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Isosurface Extraction 

1. Search through each cell
2. Find which cells contain 
    a specific isovalue
3. Connect up the pieces
4. Render the surface

Marching Cubes: Lorensen and Kline, 1987.

How do you create an isosurface?
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Implicit Occluders

[Pesco, Lindstrom, Pascucci, Silva IEEE VolVis 2004]



  - Negative Node: Green
   - Positive Node: Blue

Hyperbolic Paraboloid        Implicit Occluder



Example 3:  PPM (1536 x 1535 x 512)
     

• The isosurface w=127 has 89,083,120.
  

• Time to compute and render the isosurface in 
the particular view of the figure:

         - similar to Wilhelms and Van Gelder, 1992:  
               147.50 seconds 

         - using Implicit Occluder: 
              8.13 seconds   



Top view 
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Visualization Algorithm Quality





[Schreiner, Scheidegger, Silva IEEE Vis 2006]





Feature Preservation



Volume Rendering



Maximum Intensity Projection (MIP) Full Volume Rendering

Volume Rendering
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Data Exploration through Visualization

! Hard to make sense out of large volumes of raw 
data, e.g., sensor feeds, simulations, MRI scans

! Insightful visualizations help analyze and validate 
various hypothesis

! But creating a visualization is a complex, iterative 
process

Data Image

Specification

KnowledgeVisualization
Perception &

Cognition

Exploration

Data Visualization User

J. van Wijk, IEEE Vis 2005
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Data Exploration through Visualization

! Insightful visualizations help analyze and validate
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Provenance Captured Manually

raw data
dataflow

Notes

anon4877_voxel_scale_1_zspace_20060331.srn

anon4877_textureshading_20060331.srn
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What’s the difference?

anon4877_base_20060331.srn anon4877_lesion_20060401.srn

How were these images created?

Are they really from the same patient?

Do they use the same colormaps?
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What’s the difference?

baseImage1 lesionImage1
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What’s the difference?

baseImage1 lesionImage1
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Differences in Specification
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Differences in Specification



(a) (b)

Figure 5: The Vistrail Builder (a) and Vistrail Spreadsheet (b) showing the dataflow and visualization products of the CORIE data.

failure point. The latter is especially useful for long running pro-
cesses, as it may be very expensive and time-consuming to execute
the whole process from scratch. Logging all the information asso-
ciated with all dataflows may not be feasible. VisTrails provides
an interface that lets users select which and how much information
should be saved.

Creating and Interacting with Vistrails. The Vistrail Builder
(VB) allows users to create and edit dataflows (see Figure 5(a)).
It writes (and also reads) dataflows in the same XML format as the
other components of the system. It shares the familiar nodes-and-
connections paradigm with dataflow systems. In order to automati-
cally generate the visual representation of the modules, it reads the
same data structure generated by the VP VTK wrapping process
(see Playing a Vistrail above). Like the VP, the VB requires no
change to support additional types of modules. The VB uses QT3

and OpenGL4 to display the dataflow of a visualization as well as
the history of changes to the dataflow.

The VisTrails Visualization Spreadsheet (VS) allows users com-
pare the results of multiple dataflows. The VS consists of a set of
separate visualization windows arranged in a tabular view. This
layout makes efficient use of screen space, and the row/column
groupings can conceptually help the user explore the visualization
parameter space [8, 9] (see Section 5.2). The cells in a spreadsheet
may execute different dataflows and they may also use different
parameters for the same dataflow specification (see Figure 5). To
ensure efficient execution, all cells share the same cache. Note that
cells in a spreadsheet can be synchronized in many different ways.
For example, in Figure 8, cells are synchronized with respect to the
camera viewpoint—if one cell is rotated, the same rotation is ap-
plied to the other synchronized cell. This figure also illustrates the
usefulness of the spreadsheet to explore the parameter space of an
application. In this case, it allows different visualizations of MRI
data of a lung to be compared: different isosurface values are used
in the horizontal axis, and different opacity values are used in the
vertical axis.

3http://www.trolltech.com
4http://www.opengl.org

4. ACTION-BASED PROVENANCE
The first version of VisTrails only tracked provenance of visu-

alization products [3]: for a given visualization, it stored the steps
and parameters that led to the visualization. To explore data, scien-
tists create many related visualizations that must be compared, so
that they can understand complex phenomena, calibrate simulation
parameters or debug applications. While working on a particular
problem, scientists often create several variations of a workflow
through trial and error, and these workflows may differ in both pa-
rameter values and the actual workflow specifications.

To provide full provenance of the visualization exploration pro-
cess, we introduce the notion of a visualization trail, a vistrail. A
vistrail captures the evolution of a dataflow—all steps followed to
construct a set of visualizations. It represents several versions of
a dataflow (which differ in their specifications), their relationships,
and their instances (which differ in the parameters used in each par-
ticular execution).

VisTrails uses an action-based model to capture provenance. As
the scientist makes modifications to a particular dataflow, the prove-
nance mechanism records those changes. Instead of storing a set of
related dataflows, we store the operations or actions that are applied
to the dataflows. Besides being simple and compact, the action-
based representation enables the construction of a user interface
that shows the history of the dataflow through these changes, as
can be seen in Figure 6. A tree-based view allows a scientist to
return to a previous version in an intuitive way. The scientist can
undo bad changes, make comparisons between datasets or parame-
ter settings, and be reminded of the actions that led to a particular
result. This, combined with a caching strategy that eliminates re-
dundant computations, allows the scientist to efficiently explore a
large number of related visualizations.

Although the issue of provenance in data management systems
and in particular, for scientific workflows, has received substantial
attention recently, most works focus on data provenance only, i.e.,
maintaining information of how a given data product was gener-
ated [23, 26, 31]. VisTrails is the first system to provide a mecha-
nism that uniformly captures provenance information for both the
data and the processes that derive the data. As we discuss below,
the action-based representation of provenance has several benefits:
it enables the creation of intuitive mechanisms for dataflow re-use
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Volume Rendering: Time-Varying Unstructured Grids

[Jimenez, Correa, Silva, Baptista IEEE Vis 2003]



Tet Meshes
• Larger, multiple time 

steps, more complex/
geometry is not implicit

• Algorithms need to be 
more complicated, e.g., 
simplification



Unstructured Volume Rendering
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CPU GPU

HAVS - Hardware Assisted Visibility Sorting

achieved while interactively rotating and redrawing the
data set. All rendering was done with a 5122 viewport and a
1283 8-bit RGBA preintegrated table. In addition, a low
opacity colormap was used and early ray termination was
disabled, thus every fragment is rasterized to give more
accurate timings. With early ray termination enabled, we
have been able to achieve over six million cells per second
with the fighter data set using a high opacity colormap due
to the speedup in fragment processing. In addition, we can
improve the performance of our algorithm by exploiting
pipeline parallelism between the CPU and GPU, i.e., sorting
is performed on the CPU for the next frame while the
current frame is being rendered by the GPU. Through the
use of this parallelism, we have been able to effectively
remove the CPU time and reduce the total rendering time to
the GPU time.

Our technique requires no preprocessing, and it can be
used for handling time-varying data. In addition, our
implementation allows interactive changes to the transfer
function. These operations are only dependent on the GPU
for sorting and rendering (see Table 3), therefore, the CPU
portion of the algorithm is not performed. The user

interface consists of a direct manipulation widget that
displays the user specified opacity map together with the
currently loaded colormap (see Fig. 7 and Fig. 1). Modifying
the opacity or loading a new colormap triggers a preinte-
grated table update which renders the data set using the
GPU sort only. We found that, in general, a 1283 preinte-
grated table is sufficient for high quality rendering.

5.4 Comparison

Table 5 compares the timing results of our algorithm with
those of other methods. All results were generated using
14 fixed viewpoints and reflect the total time to sort and
draw the data sets in a 5122 window. We used an optimized
version of the Shirley-Tuchman PT algorithm [6] imple-
mented by Max et al. that uses the MPVO with nonconvex-
ities (MPVONC) algorithm for visibility ordering [7]. The
bottleneck of the PT algorithm is the time required to
compute the polygonal decomposition necessary for ren-
dering the tetrahedra. Another limitation is that the vertex
information needs to be dynamically transferred to the GPU
with every frame. We avoid this problem in our method
because we can storing the vertices in a vertex array on the
GPU. This difference results in similar GPU timings with
the two methods even though we are using vertex and
fragment programs. Wylie et al. [29] describe a GPU
implementation of the PT algorithm, called GPU Acceler-
ated Tetrahedra Rendering (GATOR), in which the tetra-
hedral decomposition is accomplished using a vertex
shader. However, the complexity of this vertex shader
limits the performance on current GPUs. The results
generated for the GATOR method were accomplished
using their code, which orders the tetrahedra using the
MPVONC algorithm. Our rendering rates are much faster

8 IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 11, NO. 3, MAY/JUNE 2005

TABLE 4
Total Performance of HAVS

TABLE 5
Time Comparison in Milliseconds with Other Algorithms

Fig. 7. Results of rendering the (a) torso, (b) spx, and (c) kew data sets with the HAVS algorithm.

achieved while interactively rotating and redrawing the
data set. All rendering was done with a 5122 viewport and a
1283 8-bit RGBA preintegrated table. In addition, a low
opacity colormap was used and early ray termination was
disabled, thus every fragment is rasterized to give more
accurate timings. With early ray termination enabled, we
have been able to achieve over six million cells per second
with the fighter data set using a high opacity colormap due
to the speedup in fragment processing. In addition, we can
improve the performance of our algorithm by exploiting
pipeline parallelism between the CPU and GPU, i.e., sorting
is performed on the CPU for the next frame while the
current frame is being rendered by the GPU. Through the
use of this parallelism, we have been able to effectively
remove the CPU time and reduce the total rendering time to
the GPU time.

Our technique requires no preprocessing, and it can be
used for handling time-varying data. In addition, our
implementation allows interactive changes to the transfer
function. These operations are only dependent on the GPU
for sorting and rendering (see Table 3), therefore, the CPU
portion of the algorithm is not performed. The user

interface consists of a direct manipulation widget that
displays the user specified opacity map together with the
currently loaded colormap (see Fig. 7 and Fig. 1). Modifying
the opacity or loading a new colormap triggers a preinte-
grated table update which renders the data set using the
GPU sort only. We found that, in general, a 1283 preinte-
grated table is sufficient for high quality rendering.

5.4 Comparison

Table 5 compares the timing results of our algorithm with
those of other methods. All results were generated using
14 fixed viewpoints and reflect the total time to sort and
draw the data sets in a 5122 window. We used an optimized
version of the Shirley-Tuchman PT algorithm [6] imple-
mented by Max et al. that uses the MPVO with nonconvex-
ities (MPVONC) algorithm for visibility ordering [7]. The
bottleneck of the PT algorithm is the time required to
compute the polygonal decomposition necessary for ren-
dering the tetrahedra. Another limitation is that the vertex
information needs to be dynamically transferred to the GPU
with every frame. We avoid this problem in our method
because we can storing the vertices in a vertex array on the
GPU. This difference results in similar GPU timings with
the two methods even though we are using vertex and
fragment programs. Wylie et al. [29] describe a GPU
implementation of the PT algorithm, called GPU Acceler-
ated Tetrahedra Rendering (GATOR), in which the tetra-
hedral decomposition is accomplished using a vertex
shader. However, the complexity of this vertex shader
limits the performance on current GPUs. The results
generated for the GATOR method were accomplished
using their code, which orders the tetrahedra using the
MPVONC algorithm. Our rendering rates are much faster
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Fig. 7. Results of rendering the (a) torso, (b) spx, and (c) kew data sets with the HAVS algorithm.[Callahan, Ikits, Comba, Silva IEEE TVCG 2005]
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Streaming algorithms: Handling extremely 
large datasets
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Fig. 1. Streaming simplification performed on a tetrahedral mesh ordered from bottom to top. The portion of the mesh that is in-core at
each step is shown in green.

tetrahedral simplification.

• We provide a new solver for quadric-based simplifi-
cation that improves stability and speed of existing
algorithms. We also provide both stability and error
analysis of the results generated using this tech-
nique.

• We show that our streaming algorithm can suc-
cessfully simplify a data set consisting of over
one billion tetrahedra on a commodity PC with
negligible error.

The remainder of this paper is organized as follows.
We summarize related work in Section I-A. In Sec-
tion II, we describe our algorithm for arranging the
data in a coherent, streaming mesh. Section III provides
details on our out-of-core simplification, Section IV
contains our stability and error analysis followed by
performance measures, Section V discusses the benefits
of our approach over previous algorithms, and Section VI
provides final remarks and directions for future work.

A. Related Work
A common result from scientific computations is a

scalar field f in R3. This scalar field f can be represented
over a domain D as a tetrahedral mesh. When it is
not possible to achieve interactive visualization of f ,
it is common to find a tetrahedral mesh with fewer
elements and an associated scalar field f ! such that
the approximation error " f ! # f" is minimized. Many
algorithms have been proposed in an attempt to compute
f ! quickly and with little error.

Trotts et al. [1], [2] developed a technique that
collapses one edge at a time, deciding which edge to
collapse next based on an error bound calculated at each
step. They provide a bound on the maximum deviation
of the field data in the simplified mesh from the original.

Several techniques for simplification have recently
been proposed that act on the vertices. Van Gelder et
al. [3] remove vertices based on mass and data error
metrics. Uesu et al. [4] provide a fast point-based
method which works directly on the underlying scalar

field. These techniques are more memory efficient than
edge collapse methods, but require the addition of Steiner
points to handle non-convex meshes. This requirement
makes them difficult to modify for streaming algorithms.

The idea of a progressive mesh for surface level
of detail control was proposed by Hoppe [5] and
later extended to simplicial complexes by Popović and
Hoppe [6]. Staadt and Gross [7] define appropriate cost
functions to account for volume preservation, gradient
estimation, and scalar data with progressive tetrahedral
meshes. Chopra and Meyer [8] propose a fast progressive
mesh decimation scheme that is based on the scalar field
of the mesh.

Many algorithms have been developed that use differ-
ent error metrics to perform the simplification via edge
collapses. Cignoni et al. [9] use domain and field (i.e.,
range) error metrics to approximate the original mesh.
The use of a quadric error metric for surface simpli-
fication was introduced by Garland and Heckbert [10].
Their method uses iterative contractions on vertex pairs
and calculates the error approximations using quadric
matrices. Natarajan and Edelsbrunner [11] extend the
quadric error metric to preserve topological features.
Garland and Zhou [12] recently generalized the quadric
error metric for simplifying simplicial elements in any
dimension.

As model size has continued to increase faster than
main memory size in commodity PCs, techniques have
been developed to simplify these data sets out-of-core.
Lindstrom [13] proposed an algorithm that simplifies
triangle meshes of arbitrary size. This algorithm im-
proves upon Rossignac and Borel’s [14] vertex-clustering
method by using the quadric error metric. The mesh is
stored as a redundant list of three vertex positions per
triangle. This “triangle soup” is read one triangle at a
time and a simplified mesh is constructed incrementally
and kept in-core. Lindstrom and Silva [15] improve upon
the quality of this algorithm while making the method
more memory efficient by storing the simplified mesh
out-of-core during processing. They handle boundaries
separately to preserve the overall shape of the mesh.

SUBMITTED TO IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 10

Fig. 7. Views of the mesh quality on the surface of the Rbl dataset.
The original dataset is shown on the left (3,886,728 tetrahedra) and
the simplified version is shown on the right (388,637 tetrahedra).

to the randomization algorithm since the large buffer size
always produce better quality outputs even with random
seeds. Instead, the quality is improved because each set
of candidates has a wider range to select their targets.
Consider a set of expensive edges that are larger than
the buffer size, any edge collapse will result in a large
error no matter how random the target is. However, if we
increase the buffer size such that the buffer is larger than
the expensive edges, randomized edge collapses will take
those edges that are not so expensive into account, thus
improving the quality of the output.

C. Large-Scale Experiment
Although extremely large meshes exist, it is difficult

to obtain unclassified access to them. To stress our
algorithm on current PC hardware and to demonstrate
the scalability of the technique, we performed streaming
simplification on a huge fluid dynamics dataset on a
Xeon 3.0GHz machine. The dataset was created from
sampling slices of a 20483 simulation and consists of
over one billion tetrahedra that use 18 GB of disk space
when stored in the binary format. The tetrahedra were
laid out in the order in which they were sliced, which
is comparable to sorting by axis. An in-core approach
to simplifying this dataset would require a machine with
64 GB RAM. We were able to simplify the data using
only 829 MB RAM to 12 million tetrahedra (1.2%) in
10 hours on our test machine. Because error estimations
were not possible with the entire dataset in-core, we
computed the field error on subregions of the mesh
separately to verify the results. In the regions that were
measured, there was 10.85% maximum and 1.57% RMS
field error. Figure 8 shows an isosurface extracted from
the original and simplified fluid dynamics dataset.

V. DISCUSSION

The use of streaming meshes for simplification re-
duces the memory footprint of a large mesh considerably.

Fig. 8. Isosurfaces of the fluid dynamics dataset. A very small
portion of the isosurfaces is shown for the original dataset of over a
billion tetrahedra (left) and the simplified dataset of only 12 million
tetrahedra (right). The isosurfaces are shown up close using flat
shading to enhance the details of the resulting surface. Our algorithm
allows extensive simplification (almost 1%) with negligible numerical
error (1.57% RMS) for the fluid dynamics dataset which is too large
to simplify with conventional approaches.

We improved on the algorithm of Wu and Kobbelt [18]
by preserving the stream order of the mesh between input
and output. A direct comparison with their algorithm
shows that our method consistently achieves a lower
width, e.g., 9% versus 59% on the Fighter dataset, and
span, e.g., 45% versus 98%, without reducing the ap-
proximation quality. In addition, with the optimizations
that we employ to our data structures, we have been
able to simplify up to 14 million tetrahedra while using
only 20 MB RAM. Only the smallest datasets (Torso and
Fighter) could be simplified using our implementation of
Wu and Kobbelt’s algorithm.

Apart from providing a streaming algorithm that oper-
ates on meshes of arbitrary size, we also described speed
and stability optimizations that improve the performance
of tetrahedral simplification. Our quadric representa-
tion improves linear solver performance. In addition,
our adapted conjugate gradient method and the use of
“volume normals” for tetrahedra reduce the numerical
errors and allow the use of single precision floating-
point numbers. By using a binary format, we improve
on storage and speed up I/O. Finally, through the use
of a breadth-first mesh layout, we have improved the
width and the span, which enables the use of a fixed-
size circular array instead of a hash table. Collisions
can occur but it only happens when the buffer size is
smaller than the span size. Even in the case of collisions,
only a simple primary hash function, e.g. modulo, is
needed. Thus, it can also avoid linked-lists with dynamic
memory allocation by using an auxiliary hash table.
With these changes, we have improved the speed of our
simplification method by an order of magnitude over our
initial implementation of Garland and Zhou’s quadric-

over1Billion tets 12 Million tets
1.57% RMS
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We experimented with Cholesky factorization, the least
square QR factorization [29], and CG.

Cholesky with pivoting provides stable solutions for
solving Ax = b if A is positive definite. However, in
order to solve this linear system when A has rank-
deficiency (the semidefinite case), we must solve the
under-constrained least square problem. Unfortunately,
solving this using normal equations requires us to be
able to perform Cholesky factorizations on matrices with
arbitrary dimensions less than 4! 4. This defeats the
purpose of optimizing our simplification for working
only with 4!4 matrices. Thus, our implementation uses
SVD to handle rank-deficiency matrices detected by
the Cholesky method. As a result, this method yields
the fastest solution when A is positive-definite but it
becomes slower compared to CG when handling rank-
deficient matrices.

Like Cholesky, QR does not handle the problem of
rank-deficiency. Nevertheless, the implementation for
solving the least square problem using QR factoriza-
tion is much simpler than using Cholesky with normal
equations since it does not explicitly require a general
representation of matrices with arbitrary dimensions. We
use the least square version of QR as suggested in [29].

Using all of our solvers, we were able to simplify
our subdivided tetrahedron to its original shape with
small error in both field and geometry. To compare
the correctness of their solutions, we recorded norm-2
residuals of computed solutions to 15,000 linear sys-
tems using all 3 methods while simplifying the fighter
dataset. Denote by eqr, ech and ecg the sum of all norm-
2 residuals of computed solutions x̂ (i.e., "Ab# x̂"2)
using QR, Cholesky and CG respectively. Given etotal =
eqr + ech + ecg, relative errors of solutions computed by
QR, Cholesky and CG can be computed as re{qr,ch,cg} =
e{qr,ch,cg}/etotal . Our experiment found reqr to have the
smallest error with 32%, followed by rech with 33%. Our
CG approach obtained a similar result with rech of 35%.

Overall, QR gives the most optimal solution in terms
of error, but it is approximately twice as slow as the
others. On the other hand, while Cholesky is a good
choice for both efficiency and accuracy, its implementa-
tion is quite complicated. Therefore, we chose CG over
the others for its simplicity and performance while still
maintaining comparatively optimal solutions.

To estimate the error in the simplified mesh we use
two different methods. The first method is to measure
the error on the surface boundary of the mesh using
the tool Metro [30]. The second method is to measure
the error in the field data using a similar approach
to Cignoni et al. [11]. We sample the domain of the
simplified dataset at points inside the domain of the

Fig. 6. Volume Rendered images of the Fighter dataset show the
preservation of scalar values. The original dataset is shown on the
left (1,403,504 tetrahedra) and the simplified version is shown on the
right (140,348 tetrahedra).

original one. These points are not only vertices of the
input but also interpolated ones inside each tetrahedron.
The error is then computed by the differences between
their scalar values. Our implementation differs because it
ignores points outside the domain of the simplified mesh
since these points become part of the surface boundary
error. Table V shows these measured error estimations.
Field error percentages are in relation to the range of the
field and surface error percentages are in relation to the
bounding box diagonal. Figure 6 shows an example of
the quality of the resulting field and Figure 7 shows an
example of the quality of the resulting surface.

B. Performance

All timing results were generated on a 3.2 GHz
Pentium 4 machine with 2.0 GB RAM. For the streaming
experiments, we limit the operating system to only
64 MB RAM by using the Linux bootloader. Table V
shows the results of simplifying a collection of datasets
to 10% of their original size using our streaming algo-
rithm and the same implementation optimized for in-core
execution. Laying out the meshes in a stream efficient
manner is a one-time operation and can be performed
in-core for all the datasets we tested. Even the largest
dataset (14 million tetrahedra) required only about 40
minutes to layout using our Breadth-First approach.

We were able to achieve streaming simplification
with only a slight increase in time and error compared
to an in-core implementation. The streaming technique
has the advantage of a smaller memory footprint. With
our algorithm, we were able to simplify 14 million
tetrahedra while only using 20 MB RAM. Due to the
large size of the SF1 dataset, certain parts of the stream
were not able to be simplified accurately, resulting in
a larger error. By increasing the memory slightly, the
quality of the simplification is greatly improved and
approaches the in-core quality. This behavior is not due

[Vo, Callahan, Lindstrom, Pascucci, Silva IEEE TVCG to appear]



iRun: Out-of-core multi-view rendering

Figure 1: iRun overview. (a) The user interacts with the UI by changing the camera from which our system predicts future camera positions. (b) Our octree
traversal algorithm selects the octree nodes that are in the frustum, determines the appropriate LOD, and arranges the nodes in visibility order. (c) The geometry
cache keeps the working-set of triangles while a separate thread is used to fetch additional geometry from disk. (d) Finally, the geometry is sent to the renderer for
object-space sorting followed by a hardware-assisted image-space sorting and compositing which is performed using a modified version of the HAVS algorithm.

3.1 Out-of-Core Preprocessing

iRun utilizes an efficient and fully automatic preprocessing algo-
rithm that operates out-of-core for large datasets. The preprocess-
ing comprises the following steps:

1. Extract the unique triangles and mark boundaries

2. Add internal triangles to the octree leaves, splitting nodes
when necessary

3. Fill internal nodes with LOD triangles

4. Add simplified boundary triangles to internal nodes

5. Filter vertices and clip triangles to node bounding-box

For rendering, we begin by extracting the unique triangles that
compose the tetrahedral mesh. This is done out-of-core by writing
the four triangle indices of each tetrahedron into a file and using
an external sort to arrange the indices from first to last. The re-
sulting file contains adjacent duplicate entries for faces that are on
the inside of the mesh and unique entries for boundary triangles.
A cleanup pass is performed over the triangle index file to remove
duplicates and to create a similar file that contains a boundary pred-
icate for each triangle.

iRun employs an out-of-core, hierarchical octree [36] in which
each node contains an independent renderable set of vertices and
triangles, similar to iWalk. Because the number of vertices in a
tetrahedral mesh is generally much smaller than the connectivity
information, for simplicity, we keep the vertex array in-core while
creating our out-of-core hierarchy. This allows us to keep the global
indexing of the triangles throughout our preprocessing which facil-
itates filtering in the final stages. Our octree is constructed by read-
ing the triangle index and boundary predicate files in blocks and
adding the triangles one-by-one to the out-of-core octree structure.

While adding triangles to the octree, we perform triangle-box in-
tersection to determine one or more nodes that contain the triangle.
If the triangle spans multiple nodes, we replicate and insert it into
each. This can lead to the insertion of a triangle into a node where
any or all of the triangle vertices lie outside the node. When a node
reaches a preset capacity (e.g., 10,000 triangles), the node is split
into octants and the triangles are redistributed. For each block of tri-
angles processed, the octree is flushed and merged into out-of-core
nodes to enable the processing of the next block of data. The result
of the triangle insertion phase is a hierarchical directory structure

that represents the octree with only the leaf nodes containing any
actual data and a hierarchy structure file that contains the octree
structure information (see [11]).

A subsequent LOD propagation stage works by populating a par-
ent node with a subset of the triangles that are not on the boundary
from each of the children (e.g., 1000 from each child). Again, the
triangles are replicated as they move up the octree to create self-
contained nodes. The subset is selected based on a dynamic LOD
strategy introduced by [3]. The idea is to sample the full resolution
geometry to achieve a subset that minimizes the image error. We
choose to select the triangles that are the largest to maximize node
coverage and thereby minimize image error for that node. To ensure
that there are no holes in the LOD structure, the boundary triangles
are simplified to a reduced representation (e.g., 5%) of the original
and inserted into every intersecting node except the leaf nodes.

Finally, a cleanup pass on the octree is performed which inserts
the referenced vertices into each octree node and clips the triangles
based on the bounding box of the node. The use of global vertex
indices simplifies the filtering process and the end result is an oc-
tree in which each node contains a dataset with unique vertices and
triangles.

3.2 Hardware-Assisted Rendering

An important consideration for the interactive rendering of unstruc-
tured grids is the choice in volume rendering algorithms. Three
aspects need to be considered: speed, quality, and the ability to
handle dynamically changing data. By using a hardware-assisted
volume rendering system, we can address both the speed and qual-
ity issues. However, most solutions are not setup to handle dynam-
ically changing data because they require topological information
for the active set. In our system, we use the Hardware-Assisted
Visibility Sorting (HAVS) algorithm of Callahan et al. [4] because
it combines speed, quality, and most importantly, it does not require
topological information.

HAVS operates by sorting the geometry in two phases. The first
is a partial object-space sort that runs on the CPU. The second is a
final image-space sort that runs on the GPU using a fixed A-buffer
implemented with fragment shaders called the k-buffer. The HAVS
algorithm considers only the triangles that make up the tetrahedral
mesh, thus it does not require the original tetrahedra nor the neigh-
bor information of the mesh. This allows us to render a subset of
the octree nodes independently without merging the geometry.

Unlike rendering systems for opaque polygonal geometry, spe-

LOD (Camera C, Node R, PriorityFunction P, int MaxTri)
PriorityQueue Q;
R.Selected = true;
Q.Push(P(C,R),R);
Total = 0;
while !(Q.Empty())

Node N = Q.Pop();
if N.HasChildren

TC = the total number of triangles in N’s children
if (Total!N.NumberO f Triangles+TC) < MaxTri

Total = Total!N.NumberO f Triangles+TC;
N.Selected = false;
for i = 0 to 7

if N.Children[i] is not empty or culled
N.Children[i].Selected = true;
Q.Push(P(C,N.Children[i]),N.Children[i]);

SORT (Camera C, Node R, List SortedNodes)
if R is not culled

if R.Selected
SortedNodes.Push(R);

else if R.HasChildren
SC = R’s children sorted ascendingly by distances to C
for each node N in SC

SORT(C, N, SortedNodes);

Figure 3: Pseudo-code for the octree traversal algorithm.

cial care needs to be taken when rendering multiple octree nodes
to ensure proper compositing. At each frame, our algorithm re-
solves the compositing issue by sorting the active set of octree
nodes that are in memory in visibility order (front-to-back). When
octree nodes of different sizes are in the active set, we sort by the
largest common parent of the nodes. The original HAVS algorithm
has also been modified to iterate over the active set of nodes in vis-
ibility order and perform the object-space and image-space sort on
each piece. To ensure a smooth transition between octree nodes, the
k-buffer is not flushed until the last node is rendered.

3.3 Out-of-Core Dataset Traversal

iRun uses an out-of-core traversal algorithm that has been exten-
sively optimized for volume rendering (Figure 1). For each camera
received from the user interface, we apply frustum-culling on the
octree to find all nodes that are visible in this view and mark them
as visible nodes. Depending on whether or not the user is interact-
ing with iRun, the LOD will decide which nodes are to be rendered
next. Next, everything is passed to the visibility sorter and only
those that have been cached in the geometry cache are sent to HAVS
for rendering while the others are put onto the fetching queue. iRun
also does camera prediction for each frame by linearly extrapolat-
ing previous camera parameters. All of the nodes selected in the
predicted camera will also be put on the fetching queue.

The LOD management of iRun is a top-down approach work-
ing in a priority-driven manner. Given a priority function P(C,N)
which assigns priority for every node N of the octree with respect to
the camera C, the LOD process starts by adding the root R to a pri-
ority queue with the key of P(C,R). Next, iterations of replacing the
highest priority node of the queue with its children are repeatedly
executed until such refinement will exceed a predefined number of
triangles (Figure 3).

In our experiments, we use two different priority functions
to control the LOD of iRun. The first is a Bread-First-Search
(BFS) based function that is used during user’s interactions:

Figure 4: A snapshot of iRun refining the LOD: The image on the left is
rendered as the user would see it from the current camera position. On
the right is a bird’s-eye view of the same set of visible nodes. Different colors
indicate different levels-of-detail. The geometry cache is limited to only 64MB
of RAM in this case.

PBFS(C,N) =< l,d >, where l is the depth of N and d is the dis-
tance of the bounding box of N to the camera C. In this case, each
node’s priority is primarily determined by how far it is from the
root and subsequently by its distance to the camera when the nodes
are on the same level. Briefly, our goal is to evenly distribute data
of the octree on the screen to improve the overall visualization of
the dataset. While interacting with iRun, the target frame rate can
be achieved by setting a limit on the maximum number of triangles
rendered in the current frame. This number is calculated based on
the number of triangles that were rendered, and the rendering time,
for the previous frame.

For increased image quality at a given view, iRun will automat-
ically adjust itself to increase the LOD using as much memory as
possible when interaction stops. Since we want to cover as much
of the screen as possible, a priority function reflecting the projected
screen area is necessary for the LOD. We define Parea(C,N) = A,
where A is the projected area of the bounding box of N onto the
screen. However, this function can be easily replaced by any other
heuristic approaches, such as those reflecting nodes scalar ranges,
transfer functions, etc., to achieve the best image quality. The maxi-
mum number of triangles to be rendered at this higher image quality
is limited to the amount of memory that has been dedicated to the
geometry cache.

This approach, however, could raise a problem when the user
begins interaction again and the geometry cache is already full. Our
next frame would be displayed incompletely since a lower LOD is
not available and the higher LOD is too large to be rendered at an
interactive rate. To overcome this problem, before increasing the
LOD, the current data on the screen will be locked; i.e., it will not
be flushed by the geometry cache while fetching new data from
disk. When the camera is changed, the previous locked nodes will
be unlocked. The trade-off in image quality is insignificant because
the amount of memory used by this data is usually very small (e.g.,
1%) when compared to the total memory of the geometry cache.

The node visibility sorter ensures everything is in the correct or-
der before compositing in HAVS. In fact, it only takes a single pass
through the whole octree to sort all of these nodes (see Figure 3).

iRun separates the fetching from the building of sets of visible
nodes. If the fetching queue is empty, the fetching thread will wait
until new requests arrive. Otherwise, it will read the requested node
from disk and move it to the geometry cache. If the geometry cache
is full, the least recently used node will be flushed to provide space
for the new request. It also ensures that nodes currently being dis-
played will not be flushed. As a result, the target frame rate of iRun
is guaranteed to stay the same throughout user-interaction since the
rendering process will never stall while waiting for nodes to be read
in from disk. This improves interaction and does not introduce

Figure 8: The bullet dataset rendered with a single machine versus a distributed rendering with four clients.

note previously, our choice to use VTK has simplified some tasks
and while making others more difficult.

6 CONCLUSION

We have introduced the iRun system, which is capable of volume
rendering tens of millions of tetrahedra at interactive rates on a
commodity PC. The preprocessing required by our algorithm oc-
curs completely out-of-core and is light, fully automatic, and does
not result in a large increase in data size. This enables our system
to start up and render the geometry immediately. We have shown
how hierarchical level-of-detail, parallel prefetching, and hardware-
assisted volume rendering can be combined to maintain interactiv-
ity in an environment where occlusion culling is not suitable. Fi-
nally, we have shown how out-of-core volume rendering can be ap-
plied in a distributed manner to improve mesh quality and increase
display size.

In the future, we would like to explore more efficient rendering
techniques for keeping high image quality on even larger datasets.
For example, point-based rendering may be more suitable for in-
teractive rendering at lower levels-of-detail. We would also like to
explore extending our system to handle other data types and visual-
ization techniques. Because we built our system on top of VTK, ex-
tending our system to handle structured grids or hexahedral meshes
would be simple. Triangle meshes could also easily be handled
similar to iWalk for rendering large isosurfaces or triangle scenes.
Another important area of future research is to employ iRun in a
collaborative, distributed environment such as SAGE [24]. This
would allow our algorithm to be used in conjunction with other vi-
sualization techniques in a unified graphics environment.
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Deployment

• http://havs.sourceforge.net

• http://www.vtk.org

vtkHAVSVolumeMapper

vtkUnstructuredGridVolumeZSweepMapper

vtkUnstructuredGridBunykRayCastFunction

• http://www.paraview.org

• SCIRUN http://software.sci.utah.edu



Summary

• Visualization is an iterative process that should be integrated into 
the scientific process.

• Visualization techniques have advanced substantially since the late 
80s, with some sub-areas more advanced than others (eg, medical). 
Continuing research is key to sustaining the rate of progress.

• State-of-the-art techniques are (slowly) being implemented into 
widely available packages. There is a real need of more work on 
deployment.

• Visualization researchers are always looking for collaborators.     
Visit our lab! (or the lab of one of your Visualization colleagues)
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Single step procedure: Resampling respects screen space
resolution and guarantees sufficient sampling, i.e., no
holes have to be filled in a postprocessing step.

2 RELATED WORK

2.1 Consolidation

Recent technological and algorithmic advances have im-
proved the process of automatic acquisition of 3D models.
Acquiring the geometry of an object starts with data
acquisition, usually performed with a range scanner. This
raw data contains errors (e.g., line-of-sight error cite [21],
[47]) mainly due to noise intrinsic to the sensor used and its
interaction with the real-world object being acquired. For a
nontrivial object, it is necessary to perform multiple scans,
each in its own coordinate system, and to register the scans
[6]. In general, areas of the objects are likely to be covered
by several samples from scans performed from different
positions. One can think of the output of the registration as
a thick point set.

A common approach is to generate a triangulated surface
model over the thick point set. There are several efficient
triangulation techniques, such as [2], [3], [5], [7], [17]. One of

the shortcomings of this approach is that the triangulated
model is likely to be rough, containing bumps and other
kinds of undesirable features, such as holes and tunnels,
and be nonmanifold. Further processing of the triangulated
models, such as smoothing [51], [14] or manifold conversion
cite [20], becomes necessary. The prominent difficulty is
that the point set might not actually interpolate a smooth
surface. We call consolidation the process of “massaging” the
point set into a surface. Some techniques, such as Hoppe
et al. [23], Curless and Levoy [12], and Wheeler et al. [55]
consolidate their sampled data by using an implicit
representation based on a distance function defined on a
volumetric grid. In [23], the distances are taken as the
signed distance to a locally defined tangent plan. This
technique needs further processing [24], [22] to generate a
smooth surface. Curless and Levoy [12] use the structure of
the range scans and essentially scan convert each range
surface into the volume, properly weighting the multiply
scanned areas. Their technique is robust to noise and is able
to take relative confidence of the samples into account. The
work of Wheeler et al. [55] computes the signed distance to
a consensus surface defined by weighted averaging of the
different scans. One of the nice properties of the volumetric
approach is that it is possible to prove, under certain
conditions, that the output is a least-square fit of the input
points (see [12]).

The volumetric sign-distance techniques described above
are related to a new field in computer graphics called
Volume Graphics pioneered by Kaufman and colleagues [26],
[54], [50], which aims at accurately defining how to deal
with volumetric data directly and answering questions
related to the proper way to convert between surface and
volume representations.

It is also possible to consolidate the point set by
performing weighted averaging directly on the data points.
In [53], model triangulation is performed first, then
averaging is performed in areas which overlap. In [49],
the data points are first averaged, weighted by a confidence
in each measurement, and then triangulated.
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Fig. 1. A point set representing a statue of an angel. The density of
points and, thus, the accuracy of the shape representation are changing
(intentionally) along the vertical direction.

Fig. 2. An illustration of the paradigm: The possibly noisy or redundant
point set (purple curve). This manifold is sampled with (red) representa-
tion points. The representation points define a different manifold (red
curve). The spacing of representation points depends on the desired
accuracy of the approximation.

Robust Moving Least-squares Fitting with Sharp Features
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Abstract

We introduce a robust moving least-squares technique for recon-
structing a piecewise smooth surface from a potentially noisy point
cloud. We use techniques from robust statistics to guide the cre-
ation of the neighborhoods used by the moving least squares (MLS)
computation. This leads to a conceptually simple approach that pro-
vides a unified framework for not only dealing with noise, but also
for enabling the modeling of surfaces with sharp features.

Our technique is based on a new robust statistics method for
outlier detection: the forward-search paradigm. Using this pow-
erful technique, we locally classify regions of a point-set to mul-
tiple outlier-free smooth regions. This classification allows us to
project points on a locally smooth region rather than a surface that is
smooth everywhere, thus defining a piecewise smooth surface and
increasing the numerical stability of the projection operator. Fur-
thermore, by treating the points across the discontinuities as out-
liers, we are able to define sharp features. One of the nice features
of our approach is that it automatically disregards outliers during
the surface-fitting phase.

Keywords: moving least squares, surface reconstruction, robust
statistics, forward–search

1 Introduction

Digital scanning devices are capable of acquiring high-resolution
3D models have recently become affordable and commercially
available. Modeling detailed 3D shapes by scanning real physical
models is becoming more and more commonplace. Current scan-
ners are able to produce large amounts of raw, dense point sets.
Consequently, the need for techniques for processing point sets has
recently increased. One of the principal challenges faced today is
the development of surface reconstruction techniques which deal
with the inherent noise of the acquired dataset. When the under-
lying surface contains sharp features, the requirement of being re-
silient to noise is especially challenging since noise and sharp fea-
tures are ambiguous, and most techniques tend to smooth important
features or even amplify noisy samples. Moreover, sharp features
consist of high frequencies which cannot be properly sampled by
the finite resolution of the scanning device in the first place.

Recently, there has been substantial interest in the area of sur-
face reconstruction (or modeling) from point-sampled data. A par-
ticularly powerful approach has been the use of the moving least-
squares (MLS) technique for modeling point-set surfaces (PSS)
[Alexa et al. 2001; Amenta and Kil 2004b; Levin 2003]. One of the
main strengths of this approach is the intrinsic capability to handle
noisy input, as compared to combinatorial (or topology reconstruc-
tion) schemes [Amenta et al. 1998; Bernardini et al. 1999], which

(a) (b)

Figure 1: (a) Levin’s MLS surface defines a smooth surface. (b)
The robust MLS defines a piecewise smooth surface.

rely on clean (or filtered) data. MLS is based on local fitting, and it
is naturally framed as an statistical approach to surface reconstruc-
tion. Furthermore, the MLS technique makes it easy to compute a
very good approximation of the intrinsic properties of the surface
such as normal and curvature directly from a noisy point-cloud.

In this work, we introduce a piecewise smooth surface definition
that is based on Levin’s point set surfaces [Levin 2003] by defining
a projection operator that accounts for C1 discontinuities. Our work
is related to recent developments in feature-preserving smoothing
[Clarenz et al. 2000; Fleishman et al. 2003b; Jones et al. 2003]
but unlike smoothing, we define a surface rather than filtering the
geometry. Furthermore, since the PSS definition fits a high-order
polynomial to the surface, it does not shrink the object.

Points on sharp features are defined by multiple surfaces. Thus,
dealing with sharp features requires fitting a number of surfaces lo-
cally [Ohtake et al. 2003; Pauly et al. 2003]. This is a non-trivial
task since it requires the identification of discontinuities or the lo-
cus of the intersection of a number of local smooth surfaces in the
presence of noise. If the point data contains reliable normals, they
can be used to segment local surfaces [Ohtake et al. 2003]. How-
ever, using normals to assist the identification of a discontinuity
is a “chicken and egg” problem, since the definition of a normal
assumes local smoothness, and its computation in the presence of
noise or near a discontinuity is unreliable. Here and in the rest of
the paper, by discontinuities we refer to the discontinuities in the
derivative of a surface.

Our work is based on a powerful, relatively recent robust statistic
technique called the forward-search paradigm [Atkinson and Riani
2000; Hadi 1992]. The basic idea in forward search is to start from
a small set of robustly chosen samples of the data that excludes
outliers. Then to move forward through the data adding observa-
tions to the subset while monitoring certain statistical estimates.
We use these methods to deal with noise, outliers and sharp fea-
tures. In our work, sharp features are handled by treating the points
across sharp features as outliers. Instead of fitting a single surface
locally by the moving least-squares method, we use an iterative re-
fitting algorithm, based on the forward-search algorithm, to classify
a neighborhood to multiple local surfaces. Points which are close
to more than one local surface are projected on one of its neighbor-
ing smooth regions. The local classification along with a new pro-
jection procedure defines a piecewise smooth surface where each

Things I did not have time 
to talk about...
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