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Abstract

Visualizing large uncorrelated point data sets with
regular volume rendering produces unsatisfying re-
sults due to low spatial resolution. We present a
system that can deal with time-varying uncorrelated
data at high resolution and interactive rates.

Figure 1: Molecular dynamics simulation with one
million particles per time step.

Quite a number of physical simulations create large
point-based data sets, for example molecular dy-
namics (Fig. 1), n-body simulations in astrophysics
(Fig. 2), and smoothed particle hydrodynamics
(SPH) (Fig. 17). Other sources of scattered point
data are astronomical observations where new tech-
niques for measuring three dimensional positions of
stars as in the GAIA project will create huge real-
world data sets in the near future as well. These data
sets contain up to hundreds of millions of points,
each with information about position x;, diameter s,
and intensity ¢; at various wavelengths. We cannot
visualize these data sets interactively by simply ren-
dering millions of colored points for each frame.

Therefore, in many visualization applications a
scalar density corresponding to the point distribu-
tion is resampled on a regular grid for direct volume
rendering. However, this technique imposes a low-
pass filter on the data set, and many fine details are
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Figure 2: n-body simulation with 64 million parti-
cles.

usually lost for voxel resolutions which still allow
interactive visualization on standard workstations.
For time-dependent data sets things get even worse,
as complete volume data sets have to be downloaded
to the graphics hardware for each time step. Since
no surface geometry is associated with our data sets,
the recently introduced point-based rendering algo-
rithms cannot be applied as well.

In order to allow scientists to view these data sets
at high resolution interactively on desktop work-
stations or PCs, we want to visualize the scattered
data directly without resampling them to a volume
density. We propose to accelerate the visualization
of scattered point data by a hierarchical data struc-
ture based on a principal component analysis (PCA)
clustering procedure. By traversing this structure
for each frame we can trade-off rendering speed
vs. image quality, and lower hierarchy levels can
be used during interaction. Our scheme also al-
lows interpolating the given point positions using
cubic splines, and it reduces memory consumption
by using quantized relative coordinates and Lempel-
Ziv compression of delta encoded control points.
Additionally, it supports fast approximative sorting
of semi-transparent clusters. We demonstrate that



Related Wor k

There has been quite a lot of work in the area of using footprints as rendering primitives for sampled data — for a more
thorough overview please read our previous paper [2].

Researchers like Mueller et al. [6], Swan et al. [10], and Zwicker et al. [11] focus mainly on the improvement of the
visual quality of texture splatting; however, the techniques described in these papers only apply to the reconstruction
of continuous functions, e.g. for volume rendering of regular grid data, and they do not address adaptive rendering or
data size reduction.

Using points as rendering primitives is a topic of ongoing research. However, almost all publications in this area deal
with the rendering of geometric surfaces, as can be seen in the other articles of this CG&A issue. As the intrinsic
model of points describing a surface is fundamentally different to the model used for scattered data, their clustering
techniques cannot be applied in our case.

Pauly et al. [7] used PCA for clustering, but with a different hierarchy concept compared to our approach. Some
systems like QSplat [8] use quantized relative coordinates for storing the points in a hierarchical data structure, but
these approaches were not optimized for fast GPU access, because the data structures had to be interpreted by the
CPU. Additionally, the presented rendering techniques have been designed to create smooth surfaces without holes
and they allow no or only few layers of transparency. Again, this does not meet our requirements.

Meredith and Ma [5] introduced multiresolution splatting for rendering irregular volume data. Most of the techniques
they developed deal with the handling of the unstructured data, but the adaptive rendering based on octrees could be
the basis for an extended algorithm working with grid-less data as well. Jang et al. [3] introduced a multiresolution
splatting approach for non-uniform data. However, in their solution the higher hierarchy levels are always stored in
uniform grids, and they cannot render more than approximately 135,000 splats per second. This technique seems to be
more appropriate for almost flat and regular data.

As PCA is a standard technique, we only present a short summary of the PCA-split algorithm, more details can be
found e.g. in [4]. More information about interpolation using cubic splines can be found for example in [1]. Our
system uses Lempel-Ziv for compression, a standard technique that is covered e.g. by [9].
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The PCA Split Algorithm

Principal component analysis can be used to find a split-
ting plane for a set of points, that divides the set into

two clusters, so that the distortion of the individual sets

gets minimal. Basically, this plane is perpendicular to the

Eigenvector corresponding to the smallest Eigenvalue of

the inertial tensor. After some simplifications, you finally
get the PCA split algorithm:

o Select cluster j (point indices I;) with largest distortion A
o Calculate auto-covariance matrix from centroid X;:
A= T, (i —Xj) (i —X))T
e Find Eigenvector e, of A corresponding to the
largest Eigenvalue A
e Split cluster j into two new clusters:
lp={ielj: (Xi—Xj,emx) >0}
le={ielj: (Xi—Xj,emx) <0}
e Calculate centroids and distortions for the new clusters

Splitting Plane

For additional information about PCA please have a look
at the related work section.

we can now visualize time-dependent data sets with
millions of points interactively with sub-pixel screen
space error on current PC graphics hardware em-
ploying advanced vertex shader functionality.

1 Creating the Hierarchy

In order to create one level of the hierarchy the input
data points have to be sorted into bins. For each bin
a point on the next higher hierarchy level is created,
representing all points that fell into that bin. The
properties of the newly created point are chosen so
that its visual representation matches that of the sub-
stituted points best. To obtain the set of bins several
clustering schemes can be used. The most common
solution is to subdivide the data set into an octree.

Another approach that has much better spatial adap-
tation properties is to perform a series of PCA splits,
each dividing the cluster with the currently highest
distortion as defined below into two halves.

In the following I denotes the set of indices of the
points of cluster j. That is, cluster j consists of
all points x;, i € Ij with diameters s, and it has the

weighted centroid X and distortion A; with

icl: S+ Xj
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These equations only depict the steady state — for
time-varying data sets with T time steps, x; € R3'
represents the position of a single point in all time
steps simultaneously. Of course, the PCA split has
to be implemented for higher dimensional matrices
in this case.
This splitting process is continued until the maxi-
mum distortion or the average cluster size falls be-
low pre-defined minima. After the visual properties
of the new points have been obtained, these points
undergo another series of PCA-splits in order to cre-
ate the next hierarchy level.
For creating a visually approximative representation
of the cluster j compared to its children the most im-
portant aspect is that the radiant flux ® has to be the
same. For the irradiance c;j of the new centroid point
representing the cluster with area A;j this means for
each of the representative wave lengths
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The cluster representative should be larger than the
largest of its children in order to keep some visual
continuity. Additionally, small cluster points would
have very high local intensities, which could finally
saturate the covered pixels in the blending step dur-
ing rendering. Distributed clusters — that is clusters
with a large average distance of their children to the
centroid compared to the children’s point sizes —
should have larger representatives than locally ag-
glomerated ones. On the other hand, they must not
be too large, as the human eye is very sensitive to
edges, and enlarging a point implies reducing its in-
tensity, diminishing the visibility of the edge.

After comparing several different functions, we
found a trade-off that creates acceptable results for
almost all point distributions. It tries to combine
point sizes and their distances to the centroid, and
ensures, that the final size does not fall below the
size of the largest point of the cluster:

mj = argmaxs ,
iclj
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The scaling factor % in Eq. 2 of the weighted av-
erage point size of all points except the largest one



before adding to the largest point size sm, has been
determined empirically.

This calculated point size is subject to further re-
strictions, if intensities are stored in main memory
as unsigned bytes in order to save memory. The sys-
tem has to assure that the calculated point size does
not overflow the intensity domain, and it has to in-
crease the point size in case of saturation.

Eqg. 1 and Eq. 2 are highly dependent on the blending
function, and our definition only holds for cumula-
tive blending (C = c1 +¢p). For other blending func-
tions, like the over operator (C= aic1+ (1 —a1)cy),
cj may be view dependent, as the total flux of over-
lapping points is no longer necessarily the sum of
the individual fluxes of the points. With the cur-
rent approach view dependent intensities cannot be
modeled. However, with adaptive rendering we will
use coarser hierarchy levels only for clusters that are
projected to areas on the screen that are small or out-
side some region of interest, and it is very unlikely
that view dependencies will be noticed in such small
regions.

2 Interpolating Coordinates

In order to have a smooth visualization of time-
varying data, the positions of the points have to be
interpolated between the given time steps. We are
using cubic splines for the evaluation of particle po-
sitions, which will help us with compressing the data
as well.

First, the equations for evaluating the spline coeffi-
cients are set up and solved for each data point. For
n points this process creates 3n — 2 different coef-
ficients that need to be stored in order to evaluate
the splines at arbitrary positions. Luckily, the co-
efficients are not as independent from each other as
it seems, and we can convert the Bezier splines to
B-Splines and store the control points Dj = bj 2+
2(bj,1—bj2) instead. The spline coefficients can be
easily regenerated during rendering:

Dj—1+2Dj+Dj;1

bjo=bj_13= 5 )
b' o ZDJ +Dj+l b - DJ +2D]+1
j,1 3 5 ]72773 .

Thus, only n—+ 2 control points have to be stored.

During rendering the splines are evaluated in order
to reveal the positions of the particles at the render-
ing time step t. For this process, the 4 nearest control
points are needed. When t crosses spline segment
boundaries, only one control point has to be loaded

Cubic Bezier Splines

Cubic splines are defined by by ) bj.2
piecewise cubic Bezier seg- —
ments with some additional
constraints. Bezier curves can
be created using the so-called
Bernstein polynomials BJ!' by

() = iibj,i &0 . 80— (7)a-orie.

The segments are stitched together so that the given
points x; are interpolated and the transition between the
segments is smooth (C2 continuous):

Xj(0)=bjo=Xj , xj(1)=bjz=Xjs1 ,
dxj(1)  dxj11(0)  dPxj(1)  d®xj41(0)

d —  dt ’ di2  ~ di2

By inserting the derivatives into these formulas we get the
additional conditions
bi_ bj
Xj = j 1.22+ il ’

bj 11+2(bj_12—-bj 11)=Dbj2+2(bj1—-Dbj2) .

Together with one additional constraint at each boundary
this leads to a set of equations, which have to be solved
for each point of the hierarchy.

as the other three control points can be reused from
the last segment by means of a ring buffer.

3 Data Storage and Compres
sion

Point data sets tend to get really large, and they need
high positional resolution. Memory requirements
can be reduced to one half or even one quarter by
storing coordinates relatively to the centroids of the
inspected clusters as depicted in Fig. 3. As the nec-
essary positional resolution is much lower for en-
coding relative coordinates, they can be quantized
using bytes or shorts instead of floats.

However, for time-varying data we do not store co-
ordinates, but the control points of the splines. The
splines do no longer encode particle positions di-
rectly, but the difference vectors of the points to
the parent centroids. As these vectors tend to get
smaller with each level of the hierarchy, we can en-
code the spline coefficients with smaller quantiza-
tion factors for higher levels, and still get a high



Figure 3: Point coordinates can be scaled and quan-
tized relatively to the position of the cluster centroid
for storage.

positional resolution. Figure 4 shows this relation.
Note that during clustering different levels may have
different time resolutions for the spline coefficients
due to memory constraints. The control points in
between can then be calculated using subdivision.

Level 1 Level 2 Level 3

Level 2

time I

Figure 4: For time-varying data spline coefficients
are encoded instead of particle positions. Encod-
ing points in the hierarchy relative to their parent
centroids creates smaller extension tubes for higher
levels. Thus we can quantize the spline coefficients
with a few bits only, and still get a high positional
resolution. Additionally, all control points are delta
encoded in time.

Particles in time-dependent data sets usually show
high positional coherence with respect to their
neighbors. In order to exploit this regularity, we
are not encoding the relative vectors themselves by
splines, but their differences to the previous time
step. ldeally, for smooth particle flows this delta
coding would create a sequence of zeros on the
higher levels, with only few exceptions. This se-
quence can be further compressed using Lempel-Ziv
with Huffman coding. This combination of tech-
nigues has been chosen because of its high decom-
pression speed.

Using hierarchical structures imposes higher mem-

ory requirements than storing the same data in flat
arrays. Memory bandwidth is limited, and travers-
ing the hierarchy for rendering adds overhead for
recursive function calls and pointer dereferencing.
Additionally, with current graphics APIs there is no
means to hand this process over to the GPU. There-
fore, we decoupled the hierarchy structures (clus-
ters) from data structures (points). Each cluster con-
tains a pointer to the next hierarchy level, a pointer
to offspring point data, and the number of children.
The point data itself only contains the spline control
points for coordinates and size, and color values, as
depicted in Fig. 5. In principle one would like to
store raw data values and use runtime classification
for point size and color selection, but the cluster hi-
erarchy itself and especially the pre-processed clus-
ter representatives highly depend on point sizes and
colors.
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Figure 5: The last three levels of a typical data hier-
archy. The point data correlated to the cluster cen-
troids is not embedded in the clusters but stored in
point structures parallel to the clusters. The green
clusters show that all data structures that are re-
lated to their offsprings are packed tightly, which
improves cache coherence and enables us to render
all points of a single cluster in a tight loop.

Finally, the encoded spline control points are stored
into a file together with hierarchy information and
index pointers for fast out-of-core access during the
rendering process.



4 Hierarchy Traversal

During rendering the hierarchy is traversed recur-
sively. For each cluster the system may decide to
descend further down into the hierarchy, render the
centroid at the current level, or skip the cluster al-
together when it is not visible. The decision can be
based upon some maximum screen error metrics, the
distance to the viewer, or some given region of inter-
est. These rules should be computationally cheap.
As a rule of thumb, evaluating the rule should be
cheaper than interpolating, transforming, and ren-
dering one point of the cluster.

Tree traversal Rendering
. 1
N
"
|
I 1
Level 2 3 4 5 6

Figure 6: During traversal, the final rendering level
should be selected at some higher level of the hier-
archy for speedup reasons (d, = 1 in this case).

For more complex rules and for accelerating the
traversal process, the system may already decide on
a higher level n, that it will render all offsprings
of level n+ &, (see Fig. 6). Then the children do
not have to be traversed. Even for simple adaptiv-
ity rules this has a strong effect on rendering perfor-
mance. However, &, > 1 complicates the interpola-
tion process, as several levels of spline coefficients
have to be evaluated. For time-dependent data sets
the complex interpolation easily annihilates any ad-
vantages in these cases.

As described in Sect. 3, the point data of all children
is stored sequentially in the file, thus they can be
read, decompressed, interpolated, and rendered in
tight loops. Interpolation and rendering could even

voi d render cluster (cluster_t *c,
timet t, int level) {

if (cluster._visible (c)) { /I trivial reject
if (splinesegnment _changed (level, t)) {
/1 shift ring buffer of spline control points
shift (c, c—len)
/I load out-of-core data
r ead (c, c—len, level, t)

/I'1z decompression + delta coding
deconpress (c, c—len)

interpolate (c, c—len, t)
if (descendcluster (c)) {
cluster_t *cn = c—children

11 spline evaluation

for i =0...c—len /I recursion
render cluster (&nf[i], t, level+1)
} else {
render _points (c—pts, c—len) /I render &, =1
Py

Figure 7: Pseudo code for hierarchical rendering.
Cluster and point data are combined here into a sin-
gle structure for clarity.

be done by a single OpenGL array rendering call us-
ing advanced vertex shader functionality. See Fig. 7
for a pseudo code fragment.

5 Sorting

For many of the investigated data types cumula-
tive blending is an effective way of visualizing both
global and local structures in the data sets. However,
with other data sets, for instance reversible Apollo-
nian packings (Fig. 19), the over operator is neces-
sary to visualize the visual depth. Non-commutative
blending operators require the data points to be
sorted according to view distance. The implemented
hierarchy can be used to efficiently sort the cluster
centroids using quicksort or bucketsort. The cluster
points themselves have to be sorted before rendering
as well. Bucketsort only creates an approximative
sorting order, but has the advantage of lower com-
putational complexity (O(n) vs. O(nlogn)) and its
implementation is much simpler and thus faster. The
rendered images are almost indistinguishable when
using a relatively large number of buckets.

Sorting the cluster centroids is equivalent to the typ-
ical BSP-tree sorting, as long as the distances of any
two neighboring centroids to their common splitting
plane are equal (Fig. 8). The octree clustering ap-
proach has this property, however, its spatial adap-
tion to the local point density is much worse than
the proposed PCA-split approach. Still, we have no
choice but to use octrees if we really care about the
correct sorting order.

With time-dependent data sets, things become even
worse. Clusters do no longer subdivide the space
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Figure 8: Distance sorting according to d1, d2 is
equivalent to BSP sorting for c1 = c2. Note that the
sorting order of d1, d2 changes exactly at the same
time the visibility order of the two cells changes.

Figure 9: Points that are nearby in one time step
may be split apart in the future, and may thus belong
to different clusters. These clusters overlap in the
former time step and cannot be sorted correctly.

into cells in 3D, as they may even overlap, if their
children are grouped tightly together in one time
step, and split apart in another. Figure 9 depicts an
example. Even if we have a decently behaving data
set that does not show this property, we can have
particles crossing cluster boundaries due to spline
interpolation, as shown in Fig. 10. So far, these is-
sues are unresolved.

Even with correctly sorted clusters, there is a chance
that overlapping points are rendered in the wrong or-
der, as it can be seen in Fig. 11. For many data sets
the points can be thought to be infinitely small, in
that case the points are rendered correctly. Other
data sets are more sensitive to their sorting order,
and require larger average cluster sizes by combin-
ing several octree levels to a single level or using
large PCA cluster sizes. This helps reducing the
chance of sorting errors, as the points of a single
cluster are always rendered in the correct order, ex-
cept for overlapping clusters. For the static case in
order to sort the cells produced by the PCA-splits,
additional connectivity and splitting plane informa-
tion is needed for MPVO or equivalent algorithms.
This implies a huge additional memory overhead,
and it will not help with overlapping clusters and
points that drop out of their cluster boundaries.

Figure 10: Even points of non-overlapping clusters
can cross cluster boundaries between time steps due
to interpolation.

/‘

2nd
1st correct order
BSP order

Figure 11: Back-to-front distance sorting according
to BSP fails for non-split overlapping points. In this
example the right cluster is rendered before the left
one due to BSP order.

6 Rendering

Since using only one vertex per primitive can ac-
celerate the rendering process significantly, we will
usually approximate the splats using OpenGL anti-
aliased points. Other footprints can be used by
rendering point sprites without additional cost (see
Fig. 19), but they are only available on NVidia hard-
ware right now. On ATI’s Radeon series, fragment
programs can be used in order to emulate sprites,
though. For rendering large quantities of points the
generally fastest approach is to use vertex coordi-
nates and attributes that are given by vertex arrays
or display lists. As we create the vertex positions
on the fly from out-of-core data, we cannot store
them in GPU memory. Still, it is much faster to fill
render buffer caches with the calculated vertex po-
sitions and render these buffers in one go, instead
of sending each and every vertex with an individual
operation to the graphics hardware.

When a point projects to an area with diameter §
smaller than a single pixel on the screen, its bright-
ness has to be attenuated. The new alpha value is

Gd=a-8% |,

®3)



Figure 12: Some frames of an animated view of one of the VIRGO n-body simulations consisting of
10 time steps with 16 million points each.

assuming that point color is multiplied with alpha
during blending. Note that attenuation increases
guantization artifacts due to the limited frame buffer
depth. Therefore, adaptive rendering can even im-
prove the image quality by choosing higher levels
for parts of the cluster that tend to project to very
small screen areas.

For drawing points with varying sizes we can use
vertex programs on programmable graphics hard-
ware. Besides changing the point size on a per ver-
tex level, the vertex shader is responsible for cor-
rect alpha attenuation as indicated in Eq. 3. Now we
can use vertex arrays for accumulating the evaluated
point positions into a render buffer cache to send a
large part of the hierarchy to the graphics hardware.
These calls are highly optimized, and the CPU can
already continue to select the next cluster to be ren-
dered in parallel to the rasterization process.

Currently, the rendering process is dominated by the
evaluation of the cubic splines for finding the current
point positions. As long as the points do not need to
be sorted, this could be handed over to the vertex
program as well by sending the control points to the
GPU.

For comparison, several other techniques have been
developed and integrated into the rendering frame-
work. The different rendering backends can be se-
lected during runtime at almost no cost. We want to
be able to use the system in virtual reality environ-
ments as well, which are still often based on Silicon
Graphics systems, in contrast to regular PC worksta-
tions used by typical end users. As the InfiniteReal-
ity hardware does not have a programmable graph-
ics pipe, we additionally implemented a regular bill-
board renderer. Using billboards is less efficient
compared to OpenGL anti-aliased points or point
sprites, as four vertices have to be calculated and
sent down the pipeline for a single data point.

7 Resultsand Discussion

The images in Figs. 2 and 12 to 15 show visualiza-
tions of n-body simulations carried out by the Virgo
Supercomputing Consortium. All images show the
TCDM model. The velocities of the galaxies relative
to the simulated base cube have been color coded.

In Figs. 13 and 14 you can see different levels of
the data set. Note that level 3 would usually not be
used for rendering, but it is a potential level for de-
ciding on the rendering depth, as shown in Fig. 6.
Figures 17 to 19 show other data sets and rendering
modes. Please note that the clearly visible aliasing
in Fig. 17 is inherent to the according data set and
not an artefact of the presented rendering technique.
In most areas the data set contains an almost regular
grid and the splats are used for visualizing the grid
structure and not for approximating any underlying
function.

Compared to our previous approach, which is opti-
mized for static data (see related work section for
reference), the rendering of time-depended data sets
is much more involved and thus slower. We still get
up to 38% of the speed of the static algorithm for
o = 1, or approximately 4.6 million points per sec-
ond, which is quite remarkable for the large over-
head we get by the hierarchical spline interpola-
tion. However, we can accelerate the visualization
of static data by deciding the rendering depth on
a higher level (&, > 1), which is not manageable
with time-dependent data. Rendering sorted points
using bucket sort reduces the performance to ap-
proximately 2.9 million points per second. Load-
ing the spline parameters for a single time step from
the local hard disc takes less than one third of a
second. The system used for the evaluation was
an Pentium4 2800 MHz with an Intel 7225 chipset
with 4 GB dual channel DDR 333 memory and a
GeForce FX 5800 Ultra graphics pipe on a Win-
dows XP system. The Linux drivers showed similar



Figure 13:
level 3.
(123K clusters = 0.74%)

VIRGO at Figure 14: Level 4.
(671K clusters = 4%)

performance figures for the GeForce, while the per-
formance of ATI’s Radeon is still somewhat slower.
Please note that time-varying data sets need at least
four times the main memory for storing the spline
control points. With these constraints, the interac-
tive visualization of extremely large data sets like
the one depicted in Fig. 2 is hardly possible on 32 bit
systems for the unsteady case.

The adaptive algorithm we are using for selecting
the best hierarchy level during rendering uses a
simple adaptive scheme, selecting the clusters that
should be traversed on the CPU by the maximum
screen projection size of the cluster children and the
given maximum traversal depth. If the projected
size exceeds 2 pixels, the cluster is traversed fur-
ther, otherwise its children are rendered to screen.
Using these settings, there is almost no visual differ-
ence between the data set rendered in full resolution
compared to the adaptive rendering. The difference
image in Fig. 15 shows quite some changes in the
visualization, however, they have the same quality
as additional noise and do not disturb the visual ap-
pearance. Most of the screen space difference comes
from points that happen to be rendered one pixel off
to their original positions. While the human visual
system is not able to notice these differences, they
have a rather large impact on difference images. The
contrast of the difference image has been enhanced
by 400 percent in order to show its properties more
clearly.

The cluster selection scheme has about the same per-
formance impact on the rendering system as the flex-
ible rendering backend (less than 2 percent each),
which allows us to switch the rendering technique
on the fly. Additionally, we get early view frustum
culling at almost no cost for the adaptive rendering
algorithm, as this can be incorporated in the point
projection size calculation process. Please note that

Figure 15: Differences Figure 16: A dark matter
of adaptive vs. full data SPH simulation from the
rendering (contrast en- Texas Advanced Com-
hanced by 400%). puting Center (262K pts).

Figure 20: A closeup of the Texas SPH data set, ren-
dered at the coarse level 5 (12.8K pts = 11.8%, left),
adaptively with approximately the same number of
points and high potential projection error (12.3K pts,
middle), and with all visible points (108K pts, right),
respectively.

for large viewports like 10002 the effect of adaptive
hierarchy traversal is not noticeable for low maxi-
mum traversal depths, as all clusters are traversed
due to their large projected size.

Figures 16 and 20 show a dark matter n-body and
smoothed particle hydrodynamics simulation car-
ried out by the Texas Advanced Computing Cen-
ter. The middle image in Fig. 20 shows a close
up region of this data set, rendered intentionally
with a very high projection size error of 36 in or-
der to reveal the differences. The other two im-
ages show the same region rendered without adap-
tion with approximately the same number of points,
and with all points, respectively. Note that the pro-
jected screen size is only an approximation for the
maximum screen space error, as the centroid size
that used for evaluating the screen space error is
not directly coupled with the maximum distribution
width of the children, which influences the error as
well.

For more images and some realtime animations
please take a look at our web site:
WWw. Vi s. uni -stuttgart. de/ poi ntcl ouds/



Figure 17: Visualization of a
diesel injection shock front, simu-
lated with SPH (2.5 million points
per time step).

8 Conclusion and Future Work

In this article we presented a technique for accelerat-
ing the visualization of time-varying scattered point
data. We employed principal component analysis
for creating a hierarchy of point clusters, encoding
the time varying point positions with cubic splines,
which are stored out-of-core with quantized relative
coordinates using delta encoding in a data structure
that separates cluster from point data. With this data
representation visualization quality can be traded for
speed with an adaptive rendering algorithm. The
rendering process itself was accelerated using vertex
programs on modern PC graphics hardware. Finally,
we are now able to visualize data sets with millions
of moving points interactively on standard worksta-
tions.

With the current implementation, a lot of work is
still done by the CPU that could be off-loaded to
the graphics card. For instance, the evaluation of
the particle positions using the cubic Bezier splines
could be performed by the GPU, as long as commu-
tative blending modes are used. Sorting the points
for non-commutative blending modes has still sev-
eral unresolved issues, though it works astonish-
ingly well with most data sets.

One of the most promising — but also most
challenging — extensions to the algorithm is the
handling of time-varying clustering. This process
will have to handle cluster transitions of single par-
ticles in a smooth way, such that popping artifacts
will not occur.

Additionally, there are some issues with the over-
estimation of the radiant flux during rendering with
cumulative blending in areas of high saturation. The
system should detect these areas and reduce the

Figure 18: SPH and dark mat-
ter galaxy formation simulation packing of 6 million particles,

rendered with sorted anti-aliased
points (540,000 points).

Figure 19: Reversible Apollonian

rendered with sorted point sprites.

brightness of the generated clusters accordingly. Al-
ternatively, high dynamic range rendering to floating
point frame buffers could be used.

An open question is how to handle multivariate data
and how to change the visualized data during run-
time. Storing several color values per point structure
is one possibility, but this increases memory usage
again. Color quantization and table lookup in the
rendering step could help with regard to this aspect.
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