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Abstract

Though the mediums for visualization are limitelde fpotential
dimensions of a dataset are not. In many areasi@ftsfic study,

understanding the correlations between those dimesnand their
uncertainties is pivotal to mining useful infornmati from a
dataset. Obtaining this insight can necessitat@alidng the
many relationships among temporal, spatial, anéroffimensio-
nalities of data and its uncertainties. We utilieltiple views for
interactive dataset exploration and selection gfdrtant features,
and we apply those techniques to the unique chgdkenof
cosmological particle datasets. We show how intesiac and

incorporation of multiple visualization techniquieslp overcome
the problem of limited visualization dimensions aitbw many
types of uncertainty to be seen in correlation witter variables.

Animations as well as additional information areaifable at
http://vis.cs.ucdavis.edu/~haroz/cosmology
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1 INTRODUCTION

The visual system is a powerful tool for pattercognition, yet it
requires its input to be particularly formattedaSal perception is
one of our more capable analysis tools, yet higletailed spatial
data imposes a limitation on the flexibility thdtem characterizes
some of the more powerful information visualizatigehniques.
Given the complexities already present in the \izagon of
spatial data, presenting multiple types of uncetyaalong with
spatial information can accordingly provide a umaunallenge.

In this paper we explain how uncertainty, when diable,
can be applied as additional dimensions. As vigatiin has been
established as an effective technique for datangifi], we in
turn advance these visualization approaches to fieds and
insightful information about a dataset that hastipl@ sources of
uncertainty. Furthermore, we explore the sparseigtied area of
uncertainty over time.

The driving force behind this study is a seriesagmological
particle datasets with multiple dimensions of dagawvell as time
variance and uncertainty across all of the dimerssi®Ve specifi-
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cally examine past scenarios wherein a particleialization

requires a defined spatial element and multipldtachdl dimen-

sions [2], [3]. We then explain how multidimensibwisualiza-

tion techniques can apply to the uncertainty ofhsdata. These
techniques can help a user examine correlatiorenpattbetween
dimensions and use the insight gained to interalgtigelect a
time step and dimension for emphasis and detaigdbration.

The benefit of this approach is that scientists eca@sualize

multiple types of uncertainty and can mine eachthia same
manner that they examine other types of data. Eurtore, they
can visualize uncertainty without limiting theirikty to visualize

other variables of interest. We demonstrate hownthkiple types
of uncertainty in the spatial and temporal dimensiof these
cosmology datasets can be visualized and explorigd the

ultimate goal of helping scientists answer theinayuestions.

2 UNCERTAINTY VISUALIZATION

The level of data uncertainty can be a crucial comemt in
making an informed decision. If the goal of vismation is to
provide insight into data, then the certainty oéttldata should
also be presented. From MRIs used by medical psiofesls to
wind speeds used by fire-fighters, misconstruedfidence or
simply a lack of consideration of data uncertaioan have life
threatening implications. Nevertheless, the preg@m of
information certainty (or the lack thereof) can dificult when
the mere problem of effectively presenting absoldd¢a alone
necessitates a complex solution. Whether ignorimggrtainty or
presenting it while sacrificing another data vaealihe conse-
quences of incomplete information may be unaccéptily the
intended viewer. The field of uncertainty visuatiaa has made
great strides recently [4], and with ever largedats being made
available, new applications of those techniquesb@&@ming an
ever more feasible body of research.

A myriad of causes can result in uncertainty. D@ampling,
inconsistent measurement quality, and variationssimulation
calculations can all affect data precision [4], [|]. Visualizing
data while acknowledging its ambiguity is a difficteat, as the
representation of the uncertainty can easily ieterfwith the
representation of the data itself. Neverthelessdegng uncer-
tainty in combination with accurate 3D data is izatarly
necessary for many scientific visualizations. Imnfwisualizing
uncertainty in a bound 3D space can present adiffchallenge,
as displaying the ambiguity can use up importa@tuies of
volume visualization such as color or opacity. Wasdunds for
this problem can include using texture, blurredde¥ing, or
noise; however, such approaches would be diffitmlapply to
data that is already noisy or that has detail greditan the
resolution of the screen.

Rendering the uncertainty of a shape or surfaceepits a
similar problem to volume uncertainty, as the utasty display
can occlude or interfere with the spatially corisgd data.
Texture, color, bump mapping, and point clouds possible
resolutions to the problem [5], [7]. Bump mappinguaface can



Figure 1. (a) The particles are arranged evenly on a 3D grid. (b)
They are then perturbed slightly to satisfy the cosmological initial
conditions. (c) The simulation then moves the particles based on
gravitational forces forming dense clusters and sparse regions.
Notice that that the red particle moves so far left that it wraps
around the edge. In reality, the particles are of course much smaller
and the simulation has no collisions, i.e. particle scattering is very
small and ideally does not occur.

be particularly effectiveat portraying some types of surfe
uncertainty; it intuitively adds noise amaghbiguity to the surfact
Though effective for some datasets, bump mappingiges little
information about the type of uncertainty. Sceraiiowhich the
statistical information or source of the uncertpiis of major
interest may not benefit from thégpproach. The effect could al
be confused with the surface itself. Typical pailuuds around
surface can have a similar problem. Though theisiness cai
differentiate them from a surface, the static retofr the visud-
zation makes interpretingpem as an actual noisy surface enti
plausible. Ultimately, all of these methods haveafjrmerit for
visualizing particular types of uncertainty; chewsione mus
depend on the type of additional data that thegtesiwishes t
visualize.

With the variety of sources of uncertainty in ddte type of
uncertainty should be an important consideratiomigmalization
design.Olston and Mackinlay explored the differences betm
uncertainty defined statistilba (for example via a mean a
standard deviationand uncertainty defined a¢ range between
two values [8] They explain that the standard statistic
oriented method of error bars is unsuited for @igiplg ranged
uncertainty. In its place, they propose using anegpe that the
call “ambiguation” to present bound uncertaintyifdssimple 2D
graphs, they demonstrate their method of clearlfmihg the
minimum value and graying the area between thermim anc
maximum. They also provide examples of bounded an-
bounded uncertainty in graphs that have a fixed ésech as a pi
chart). In these more rigid cases, the uncertali®y in the
boundary between two regions. The suggested appr@ado
make a blurred regioar shade the borders based on the lew
uncertainty. The boundedinge of star positio and constella-
tions has recently been visualized by Li e{%].

3 CoSMOLOGICAL SIMULATION COMPARISON

As an example 3D datasetith significant uncertainty, we
examine the results of @smological particle simulatic generat-
ed as part of a study of cosmological simulatiobusines [10].

The goal of the dataset is to examine the incosrststs betwee
different simulationghat begin with the saminitial conditions
[2]. The simulation begins as 25particles arranged evenly or
cubical grid. The paitles are then moved by small amount:
establish the correct cosmological initial condit (see figure 1),
which are constrained by observations of tkemic microwave
background and the distribution of galaxies ondasgales. Th
particles then move under the influence of grawitgn expandin

Figure 2. These images show the FLASH dataset. Each image
shows a different wrapping offset of the same data from the same
view, and the circled clusters are the same in each image. The
clusters and sparse regions of the particles are clearly visible. The
coloring is based on velocity magnitude which correlates highly with
dense clusters of particles. Red represents low velocity, while light
yellow represents high velocity.

universe for a number of time steps until the aurrepoch is
reached.

As is typical for cosmological sinlations, periodic boundary
conditions are imposed. When a particle moves pastedge o
an axis, it appears on the other efitis property is iniguing
from a visualization perspective because axes wrap. As we
will discuss later in the paper, wedadss this important hurdle
our visualization implementation.

The dataset also includes important eleis of uncertainty
that have not yet been visualizéithe sources ofncertainty are
the numerous simulator codes useccompute the inter-particle
forces and the approximated values that drive t. Some
simulatorsmake use of hierarchical sampling of the systensg
space distribution function [11]12], while others simplify by
distance [11], [13]Each simulation was run separately, as a
result of their implementatiordifference, every simulation
produced slight deviations in the particle disttibns and fina
velocities. Rst comparisons of the ccs have found quantitative
differences in the simulation resulf], [11].

Past approaches have made effective progress umlizigg
similar types of particle data. €ee methods have merit in th
effective portrayal of the particles position andlocity [2].
However, we now have the benefit of hindsight arelver
technology. Earlier approaches to visualize eveingle datase
tended to relyon hierarchical groupings of the d, which
required preprocessing arahly provide complete detail at tl
lowest levels [14].

Extending the singleataset effortsAhrens et al. studied the
visualization of multiple datasets via a -by-side comparative
analysis [2] They visualized two individual datasets in sef&
views with linked transformsEach dataset was generated k
different simulation code, but the initial conditions wéhne same
Although this method can be useif proceeded by a focused
serial search through the imagéasynfortunately relies upon t
assumption that we can proficientgtect differences in si-by-
side images.Testing a principle known achange blindness
perception researchers have found that we areisimgdy poor a
detecting changes between images if a small iigoni exists
between them [15]. That interruptican be as insignificant as t
brief, split-secondblindness that occurs during a saccadic
movement. In other wordsjgnificant changes can go unnotic
when shiftingfocus from one image to anot. The optimal
presentation of difference would laciven the slightest spatial
and temporal interruptions.
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Figure 3. This zoomed view shows a comparison of the FLASH and HOT simulation results with the particles colored based on the velocity
uncertainty. Yellow particles have the highest velocity uncertainty, while blue particles are more certain. The parallel coordinates view on the
bottom shows a smooth gradient along the leftmost axes, velocity magnitude (Vmag) and location uncertainty (Loc Uncert). The bright yellow
lines along the center of X, Y, and Z axes (on the left) represent the position of the dense and highly uncertain clusters in the center of the
view. The difference in the force resolution of the two simulators results in high variation in the dense regions, which are bright yellow.

3.1 DATASET AND VISUALIZATION INTERFACE

Each particle in the dataset has a position andcitglin 3D
space. The particles also have an ID number, sogiesparticle
can be identified in multiple simulation results.

The particles have moved under the force of grawityl
formed large scale structures. The overall strechas three main
elements: highly dense regions — the so-calledtedsis highly
sparse regions — the so-called voids, and filamérite general
features of the large scale structures (e.qg. tls@ipos of clusters)
and the shapes of voids are the same in all tHerdift simula-
tions, while the exact particle positions and dégsican vary.
Within the dense clusters, particles with varietbeiy can be in
extremely close proximity, so voxelizing and rendgrthis data
as a volume is not desirable.

For one view, our implementation renders each garas a

small line with a length and orientation that cepend to the
particle’s velocity. The middle of that line is thacation of the
particle. The location property, however, cannonbevely taken
at face value. The wrapping of the axes means ithportant
information such as clusters may be split by thgesdof the
bounding cube. To address this potential problem,cveated a
set of three sliders. Each corresponds to one efakes and
represents an offset used to wrap the axis. Theaaseadjust the
sliders to move the interesting information awagnirthe edges
(see figure 2).

3.2 MULTIVARIATE REPRESENTATION
Next to the primary spatial visualization we incud parallel-

coordinates view of the data that also acts aswe@amechanism.
This view allows numerous dimensions of the dathasimulta-



neously visualized in reference to each other [IBje axes
include the positional dimensions, velocity compuse velocity
magnitude, positional uncertainty, and velocity em@inty (see
the bottom of figure 3 and figure 4). The user salect any of the
dimensions as the coloring basis for both views.

3.3 ADDING THE UNCERTAINTY DIMENSION

One means of making an object appear uncertaio Hur the
representation. This technique can be applied tmtébaincertainty
(finite ranged) or unbound uncertainty (normallgtdbuted) [8].
However, the sheer quantity of particles makesr tlagierage
screen representation smaller than a pixel on ekenlargest
displays. Blurring would be unnoticeable due to #wdsting
aliasing and lack of shape, or it would createraah occlusion.
Blurring and altering glyph shape [17] are both moels that
typically represent uncertainty, but they are symupdt applicable
to this type of dataset. We therefore make usehef dlassic
visualization property, color, to represent undatye which
figure 3 presents.

Binding color to uncertainty would make that powérisua-
lization feature unavailable to other dimensionastRresearchers
have effectively associated color with velocity migde in this
dataset and found insightful information such airang correla-
tion with density [2], [11]. To unconstrain colore allow the
users to interactively select a parallel coordisatienension. This
ability allows them to dynamically choose which tfea is
important, so they can focus on the information thay want.

When a new dimension is selected for coloring, libéhspa-
tial view as well as the parallel coordinates viesflect that
change. The particles in the spatial view are emlobased on
their associated value, and the parallel coordinatew is also
redrawn under the new coloring scheme. The col@adllel
coordinates allow the user to find correlations gratterns
between dimensions that might be difficult to seia only a
colored dimension in a spatial view. Using paratiebrdinates as
a selection tool and interface for a spatial vieas been shown to
be particularly effective for particle visualizat® [3]. To make
the parallel coordinates accurately render ovetesix million
points, we used a 32-bit-per-channel frame bufiat allows for
very low alpha values. In turn, the lines blenddom a smooth

!
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Figure 4. The particles are colored based on the projection of their
velocities along the Z axis. The blue particles are moving up, and
the red particles are moving down. The image shows that the
particles are gravitating toward the dense regions in the center. The
positional axes (left three) show a clear correlation due to the bands
of different color, whereas the uncertainty and velocity magnitude
axes (right three) have a consistent intermediate color.

anti-aliased display.

To add the uncertainties as dimensions, we neeplantify
them. The user should be able to visualize, explané interact
with uncertainty in both position and velocity imetcontext of all
of the data variables. For each particle, the apptin averages
the vectors of each value and finds the standavaatien. It then
simply calculates magnitude of the resulting statiddeviation
vector. If only two datasets are loaded, the stahdaviation is
approximated as the difference. While calculatihg velocity
uncertainty is straight forward, calculating thespional uncer-
tainty requires taking the axial wrapping into aatb A particle
whose positions slightly straddle the edge of ais & appro-
priately calculated as having a small uncertainty.

3.4 FINDINGS

As an initial test of the visualization system, wenfirmed
previous findings [2] that the particles with higrelocities
clustered in the very dense regions as is appardigure 3.

When the velocity uncertainty, the position undetta or the
velocity magnitude is selected as the colored aaissmooth
vertical gradient appears between those axes ligeleottom right
of figure 3). This pattern shows that the values kighly corre-
lated [16]. The result is reasonable to expect aggh velocity
would create a large positional change resultiogifonly a slight
variation in position. We also tried normalizingettvelocity
uncertainty by calculating it based on velocityeotation alone
(e.g. without incorporating velocity magnitude). eTlifference
was minimal, and the results showed that densiglpocity
magnitude, and positional uncertainty also coreedtongly with
uncertainty in velocity orientation.

A correlation exists between position along anyiteaty axis
and the velocity along that axis. The particlesrmmving toward
a group of highly dense clusters. As can be seefigime 4,
coloring the particles based on angular distanom fa particular
vector, such as the Z axis, results in a somewhatpscolor
border on either side of the cluster. Such insigtutld be difficult
to find if color was locked to vector magnitude.

4 VARIANCE OVER TIME

Another aspect of the simulations that the scientisish to
explore is the impact of different initializatiord the particles.
Scientists want to follow the evolution of the umise from the
very first moments to today, yet the accuracy & #imulators
places limitations on the starting time of the dmtion. In the
early time steps of the simulation, the small pations can be
too miniscule to be accurately stored by the sipgéision floats
used by the simulation codes. The scientists therefeed to start
the simulation a few million years after the Bigriga(the un-
iverse is roughly 13.66 billion years old). Fortteig, the physics
during that initial period is well understood (digeits linearity).
They can use the Zel'dovich approximation [18] kipsover the
initial time steps with the added bonus of reducgigulation
time. The caveat of the approximation is that usirag a time too
close to the current epoch can adversely impacatoeracy of
the simulation, as structures do not seem to forthé same way.
Furthermore, the accuracy of the Zel'dovich appration
requires that particle paths do not cross. The tmres that
scientists want to examine are how long the appration should
last and how the approximation impacts the lattee tsteps of the
simulation.

The physical expansion of the universe is scaledobuhe
simulation by the scale factor of the expansionfte simulation



Figure 5. This diagram illustrates the correlation of datasets. The
grid (black box on the left) is the unperturbed locations for all of the
particles. The Zel'dovich approximation (red lines) progresses the
particles to a particular time step. The simulation (blue lines) then
progresses until the present time (time 0). Each circle represents a
dataset that we have. We interpolated to obtain intermediate time
steps.

box therefore always contains a constammioving” volume
even though the actual physical volume is alwayseiasing
Each time step represents a particular epoch inUthigerse's
history defined by the particular value of the ecéhctor ot
alternatively the redshift, z=1/(1+aJhis dataset as multiple
series of timevariant data. Beginning with the initial grid, ec
time series extends the Zel'dovich approximationatdlifferent
time step Each series then runs through the simulation

several time steps being outputted along the (see figure 5).
The result is a dataset with thenost unstudied property of tir-
variant particle uncertaintyEach time step has position &
velocity uncertainty that vargccording to approximation leng

4.1 HARDWARE ACCELERATED IMPLEMENTATION

For scientists to explore this problem, they neadé able t
interactively examindow the data changes over time aview
the variation caused by the approximation ler We wanted to
give them a tool that couleécreate the movements and change
the dataand allow them to vary the visualized approxima
length in real time. We accomplished thimal by parallelizing th
bulk of the application: reading, interpolatirapyd processing tt
particle positions.

Interpolating each point between two timigferentiated vl-
ues and two approximatiatifferentiated values isextremely
resource intensiveinterpolating these four valu on the CPU
simply would betoo taxing due to the limited parallel capac
However, since each particle can be processed émdigmtly of
the rest of the data, the problemeimbarrassingly parall. We
can therefore offload a significaatmount of the workload or
the GPU. Sending the data into videemory as textures, we 1
vertex shaderto read and interpolate the four variations of €
particle. After determining the position and vetgadf a particle
the shader can compute the offadjusted position and the col
As a result of this approackhe users can smoothly interpol
across both time and approximation lengthreal time while
rendering millions of particles.

4.2 FINDINGS

Continuing to use the aforementioned spatial ardligh coordi-

nates views, scientistsan see how the data’s correlations

uncertainties vary over time (see figure 6 &igdre 8). Figure 6
displays the particles at a very early time (uppanel) and ir
their final state (lower panel). kially the particles are distribute
very smoothly following a Gaussian random fieldd amder the
influence of gravity, they end up in tight struasrThe velocity
and location uncertainty, which representedriation among

Figure 6. The top image shows time step 50. The particles have
high velocities and are still fairly even distributed. The parallel
coordinates view provides a lot of insight about the data. The
pattern between the X, Y, and Z axes on the left and the even
brightness show that the data is evenly distributed and has little or
no clusters. The velocity uncertainty and location uncertainty
(rightmost axes) have log scales and show the limited variation at
this time step caused by the approximation (which the dim red color
also illustrates).

The bottom image shows time step 0. The vast majority of the
particles have coalesced into clusters with high uncertainty. The
bright lines between the spatial axes on the left represent those
dense uncertain clusters. Both uncertainty axes show a significant
increase compared with the top image.



simulator code results, no@present variation caused by differ
approximation lengthsThe scientists wanted to examine mi
aspects of the particles, so they can choose telate the colo
of the particles based on those properties. Cajobp velocity
uncertainty and animialg across time, the user ceasily spot
any periods of rapid variation growtr even possible reductic
(which scientists hope to findyVe also provide the user with t
option of drawing a line between extreme positi@scolor cai
be used for ano#r property such as velocity magniti (see
figure 8).

One important statistic that is of interesthe scientists is th
mass function. The mass function measures the nuailbd®und
structures, so-called halos (clusters dre targest has), in a
certain mass bin. In [19§ was found that the number of halos i
therefore the mass function was different if thewdation was
started at different epochs.

One question that arisesvigy fewer halos formewhen the
simulation was started late. Figurepfovides a very importal
clue to this question. The uppleft panel shows the earlier st
and two halos (a large erand a smaller one) apointed out.
These two structures are much fuzzier in the rigéuel (late
start). Since the halo detectirajgorithm is based on findir
nearest neighbors, particles in the fummyper part ofa halo will
not be identified as belonging to thHwlo. Therefore, the mass
the halos (being the sum of all particles belondmthe group) ir
the right panel will be lowerand small structures will be misse

The mass function will therefore be lower overhthie simulatior
is started too late.

The next question to answer is how y the simulation must
begin to capture all halos. In order to answer this daas
convergence studies have to be carried out. Ifsimulation is
startedearly enough, the results sholbe the same when com-
pared with the results of an evearliel start. Figure 8 shows an
example of how visualization can aid the convergestudies
The simulation begaat three different times, and the panels s
variations of the particles at different time stémsn two differ-
ent starting points. At very early tin, the difference between the
two starts is very small, indicating that the s&ri50 might hav
been sufficiently early. Athe simulation progress, the differ-
ences become larger. Starting from the fourth panwegllinearities
amplify the differences in the structui and the image according-
ly shows much more variation. The large scale straststrt to
form at this point and the uncertainty lines appaara shel
around where the cluster will eventually form. Ingoing work,
higher order approximation schemes for the initimhditions are
investigatedand the current tool will be very helpfin exploring
the differences between the different sche

5 CONCLUSION

The accuracy of simulation data is of crucial impoce tc
cosmologistsOngoing and upcoming surveys will map out

Figure 7. The top images are zoomed into a region of particles at redshift 10. Each patrticle is rendered as a small line oriented and sized by
the velocity vector, and the color is representative of velocity uncertainty. The left image shows the particle positions and velocities if the
Zel'dovich approximation were taken to redshift 250. The particles in the right image were approximated to redshift 50. The structural forma-
tion and coalescence of the particles is much more significant with the reduced approximation (left) than with the longer approximation (right),
and varied density of the bright clusters best demonstrates this observation.

The bottom images show the dataset as it progresses from redshift 50 to the present (redshift 0). Each particle is rendered as a small point,

and color represents velocity.



structures in the niverse to very high precision. In order
interpret these observations, simulations have teskaceurate a
the observationsMany aspects of research are bi on these
simulation results, andnderstanding the complex sps and
temporal patterns of the accuracy levels is diffito accomplis
using only quantitative analysiBy allowing the data to t
interactively visualized, scientists can have adpainderstandin
of where and to what extent simulation variatiord appr-
imation may impact results. Scientissmmonlymeasure simple

statistics from the simulationsuch as mass functions or
point correlation functions. Differens in these statistics due
different simulation algorithms, starting redshiffsarticle lod-
ings, force resolutionand so on have to be understood at
percent level accuracy. Vializing the differences in the sina-
tion outputs under different code settings can &g \helpful in
gaining a better understanding of their causesthataccurac
level required, the obtained insigtdan be pivotal for progress
understanding the anr properties of complex cod

Figure 8. These images show a progression from redshift 50 to redshift 1. For each particle, a line colored by velocity extends from the
position in one series to the position in another. As time advances, the variation between the series grows and becomes more structured. The
time and series selection interface can be seen in the bottom left of each image with the darkened circles representing the currently active

timesteps.



A parallel coordinate control interface is helpfulvisualizing
correlations in particle data. While established aapowerful
technique for many visualization systems, we usgaaallel
coordinates view as an interface tool to extendithigations of a
spatial view. This interface is helping scientisiplore and gain
insight into uncertain data that is too complexdmpatial view to
display alone. As scientists continue to generege krger sets of
uncertain, multidimensional, spatial data, theycheemeans of
selecting the type of information to examine. Byngsmodern
programmable graphics hardware, we can give ssisrdilevel of
detail and interactivity and a range of optiong thvare impossi-
ble only one year ago. The new performance benaiis allow
animation, once only relegated to pre-renderedsclip be an
integral, insight-enhancing, and perceptually biersdf feature.
This work provides an example application that w@w com-
plex, multidimensional, and time-variant data adl \ae critical
uncertainty information. Presenting the uncertagtas axes that
are no different from standard variables, we imprthe simplici-
ty and flexibility of the users’ tasks. A benefit this system is
that interacting with uncertainty in the same manas other
variables can provide insight into correlationstioé uncertainty
without eliminating the ability to visualize otheariables.

6 ACKNOWLEDGEMENT

This research was supported in part by the U.SioNalt Science
Foundation through grants CCF-0634913, 11S-05523CMS-
0551727, and OCI-0325934, and the U.S. Departmie&nergy
through the SciDAC program with Agreement No. DEORC
06ER25777. Thanks to the Cosmic Data ArXiv for makihe
datasets publicly available.

REFERENCES

[1] DA Keim. "Information visualization and visualata mining", IEEE
Transactions on Visualization and Computer Graphios 8(1), pp. 1-8,
2002.

[2] J Ahrens, K Heitmann, S Habib, L Ankeny, P Me@gk, J Inman, R
Armstrong, and KL Ma. "Quantitative and comparativisualization
applied to cosmological simulations”, Journal ofy$tbs: Conference
Series, vol. 46(1), pp. 526-534, 2006.

[3] Chad Jones, Kwan-Liu Ma, Stéphane Ethier, anei-\W Lee. "An

Integrated Exploration Approach to Visualizing Mudtriate Particle
Data", Computing in Science and Engineering Magagim Press).

[4] Chris R Johnson, and Allen R Sanderson. "A Netdp: Visualizing
Errors and Uncertainty", IEEE Computer Graphics Apglications, vol.
23(5), pp. 6-10, 2003.

[5] Alex T Pang, Craig M Wittenbrink, and SureshL&dha. "Approaches
to uncertainty visualization", The Visual Computeo). 13(8), pp. 370-
390, November 1997.

[6] Suresh K Lodha, Alex Pang, Robert E Sheehan] &maig M
Wittenbrink. "UFLOW: visualizing uncertainty in fid flow",
Proceedings of the 7th conference on Visualizati®6. p. 249.

[7] Gevorg Grigoryan, and Penny Rheingans. "Poimsdal Probabilistic
Surfaces to Show Surface Uncertainty”, IEEE Traticas on
Visualization and Computer Graphics, pp. 546-578pt&mber/October
2004.

[8] Chris Olston, and Jock D Mackinlay. "Visualigifdata with Bounded
Uncertainty", Proceedings of the IEEE Symposium on Information
Visualization.2002. pp. 37-40.

[9] Hongwei Li, Chi-Wing Fu, Yinggang Li, and AndeeJ Hanson.
"Visualizing Large-Scale Uncertainty in Astrophysic Data",
Transactions on Visualization and Computer Graphiok 13(6), 2007.
[10] Katrin Heitmann, Paul M Ricker, Michael S Wem and Salman
Habib. "Robustness of Cosmological Simulations larde Scale
Structure”, The Astrophysical Journal, vol. 16028, 2005.

[11] K Heitmann, Z Lukic, P Fasel, S Habib, MS Warr M White, J
Ahrens, L Ankeny, R Armstrong, B O'Shea, PM RickérSpringel, J
Stadel, and H Trac. The Cosmic Code Comparisore€rdOnline] 2007.
http://www.citebase.org/abstract?id=oai:arXiv.oi6.1270.

[12] B Fryxell, K Olson, P Ricker, FX Timmes, M Zjale, DQ Lamb, P
MacNeice, R Rosner, JW Truran, and H Tufo. "FLASMt Adaptive
Mesh Hydrodynamics Code for Modeling Astrophysitalermonuclear
Flashes", The Astrophysical Journal SupplementeSesiol. 131(1), pp.
273-334, 2000.

[13] MS Warren, and JK Salmon. "A parallel hashed-tcee N-body
algorithm",Supercomputingl993. pp. 12-21.

[14] M Hopf, M Luttenberger, and T Ertl. "Hierarclai splatting of
scattered 4D data", IEEE Computer Graphics andiéafpbns, vol. 24(4),
pp. 64-72, July-August 2004.

[15] Daniel J Simons, and Ronald A Rensink. "Chabtijedness: past,
present, and future", Trends in Cognitive Scienees, 9(1), pp. 16-20,
2005.

[16] A Inselberg. "The plane with parallel coordies!, The Visual
Computer, vol. 1(4), pp. 69-91, 1985.

[17] C M Wittenbrink, A T Pang, and S K Lodha. "@hs for visualizing
uncertainty in vector fields", IEEE Transactions Wisualization and
Computer Graphics, vol. 2(3), pp. 266-279, Septerhib86.

[18] Y B Zel'Dovich. "Gravitational instability: aapproximate theory for
large density perturbations", Astron. Astrophyd, ¢84), p. 168, 1970.
[19] Z Lukic, K Heitmann, S Habib, S Bashinsky, a@dV Ricker. "The
Halo Mass Function: High Redshift Evolution and \érsality”,
Astrophysical Journal (In Press). astro-ph/0702360.



