent surface points, and to also be tmatiippomeomorphic to

the original curve.

6.5.1.3 Derivation of of Material Angle Constraints
Given the set of points shown in Figure 6.4 that sample a curve with a disodptand a
material angle > 45 , this derivation shows that the edgeps will not exist in thecrustof the

points. There are several assumptions that we make:

Figure 6.3 When a curve is sampled densely enough ctiust exists as a subset of edges of a
Delaunay triangulation of the surface sample points and their Vornoi vefiibage used without
permission).
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p2 samples the discontinuity exactly

j P1P2] = jP3p2
j Pap1] = |PsP3)
jP1P2) | Pabij

Given these assumptions, there are two cases to consider:

90 180
0 < < 9
6.5.1.3.1 Case 1. For the rst case, wher@0 180 , we have the situation depicted

in Figure 6.5. The Voronoi vertex is at the center of the circumcirc of pointspi, p2, and
ps. In this situation the smallest circumcircle@fp3 that is empty ofp is the circumcircleB .
By de nition, v will lie at the center oB. Thus,B will not be empty of points iP [ V, and
hencep1pz will not be an edge in the Delaunay triangulationPof V.

6.5.1.3.2 Case 2. Forthe second case, whére< < 90 , we have the situation depicted
in Figure 6.6. The Voronoi vertex; is at the intersection of the perpendicular bisectongqfz,

P2p3, andpzpz1, and the Voronoi vertex; is at the intersection of the perpendicular bisectors of

P4P1, P1P3, andpspa. The pointc lies onpips and is the center of the smallest circumcircle
of p1 andps. In this situation, we want to know what is the largedfor which the smallest

circumcircle ofp; andps is empty ofv, andv,. The circumcircle ofp; andps will not be

P2

P, Ps

Figure 6.4. The sampling assumptions for the 2D proof. The ppixnexplicitly samples the tip
of the sharp featurgpipzj = jpap2j, jpaPij = jPsPsj, andjpipz] j Papil.
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P Ps

Figure 6.5. The case wher@0 180 .
empty when either:
jic vi< 3jp1 P
jc Vo< ijp1 P

To simplify the following discussion, we Igp1  p2j = 1 without loss of generality, and let
_1

=1.
We do not, however, need to consider the case wferev,j < %jpl psj because for
> 0,jc Vvij<jc V. Tosee why this is true, Figure 6.7 shows the relationship between

V1, Vo, andc. The pointc falls halfway betweew; andv, whenpzc is perpendicular t@1p2

P2

p4 V2 p5
[ J
N

Figure 6.6. The case wheré < < 90.
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—thisassumes th@ips  p2j = jpa Paj;ifjpr P2 < jpa  paij the pointc will never fall
halfway betweerv; andv,. Thus, for > 0,jc  vij < jc V»j. This means that we only
need to consider wher, is inside of the circumcircle gf; andps.

Finally, we determine whejt  v;j < %jpl psj. From Figure 6.8 we see that:

jc vij=xtan(90 2) (6.16)

wherex = jc  p3ij. This leaves us with the following inequality:

tan(@0 2 )< L (6.17)

Thus,p1p3 exists in thecrustof the sample points when< 45 .

6.5.2 Angle of Multiple Materials
To empirically test the convergence of the 3D 10 function angles towk2fs we generated

a dataset that consists of a material in the shape of wedge that is thenexdjbedveen two other

Va

Figure 6.7. Shown here, the Voronoi vertex will never be closer to the poimtthanv .

P

Figure 6.8. For < 45, the Voronoi vertexv; will fall outside the smallest circumcircle of
PiPs.
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materials inside of a box. By intersecting the reconstructed IO function ofveige material
with a circle oriented perpendicular to the sharp edge of the wedge, the ainthe material
coming into the three-material boundary can be approximately computed.tiisdost analytic
distance transforms of all three materials are computed, and the angle addiye V8 varied from
10 to 120 . Figure 6.9 shows isosurface extractions of the distance transfooysees of each
material for thel0 and120 data sets. Second, each data set is smoothed via tightening with a
range ofr values. We then reestablish the material boundaries with Equation 6.1 apdyaint
along the 3-junction. Around this point a circle of radRss de ned that is perpendicular to the
3-junction, and the two intersection points along the circle with the 10 functicin®fvedge
material are found using a root- nding scheme. Finally, to determine the aiglee wedge
material near the three material junction the difference of the circle norméte attersection
points is computed.

In Figure 6.10 we present results of the experiments that vary the infegseacle radius
R, as well as the tightening radius The plot in Figure 6.10(a) shows the material angle for
a range of wedge angles as the radius of the intersecting circle is dedréBse plot con rms
that the material angle increases as the three material junction is apprpantdtiat for even
small wedge angles, the resulting 10 function angles increase to valugs 400 . Round-
off errors prevent calculations any closer than 0.005 of the circle céntere 0.005 is in the
units of the voxel width). The plot shown in Figure 6.10(b) shows the I@&fion angle at the
smallest computed circle radius for a range of tightening radii. Again, thisgolotrms that

the reconstructed material angles tend toward values ab@ewith numerical precision errors

(a) (b)

Figure 6.9. Isosurface extractions of analytic distance transforms of a wedgsedati(a)10 ,
and (b)120 .
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preventing accurate evaluations of the exact angle values near therthtesal junction.

We can show analytically that regardless of how small the initial angle of a imlategoing
into a 3-junction, the smallest possible angle at a 3-junction adtetr the material has been
tightened and then reconstructed as an 10O functid®®5 . The geometry we are discussing is
shown in Figure 6.11, where the untightened wedge with a material angles shown in blue,
the tightened wedge is shown in green (wheiis the tightening radius), and the reconstructed
10 function for the wedge is shown in yellow. To compute the angle of the r@tfan material
(yellow) we would like to characterize the polynomial that describes the recihid then nd its
slope at the 3-junction poii .

We consider the worst-case scenari®, when the material anglegoes to zero, to determine
the lower-bound on the material angle of the reconstructed 10 functioichwig illustrated in
Figure 6.12. Because the tightening algorithm results in a distance transfercgn compute
the exact location of the triple-junction poitjt. The tightened wedge is again shown in green
with r =1, while the tightened bottom and top materials are shown by the purple and bble ha
marks. The center of the tightening circle is at the locati@ri), which gives the following

equation for the distance transform of the wedge material near this circle:

P
dw(X)= x2+y2 2y (6.18)

The distance transform of the bottom material is given as

do(X) =y (6.19)

and for the top material as

d(x)=2 y: (6.20)

The 3-junction point will be located wherk, (x) = dy(x) = d;(x), which is the location that
the 10 functions for all three materials will evaluate to zero. To determine thiditot, rst they
coordinate is computed by settidg(x) = d;(x), which results iny = 1. Then,dy(x) = dy(x)
is solved withy = 1, leavingx = P 2. Thus, the 3-junction point is at the Iocati()%i; 1).

Next, the polynomial of the line shown in red is determined by setfing) = dp(x), giving

the equation
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Figure 6.10 Plots of the wedge experiment that indicate the IO function angles incesase
a three material point is approachedop) as the intersecting circle radil® decreases, the
material angles for a range of wedge angles increase to valuesl®0er (botton) material
angles computed at a small intersecting circle tend to valuesl®@y regardless of the amount
of tightening used.
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o

Figure 6.11 The geometry for the wedge data, where blue is the original wedge with aiahate
angle of , green is the wedge tightened with a radiug pand yellow is the reconstructed 10
function.

Figure 6.12 The geometry for the wedge data, where blue is the original wedge with aiahate
angle of , green is the wedge tightened with a radiug pand yellow is the reconstructed 1O
function.

(6.21)

The derivative of Equation 6.21 is= X, which is then evaluated at the 3-junction point to get
the slope of the line tangent to the 10 function of the wedges; P 2. Computing2 arctan(p 2)
provides a lower-bound of the angle of the 10 function for the wedge mahteg109471221.

6.6 System Overview

6.6.1 Preprocessing Data
Multimaterial data sets are often the result of a segmentation process apptieayttale
data from sources such as MRI or CT scanners. Automatic segmentatiarctyputer is a
challenging research problem, and is thus often augmented with hand segoreby a domain
expert. For example, in the multiple material torso data segmentation shown ire Bidi® the

heart material was hand segmented by a cardiologist, while the other mategi@lgenerated
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semiautomatically using an expectation-maximization segmentation algorithm [1a@{ $¢g-
mentations can capture small features and thin regions that can sometimeslasgsinestby a
segmentation algorithm. These hand segmented materials, however, cacoofizin interslice
artifacts where the material boundaries between slices are hard to didtindaigigure 6.14
(a) an isosurface of the hand segmented heart material shows someefttiéacts. Further-
more, these volumetric datasets are a discrete representation of somen@g continuous
geometry, and the segmentation process makes binary decisions on veimat iis not, part of a
speci ¢c material. Thus, the process of scanning and labeling is inheressy,lbut is necessary
for generating 3D geometry from discrete grids. The resolution of spesimulations is often
coarser than the resolution of the volume data, which further eliminates géométrmation
about the original, underlying shape. For these reasons, prepioges the volume data is
necessary to eliminate small features and to reduce segmentation artifacsssection will
outline a variety of mechanisms that can be used to preprocess multiple meadéasetd.

Binary morphology can be used to reduce segmentation artifacts, as welledisninate
spurious pieces of material and close small gaps. The elimination of thesefsatalles is
important for generating geometry that re ects the resolution of the nal sitrariaas ef ciently
as possible. As discussed in Section 2.5.1, there are numerous choimegpbiblogy stencils,
and there are the different morphology operatiopgningand closing These operations are
applied to each material after they have been isolated into individual volumastiie original,
multilabel data set. For the torso results presented throughout this chietestencils given

in Table 2.1 were used to preprocess the individual materials, with the exmpiariphology

Figure 6.13 The original multilabel torso dataset, where segmentations indicate (frdrasia
to lightest) air, torso tissue, lung, heart, and bone. In this data set, theAssahandsegmented
while all other materials were automatically segmented.
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@) (b) ()

Figure 6.14 Segmentation artifacts show up in an isosurface extraction of the heantiahate
(a). Binary morphology operations can eliminate many of the small featucegags (b), while
tighteningsmooths the surface by controlling the minimum feature size (c).

operations (and stencil size) listed in Table 6.1. In the isosurface extrasitiowvn in Figure
6.14 (b), the segmentation artifacts that appear in Figure 6.14 (a) atgygesluced after binary
morphology operations are applied to the raw data.

For many types of biomedical applications, the numerical complexity of the simusatio
require a relatively course geometry compared with the resolution of thecdating from
the scanning device. Thus, downsampling the data to meet the needs ofahgimulation
can reduce the size of the simulation geometry without incurring a loss ofamycaf the nal
result. The goal of the simulation which necessitated the generation of tloed@itis presented
in this chapter is one such example. Thus each material was downsamptati@fteorphology
operations were performed. One consequence of this downsampling isntipéy voids may
appear when the materials are concatenated back together, shown ia Eigfor To remedy
this, avotingalgorithm lIs voids based on neighborhood information around empty nodes
each grid node that is determined to be empty, the local 6-point neighltbihsearched, with

the empty node taking on the value of the most prevalent neighborhood rhagduie. When

Table 6.1 The binary morphology operations used to preprocess that torsoréatnped in this
chapter. The stencils used correspond to those presented in Table 2.1.
material  morphology operations  stencil size

air closethenopen 4and?2
torso tissue closthenopen 4and?2
bone operthenclose 2andl
lung closethenopen 4andl

heart closeéhenopen 4andl
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there is more than one prevalent value, a heuristic determines the valueeopiy node — for
results in this chapter, the smallest of the prevalent values is chosen. tdtempty regions
of the recombined data have been lled, the materials are again isolated intadunali material
volumes.

The segmentation, binary morphology, and downsampling process catirses\@roduce
physically implausible artifacts in the data. An example is shown in Figure 6.16rentme
automatic segmentation algorithm failed to identify a region of torso material, reguttian
undesirable bone-air boundary. These types of artifacts are ofesto doe challenges of identify-
ing and maintaining thin material boundaries throughout the preprocedsppgy 8y identifying
implausible material boundaries in the segmented data, the data can be dobyeei#ding or
removing material using a tool such as a 3D paint program.

Figure 6.17 presents the original and processed multilabel data for thelunalimaterials for
the torso data set. Although the processed materials shown in column (binceataires of a

size that correspond with the resolution of the motivating simulation, they dradeguate for

@) (b)

Figure 6.15 The multilabel torso dataset after binary morphology is performed on thédndl
materials, followed by a downsampling. The materials are recombined in (apwine black
pixels indicate an empty region where no materials are speci ed. The dowphsd data after
voting (b) which applies heuristics to Il in empty regions.

@) (b)

Figure 6.16 Segmentation and/or binary morphology can create unrealistic materiaddes
(@), such as the bone/air boundary circled in red. To remedy this, tiheesegtion can be xed
by hand (b).
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generating high-quality geometry — these volumes must be smoothed to eliminatzatan
artifacts that would otherwise cause a stair-stepping effect in the naimgéry. Using the
curvature ow-based morphology operatitightening described in Section 2.5.2, the individual
materials are smoothed such that the resulting zeroset surfaces hanedaexbminimum feature
size. The results of smoothing each material with a tightening radius=ofl are shown in
column (c) of Figure 6.17. Differentiable, smooth surfaces can then tractad from these
volumes using continuous reconstruction kernels.

In the process of tightening a surface to ensure a speci ¢ minimum radicgreéture, thin
regions of the surface can be altered drastically by the algorithm. An exarihlis is shown in

Figure 6.18, where a thin wall of the heart is noticeably eroded during tigige To remedy this

(@) (b) (©)

Figure 6.17. The torso data set at various stages of preprocessing, where vehitas material
and black indicates nonmaterial. The materials from top to bottom are the outsi®tissue,
bone, lung, and heart: (a) the original data after each material haveigglated from the
multilabeled volume; (b) the downsampled materials after performing binary rolmgph on
each material; (c) the nal, tightened materials which become the iimglicator functions
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undesirable effect, a smaller tightening radius can be used, at the dessafmoothing of the
overall surface. However, due to the numerics of the levelset frankewavhich the tightening
algorithm is implemented, subvoxel tightening is not possible. Instead, theiah@t@ume can
be upsampled to a higher resolution grid, over which a smaller tightening raaiuthen be
applied. For the torso results presented in this chapter, the heart magsitids over a higher
resolution grid then the other materials, and was tightenedmtl® :6 (where the units of are
given in the units of the courser grid).

The output of the algorithm is a grayscale volume that stores the signedogisteatightened
material surface, where positive values indicate material. We reconsiatinuous, differ-
entiablef; from the tightened volumes of each material ussgparable convolutignwhich
convolves a 1D continuous kernel with grid points along each separatefa volume (see
Section 2.4). For the results presented in this chapter, we use an intepdfa@atmull-Rom
spline as the continuous kernel. The reconstructed implicit functions areértpet to the system

as the set of indicator functioris.

6.6.2 Distributing Particles on Junctions
The proposed system builds from the particle system framework fromt€ha for placing
points along each material junction. This framework ussiing eld that informs particles of
how far they should be from their neighbors to meet LFS sampling requittsmesizing eld
volume for a multimaterial dataset is generated by computing the LFS of eacmt@dn {.e.,

thefT). At each grid point in the sizing eld volume the minimum LFS for the set evalliatehe

(@) (b) ()

Figure 6.18 When materials have thin regionghteningcan remove a large amount of material
to obtain the required minimum radius of curvature. In (a), an isosurfatieecbinary heart
volume is shown for a thin region of the material. After tightening with 1 (b), a large portion
of the heart wall is eroded. In these situations it can be useful to tighten ttesiahat a higher
resolution (c) with a smaller tightening radius= 0:6 in this image).
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grid point location is stored. Along sharp features, however, the LFSywitb zero, causing an
in nite sampling requirement. Because we are explicit sampling these shatyrds, the strict
LFS requirements near 0-cells and 1-cells are violated by placing a lowedban the sizing
eld. This lower bound is determined by the tightening radiusee the previous section) that
drives the tightening algorithm when smoothing the material volumes. This iw @rwalytical
results in 2D, and empirically in 3D) a good estimate of the size of the ball withinhwh&angle
constraint (from Section 6.4.3) holds. For surfaces in 3D, the prepsirng (tightening) does not
guarantee a lower bound on the principle curvatures in hyperbolic regidrich could lead to
problems in obtaining sampling densities that ensure the angle-constrairit-reea 1-cells. In
practice, this appears to be very rare, and we have not observeddbierm in the results shown
in this chapter, despite the complexity of the datasets.

Using an ordered sampling scheme for distributing sets of particle systens;dieen rst
samples each 0-cell with a single particle, which remains xed in place. Nexgytstem samples
1-cells with particle systems that interact with these 0-cell particles. SimilarliL-tiedl particles
are allowed to converge to a steady state and are then xed in place. Fipailycles are

distributed on the various 2-cells that interact with 0- and 1-cell particles.

6.6.3 Meshing the Surface

We use Tetgehto generate a tetrahedralization of the convex hull of the set of particles.
Each tetrahedral element is labeled according to the material in which its ccdbing sphere
center lies. The watertight, nonmanifold mesh of the material interfaces is tisetsof faces
that are bounded by tetrahedra of different material types. Faceketloat the convex hull are
labeled as having a second bounding tetrahedra of the outside materialltyipanonmanifold
mesh can then be used to generate volume lling elements that conform to thefL&®
boundary (see Section 6.7). Manifold meshes of each individual matarnialso be extracted in
a similar fashion, with the shared boundaries of surface meshes haviegtenmt triangulations
by construction.

We have experimented with other Delaunay-based surface recongtradgiorithms, such
as TightCocone [44], that are designed to infer topology from an @gdrset of points with-
out knowledge of the underlying surface/solid. Our experiments shdhese methods can
sometimes fail, and thus we advocate the use of a simpler labeling algorithm, stivh ane

described in this paper, that includes information about the underlying multialatelume

ltetgen.berlios.de
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which gaurantees conformal, watertight surfaces. In Figure 6.19egept an example of a poor
triangluation from TIGHT COCONE that is correctly meshed in Figure 6.20guia proposed
labeling algorithm.

6.6.4 Implementation
This particle system implementation is an extension of the version found in Se&:8on
Changes to the basic particle system implementation dvelth and free parameters introduced
in this chapter are presented in Tables 6.6.4 and 6.6.4, where we alsotphesiee parameters

from Chapter 3 that were used in the multimaterial implementation. Note that almoétlaise

Figure 6.19 A poor triangulation from TIGHT COCONE of the torso tissue material.
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parameters use the same values as previously discussed implementations.

Prior to distributing the particles, the segmented, multilabel volumes under gaaigrpre-
processing to produce smooth surfaces that are designed speciaalhefneeds of a particular
application. First, each material is isolated from the original volume and sntbatieg binary
morphology operations and any other necessary segmentation enhatseeNext, appropriate
resolutions are selected for each material, and the materials undergo tightegémgrate smooth
representations — interpolating Catmull-Rom spline kernels (discussed fiorS2ct are then
used to reconstruct continuous represents of the tightened materialefoertainder of the
pipeline. The tightening is followed by a generation of sizing elds for ea®hflinctional
representation of the materials, described in Section 5.3.2, wit@:5, =0:4, andh{)nin =7
wherer is the tightening radius. Then, marching cubes meshes are generateaclfot®
function, the vertices of which are used to initialize the particle systems. Fiadltie possible
combinations of materials are computed and initialized with a marching cubes nreshefo
of the junction materials by projecting the vertices onto the junction for 10 itesatighny
particle system with zero particles on the junction after the initial projectionsrisidered to
be nonexistent in the data and removed from the set. The remaining sysedistabuted using

the following steps:
1. For each quad-junction, cull all but one particle for each surfacepoint location.

2. For each remaining junction, starting with the triple-junctions follo wed by the double-

junctions:

(a) Add all (n + 1) -junctions and (n + 2) -junctions, if they exist, to the particle sys-
tem's neighborhood, wheren is the number of materials at this particle system's

junction.
(b) For each particle:

i. ComputeE;, and computes; with Equation 3.4 where the interparticle dis-
tances are scaled by the j given in Equation 5.5, using the minimumh(x;)
value over all of the materials' sizing elds.

ii. Computev™ = jvj.

iii. Compute the new particle positiof{®*" by solving Equation 3.11ising the pro-
jections operators de ned in Section 6.4.2vith v{*®%, followed by a reprojection

to the surface by solving Equation 3.12.
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iv. Compute the new energy valug™®", at the new particle location™", as well
as the new implicit function valués;;"".

v. IFEM™Y  Ejorjx; x®j>sorF"™> t,and ; > pu,, decrease; by a
factor of 10 and go back to Step 2(b)ii. If min » do not move the particle and

skip to the next particle in the list.

vi. If EM®" < E;, updatex; = x{®". Increase ; by a factor of 10 if this is the rst

time through Step 2b.

(c) Decide whether the system is at a steady state. There are numeroigs toedieter-
mine steady state, and we have chosen to use the difference of the spstgm ¢he
sum of the energy at all the particles) from one iteration to the next. Whesygtem
energy difference is less than a small fraction of the total energy (we. 156 for the
results presented in this dissertation, although a range of values wodlagereimilar
results), we deduce that particles have reached a steady state. Otheepeat Step
2b. For poor initializations, we have found it can be useful to skip to Stegv@d/ 50

iterations instead of waiting for the system to reach a steady state.

(d) Check whether the con guration of particles is desirable. We comgaech particle's
energy against an ideal ener@/?®, which is de ned in Section 3.5.1 with a value
of n = 2 for triple-junctions, and n = 6 for double-junctions. We biask; with
a random value on the intervfd; 1] to eliminate mass splitting or dying, then split
particles withE; < 0:35E9€@  and delete particles with; > 1:75E '9¢@ for double-
junctions. Or, for triple-junctions, split particles with E; < 0:25E9€a and delete

particles with E; > 2:5E deal
(e) If the energy of the particles is acceptable, stop iterating.

(f) Write out the particle positions for input to a meshing algorithm.

6.7 Results
We present results from several real-world datasets generatedMRingcans. The dimen-
sions of each dataset are given in Table 6.7, along with the number of neatand sample
points. We also provide theand values used to smooth the sizing elds, and note that these
values were constant over all of the data sets. The torso and braietdatese sampled on a

P4 3.2GHz CPU with 2GB of memory in approximatélg hours and hours, respectively. The
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Table 6.2 Table of free parameters.

Parameter Value Description Comments
r 10 7 added to interparticle distances tesystem is insensitive to values
avoid in nite energy values near machine precision
1.0 effective particle radius constant for all results in this dis-
sertation
0 1.0 initial stepsize value system is insensitive to this value
min 10 14 minimum stepsize value system is insensitive to this value
as long as it is suf ciently small
E 10 4 10 °> surface threshold values a0 4 were used for 4-
junctions, otherwise, valuekd °
were used

0:15%

50

0:35

number of initial projections of asystem is insensitive to this value

particle as long as particles get to within
g of the surface, however, more
iterations were used for increas-
ing numbers of interacting mate-
rials

system energy difference fromvalue must be small enough such
previous iteration that indicates athat the particle distribution con-
steady state verges to an even packing

number of iterations when systenmvalue must be large enough such
automatically checks for a desir-that local particle neighbors can
able con guration (Step 2d) be established

percentage dEigea that indicates values with approximatel®0%of

a particle should be split this value produce visually simil-
iar results with different conver-
gence times
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Table 6.3 Table of free parametersont

Parameter Value Description Comments
1:75 percentage OEigeq that indicates values with approximatel®0%of
a particle should be deleted this value produce visually simil-
iar results with different conver-
gence times
5 number of iterations when parti-values< 10 maintain stability in

cle neighbor lists are updated  the system

r user-de ned  tightening radius value should be chosen based
on application speci c needs

hgn r minimum sizing eld value other than hyperbolic regions,
this is the minimum feature size
after tightening, which can be
lowered to reduce the incidence
of mistriangulations at the ex-
pense of more (and smaller) tri-

angles
10 number of initial particle pro- must be large enough to ensure
jections that the initial set of particles
get to within g of the junction
surface

Table 6.4 The dimensions and number of materials of each datasegpiton and values
used to smooth the sizing elds, and the number of particles used to sample thehjiatetions.

Dataset Source \Volume , # Particles
(# Materials) Dimensions
torso (5) MRI 260x121x169 0.5,0.4 394k
frog (5) MRI 260x245x150 0.5,0.4 186k
low-res frog (5) MRI 160x151x94 0.5,0.4 31k
brain (3) MRI 149x188x148 0.5,0.4 161k

two spheres (3) synthetic 128x128x128 0.5,0.4 1214
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Figure 6.20 Multimaterial surfaces of a torso extracted from an MRI scan, with closed
meshes generated using dynamic particle systems.
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Figure 6.21 Meshes of the white matter and cerebral spinal uid (CSF) of a brainsdata
generated from an MRI scan.

frog, low-res frog, and spheres datasets were sampled on a laptop @éleeon 1.4GHz CPU
and 1GB of memory in approximately 5 hours, 1 hour, and 4 minutes, regplgcti

A driving application for this work is the simulation of cardiac de brillation in chidgsh. The
goal is to generate a pipeline that will acquire a MRI scan of a child, genpadient-speci ¢ ge-
ometry from the scanned data, and to then determine an ideal placemenéafdiac de brillator
through FEM simulation. The torso dataset shown in Figure 6.20 was gedé&m@m a segmented
MRI volume in this study, and consists of ve materials: the torso tissue, bong, heart, and air.
Although other materials exist in the original MRI scan, decisions on whiclctadie in the nal
simulation must be made to keep the number of elements manageable. For exaohudéngn
the thin layers of uid that exist between different organs would inducgessive numbers of
elements as the feature size of this material layer is very small. Both the brafrogrithtasets

shown in Figures 6.21 and 6.22 were also generated from MRI scankatidieen segmented
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into multilabel volumes. The low-resolution frog in Figure 6.23 was downsamipted the
segmented frog dataset in Figure 6.22 and then processed using mgsptmkdiminate small
features. The synthetic two-sphere example in Figure 6.24 was genexated grid from the
difference of two analytically represented spheres.

For many FEM simulations used in biomedical computing,dbedition numberi.e., , the
value that describes how numerically well-behaved a simulation will be, istljireddated to
the most poorly-shaped element in a tessellation. A metric that is commonly usedritfy
the quality of surface meshes for FEM is the ratio of the inscribed circle toitbenescribing
circle of a triangle2ri, =r¢jrc . A ratio of one indicates an equilateral triangle, and a ratio of zero
indicates a triangle that has collapsed down to an edge. In Table 6.7 venpstatics for the
tessellations generated with the proposed method, including the ratio of th@powolkt shaped
triangle for each mesh. These statistics indicate that not only are the bulk vfghgles nearly
regular, but also that the worst shaped triangle is of consistently higlibguThis latter result
is important for eliminating the time-consuming, and common, chore of hand tweakésh
elements to make them suitable for simulations.

The results from the proposed system are compared against a geidi+batimaterial mesh-

Table 6.5 Statistics about each mesh and their quality.

Material Number of Min/Avg
Triangles Radius Ratio
torso tissue 673k 0.39/0.94
torso bone 460k 0.31/0.94
torso lung 215k 0.32/0.93
torso heart 140k 0.38/0.93
frog tissue 367k 0.30/0.94
frog bone 197k 0.37/0.94
frog guts 46k 0.30/0.94
frog brain 8k 0.52/0.94
low-res frog tissue 202k 0.39/0.94
low-res frog bone 114k 0.39/0.94
low-res frog guts 25k 0.49/0.94
low-res frog brain 5k 0.52/0.93
brain white matter 255k 0.39/0.94
brain csf 92k 0.42/0.94
spheres top 1544 0.51/0.92

spheres bottom 1506 0.52/0.92
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Figure 6.22 Meshes of the frog dataset generated from an MRI scan.
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Figure 6.23 Screen shots from a point-based physics simulation. In the top row, #ileof
materials were assigned the same material properties, while in the bottom rowgrtes and
internal organs were assigned stiffer properties.

Figure 6.24 A synthetic example of two intersecting spheres, illustrating the consistémniog o
meshes along the shared boundary.
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ing scheme using the VTK softwae Common to these approaches is a pipeline that rst
extracts a nonmanifold mesh from a discrete, multilabel volume, followed by athing step

to eliminate voxelization artifacts, and nally a decimation of the mesh to decreaseutimber

of triangles [12, 46]. Our implementation uses thkDiscreteMarchingCubedass to extract a
mesh of the interfaces, thekWindowedSincPolyDataFiltéo smooth the voxelization artifacts,
and thevtkQuadricDecimatiomo reduce the number of triangles. We generated meshes using this
pipeline of the two-sphere and frog examples with approximately the same nofie@ngles

as the analogous particle system-based examples. The minimum and ageliageatios for the
spheres are 0.014 and 0.79, respectively, and for the frog 0.0 addréspectively. Not only

is the quality of these meshes signi cantly lower than for our particle systesaebmeshes, but
the size of the triangles does not adapt to the underlying geometry. Addpéngulations are
important for ef ciently capturing the geometry of an object with as few eleisias possible.
We present a visual comparison of these results in Figure 6.25.

The particle-based method is also well-suited for generating volumetric saoiptedtima-
terial datasets. We have extended the particle system framework fangagheres inside of
sampled multimaterial interfaces. The spheres are distributed using the samge elid that
guides the surface samples, which is smoothed away from the surfdcéhatitarger values are
on the inside of materials. The spheres are distributed as an additionalt stepeand of the
ordered distribution process. These volume samples can be used tatgar@mhedral meshes
that conform to the material interfaces and respect the LFS of the boesdsee Chapter 7), as
well as for point-based physics simulations. In these simulations, reseasckhown that both
physical and geometric complexity are highly correlated [2], and that tidistaand accuracy
of the simulation is directly related to the ability of the surface and volume samplagtiare the
LFS of the material boundaries.

To test our results, we have implemented a point-based physics algorithsmtloétes elastic
materials [97] , extending the algorithm to handle multimaterial objects by assigiffiegent
physical properties to volume samples of different material types. Surfeeshes generated
from the particles sampling the multimaterial interfaces are used to include coliisiection
between materials of different types [75], as well as for rendering ithelation results. In
Figure 6.23 we present screenshots from a simulation of the frog digpppio a at surface. In
Figure 6.23 {op row) all volume samples were assigned the same material type, while in Figure

6.23 pottom rowy, volume samples in the bones and internal organs were assigned stiféeiaina

2vtk.org



132

Figure 6.25 Comparisons of multimaterial meshes generated using a grid-based apfiaz
and our particle system-based approach (bottom). The left column is thepivare example,
and the right column is a closeup from the frog example.
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properties than the surrounding frog tissue. By assigning differemigoties to each material in
the frog, more complex, and realistic simulations can be achieved, includifrgestfwithin the
head and body due to the rigid bone structure. This example illustratesipohemmportance of
modeling multiple materials of objects for increasingly realistic simulations, but sdquatiential

for automatically generating complex digital models from scanned, real-wbjitts.

6.8 Discussion
The high-quality results of the proposed method come at the cost of longutatigm times.
Most of that time is spent in preprocessing the multilabel data and distributisgthef particles.
The number of materials in the dataset also adds to the overall computation time raaxth
function must evaluate evefy that exists in the set. However, the quality of the meshes from our
particle-based scheme is so high that we can avoid the usually time-consutepmd s1eticulous

hand-editing of mesh vertices to ensure well-shaped elements.



CHAPTER 7

EXTENSIONS AND FUTURE WORK

During the course of this dissertation work we experimented with numerdaeasans and
applications of the particle system framework. In this section we will preseme preliminary
results of a few of these ideas, and provide some future directionsseaneh.

The low-energy hexagonal packings of the particle systems' distribuiomsmirrored in
the natural world, such as those found in many simple crystalline structdiieste are also
low-energy states in crystals that form quadrilateral patterns, and weimiégued with the idea
of nding adaptivity metrics that would cause the particles to settle into quadilapackings.
In nature, quad-packings often occur when different materials irtefitit each other. Thus, we
modi ed the particle system framework to accommodate particles of differgeistipy differen-
tiating between the adaptivity metric for like-particle interactions and that fokesparticles.
Speci cally, the j in Equation 3.14 is multiplied b)F/) 2 for interactions of like-particles, while
remaining unchanged for interactions between unlike-particles. In Fifytira quad-packing of
particles is shown that was generated using this scheme.

A system with different classi cations of particles is sensitive to a uniforetelogeneity
of the particle types. We found that the initialization of the system such thatdfielps are
relatively uniformly mixed helped to keep regions of like-particles from fogmavhich would
otherwise create mostly hexagonal packings of points. We are interestaxking into effective
techniques for initializing the particles, as well as for maintaining uniformly begemeous
distributions throughout the convergence process. Well-distributeb&gtsad-packings could
be used to create quad-meshes through a Delaunay triangulation andenmeshent scheme
that removes all the edges associated with one of the particle types.

The particle system framework is naturally extendible to any dimension. As suehave
experimented with representing particles as volumetric spheres, and gdlkispherical par-
ticles into a volume. The natural low-energy state of the system occurs @densphere has
approximately 12 neighbors, forming a regular dodecahedron sh&e [Hhus, the particle

system framework is modi ed to drive the system towards this neighborhensity by changing
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Figure 7.1 A particle system that generates quad-packings of points.

the value ofh in the ideal energy measun& jge5 from 6 to 12, and also eliminating the surface
constraint i.e., the projection of a particle's motion vector).

Speci cally, we are interested in generating volumetric, boundary camfay meshes that
are well-suited for simulations. Using the volumetric particle system, sphezgsaked inside
of a volume after the boundary of the volume is sampled with a surface panstens. The
spherical particles interact with the frozen surface samples (whichsaresgpresented as spheres)
and distributed inside of the sampled boundary — Figure 7.2 shows theswsdanples for the
heart material from Chapter 6, along with the spherical particles packateinFor well-shaped
tetrahedral elements, the volumetric sampling should be related to the LFS ecarfice [4].
Inside of the volume, however, larger tetrahedral elements are oftgedlés ef cient simula-
tions. Thus, the sizing eld used in Chapters 5 and 6 is smoothly increasegfesm the surface
using the gradient limiting algorithm (see Section 5.3.2), and drives the sanu@irgity of the

spherical particles.
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Figure 7.2 Surface samples of the heart material, along with the spherical partictdésca
within.

For generating tetrahedral meshes, we have experimented with Tetg@st, a boundary
(surface) mesh is created (see Chapters 5 and 6), which is input tonTdtgey with the set of
volumetric particles. The output is a constrained Delaunay tetrahedralizatidrigure 7.3, a
tetrahedralization is shown of the sample points from Figure 7.2. Figure Gwissintetrahedral-
ization of the spiny dendrite dataset from Chapter 5, while Figure 7.5messtrahedralizations
of the frog and two-sphere examples from Chapter 6.

Although well-distributed points generate well-shaped triangles?irthis does not extend to
tetrahedral elements 2 [141]. The problem arises when four points are nearly coplanar and
tessellated as gliver tetrahedron — these slivers can have nearly equal length edges (fwhich
triangles indicates a well-shaped element) , but are very at. The atnewest elements gives
them poor numerical characteristics in simulations. Slivers are problemmdory volumetric
meshing algorithms [4], and especially for 3D Delaunay methods [49]., Eaigni cant amount
of research focuses on algorithms for re ning tetrahedralizations to eltmislavers, such as
sliver exudatiorf30] andlattice re nemen{81]. The meshes created from the volumetric particle
system also contain a small number of these poorly-shaped elements. édptevregularity

of the majority of the tetrahedra is encouraging. We are interested in pgrstrategies for

ltetgen.berlios.de
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Figure 7.3. A progressive cut-away of a tetrahedralization of the heart sampbegsin Figure
7.2.
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Figure 7.4. A cut-away of a tetrahedralization of the dendrite dataset from Figude 5.1

Figure 7.5. Tetrahedralizations of the interface and volume particle samples, showa euitting
plane.
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removing slivers, such as point insertion or grid re nement.

Similar in spirit to the eld of arti cial intelligence, the particles are, at their ess® a
collection of agents governed by a few simple rules that, when interactiodupe complicated
distributions. When these systems are applied to the surface sampling préiderasult is a
well-distributed set of point samples over arbitrarily complex surfacegn@ng the rules that
direct how particles interact with each other creates adaptive distributi@bsneet a speci c
sampling constraint, whether that constraint is for ensuring geometricallyate meshes, or for
parameterizing a set of shapes [28]. This latter example illustrates a neaaapgor sampling
ensemble®f shapes using dynamic particle systems for studying and computing the satistic
of a set of surfaces. In this work, a a set of particles sample eacle simpracting with not
only neighboring particles on the surface, but ateorespondingparticles across the entire set
of surfaces. These complex interactions result in sets of point samplebalaace an even
distribution of points across any one surface with a similar parameterizatieaobf surface in
the set.

The exibility of dynamic particle systems comes at the cost of long computation times
compared to other sampling schemes, such as grid-based approdohsystem requires many
iterations to converge, and each particle update can be long if the distrilmtigghly adaptive
or if the particle-particle interactions are complex. Parallelization of the syistant straightfor-
ward due to the nonlocal propagation of the local particle behaviersgach particle movement
effects a neighborhood of other particles’ movements. Multigrid methodd @4 an effective
numerical scheme for solving these types of global optimization problemspantie extendible
to dynamic particle systems. Also, the GPU has been used to simulate systemsténaating
particles, and may be applicable for simulating interacting particles as well.

This dissertation provides an empirical analysis of the behavior of dynaamiicle systems,
and we believe that a rigorous, theoretical analysis is possible forathdmng the system's
general behaviors. However, even without a theoretical descripti®have demonstrated that in
practice, dynamic particle systems are an effective mechanism for apjpngaaumerous, current
research problems. As further study into the behavior of this dynamicrsysteurs, we expect

its applicability to extend broadly.



APPENDIX A

This appendix provides a brief outline of the software used in Chaptensl % & generate
meshes from patrticles. Included are the algorithms and sources of cedeautables for each

step of the pipelines.

Chapter 5
Downsampling and padding volumes:The teent software provided by Gordon Kindl-

mann.

Binary morphology for eliminating small features: Personal implementation of the op-

erationserode dilate, open andclose as de ned by Gonzalez and Woods [54].

Greyscale morphology for volume smoothing:mplementation by Ross Whitaker of the

tighteningalgorithm of Williams and Rossignac [160].

Medial axis: Implementation by Ross Whitaker of an unpublished algorithm based on

footpoints(see Section 5.3.1).

Initial sizing eld (LFS): Personal implementation of an adaptive octree for quering dis-

tances to closests points.

Smoothing of sizing eld: Personal implementation of tlgradient limitingalgorthim of
Persson [113].

Initialization of particle system: Personal implementation of thmarching cubeslgo-

rithm of Lorensen and Cline [90].

Particle system: Personal implementation of the system described throughout this disser-

tation.

'teem.sourceforge.net
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Meshing particles: Executable provided by Tamal Depased on the algorithm of Dey

and Goswami [44].

Chapter 6
Downsampling and padding volumes:The teen? software provided by Gordon Kindl-

mann.

Binary morphology for eliminating small features: Personal implementation of the op-

erationserode dilate, open andclose as de ned by Gonzalez and Woods [54].

Filing voids after morphology: Personal implementation of the voting algorithm described
in Section 6.6.1.

Greyscale morphology for volume smoothing:Implementation by Ross Whitaker of the

tighteningalgorithm of Williams and Rossignac [160].

Medial axis: Implementation by Ross Whitaker of an unpublished algorithm based on

footpoints(see Section 5.3.1).

Initial sizing eld (LFS): Personal implementation of an adaptive octree for quering dis-

tances to closests points.

Smoothing of sizing eld: Personal implementation of tlggadient limitingalgorthim of
Persson [113].

Initialization of particle system: Personal implementation of thearching cubeslgo-

rithm of Lorensen and Cline [90].

Particle system: Personal implementation of the system described throughout this disser-

tation.

Tetrahedralization of particles: The Tetgert software provided by Hang Si.

2www.cse.ohio-state.edu/ tamaldey/cocone.html
3teem.sourceforge.net

“tetgen.berlios.de
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Extraction of surface mesh(es):Personal implementation of the labeling algorithm de-

scribed in Section 6.4.3.
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