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Figure 1: Volume visualization of simulation of earthquake-induced ground motion with 11.5 millions hexahedral
elements. Left: time step 50 (actual time = 4 seconds).Right: time step 500 (actual time = 40 seconds).

Abstract

This paper presents a parallel adaptive rendering algo-
rithm and its performance for visualizing time-varying
unstructured volume data generated from large-scale
earthquake simulations. The objective is to visualize3D
seismicwave propagation generatedfrom a 0.5 Hz simu-
lation of the Northridge earthquake,which is the highest
resolution volume visualization of an earthquake simu-
lation performed to date. This scalablehigh-�delit y vi-
sualization solution we provide to the scientists allows
them to explore in the temporal, spatial, and visualiza-
tion domain of their data at high resolution. This new
high resolution explorabilit y, likely not presently avail-
able to most computational sciencegroups, will help
lead to many new insights. The performancestudy we
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have conducted on a massively parallel computer oper-
ated at the Pittsburgh Supercomputing Center helpsdi-
rect our designof a simulation-time visualization strat-
egy for the higher-resolution, 1Hz and 2 Hz, simula-
tions.

Keyw ords: earthquake modeling, high-performance
computing, massively parallel supercomputing, scien-
ti�c visualization, parallel rendering, time-varying data,
unstructured grids, volumerendering, wavepropagation

1 Intro duction

We present a new parallel rendering algorithm for the
visualization of time-varying unstructured volume data
generatedfrom very large-scaleearthquake simulations.
The algorithm is used to visualize 3D seismic wave
propagation generatedfrom a 0.5 Hz simulation of the
Northridge earthquake, which is the highest resolution
volume visualization of an earthquake simulation per-
formed to date.

Reduction of the earthquake risk to the generalpop-
ulation can be achieved through understanding gained
by computer modeling of earthquake-induced ground



motion in large heterogeneousbasins and analysis of
structural performanceresulting from the soil-structure
interaction. The simulation results can guide develop-
ment of more rational seismic provisions for building
codes, leading to safer, more e�cien t, and economi-
cal structures in earthquake-prone regions. However, a
complete quantitativ e understanding of strong ground
motion in large basins requires a simultaneous consid-
eration of 3D e�ects of earthquake source,propagation
path, and local site conditions. The large scale asso-
ciated with the modeling placesenormousdemandson
computational resources.

The Quake Project [21, 3] comprises a multidisci-
plinary team of researchers with the goal of develop-
ing the tools to model ground motion and structural
responsein large heterogeneousbasins,and apply these
tools to characterize the seismicresponseof large pop-
ulated basins such as Los Angeles. To model at the
neededscale and accuracy, the Quake group has cre-
ated someof the largestunstructured �nite element sim-
ulations ever performed by utilizing massively parallel
supercomputers. Consequently , a seriouschallenge the
Project facesis in visualization of the output of these
very large, highly unstructured simulations. An im-
portant component of understanding earthquake wave
propagation is the abilit y to volume render the time his-
tory of displacement and velocity �elds. However, inter-
active rendering of time-dependent unstructured hex-
ahedral datasets with 107 � 108 elements (anticipated
to grow to 109 over the next several years) is a ma-
jor challenge. Past visualizations were limited to down-
sized versions of the data on a regular grid. The de-
velopment of algorithms and software for parallel ren-
dering of unstructured hexahedraldatasetsthat scaleto
the very large grid sizesrequired will signi�cantly assist
the Quake group's abilit y to interpret and understand
earthquake simulations.

In this paper, wediscussplausibleapproachesto high-
resolution visualization of large-scale parallel earth-
quake simulations, describe a new parallel rendering al-
gorithm we have developed to enableinteractive visual-
ization of time-varying unstructured data, and present
our test results from rendering an 11.5 million hexahe-
dral element simulation of the 1994 Northridge earth-
quake in the greater LA basin. Our present implemen-
tation takes about 2-10 secondsto directly render one
time step using up to 128processorsof a parallel super-
computer operated at the Pittsburgh Supercomputing
Center. If adaptiverendering is used,3-4times improve-
ment can be obtained while maintaining visually indis-
tinguishable results. With the test results obtained thus
far, we are able to identify placesfor further optimiza-
tion. Our goal is to achieve without employing adaptive
rendering minimally 4-5 framesper secondfor 512� 512
pixels, and about 1 frame per second for 1024� 1024

pixels when using 128 processors.Such an interactive,
high-resolution visualization capability, which was not
previously available to the Quake project team, will
greatly improvetheir understandingof the modeledphe-
nomena.

2 Earthquak e Ground Motion Mo d-
eling

Modeling and forecastingearthquake ground motion in
large basins is a highly challenging and complex task.
The complexity arisesfrom several sources.First, mul-
tiple spatial scalescharacterize the basin response: the
shortest wavelengths are measured in tens of meters,
whereasthe longest measure in kilometers, and basin
dimensionsare on the order of tens of kilometers. Sec-
ond, temporal scalesvary from the hundredths of a sec-
ond necessaryto resolve the highest frequenciesof the
earthquake source up to a couple of minutes of shak-
ing within the basin. Third, many basins have highly
irregular geometry. Fourth, the soils' material proper-
ties are highly heterogeneous.Fifth, strong earthquakes
give rise to nonlinear material behavior. And sixth, ge-
ology and sourceparametersare only indirectly observ-
able, and thus intro duce uncertainty into the modeling
process.

Simulating the earthquake responseof a large basin is
accomplishedby numerically solving the partial di�er-
ential equations(PDEs) of elastic wave propagation [2].
An unstructured mesh�nite element method is usedfor
spatial approximation, and an explicit central di�erence
schemeis usedin time. The meshsizeis tailored to the
local wavelength of propagating waves via an octree-
basedmesh generator [24]. Even though using an un-
structured mesh may yield three orders of magnitude
fewer equationsthan with structured grids, a massively
parallel computer still must be employed to solve the
resulting dynamic equations.

The Quake group is currently running earthquake
simulations in the greater LA basin to 10 meters �nest
resolution with 100 million unstructured hexahedral �-
nite elements, which is a factor of 4000 smaller than a
regular grid would require. These include simulations
of the 1994 Northridge mainshock to 1 Hz resolution,
the highest resolution obtained to date. Despite the
large degreeof irregularit y of the meshes,their codes
are highly e�cien t: they regularly obtain closeto 90%
parallel e�ciency in scaling up from 1 to 2048 proces-
sorson the HP/Compaq AlphaServer-basedparallel sys-
tem at the Pittsburgh Supercomputing Center. Node
performanceis also excellent for an unstructured mesh
code, permitting sustained throughputs of nearly one
tera
op per secondon 2048processors.A typical simu-
lation requires25,000time stepsto simulate 40 seconds



of ground shaking, and requires wall-clock time on the
order of several hours, depending on the material damp-
ing model used,sizeof the region considered,number of
processors(between 512 and 2048), and output statis-
tics required.

3 Visualization Challenges and So-
lutions

A typical dataset generatedby the ground motion sim-
ulation may consist of thousandsof time stepsand the
spatial domain is composedof 10-100million elements.
Each meshnode outputs six values, three displacement
components and three velocity components. The corre-
sponding visualization challengesinclude:

� Large data

� Time varying data

� Unstructured mesh

� Multiple variables

� Vector and displacement �elds

The work reported in this paper addressesthe �rst three
challenges. Visualizations of multiv ariate and multidi-
mensionaldata are left as future work.

3.1 Large data

Our approach to the large data problem is to distribute
both the data and visualization calculations to multi-
ple processorsof a parallel computer. In this way, we
can not only visualize the dataset at its highest resolu-
tion but also achieve interactive rendering rates. The
parallel rendering algorithm used thus must be highly
e�cien t and scalable to a large number of processors
becauseof the size of the dataset. Ma and Crock-
ett [16] demonstrate a highly e�cien t, cell-projection
volume rendering algorithm using up to 512 T3E pro-
cessorsfor rendering 18 millions tetrahedral elements
from an aerodynamic 
o w simulation. They achieve
over 75% parallel e�ciency by amortizing the commu-
nication cost as much as possibleand using a �ne-grain
imagespaceload partitioning strategy. Parker et al. [20]
use ray tracing techniques to render images of isosur-
faces. Although ray tracing is a computationally ex-
pensive process,it is highly parallelizable and scalable
on shared-memorymultipro cessorcomputers. By incor-
porating a set of optimization techniquesand advanced
lighting, they demonstrate very interactive, high qual-
it y isosurfacevisualization of the Visible Womandataset
using up to 124 nodes of an SGI Reality Monster with
80%-95%parallel e�ciency . Wylie et al. [25] show how
to achieve scalablerendering of large isosurfaces(7-469

million triangles) and a rendering performance of 300
million triangles per secondusing a 64-node PC clus-
ter with a commodit y graphics card on each node. The
two key optimizations they useare lowering the sizeof
the image data that must be transferred among nodes
by employing compression,and performing compositing
directly on compresseddata. Bethel et al. [4] intro duce
a very unique remote and distributed visualization ar-
chitecture as a promising solution to very large scale
data visualization.

3.2 Time-varying data

Visualizing time-varying data presents two challenges.
The �rst is the need to periodically transfer sequences
of time stepsto the processorsfrom disk through a data
server. The secondis the needof an exploration mech-
anism accompaniedby an appropriate user interface for
tracking and correct interpretation of the temporal as-
pects of the data. We have mainly looked into the I/O
issuesand aim to hide the I/O cost to reduceinterframe
delay. For interactive browsing in both the spatial and
temporal domainsof the data, a minimum of 2-5 frames
per secondis needed.McPherson and Maltrud [18] de-
velop a visualization system capable of delivering re-
altime viewing of large time-varying ocean 
o w data
by exploiting the high performancevolume rendering of
texture mapping hardware of four In�niteRealit y pipes
attached to an SGI Origin 2000with enoughmemory to
hold thousands of time steps of the data. The ParVox
system [9] is designedto achieve interactive visualiza-
tion of time-varying volume data in a high-performance
computing environment. Highly interactive splatting-
based rendering is achieved by overlapping rendering
and compositing, and by using compression.

A survey of time-varying data visualization strategies
developed more recently is given in [13]. One very e�ec-
tiv e strategy is basedon a hardware decoding technique
such that data stay compresseduntil reaching the video
memory for rendering[10]. Eventhough encoding meth-
ods can signi�cantly reduce the data size, we cannot
a�ord the cost of encoding the raw data since our ul-
timate goal is to support simulation-time visualization.
In the absenceof high-speed network and parallel I/O
support, a particularly promising strategy for achieving
interactive visualization is to perform pipelined render-
ing. Ma and Camp [14] show that by properly grouping
processorsaccording to the rendering loads, compress-
ing images before delivering, and completely overlap-
ping uploading each time step of the data, rendering,
and delivering the images,interframe delay can be kept
to a minimum. Garcia and Shen[6] develop a dynamic
load balancing strategy basedon asynchronouscommu-
nication for more e�cien tly rendering time-varying vol-
ume data on a PC cluster. Improved load balancing is
achieved by cleverly and dynamically distributing the



image compositing job.

3.3 Unstructured-grid data

To e�cien tly visualize unstructured data additional in-
formation about the structure of the mesh needsto be
computed and stored, which incur considerablememory
and computational overhead. For example, ray trac-
ing renderingneedsexplicit connectivity information for
each ray to march from one element to the next [11].
Ma and Crockett [15] present a parallel cell projection
rendering algorithm which requires no connectivity in-
formation. Since each tetrahedral element is rendered
completely independent of other elements, data distri-
bution can be done in a more 
exible manner facilitat-
ing load balancing. A similar approach is also used for
the rendering of AMR data [12]. Chen, Fujishiro, and
Nakajima [5] present a hybrid parallel rendering algo-
rithm for large-scaleunstructured data visualization on
SMP clusters such as the Hitachi SR8000. The three-
level hybrid parallelization employedconsistsof message
passingfor inter-SMP node communication, loop direc-
tiv es by OpenMP for intra-SMP node parallelization,
and vectorization for each processor.A set of optimiza-
tion techniques are used to achieve maximum parallel
e�ciency . In particular, due to their useof an SMP ma-
chine, dynamic load balancing can be done e�ectiv ely.
However, their work does not address the problem of
rendering time-varying data.

3.4 Visualization strategies for large-scale
earthquak e simulations

In summary, the following commonstrategieshave been
usedto successfullyachieve high performancerendering
of large time-varying unstructured datasets using par-
allel computers:

� interleaving load distribution to achieve better load
balancing;

� avoiding per-time-step preprocessing calculations
as much as possible;

� overlapping communication and computation to
hide data transfer overhead;

� bu�ering of intermediate results to amortize com-
munication overheads;and

� compressingdata to lower communication cost.

We designour visualization solutions by closely follow-
ing theseguidelines.

Our ultimate goal is to perform simulation-time visu-
alization allowing scientists to monitor the simulation,
make immediate decisionon data archiving and visual-
ization production, and even steer the simulation. To

achieve such an ambitious goal, we start by �rst devel-
oping a highly e�cien t parallel visualization algorithm
that is capableof delivering interactive rendering of 10-
100 millions data elements, scalableto large MPP sys-
tems, and easilycoupledwith extendedcapabilities such
asvector �eld rendering. At this stage,batch mode ren-
dering is used to produce animations for the scientists
for playback. The subsequent task is to design appro-
priate user interface and interaction techniques for in-
teractive browsing in both the spatial and temporal do-
mains of the data. Scientists therefore can conduct in-
teractive data exploration on their desktop. Finally, the
parallel simulation and rendererwill run simultaneously
on either the same machine or two di�eren t machines
connected with high-speed network interconnect such
as the Quadrics network which has a bandwidth over
300 megabytes per second,permitting remote interac-
tion with the simulation and visualization. Simulation
data and image data are stored on demand.

In this paper, we report the performanceof our par-
allel renderer design on LeMieux, an HP/Compaq Al-
phaServer with 3,000processorsoperated at the Pitts-
burgh Supercomputing System, and visualizations of
time-varying ground motion simulation data consisting
of 11.5 million hexahedral elements. The rest of the
paper describers the rendering algorithm, its perfor-
mance, and our simulation-time visualization strategy
for higher-resolution simulations.

4 The Parallel Rendering Algorithm

Our new parallel rendering algorithm performs a se-
quenceof tasks as shown in Figure 2. Each simulation
run generatesa set of data �les. While the number of
�les is the sameas the number of processors(hundreds
to thousands)usedto run the simulation, the number of
processors(tens to hundreds) usedfor visualization cal-
culations is selectedbasedon the renderingperformance
requirements. Since the mesh structure never changes
throughout the simulation, for each resolution level a
preprocessingstep is doneto generatea spatial (octree)
encoding of the raw data. When performing the render-
ing, the host loads the raw data from disk and usesthis
octree to distribute block of hexahedralelements among
processors.Each block of elements is associated with a
subtree of the global octree. This subtree is delivered
to the assignedprocessorfor the corresponding block of
data only onceat the beginning sinceall time stepsdata
use the samesubtree structure. This centralized data
distribution method is not ideal. Hardware parallel I/O
support using multiple �le servers should be used for
both the postprocessingvisualization and simulation-
time visualization.

After blocks of data aredistributed and beforerender-
ing begins, each processorconducts a view-dependent



Figure 2: The parallel rendering pipeline.

preprocessingstep whose cost is very small and thus
negligible. Rendering can be broken into a ray-casting
block rendering step and an image compositing step
while data blocks for subsequent time steps are con-
tinuously transferred from disk to each processorin the
background. Overlapping data transport and rendering
helps lower interframe delay.

4.1 Adaptive rendering

Rendering cost can be cut signi�cantly by moving up
the octree and rendering at coarserlevel blocks instead.
This is donefor maintaining the neededinteractivit y for
exploring in the visualization parameter spaceand the
data space. A good approach is to render adaptively
by matching the data resolution to the imageresolution
while taking into account the desired rendering rates.
For example, when rendering tens of millions elements
to a 512� 512 pixels image, unlessa close-upview is se-
lected, rendering at the highest resolution level would
not reveal more details. One of the calculations that
the view-dependent preprocessingstep performs is to
choose the appropriate octree level. The saving from
such an adaptive approach canbe tremendousand there
is virtually very little impact on the level of information
presented in the resulting imagesas shown in Figure 3.
Presently the appropriate level to useis computedbased
on the image resolution, data resolution, and a user-
speci�ed number that limits the number of elements al-
lowed to be projected into a pixel.

Figure 4: Left: Projection of the bounding boxes of
eight subvolumes. Right: The image space is parti-
tioned into areasaccording to the number of overlaps.
In addition to the background, there are areaswith no
overlap (blue), one overlap (green), two overlaps (or-
ange), three overlaps (red), etc.

4.2 Parallel image compositing

The parallel rendering algorithm is sort-last which
thus requires a �nal compositing step involving inter-
processorcommunication. Several parallel image com-
positing algorithms are available [17, 8, 1] but their
e�ciency is mostly limited to the use of speci�c net-
work topology or number of processors. We have de-
veloped an optimized version of the direct send com-
positing method, which o�ers maximum 
exibilit y and
performance. The direct send method has each pro-
cessorsend pixels directly to the processorresponsible
for compositing them. This approach has been used
in [7, 19, 15] becauseit is easy to implement and does
not require a specialnetwork topology. With direct send
compositing, in the worst casethere are n(n � 1) mes-
sagesto be exchangedamongn compositing nodes. For
low-bandwidth networks care should be taken to avoid
that many nodestry to sendmessagesto the samenode
at the sametime.

Our new imagecompositing algorithm, which we call
SLIC [23], usesa minimal number of messagesto com-
plete the parallel compositing task. The optimizations
are achieved by re�ning the direct send method based
on the following observation. After local rendering is
done by each processor,there are three typesof pixels:
background pixels, pixels in the nonoverlapping areas,
and pixels in the overlapping areas. Background pix-
els can be ignored. Pixels in the nonoverlapping areas
can be delivered directly to the host or display device.
Only the pixels in the overlapping areasneedto be sent
to the processorsresponsible for compositing the corre-
sponding areas. Figure 4 shows pixels classi�cation asa
result of a particular projection. Once pixels are classi-
�ed, an optimized compositing schedule for all proces-
sorsand respective assignments can be computed. Note
that each processoris assignedwithin the image space



Figure 3: Left: high-resolution rendering (level 11). Right: Adaptiv e rendering (level 6). The image on the right
provides enoughhigh level information about the data while it can be generatedabout 3 times faster than the high
resolution one.

it rendered into. With direct send or binary swap, a
processorcould be assignedcompositing regionsthat it
wasnot involved with in rendering, which results in ad-
ditional sends. Reducing the number of messagesthat
must be exchanged among processorsshould be bene-
�cial since it is generally true that communication is
more expensive than computation.

Whenever view is changed each processorcomputes
the compositing schedule independent of other proces-
sors. The schedule is determined basedon the overlap-
ping relations betweenthe projection of the local blocks
of volume and the projection of other blocks. Becausea
rectangular-block data partitioning basedon the octree
is used,each processoralso knows the exact projection
of nonlocal blocks. Speci�cally , each node performs the
following steps:

1. projecting corner vertices of each block based on
the current view and constructing its convex hull,

2. traversing through the overlapped convex hulls in
scanline order to identify compositing tasks in
terms of spans,and

3. assigning each span to a node in an interleaving
fashion.

The convex hull de�nes the exact projected area of the
block in the image space. A scanlinealgorithm similar
to polygon scan-conversion is then used to processthe
edgesof the overlapped convex hulls. Note that each
node only needsto scan the projected bounding edges
of the local blocks. The projected bounding edgesof
nonlocal blocks are used to determine the number of
overlaps.

The edges that each scanline intersects break the
scanline into multiple spans, which can be classi�ed

into: background spans, no-overlap spans, one-overlap
spans, two-overlap spans, etc. Background spans are
never generated. No-overlap spansare sent directly to
the host processor.The rest of spansare either kept lo-
cally or delivered to other processorsby following Step
3. In our current implementation, the processorassign-
ment is determined by ((x + y)� p)modn where x and y
are the coordinates of the starting position of the span,
p is a large prime number, and n is the total number
of compositing nodes used. This interleaving approach
givesus good compositing load balancing.

The scanline-based algorithm works because the
bounding edgesbreak the scanlinesin exactly the same
way acrossall processors.As a result, if two spanscre-
ated by di�eren t processorswould overlap, they must
completely overlap; that is, the two spanshave the same
starting and end screenpositions. Becauseall blocks
are presorted in depth order, each spancan be assigned
a compositing order, which simpli�es the actual com-
positing calculations. Other information stored with
each span includes a sequenceof RGBA valuesand the
starting and end screencoordinates of the span.

This preprocessingstep to compute a compositing
schedule for each new view intro duces very low over-
head, generally under 10 milliseconds [23]. With the
resulting schedule, the total amount of data that must
be sent over the entire network to accomplishthe com-
positing task is minimized. According to our test re-
sults, SLIC outperforms previous algorithms, especially
when rendering high-resolution images,like 1024� 1024
pixels or larger. Since image compositing contributes
to the parallelization overheads,reducing its cost helps
improve parallel e�ciency .



Figure 5: Selectedframes from an animation of the ground motion simulation. At beginning, the seismicwave is
traveling towards the free surface. The top left imageshows the motion oncethe seismicwaveshave hit that surface.
And subsequent imagesshow the evolution of the seismicmotion, primarily concentrated near the surface(surface
waves) until it eventually dies out.



5 Test Results

We have studied the performance of our rendering al-
gorithm using up to 128 processorsof an HP/Compaq
AlphaServer which is an SMP massively parallel super-
computer. The performance study results provide the
Quake project team and PSC directions for con�guring
hardware systemsfor the large-scalesimulation-time vi-
sualization we intend to conduct next. Figure 5 displays
selectedframesfrom an animation of a simulation of the
Northridge earthquake with 11.5 million elements. At
this resolution, scientists are able to observe �ne scale
volumetric details that they have been unable to visu-
alize before.

We �rst present the performanceof the rendererwith-
out counting the cost of uploading the volume data.
This was done by rendering a selected time step to
512� 512pixels from 120di�eren t view anglesand com-
puting the averagerendering time. Figure 6 shows plots
of the time each processortook to complete the render-
ing when using 8, 16, 32, and 64 processors. Overall,
each chart also displays how load distribution was done
for the number of processorsused. As the charts re-
veal, our current implementation doesnot scalebeyond
32 processors.Parallel e�ciency drops under 60 percent
when64or moreprocessorsareused. This is mainly due
to the load distribution scheme used and the constant
compositing cost. Nevertheless,we are able to achieve
a rendering rate at two frames per secondwhen using
64 processors.

According our test tests, the image compositing time
varies according to view and image resolution rather
than the number of processorsused. For most of the
cases,the imagecompositing time is under 100millisec-
onds. Figure 7 shows the compositing costsfor 60di�er-
ent view points and eight di�eren t numbersof processors
usedto render to 2048� 2048pixels.

Figure 8 shows how the rendering cost variesasview-
point changes. The di�erence can be quite dramatic.
Certain view points would make load balancing more
di�cult, resulting in longer rendering time. Figure 9
shows the time for rendering to 1024� 1024pixels, and
exhibit a similar performancetrend.

Next we present the time for performing temporal an-
imation using nonlocal disk. That is, each time step of
volume data is subsequently transmitted from a non-
local disk to the parallel computer for rendering. Fig-
ure 10 shows the time for rendering a sequenceof 500
time steps. The image resolution is 512� 512 pixels. At
the beginning, the cost is much lower than later time
steps becausea relatively small image area is drawn
as a result of the modeled earthquake phenomena. To
alleviate the data loading cost, 32 data servers were
used. Plus overlapping the data loading with the ren-
dering calculations as much as possible,we are able to
achieve satisfactory rendering rates, near one frame per

Figure 6: Breakdowns of averagerendering time when
using 8, 16, 32, and 64 processorsto generatea spatial-
domain animation for a selectedtime step. Image size
is 512� 512. Rendering calculations time is colored red.
All others contribute to compositing.



Figure 7: Compositing costsfor 60 di�eren t view points
and eight di�eren t number of processorsusedto render
to 2048� 2048pixels.

Figure 8: Rendering to 512� 512 pixels from di�eren t
view points with di�eren t numbers of processors.

Figure 9: Rendering to 1024� 1024pixels from di�eren t
view points with di�eren t numbers of processors.

Figure 10: Rendering time for temporal domain ani-
mation using a non-local disk. Multiple data servers
were usedto alleviate the I/O bottleneck. Image sizeis
512� 512 pixels.

secondusing 64 processors. Finally, Figure 11 shows
inter-frame delay. When rendering to 1024� 1024 pix-
els, using 64 processorsit takes about 3-9 secondsto
complete each frame.

Becauseof the large dynamic range of the data, it
often becomesdi�cult to follow time-varying phenom-
ena. For example, in Figure 5, only early time steps
are displayed becauseafter the 400th time step, direct
volume rendering revealsvery little variation in the do-
main without modifying the opacity mapping used. Fig-
ure 12 displays the results of employing a new temporal
domain �ltering method to enhancethe wave propaga-
tion throughout the whole time period. Time stepsbe-
tween50 and 600 are shown with an interval=50. The
enhancement is done locally by using values in either
previous or next time step, or both. As a result, both
large-scaleand small-scalewave propagation are cap-
tured in the picture. The cost of this enhancement is
small and negligible. The user can turn the enhance-
ment on and o� during interactive viewing to ensurea
correct interpretation of the data.

6 Conclusions

We have experimentally studied a new parallel render-
ing algorithm for the visualization of large-scaleearth-
quake simulations. This parallel visualization solution
incorporates adaptive rendering, a new parallel image
compositing algorithm, and a data transferring scheme
to make possiblee�cien t rendering of large-scaletime-
varying data. Our performancestudy using up to 128
processorsof LeMieux at the PSC shows promising re-
sults, and alsorevealsthe interplay betweendata trans-
port strategy usedand interframe delay.

Based on our test results, the two main subjects of



Figure 12: Selectedframes from an animation of the earthquake simulation. Enhancement was used to bring out
the wave propagation at di�eren t scales. At beginning, the seismicwave is traveling toward the free surface. The
secondrow of imagesshow the motion once the seismicwaves have hit that surface. And subsequent imagesshow
the evolution of the seismicmotion, primarily concentrated near the surface(surface waves) until it eventually dies
out. Becauseof the enhancement, even at the later time steps, the imagescapture the remaining scattering of the
waves.



Figure 11: Interframe delay which includes both I/O
and renderingcost for temporal domain animation using
a non-local disk. Multiple data servers were used to
alleviate the I/O bottleneck. Image size is 1024� 1024
pixels.

study are load balancing and I/O. We plan to investi-
gate a �ne grain load redistribution method and study
how to reduceits overheadasmuch aspossible.Wehave
demonstrated that using multiple data servers helps al-
leviate, but not remove, the I/O bottleneck. The PSC
will con�gure a testbed for our project especially ad-
dressingthe I/O problem, which will allow us to focus
our e�ort more on other aspectsof the overall visualiza-
tion problem such asload balancing, imagecompositing,
user interfaces, and others. Presently the image com-
positing cost is about constant. We believe compression
can help lower communication cost to possiblymake the
overall compositing scalableto large machine size. Our
preliminary test results show a 50% reduction in the
overall image compositing time with compression.

We have not exploited the SMP featuresof LeMieux,
which we believe could allow us to acceleratethe ren-
dering calculations while reducing communication cost.
The result will be a more scalable renderer o�ering
higher frame rates.

Adaptiv e rendering will play a major role in our sub-
sequent work. As shown previously, the full rendering
and adaptive rendering can result in visually indistin-
guishable results but the saving in rendering cost can
be tremendous. Our study in this direction will focus
on how adaptive rendering can be done with minimal
user intervention and perception of level switching.

To perform simulation-time visualization, we antic-
ipate no change in the core rendering code. Rather,
a coordination between data streaming, rendering, im-
agedelivery, and user feedback must be established. A
bu�ering mechanism is likely neededfor the userto con-
duct spatial domain exploration of a selectedtime step,
which would defer the rendering of incoming time steps.

To complicate the problem further, it could be desirable
to create a single visualization by making useof multi-
ple variablesand/or multiple time steps[22]. Other im-
portant problems which we cannot ignore include user
interface, extracting temporal featuresof the data, and
vector data visualization.

This paper contributes to the supercomputing com-
munit y in the following two ways. First, wehavedemon-
strate visualization of large-scaletime-varying unstruc-
tured volume data sets at near interactive rates. Ma
and Crockett show rendering of 18 million tetrahedral
elements while Chen, Fujishiro, and Nakajima of the
Japan's Earth Simulator project perform rendering of
7.9 million mix-t ype elements, neither of which address
time-varying aspects of the visualization problem. Sec-
ond, the adaptive high-�delit y visualization solution we
provide to the scientists will allow them to explorein the
temporal, spatial, and visualization domain of their data
at high resolution. This new high resolution explorabil-
it y, likely not presently available to most computational
sciencegroups, will help lead to many new insights. Fi-
nally, the new temporal enhancement technique we in-
tro duceprovides scientists an alternativ e way to under-
stand the time-varying phenomenathey model.
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