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Abstract

Computational advances over the past few decades have enabled scientists to create

ever larger and more complex scienti�c data sets, which havebecome increasingly dif�cult

to understand, analyze, compare and communicate. Scienti�c visualization has become an

important tool for presenting the data in graphic form in order to convey insight and un-

derstanding of the data. A variety of technologies have beenintroduced that allow useful

graphical presentation of scienti�c data, however there are limitations. To address this, in

this thesis, we introduce four techniques for solving some challenges of scienti�c visual-

ization.

First, we propose a novel scheme to interactively visualizetime-varying scalar �elds

de�ned on a curvilinear grid. Previous methods either resampled a scalar �eld on a curvi-

linear grid into a regular grid and used texture mapping, or cast rays from the image plane

through volume, integrating all scalar values along the rayto determine the pixel color, or

project grid cells onto image plane and add all cells' contributions together. All of these

approaches have limitations: resampling �eld data into a regular grid is expensive in both

computation and storage, especially for time-varying datasets with a large number of time
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steps; and the ray casting method cannot achieve interactive frame rate for even a single

time step and work best for convex grids. In contrast, our method uses 3D texture map-

ping technique for high performance rendering and avoids resampling for each time step.

We create a 3D warp texture that maps points inR3 into the grid coordinate system. At

rendering time, the warping function is reconstructed at each fragment using tri-linear in-

terpolation, and provides the 3D texture coordinates required to look up a scalar �eld value

stored in a separate scalar texture. In essence, this approach reduces the complex problem

of rendering a curvilinear grid to the simple problem of rendering a regular grid with one

additional texture lookup. Comparing our scheme to other existing methods with regard to

both computational expenses and rendering performance on multiple data sets, we demon-

strate that our scheme is better suited than existing methods to the task of interactively

visualizing large time-varying scalar data on curvilineargrid.

Second, we use a new approach to adaptively place streamlines for steady vector �elds

in 2D and 3D. Most existing algorithms for streamline generation either provide a partic-

ular density of streamlines across the domain, or explicitly detect features, such as critical

points, and follow customized rules to emphasize those features. However, the former gen-

erally provides streamline representation based on some criteria independent of the under-

lying �ow function and the latter requires accurate prior knowledge of the �eld as well as

Boolean decisions on the location of features, which may suffer from robustness problems

for real-world data. In our approach, we de�ne a metric for local similarity among stream-

lines and use this metric to grow streamlines from a dense setof candidate seed points. The
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metric considers not only Euclidean distance, but also a simple statistical measure of shape

and directional similarity. We provide empirical results demonstrating that our streamline

placement guided by this new similarity distance metric provides an improved representa-

tion of the �eld data that naturally accentuate regions of geometric interest without explicit

feature detection.

Third, we introduce a case study of visualizing time-varying magnetic �eld data in ideal

MHD (magnetohydrodynamics). We utilize some special properties of magnetic �eld data

and concurrent velocity data to produce an interesting representation using streamlines.

The result is recognized as being useful and meaningful by professionals. Although the

method is not suitable for generic cases yet, it's a very interesting referential attempt at

visualizing time-varying vector �eld data.

Lastly, we introduce an objective and quantitative evaluation strategy for scienti�c vi-

sualization. Where as most existing evaluations for visualization are based on user studies,

we evaluate the visual representation based on how well the representation preserves the

information from the original �eld data. The key idea is to reconstruct �eld data from

the derived visual representation and compute a differencebetween the reconstruction and

the original �eld. Our empirical evaluation results for both texture-based scalar �eld vi-

sualization and streamline-based vector �eld visualization demonstrate that in practice this

objective and quantitative evaluation strategy is ef�cient and meaningful.
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Chapter 1

Introduction

1.1 Motivation

Over the last few decades, the advent and rapid development of computer and sensing

technologies has revolutionized the way we acquire data in many different �elds. Examples

include the results from advanced numerical simulations and medical imaging data. As a

result , both the complexity and the size of the scienti�c data sets have increased dramati-

cally, and it has become increasingly dif�cult to understand, analyse and communicate the

raw data.

To increase human capacity for absorbing information from large data sets, scienti�c

visualization is used to study the data. Research in this �eldstrives to transform large

quantities of raw data into graphical representations thatexploit the human brain's capacity

for detecting visual patterns. It is an active and important�eld, with a major impact on
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scienti�c research.

Our research has been driven by our collaborative project with physicist, aimed at study-

ing and visualizing the astrophysical processes that mightoccur in black hole accretion.

Accretion into black holes is believed to account for a wide variety of astrophysical phe-

nomena, from solar-mass black holes in X-ray binaries, to supermassive black holes in

active galactic nuclei [57, 58, 17]. The theoretical progress in this �eld has been limited for

more than three decades. That is because the study of all but the simplest situations is often

accomplished through large-scale numerical simulation rather than analytical methods, and

only recently has the computational hardware for necessarycomplex numerical simulations

become available. In the present project, several large-scale numerical simulations are used

to study the turbulent black hole accretion system. These simulations are representatives of

numerical simulations used in diverse areas of the sciences, such as physics.

The resulting data sets share some common characteristics with data from other scien-

ti�c simulations:

� Data are sampled on a curvilinear grid.

� For any time instant, several physical properties are measured:

– Scalar �eld: density, temperature.

– Vector �eld: velocity, magnetic �eld.

� Data are captured at thousands of time steps
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Interactive visualization is necessary to easily understand and analyze the resulting data

from such a typical scienti�c simulation. However, there are several dif�culties including:

the non-trivial shape of the curvilinear grid, its large size of the grid, the large number of

time steps, the choice of graphical representations, and the evaluations of the accuracy of

these visual representations.

1.2 Main Contributions

The novel techniques developed in this thesis [8, 9] make four key contributions to the

�eld of scienti�c visualization:

1. An effective and ef�cient method for creating a mapping from Euclidean space to

the native space of a curvilinear grid. This is used for accelerating the rendering of

time-varying volume data on curvilinear grid.

2. A similarity-based distance metric for presenting the similarity between streamlines

in position, shape and direction. This is used for generating streamline visualization

for 2D or 3D vector �eld, with natural emphasis on geometrically interesting area.

3. In collaboration with physicists, we have created a way tovisualize time-varying

magnetic �eld using streamlines.

4. A uni�ed error metric for scalar and vector �eld visualization. This provides an

objective analysis of visualization based on the amount of information contained.
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1.3 Organization

The remainder of the thesis is structured as follows. Chapter2 reviews relevant funda-

mental concepts and previous work in the areas of 3D scalar �eld visualization, 3D vector

�eld visualization and error evaluation of visualization.

Chapter 3 presents a novel approach for visualizing 3D time-varying scalar �eld data

on a curvilinear grid. Chapter 4 presents our similarity-based distance metric and shows

how the streamline placement based on this metric naturallyfavors geometrically inter-

esting regions. Chapter 5 provides a method for visualizing 3D time-varying magnetic

�eld data from ideal MHD (magnetohydrodynamics). Althoughthis chapter considers one

special case, the method provide an insightful approach to time-varying vector �eld visu-

alization. Chapter 6 introduces a new technique for evaluating scienti�c visualization, and

we demonstrate its empirical ef�cacy in evaluating different visualizations for scalar �elds

and vector �elds. Finally, Chapter 7 concludes by reviewing our work, and recommending

future work.
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Chapter 2

Background And Related Work

This chapter �rst reviews some fundamental concepts necessary for better understand-

ing of our visualization algorithms, these concepts include numerical simulation and the

most common types of simulation data. Subsequently, the chapter reviews work in scien-

ti�c visualization, emphasizing time-varying 3D scalar �eld visualization on a curvilinear

grid, streamline-based 3D vector �eld visualization, and the evaluation of visualization.

2.1 Numerical Simulation

Using mathematical language to describe a natural system, abstractive mathematical

modeling has been used in the natural sciences, engineeringand social sciences for decades,

to help gain insight into the operation and behavior of natural systems. Traditional mathe-

matical modeling attempts to �nd analytic solutions to problems. However, simple closed

form analytic solutions are not always possible. Under these circumstances, computer sim-
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ulation has been used widely as a useful complementary tool.

With the increased power of computation, the quantity of data produced by simulations

has out-paced our capacity to consume it Therefore, ef�cient scienti�c visualization tools

have become indispensable for many natural and social scientists, and engineers, and a

large body of research has developed.

Visualizing the results from numerical simulations is a major sub-area in scienti�c visu-

alization, and shares common characteristics with other sub-areas, such as data discretiza-

tion. In this thesis, we concern ourselves solely with the challenges of visualizing data

from numerical simulations.

2.1.1 Data from Numerical Simulation

Although in the real world, space and time are continuous, ina numerical simulation

we generally use discrete space and time to describe the system. Commonly, simulation

output contains a set of sample points, data values associated with each sample and an

interpolation rule. The interpolation rule, such as linearinterpolation between neighboring

sample points, is used to determine the value at a point otherthan sample points. Although

most interpolation techniques assume a linear relationship between sampled data values, it

is nevertheless important to ensure adequate sampling, since applying a linear interpolation

to non-linear data can lead to misleading and incorrect results.

Generally, output data can be categorized by sampling patterns, or by the dimension of

data values associated with each sample point.
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Figure 2.1: (a) is a uniform Cartesian grid. (b) and (c) are curvilinear grids. (d) is a
unstructured grid.

Sampling Patterns

Typical sampling patterns include regular (Cartesian) grid, curvilinear(structured) grid

and unstructured (irregular) grid. As the simplest way to discretize space, a regular grid

samples space uniformly by congruent rectangles. A curvilinear (structured) grid is topo-

logically a Cartesian grid, but is geometrically warped intoR3. Curvilinear grids generally

specify a warped position for each data point and assume someinterpolation function for

locations between the data points. The Cartesian grid is a particular case of the curvilin-

ear grid when the warping does not change the grid. Curvilinear grids are convenient, and

widely used in numerical simulations such as computational�uid dynamics because they

provide a regular grid space for the simulation while providing an adaptive sampling of the

domain space. Unstructured (irregular) grids sample spaceat unconstrained locations, and

require a connectivity list since the topology of the grid can be arbitrary. The unstructured

grids provide more freedom for moving sample points to wherethey are most needed com-

pared to uniform and curvilinear grid. However, the irregularity hinders simulation code's

ability to be parallelized, making uniform or curvilinear grid codes generally faster. In the
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present project, all simulations are performed on curvilinear grids [58, 17].

Dimensionality of Value

Data can be classi�ed as scalar, vector, or tensor �eld by thedimension of associated

value with each sample. A scalar �eld associates a scalar to every sample point, and is often

used to indicate some physical properties such as temperature, pressure and density. For a

vector �eld, the quantity is speci�ed by a vector, giving a direction as well as a magnitude,

such as velocity and magnetic �eld. Tensor �elds de�ne a tensor at each sample point,

which can be expressed as a multi-dimensional array.

Time-Varying Data

State-of-the-art scienti�c simulation technologies can not only accurately model natural

systems in their spatial domain, but can also model the evolution of these processes through

time. Interactive visualization of the resulting time-varying data allow scientists to freely

explore how selected properties of the data change over time, and gain insight into the

relationships between values that might not be apparent in the raw data. However, the extra

temporal dimension adds another level of complexity into the visualization problem, and

introduces some new challenges.

Two general types of numerical simulations over time are Eulerian simulation and La-

grangian simulation, both of which are widely used. In Eulerian simulations, the position

of sample points remains the same over time, as is the case with the MHD simulations in
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the present project. In contrast, in Lagrangian simulations, the position of sample points

may change over time. For example, in particle simulation system, the physical parameters

of each particle are important for determining the evolution of the whole system, while the

current velocity determines the motion of a particle.

2.2 3D Scalar Field Visualization on a Curvilinear Grid

The scalar �eld is the simplest �eld in terms of dimensionality of data. In scienti�c

visualization, the scalar value at a given location is most commonly represented by color

and/or opacity. Depending on the domain, either iso-surfacing [32, 44] or direct volume

rendering (DVR) [9, 3, 4, 18, 25, 28, 29, 33, 55, 37] may be used.

Iso-surfacing extracts a surface that is the locus of pointswhere the scalar �eld equals

a certain value. In many applications, constant-value contour surfaces extract important

features from the data and also ignore data between surfaces. Iso-surfacing is a suitable

method when a set of extractable iso-surfaces exists, such as CT and MRI where iso-

surfacing gives the surface of anatang. Figure 2.2(a) is a visualization of two iso-surfaces

from the visible female model showing the skull and skin layer separately, produced by

Dr. Steven G. Parker. However, these assumptions do not always hold true, for example,

for amorphous data, there are noẗhin surfaces̈, so the contour surfaces don't extract any

meaningful information.

The DVR methods, using ray casting, cell splatting or 3D texture mapping, display
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(a) (b)

Figure 2.2: (a) Two isosurfaces from the visible female showthe skull and skin layer. (b)
DVR of NASA Tapered Cylinder.

some function of all the values seen along a ray throughout the pixel. In this approach, the

mapping of the volume's scalar values to color and opacity values for display is called the

transfer function [23, 13]. An appropriate setting of the transfer function may also give an

desired isosurface. DVR methods are especially suitable for amorphous datasets, such as

�uid, smoke and gases, and provide a way to see through the data, revealing complex 3D

relationships. Figure 2.2(b) is a DVR visualization of NASATapered Cylinder data set.

In the present project, we are particularly interested in DVR since our domain of interest

is a general 3D volume. A brief description of DVR methods is given below, and more

general surveys of DVR can be found in [12, 25].
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2.2.1 Ray Casting and Cell Splatting

Ray casting methods [18] cast rays from the image plane through a volume, integrating

all scalar values along the ray, and transfer the result to pixel color. Ray casting methods do

not constrain the structure of grid, and can be applied to almost any dataset. Theoretically,

ray casting may be the most accurate method since the value for every pixel is computed

precisely, and ray casting is also the most commonly used algorithm for the generation of

high quality images. However, this method is computationally complex. Extensive research

is focused on the making of ray casting ef�cient by accelerating or eliminating ray/voxel

intersection tests, and parallelization.

Cell splatting methods [55, 37] perform a front-to-back object-ordered traversal of the

voxels in the dataset. The contribution of each voxel to the image is computed, and added

to the other contributions. Although cell splatting can be applied to any dataset, it is a

time-consuming method (and in both these aspects, it is akinto ray casting algorithms).

However, even the very fastest ray-casting [25] and cell splatting algorithms can not

achieve the interactive volume rendering required for the large dataset used in the present

study.

2.2.2 3D Texture Mapping

The 3D texture mapping feature of current graphics hardwaremakes 3D texture-based

approaches perform better than ray casting and cell splatting. These texture-based ap-

proaches resample the scalar data into a regular grid if it'snot already on a regular grid,
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and by using slicing and blending techniques, the dataset can be visualized directly by 3D

texture mapping. However, the resampling requires extra computation and potentially in-

troduces unnecessary resampling artifacts if the originaldata was sampled on an irregular

grid.

The rendering of 3D scalar �eld data using 3D textures usually contains the following

steps:

1. Resample the volume data onto a regular grid if the input is on an irregular grid.

2. Load the volume data into a 3D texture.

3. Find the desired viewpoint and viewing direction. This isusually the eye position

and viewing direction.

4. Compute a series of polygons that cut through the data perpendicular to the viewing

direction. Texture the slice properly with respect to the 3Dtexture data.

5. Render each slice as a textured polygon with a blend operation in the desired order.

This 3D texture approach is equivalent to ray casting and produces the same results

when the input data can be accurately presented on regular grid and the slicing is dense

enough. It takes advantage of spatial coherence, and processes all rays simultaneously ,

one 2D slice at a time. Therefore, in most cases, 3D texture approach is much faster than

ray casting.
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2.2.3 Time-Varying Visualization of Curvilinear Grids

Due to the large size of time-varying data, research on time-varying scalar �eld visual-

ization mostly focuses on reducing storage and bandwidth requirement by compression or

using parallel distributed computing. Ma [34] reviewed several strategies for visualizing 3D

time-varying scalar �eld data, such as characterizing the data based on extracted features

and compressing data using data coherence between consecutive time steps. Kniss [24]

introduced TRex system, which is a hybrid parallel software and hardware volume rending

system for time-varying, large scalar �eld data on uniform grid.

To achieve interactive frame rates in rendering scalar �eldon curvilinear grid, the scalar

data is usually sampled into a regular grid, and then hardware-accelerated 3D texture-

mapping methods can be used. In order to preserve good quality, a larger number of data

points are needed for resampling scalar �eld on irregular grid into a regular grid. Direct

resampling increases both the total data size and the data transfer size for loading each time

step to the graphics hardware. In chapter 3, we describe a strategy for leveraging the struc-

ture of the curvilinear grid, which avoids the resampling for every time step and reducing

the cost for both computation and storage.

2.3 3D Vector Field Visualization

Vector �elds are commonly used to represent physical properties such as particle ve-

locity or a magnetic �eld across some domain. Visualizationof vector �elds is important
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for performing qualitative analysis in areas such as astronomy, aeronautics, meteorology,

and medicine, and provides a better way to observe and understand the patterns of �ow in

the data. However, vector �eld visualization has always been one of the most challenging

tasks in the scienti�c visualization arena.

The importance of vector �eld visualization has motivated alarge amount of research,

and previous methods can be grouped into three general classes: (1) direct visualization,

sometimes called hedgehog or icon-based visualization, (2) texture-based visualization,

and (3) geometry-based visualization.

2.3.1 Direct Visualization

Direct visualization directly maps the vectors in a vector �eld to graphics primitives.

Usually, arrows are tied to grid points and indicate both direction and magnitude at these

points. This kind of solution allows immediate investigation of the vector �eld data, without

requiring a lot of interpretation.

In 3D applications, because of occlusion and complexity, glyphs showing all the dataset

information are hard to interpret visually. In many methods, glyphs are based on selective

seeding, and reduce the amount of data being displayed. The choice of seeds is usually

based on simpli�cation, clustering or some extracted features of the vector �eld.

In [53] Telea and van Wijk introduced a method to represent a given vector �eld with a

given arrow count. A bottom-up strategy is used to cluster the original vector �eld into a hi-

erarchical set of vectors. After the simpli�cation, the user can visualize the simpli�ed data
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at different levels of detail, and straight or curved arrowsrepresent the simpli�ed vector

data. This kind of approach is good for presenting the information in a large dataset to non-

specialized audiences in an intuitive and compact manner, since it is intuitive, insightful,

and easy to implement. A common example of such direct visualization is weather fore-

casts. However, such an approach is not suitable for detailed data analysis and exploration

by scientists because the simpli�ed data is an approximation of the original �eld, and there

are relatively few arrows displayed. In general, direct visualization techniques require less

computation than do texture-based visualization or geometry-based visualization.

2.3.2 Texture-based Visualization

The common texture-based techniques, such as Line IntegralConvolution (LIC) [5,

59, 47, 48] were initially proposed for 2D applications. By taking the vector �eld data

and a texture (scalar �eld) as input, these methods then produce another texture to use for

rendering, which provides a dense visualization of the vector �eld. Basically, this type of

approach maps the vector �eld onto a scalar �eld, which is then rendered.

Although LIC and similar texture-based techniques have been recognized as being very

suitable for 2D �elds or cross sections of 3D �elds, when applied directly to 3D visual-

ization, there are at least three major problems. The �rst isthe high computational cost,

the second is visual complexity, and the third is lack of �exibility and interactivity. These

problems have lead to three active directions in 3D LIC research. For 3D LIC approaches,

both the texture generation stage and the rendering stage are expensive. For the texture
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generation stage, some proposed improvements, such as the Fast LIC algorithm proposed

by Stalling et al. [51], are good for both 2D and 3D LIC, which separates the computa-

tion of streamlines and convolution algorithmically to reduce computational costs by an

order of magnitude compared to the original algorithm. Others, such as Seed LIC pro-

posed by Helgeland et al. [15], are especially suitable for 3D, which takes advantage of

the sparseness of the input texture in 3D LIC and achieves good computational time. For

the rendering stage, a marked acceleration has been made by using the texture-mapping

features in modern graphics hardware, and interactive frame rates can be achieved.

Occlusion and visual complexity is a common problem for 3D vector �eld visualization,

and even crucial in texture-based approaches. In 2D LIC, a solid input texture is usually

blurred along the direction of the vector �eld. Consequently, when LIC is applied to a

solid 3D input texture, the output will be a solid 3D LIC texture. Such a solid texture

can be challenging to visualize clearly due to the perceptual dif�culties encountered with

dense 3D displays. Although several nice techniques to enhance perceptual effectiveness

have been proposed, an indispensable adjustment is the use of sparse input textures instead

of solid ones, advecting the empty space along with the full space. Interrante et al. [19]

introduced the use of halos to improve the perceptual effectiveness when visualizing dense

streamlines for 3D vector �eld. The input texture they used is de�ned as a sparse set of

random distributed points in the volume, with an approximate Poisson-disk distribution.

The limited �exibility and interactivity in 3D LIC is another problem. Although many

speed-up algorithms have been introduced to improve LIC texture generation and render-
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ing, in practical applications the texture generation stage is hard to accomplish in real-time.

The LIC texture is �xed during rendering, making the visualization process relatively in-

�exible. Shen et al. [50] introduced trace volume and appearance texture to add more �exi-

bility and interactivity into 3D LIC-based vector �eld visualization. They initially generate

the streamlines from 3D vector data, then extract various geometric properties of stream-

lines and convert them into a volumetric form or trace volume. In the rendering stage, the

trace volume is combined with a desired appearance texture at runtime to produce the �nal

visual effect. This pipeline allows the user to visualize the vector �eld with more �exibil-

ity. However, the underlying set of streamlines cannot be changed in real-time, and the user

cannot control the density of information.

Thus, in 3D visualization, texture-based techniques have anumber of attractive fea-

tures: (i) recent texture-based methods employ graphics hardware, such as 3D texture map-

ping features, to render a large number of �eld lines more ef�ciently than do geometry-

based methods, (ii) texture-based methods produce a relatively continuous visual repre-

sentation for the vector �eld, and (iii) texture-based approaches are a viable option when

critical �ow features may be overlooked in an interactive inspection of the data via rela-

tively few streamlines.

Against these advantages is the limitation that visualizing solid LIC textures clearly

is challenging due to the perceptual dif�culties encountered with dense 3D displays. An

indispensable adjustment for 3D LIC is to use sparse input textures instead of solid ones. To

support this, decisions must be made concerning what input texture is appropriate and how
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sparse it should be. These decisions are very similar to the streamline placement problem.

2.3.3 Geometry-based Visualization

Geometry-based visualizations are based on integrating the vector �eld and use geomet-

ric objects in the resulting visualization, such as streamlines, stream tubes, stream ribbons

and stream surfaces [46, 62, 12, 41]. Among these, the streamline is the simplest and most

commonly used representative.

A streamline is tangential to the vector �eld at every point at a given instant, and is

produced based on a local integration process, initiated ata set of positions called seed

points. Streamlines give a more quantitative representation of vector �elds than do direct

and texture-based visualizations. As longer integral curves, streamlines have more spatial

continuity and are more suitable for describing global information relating to the behavior

of the �ow than do direct and texture-based visualizations.

When using streamlines for vector �eld visualization, the quality of the result depends

heavily on the placement of the streamlines. There are two competing goals in streamline

visualization. One goal is to represent interesting features as well as possible. In principle,

if we are allowed to place streamlines densely enough, we will not miss any information

of the �eld. But practically, dense representations can cause severe clutter problems, espe-

cially in 3D. Thus the second goal is to have as little clutteras possible. In 3D visualization,

the added complication of occlusions makes the placement ofthe streamlines even more

crucial. All placement methods aim at �nding a good balance between these two competing
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goals.

There are three commonly used streamline seeding strategies: (1) density-based ap-

proaches [54, 35, 36], (2) topology-based or feature-basedapproaches [56, 7, 61], and (3)

interactive seeding approaches.

Density-based placement

Density-based strategies are usually associated with a density or distance metric with

streamline placement being adjusted iteratively based on the metric, which is usually inde-

pendent of the underlying �ow function. Turk et al. [54] proposed an image-guided place-

ment strategy in 2D, which de�ned the density as the gray level of the low-pass �ltered

version of the resulting image. Their optimization processadjusts the streamline place-

ment to achieve a desired density by iteratively adding, lengthening, shrinking, merging, or

removing streamlines.

Jobard and Lefer [20] proposed an evenly-spaced streamlineplacement algorithm in

2D, which de�ned the density as the Euclidean distance between adjacent streamlines.

Mebarki et al. [38] proposed a farthest point seeding strategy for 2D vector �elds. This

greedy algorithm places one streamline at a time, always at the point farthest away from

all existing streamlines, in order to optimize continuity (i.e. it promotes long streamlines).

These authors also used the Euclidean distance between adjacent streamlines as their den-

sity metric. Mattausch et al. [36] extended the idea of evenly spaced placement into 3D and

used the 3D Euclidean distance as the metric. Liu et al. [31] introduced double queues for
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prioritizing topological seeding and favoring long streamlines.

Li et al. [30] proposed a 3D image-space streamline placement method, and controlled

the seeding and generation of streamlines in image space in order to avoid visual cluttering.

This approach guarantees that the spacing between adjacentstreamlines on the image plane

is larger than a given threshold, and directly solves the clutter problem. However, the qual-

ity of 3D image-space streamline placement is highly dependent on a precomputed depth

map, which provides the depth of 2D seeds in 3D object space. Schlemmer et al. [45] de-

�ned the streamline density of a region as the ratio between the number of pixels occupied

by streamlines and the total number of pixels in the region.

Feature-based placement

Feature-based strategies begin by identifying particularfeatures in the �eld that are

of interest for a certain research or engineering problem. These include boundary layers,

separation lines, separation bubbles, critical points, and shock waves. Such features are

classi�ed into different types, and the �eld is then segmented into regions according to

the distribution of features, for example, one region may contain only one feature. Differ-

ent seeding patterns may be used for regions containing different features. Finally, some

additional seed points are randomly distributed around the�eld.

Verma et al. [56] �rst proposed a feature-guided placement strategy for 2D vector �eld

visualization. Ye et al. [61] extended this idea to 3D vector�elds, and also provided a

continuous mapping between seeding patterns and critical points, which accommodates
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the variability of critical points in 3D. In some applications, the number of critical points

is small, so the number of streamlines generated by feature-guided strategies is likewise

relatively small, and the clutter problem is minimal. However, with a large number of

critical points, the feature-guided approach will not be able to produce a sparse streamline

representation for 3D applications as desired. Also, the required feature identi�cation is

not always available or easy, and since, in most cases, features represent relatively local

information of the �eld, the whole picture of the �eld may notbe shown very well by such

feature-guided approaches.

Carmo et al. [7] proposed a topology-based method for 3D streamline placement. First,

the dense �ow �eld is partitioned into a set of �ow regions, and a bottom-up strategy is

used to cluster �ow vectors based on pre-de�ned metrics. Then, streamlines are gener-

ated over the �ow volume and selected using a measure of inter-streamline cluster overlap.

Given the set of streamlines and their inter-streamline cluster overlap, the display density

can be changed interactively by changing the threshold of maximum allowed overlap. This

strategy gives the observer a good overview of the general �ow topology of the �eld. How-

ever, it is relatively hard to incorporate some multi-resolution solutions, and the metric for

clustering is �xed, resulting in lack of control during the rendering.

Interactive placement

In interactive placement, decisions about streamline placement are made by to the user.

The visualization strategy part of the algorithm is greatlysimpli�ed and focuses on stream-
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line integration. Such interactive placement is favored when the user needs very �ne tuning

on the placement.

In general, the drawback of geometry-based visualization is that of placement. Im-

portant features may be overlooked because they do not provide complete coverage of the

�ow domain, which is the common problem for 3D vector �eld visualization. There is

no practical visualization method in 3D which can describe the whole �ow domain. In

Chapter 4, we introduce a new similarity-based distance metric, which is used to perform

density-based streamline placement.

2.3.4 Time-Varying

The additional dimension of time makes visualizing the behavior of time-dependent

3D vector �elds even more challenging. We can classify the existing approaches into two

categories: steady representations and animation representations.

Steady representations

Path line and streak line are two common particle-tracing-based tools for visualizing

an unsteady vector �eld in a steady format, i.e without the use of animation. A path line

is a line that a single �uid particle traces over time, and a streak line is the line joining the

positions of all particles that have been previously released from a seed point. Both have

corresponding physics experiments: injecting a dye into a �ow will show the path of the

dye with time, which is path line; releasing particles from one seed point, the line derived
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by linking all particles in one instant is the streak line.

Wiebel et al. [60] uses path lines and streak lines to represent a steady visualization of

unsteady vector �elds. They assume regions with large variations are interesting parts of

the volume, and start path lines and streak lines from there.The resulting visualization has

the advantage of providing an overview of all time steps and showing the in�uence of one

location on the global �ow, or the in�uence of global �ow on a single location. They also

proposed visualization of vector variation over time for each data point with isosurfaces,

which is useful for some interesting physical problems. However, path line and streak line

approaches have the same seeding placement problem as streamline, namely that the results

are highly dependent on the initial guess of seed points.

One crucial problem with steady representation approachesis that although they can

show the paths of moving particles in unsteady �ows, they areinappropriate and incorrect

for some other vector �elds. For example, in the present project, the interesting vector �eld

is a magnetic �eld, for which both pathline and streakline are inappropriate.

Animation representation

Approaches based on animation �rst generate a representation for each time step, and

then render them in a time sequence. Animations provide transient impressions of momen-

tary �ow. The representation for each individual time instant could be obtained using any

of three types of approaches discussed previously.

As one of the earliest techniques, UFLIC (Unsteady Flow LIC) was developed by Shen
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et al. [49] for 2D based on LIC techniques. Using path lines asthe convolution path instead

of streamline, the algorithm achieves good spatial and temporal correlation. Although the

animation of individual images generated by UFLIC providesan overview of the time-

varying vector �eld, the limitation is that it only deals with 2D time-varying �elds and the

images are still dif�cult to interpret.

Sundquist [52] introduced Dynamic Line Integral Convolution (DLIC) for 2D time-

dependent vector �elds. DLIC generates animations of �eldswith each frame being a LIC

of the original vector �eld with a time-varying input texture. The input texture is generated

by advecting a dense set of particles according to a second ”motion” vector �eld. This

technique was developed speci�cally for visualizing electromagnetic �elds.

Helgeland and Elboth [16] extended DLIC to 3D As a texture-based method for a 3D

steady vector �eld, a sparse representation is chosen to prevent perceptual issues occurred

in dense representations. Initially a sparse collection ofparticles is evenly distributed in

the physical domain, and these particles are then tracked along their path lines. The LIC

is used to generate �eld lines from these particles at each time step, resulting in a 3D

texture for the direct volume rendering. An even distribution of particles in the physical

domain at each time step is maintained by injecting and removing particles dynamically.

However, injecting and removing particles may introduce popping artifacts. In Chapter 5,

we describe a case study visualizing time-dependent magnetic �elds in an ideal MHD. We

use a similar approach to that of Helgeland and Elboth [16], although for each time step

we use geometry-based representation for streamlines allowing us to maintain the temporal
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coherence.

2.4 Evaluation of Visualization

Compared to the extensive research on different visualization strategies, there has been

relatively little research on evaluating the quality of visualization. In particular, objective

and quantitative measurement of the quality of visualization approaches are scarce.

The evaluation of visualization is usually subjective, which means it is dif�cult to evalu-

ate the quality of visualization in a quantitative manner, especially for vector �eld visualiza-

tion. There is continued debate about whether the numericalcomparison for visualization

is useful. One argument is that the human visual system is more sensitive to some errors

and less sensitive to others, so that the human visual systemmay not agree with the result

of numerical analysis. In contrast, in scienti�c visualization, it is important to maintain

good accuracy of the original data in the graphical representation. Objective evaluation

with quantitative measurement can give scientists a necessary understanding of the accu-

racy of the visualization. Ideally, measurement can ultimately incorporate elements from

human perception.

2.4.1 Subjective Evaluation

Given the subjectivity of this problem, researchers often simply put images of com-

peting visualization algorithms side by side and assess them visually. The main drawback
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of side-by-side evaluation is that it requires a ground-truth. Side-by-side evaluation has

been used commonly for evaluating DVR algorithms on scalar �eld data, since it is usually

easier to �nd a relative ”ground-truth” and make comparisons using some image metrics.

However, for visualization of vector �eld data, the ground-truth is usually not available.

Another popular technique for evaluating visualizations by human visual system is

based on feature detection; this is widely used for vector �eld visualization. A set of

features is generally derived from entire vector �elds, andthe ability to identify these fea-

tures within the visualization are compared. Laidlaw et al.[27] studied the accuracy of six

visualization methods for 2D vector data based on feature detection. They asked users to

perform three tasks for judging accuracy : locating all critical points in an image, identi-

fying critical point types, and advecting a particle. Although some statistical results were

gained from the user, the simplicity and particularity of those tested tasks makes it dif�cult

to generalize the results. It is not very practical to request a user study before making any

choice of visualization algorithms for a scientist.

2.4.2 Objective Evaluation

Scalar �eld

As previously mentioned, image metrics have been developedas quality measurements,

especially for evaluating DVR algorithm. Keeping all algorithm-independent image syn-

thesis parameters constant, the visualizations generatedby different methods can be com-

pared with the ground-truth. The ground-truth may be obtained by using simple test data

26



sets, such as the 3DCheckerboard used by Kwansik et al. in [26]. Meibner et al. [39] select

a set of real-life benchmark data sets with different characteristics to evaluate and compare

four volume rendering algorithms for scalar �eld data on uniform grids. If some particular

data sets need to be used for the evaluation, one common way isto use the result from the

high-resolution ray-tracing method as the ground truth.

Vector �eld

To the best of our knowledge, there has been no previous work on objectively and quan-

titatively evaluating vector �eld visualization methods,such as streamline-based methods.

In Chapter 6, we introduce our objective evaluation strategyfor streamline-based visual-

ization and demonstrate its effectiveness through experimental results.
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Chapter 3

3D Time-Varying Scalar Field

Visualization on a Curvilinear Grid

As with regular and unstructured grids (tetrahedral meshes), curvilinear grids may be

rendered using customized ray tracing and cell projection techniques. In fact, it is even

quite common to tetrahedralize the curvilinear grid cells and render it as an unstructured

grid. This is exempli�ed by the fact that many papers describing unstructured grid ren-

dering actually use test data that originated as structuredgrids (such as NASA's blunt �n

and delta wing models). Rendering curvilinear grid as an unstructured grid has the bene�t

of leveraging advances in the rendering of this more generalmesh structure [43] and may

produce high quality images using cell projection.

The fastest tetrahedral mesh rendering algorithm we are aware of achieves a maximum

rendering throughput of 1.8 million tetrahedra per second [6]. For the largest data set we
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report here, which contains some 2.3 million cells (or 11.5 million tetrahedra) we would

thus expect a maximum performance of 6 seconds per frame, which is not interactive. Such

an approach is limited by its inability to leverage information about the curvilinear grid's

simple topological structure.

As previously mentioned, to achieve higher performance in rendering, we can resample

the scalar data into a regular grid and use hardware-accelerated 3D texture-mapping meth-

ods. However, in order to preserve good quality, a larger number of data points are needed.

For time-varying data sets in particular, both the total data size and the data transfer size

for loading each time step to the graphics hardware, increase dramatically.

In this chapter, we propose a novel approach that still combines regular sampling with

3D texture-based volume rendering, but with an important difference: we do not resample

the scalar �eld except at the �nal pixel level. By using one level of texture indirection,

we effectively leverage pre-computed point location queries from Euclidean space into the

grid space. For Eulerian simulation data, this leveraged point location mapping does not

change over time, and thus is easily cached in texture memoryon the graphics hardware. At

rendering time, we can now load the scalar data for each time step in its original grid-space

sampling pattern as a 3D texture, avoiding the additional bandwidth required to maintain

high quality rendering used in direct resampling approaches.

The overview of our algorithm is given in Section 3.1. We subsequently describe the

warp texture, the core component of our algorithm, and details of its generation in Section

3.2. Then, several related issues are discussed in Section 3.3, 3.4, 3.5, including adaptive
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Figure 3.1: Fragment algorithm for rendering a time-varying curvilinear grid using a 3D
warp texture.

warp texture, time-varying playback, slicing distance andgrid degeneracies. Finally, we

conclude by presenting implementation details and resultsin Section 3.6.

It should be noted that this part of the research was performed over the period from

2003 through 2005 and the system was developed based on the structure of Geforce 6 series

cards. However, the essential idea of leveraging the topology static of the data representa-

tion remains an important contribution to the �eld of time-varying scalar �eld visualization.

3.1 Algorithm Overview

We use the fact that the structured data in fact lies on a rectilinear lattice in some warped

space, just not inR3 (see Figure 3.2a for a 2D example). Let us denote this space bythe

triple (s;t; r). The scalar value is sampled on a lattice: at regular intervals in s, t, andr.
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Indeed, a structured grid is often speci�ed by a three dimensional array of scalar values

along with an unwarping function, or a table, that speci�es theR3 location of each lattice

point. Thus the time varying scalar data itself may be directly stored as a 3D texture in that

warped space – call it the grid scalar textureS. Of course, this texture is not regular inR3

and thus may not be directly rendered as textured slices. Instead, we use a regularR3 grid

to sample the inverse of the structured grid's unwarping function. The resulting warping

texture,W, effectively serves as a voxel-based parameterization ofR3. Now we can �nd

the scalar value at any point inR3, denoted by(u;v;w), by �rst looking up the warp texture

(s;t; r) = W(u;v;w) to �nd its 3D warped coordinate, and then looking up the scalar value

from the grid texture:S(s;t; r). (see Figure 3.1)

This indirect texturing approach has some inherent advantages over a direct resampling

algorithm. First, for Eulerian grids, which have a constantwarping function over all time

steps, we create a single warping texture,W, to describe the parameterization of space, and

reuse it for all the time-varying scalar values. Second, thescalar data itself remains as com-

pact as in its original form, and thus requires minimal bandwidth to load to texture memory

and a minimal footprint to store there. Third, the warping texture sometimes requires less

resolution to maintain good quality rendering than does thedirect resampling of the scalar

texture. This is due to the fact that warping functions are often largely smooth and well

approximated by the trilinear interpolation performed on the hardware. The scalar values

themselves tend to have higher frequency content and many discontinuities. Furthermore,

by avoiding directly resampling the scalar �eld, we eliminate one resampling of this data,
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delaying its resampling to the stage of rendering individual pixels. Any error induced by

sampling the warping function has the effect of distorting the data in space rather than

changing the actual scalar values portrayed. Such a change in the nature of error has been

previously deemed effective in the domain of polygon mesh simpli�cation [10]. As a result

our technique is effective not only to reduce the data size for time-varying scalar �elds, but

also for static scalar �elds.

Crawford et al.'s recent work [11] on visualization of Gyro-kinetic data also takes the

approach of storing the scalar data in a 3D texture domain andwarping it back into Eu-

clidean space at run-time. However, their algorithm is rather speci�c to the rendering of

twisted toroidal domains. It involves both resampling of the scalar data and the use of

a known analytical function for the toroidal warp. Our warp texture approach does not

involve such resampling and does not require an analytical representation for the warp

function.

Our work is foreshadowed by the work of Rezk-Salama et al. [42], which was tuned

to operate on an earlier generation of graphics hardware. They deform a uniform grid of

points from a base position (our grid coordinate system) into a deformed space (our Eu-

clidean domain), and approximate the inverse transformation of this deformation by negat-

ing the translation vectors. Rendering is performed using object-aligned slicing, where a

triangle mesh with deformed texture coordinates is rendered for each slice. A number of

extensions are proposed at a very high level for future hardware capabilities, including the

use of indirection with 3D textures to specify the warp function. Our work provides all the
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Figure 3.2: (a) An 8x4 curvilinear grid is shown in green overthe regular gridlines ofR3.
Red samples are centers of interior voxels, blue samples those of boundary voxels, and
unmarked samples those of exterior voxels. (b) Three cases of boundary matching (in 2D).
The blue boundary voxels are computed using extrapolation so as to match the warping
function at the yellow points along the structured grid boundary.

important and non-trivial details of this suggested approach as well as an implementation

applied to the rendering of curvilinear grids. We develop algorithms for better generation

of the inverted deformation, handling of the boundary conditions and measuring approxi-

mation error.

Our approach has a number of desirable features:

� It applies to a general class of curvilinear grids, without any requirement for an ana-

lytical and invertible function from grid space to Euclidean space.

� It does not require run-time sorting of cells.

� Leverages the topological structure of the curvilinear grid.

� It converts the problem of rendering curvilinear grids to the problem of rendering
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regular grids with one level of indirection.

� It enables storage of scalar data at the original sampling rate on the graphics card and

avoids resampling of scalar data until pixel shading time.

3.2 Warp Texture Generation

The essential data component for our rendering algorithm isthe warp texture,W, a

voxel-based approximation to the inverse of the curvilinear grid's unwarping function,Wi.

Thus, each value in the warp texture describes a mapping backinto the grid (scalar) texture

domain and may be applied as texture coordinates to look up interpolated values from the

original scalar data.

The generation of the warp texture is primarily a sampling process. The warp texture

is de�ned to cover the bounding box of the curvilinear grid unwarped into theR3 domain.

(We also refer to the cells of a regular rectilinearR3 grid as voxels.) Given someR3 grid

resolution, a voxel may be classi�ed as interior, boundary,or exterior, according to its

relationship with the warped cells of the structured grid, as shown in Figure 3.2a. The

resampling grid resolution for our large data set is limitedby the size of texture memory on

the graphics card now.
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3.2.1 Sampling Interior Voxels

To compute the values ofW at the centers of the interior voxels, we perform a point

location query of each voxel sample (its center) within the cells of the structured grid. Such

a query should report which cell, if any, contains the samplelocation, and where the sample

is within that cell (i.e., its(s;t; r) coordinate). If there is such a cell, then the voxel is an

interior voxel, and the matching grid coordinates are stored at that voxel (such as the red

samples in Figure 3.2a).

In case the unwarp function is analytically speci�ed and invertible, one can compute the

warp function at each voxel center. In the more general case,however, when only the value

of the unwarp function is provided at a set of given points in the grid space, we reconstruct

the function from these samples �rst. This reconstruction is de�ned as a simple trilinear

interpolation to match hardware trilinear �ltering.

To answer the point location query, in our implementation, we tetrahedralize the struc-

tured grid. We locate the voxel center in the tetrahedron containing it (if one exists) and

then use the barycentric coordinates within that tetrahedron to compute the mapping to grid

space.1

We later use hardware trilinear texture �ltering to computethe warp function for each

fragment. It is worth noting that with the prescient knowledge of this subsequent trilinear

interpolation, we might alternatively compute the voxel center sample values more intelli-

gently to reduce the difference between the interpolant andthe inverse function everywhere

1This tetrahedralization for point-location should not be confused with algorithms that permanently tetra-
hedralize a structured grid as a means of performing the entire rendering process.
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in between samples. However, this substantially complicates the procedure.

A variety of methods are applicable to speed up the sequence of point location queries.

In order to exploit coherence, we perform the queries withinthe outermost grid cells �rst,

and then walk from voxel to voxel, following stabbing lines through the tetrahedra. Spatial

data structures such as octrees and k-D trees are also good candidates for this acceleration.

3.2.2 Extrapolating Boundary Voxels

By sampling the interior voxels, we have effectively bound their centers to their accurate

positions in the grid space. This, in turn, implies that eachgrid sample,(s;t; r), is bound

to some pointW� 1(s;t; r) in R3, whereW� 1 is close toW� 1
i . However, it is especially

important to ensure that the boundaries of the structured grid, which do not generally pass

through the centers of voxels, are accurately rendered. We take special care at the grid

boundaries. In particular, we also locate all the boundary voxels as well as reproduce a

set of samples on the grid boundary precisely. As we illustrated in Figure 3.2, a voxel

is categorized as an interior voxel when its center is insidethe grid. While, a boundary

voxel is one that is adjacent to an interior voxel but is not itself an interior voxel (using the

convention that a voxel has 26 adjacent voxels in 3D).

The ideal warp texture value at the boundary voxels would provide an accurate recon-

struction of the structured grid's boundaries. We associate each boundary voxel with a

point on the grid boundary, as shown in Figure 3.2b. We choosethe grid boundary point to

be the intersection of the grid boundary with a line connecting the boundary voxel with one
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of its interior neighbors. When there are multiply interior neighbors, we choose the line,

which has the closest intersection to the boundary voxel.2 For each of these intersection

computations, we trace the line from the interior voxel to the boundary voxel, walking from

tetrahedron to tetrahedron until the structured grid boundary intersection is found.

Given an interior voxel, a boundary voxel, and a boundary intersection, we apply a

simple extrapolation to determine the warp texture value tostore at the boundary voxel.

As a result of this extrapolation, the warp texture now contains texture coordinates both

inside and outside the valid grid domain. The texture coordinates outside the valid domain

are used to allow us to interpolate right up to the structuredgrid boundary. When we come

to a pixel whose interpolated value in the warp texture lookup lies outside the valid grid

domain, we map that fragment to transparent black. As a result, the grid does not contribute

color to any fragment outside the grid boundary.

3.2.3 Exterior Voxels

We refer to voxels that are not adjacent to an interior voxel as exterior voxels. The

entire neighborhood around these exterior voxels should always be rendered as transparent

black. One might like to assign to these voxels warp values outside the valid grid domain so

that they too may be mapped to transparent black. However, this is not generally possible,

depending on how the grid warps inR3. For example, see Figure 3.3a. The warp function

takesscomponent values greater than 1 as we proceed beyond thes= 1 boundary, as shown

2If the corners and edges of the grid domain map to sharp features in the Euclidean space, it may be
advantageous to force some of the matched grid boundary points to lie along these sharp features.
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Figure 3.3: (a) It is possible for a voxel to be both above and below the curvilinear grid
(mapped intoR3), resulting in the appearance of an extraneous grid. (b) Thecolors indi-
cate how fragments within those regions are classi�ed. Blue:forced to be transparent by
stencil= 0. Green: eliminated due to warp values outside[0;1]. Yellow: boundary frag-
ments with warp values in[0;1] andstencil> 0. Orange: interior points with warp values
in [0;1] andstencil= 1.

by the upper arrow. At the same time,s takes values less than 0 beyond thes= 0 boundary,

as shown by the lower arrow. This necessarily causes adjacent voxels, likeA andB to get

warp values greater than 1 and less than 0, respectively. Thus the interpolated values of

s for points betweenA andB fall into the range[0;1], mapping them to points inside the

structured grid.

To avoid this problem, we supplement the warping texture with a 3D binary stencil

texture. This stencil texture is set to 1 at all interior voxels and 0 at all boundary and

exterior voxels. At rendering time, we test the linearly interpolated value of this stencil

texture, and set the pixel's output color to transparent black if the stencil texture evaluates

to exactly 0 (as depicted in Figure 3.3b). This effectively eliminates the rendering of all
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exterior voxel neighborhoods, and thus we do not need to carewhat value is stored in the

actual warp texture for exterior voxels. The extraneous grid may yet appear within a voxel

if opposite boundaries pass through the same voxel. We generally avoid this by choosing a

suf�cient voxel resolution such that opposite boundaries are separated into separate voxels

(see Section 3.5.2 for handling of cases where this is not possible).

This approach bears some resemblance to the previous work [29]. However, we are

operating here in a different domain that requires a very different procedure. In the prior

work, the scalar data is being resampled, and the regions just outside the boundary are

padded with copies of the boundary scalar data, then clippedaway by the stencil texture.

Here we are operating on a warp texture by extrapolating the warping function to position

the grid boundary in the correct location.

3.3 Adaptive Warp Textures

The main source of error in our approach is the approximate reconstruction of the warp-

function from the warp texture. In Chapter 6, we discuss more details about the error

calculation. Here we assume that the result of error analysis is already available.

Given the limited resolution of warp texture in practice, itis natural to consider using an

adaptive sampling ofR3 rather than a uniform sampling to reduce the error while keeping

the total size of the warping texture small. We can overlay higher-resolution warp textures

in regions of large error. Rather than using a simple spatial partition approach, such as an
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Figure 3.4: KDPhrd astronomical simulation data with density values logarithmically
mapped to hue. (a) Black wireframe indicates where a higher-resolution warp texture block
is placed for column c. White square indicates zoom-in regionfor the bottom rows of b
through e. (b-e) Top row shows error values larger than 0.009percent of the bounding
box diagonal in red. Bottom row shows close up of rendering quality. (b) Warp texture
resolution 128x128x256. (c) Warp texture resolution 128x128x256 plus extra warp tex-
ture block of 128x128x256 (storage is double that of column a). (d) Warp texture reso-
lution 256x128x256 (storage is also double that of column a). (e) Warp texture resolution
256x256x256 (storage is quadruple that of column a). Noticethat the region of largest error
is not reduced as much as using the carefully placed high resolution block in column c.

octree, we have elected to �nely target the higher-resolution warp texture placement to the

regions with the highest warp texture error.

In our current implementation, we manually select one or more rectangular regions of

high warp texture error, which generally occur in regions where the curvilinear grid is the

densest. An example of this placement is shown in Figure 3.4.

In general, one can imagine an automatic and hierarchical placement of such regions to

minimize the error with some desired storage size for the warp texture. Starting with the

40



root node, we compute the warping texture over the entire bounding box at some resolution

and compute the error for it. If the error is converged at somerelatively small regions

instead of evenly distributed everywhere, we will get the bounding box of those small

regions. The root node and these small regions are then placed on a priority queue using

the error as the priority. Otherwise, increase the resolution of the warping texture for the

root node and repeat the above. We then proceed to recursively remove the node from the

top of the priority queue and compute a new warping texture atsome resolution, followed

by the error computation and insertion of its high error regions back into the queue. Using

this technique, we can either continue to re�ne our warping texture up to some budget in

terms of total texture size or according to some error threshold.

Whatever method is used to select the higher-resolution regions are selected, the goal

at rendering time is for each fragment to determine which region it is in and use the appro-

priate texture. In the current implementation, a �at hierarchy, with a simple (and short) list

of rectangular blocks, is used to avoid branching on the fragment units, which is expensive.

We store the bounding boxes of these blocks as uniform parameters to the fragment pro-

gram. The tests for which block contains the current fragment may all be carried out using

relatively fast conditional expressions, reserving the use of the true branch for the actual

lookup into the correct warp texture.

For grids with a large number of �at or hierarchical detail blocks, it may be useful to

perform some level of detail selection according to the current viewpoint. On the CPU,

we can compute the screen-space error of each block for the current viewpoint to prioritize
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which ones may be safely omitted to improve performance and reduce texture memory

usage.

3.4 Time-varying Playback

By design, managing the playback of multiple time steps is straightforward using our

rendering algorithm. Because structured grids adaptively sampleR3, the grid resolution is

often small enough that we can �t many time steps in video memory. In this case, we just

load all the time steps for the desired sequence and advance through them by rebinding

only the scalar grid texture each frame (or every k frames, toslow down playback speed

with respect to some faster camera motion).

If the desired time steps are too large to �t in video memory atonce, there are several

possibilities. First, we can still swap textures once per time step and the frame rate may

be limited by the memory bandwidth. Second, if we want to keepa faster frame rate for

a moving camera, we can explicitly load a fraction of the new texture each frame, waiting

until the entire texture has been loaded to switch to the new time step. Alternatively, we can

employ some (possibly lossy) texture compression scheme. For example, OpenGL supports

driver-dependent texture compression schemes for some texture formats. However, we

generally perform some user-customized quantization of our scalar �eld down to 8 bits, so it

may be more appropriate to employ a scalar �eld compression based on vector quantization

of each voxel over some number of time steps [33].
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3.5 Subtleties

There are several subtle issues that are worth discussing inmore detail. These are issues

related to the polygonal slices used for rendering, and to degenerate grid speci�cations.

3.5.1 Slicing Distance

An interesting issue which arises in our setting is the choice of a distance to use be-

tween polygonal slices during rendering. In a standard voxel grid, all the scalar samples

are equally spaced, so it is straightforward to choose a reasonable spacing of planes to

incorporate all the data. In our case, however, the scalar data is still non-uniformly dis-

tributed inR3. This makes choosing an inter-plane distance a more challenging problem.

One useful approach is to vary the inter-plane distance according to the portion of the

space being sliced (i.e. the distance between successive pairs of planes varies). Our current

approach is to incorporate progressive re�nement as well asuser-controlled re�nement,

which works reasonably well in an interactive system. Usingour warp texture formulation

in a hardware-accelerated ray caster may provide increasedopportunities for adaptive step

sizes.

3.5.2 Grid Degeneracies

In some cases, the warping of the grid into Euclidean space asspeci�ed by the original

grid data may contain degeneracies. For example, the grid shown in Figure 3.3 could close
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into a toroidal con�guration. In this case, there is no way tokeep the boundaries separate

during rendering. Such a degeneracy occurs, for example, inthe NASA Oxygen Post data

set. In this case, it is generally possible to split the original grid into multiple grids such

that no single grid has a degenerate con�guration. We then sort these grids with respect

to each other at render time and render them in sorted order. This approach may also be

used to handle curvilinear grids with multiple zones. The actual implementation of this is

ongoing work for us.

3.6 Implementation And Results

We have implemented the warp texture generation algorithm as well as the rendering

algorithm on a Windows PC equipped with 2.8 GHz Intel Xeon CPU,2 GB RAM, AGP

8X bus, and an NVIDIA Geforce 6800 GT with 256 MB VRAM. 3D texture-based volume

rendering is performed with viewport-aligned slicing. A custom fragment program (Figure

3.5) uses theR3 location as an index into the warp and stencil texture. The results of

the warp texture lookups are scaled and biased, then used to perform the scalar texture

lookup. The scalar texture, which has been quantized to one byte per scalar, is then used

to index a �nal transfer function texture, which maps the scalar value to RGBA according

to a user-speci�ed transfer function. The transfer functions may be mapped linearly or

logarithmically across the scalar range, and the user may explicitly update the quantization

to re�ect the current range of interest.
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Figure 3.5: A custom fragment program with the extra warp texture lookup

The preprocessing time for generating the warp texture was less than 20 minutes for the

highest resolution warp textures and much less for the lowerresolution ones. We have not

yet devoted signi�cant effort to optimizing this stage because the time is trivial compared

to the time to generate the simulation data (e.g., 50 hours times 288 CPUs, or 14,400 CPU

hours, to generate the KDPhrd data set with 2000 time steps),and can be performed in

parallel with the actual simulation computation if desired.

Figure 3.6 presents some data for several test models. The BluntFin and Tapered Cylin-

der (Figure 3.7) are well known data distributed by NASA. KDPhrd (Figure 3.9) is a sim-
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Figure 3.6: Statistics for several data sets. Grid resolution is the number of data points in
the curvilinear grid. Time steps is the number of scalar datavalues available per grid point.
Warp resolution is the resolution of the created warp texture. Mean error and standard devi-
ation are measured as a percentage of the bounding box diagonal (i.e., error/diagonal*100).
Frame rates are for time-varying data, using 640x480 windowresolution and 800 slices.

ulation of turbulent gas around a black hole.

We measured the run-time performance of our warp texture volumes using a window

size of 640x480, with the object just �lling that window and rotating. Before rendering

each frame, we useglTexSubImage3D() to load the next time step's scalar data. For

consistency, we use 800 slices for all these timing tests. Because we are generally fragment

bound, the frame rate generally varies with the number of fragments. We perform two tex-

ture lookups to fetch the warp and stencil textures before looking up the scalar and transfer

function in two additional lookups. The number of unnecessary fragments is directly re-

lated to the percentage of empty volume in the object's bounding box (these fragments may

be killed before actually looking up the scalar data and transfer function). Due to our warp

texture approach, which keeps the scalar texture size small, the texture loading is not a bot-

tleneck. Should the simulation grid size exceed the bus bandwidth for some application, it
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Figure 3.7: Rendering of the NASA BluntFin with a 128x128x256 warp texture and Ta-
pered Cylinder with a 256x256x128 warp texture.

may be more appropriate to employ a scalar �eld compression based on vector quantization

of each voxel over some number of time steps [33].

We also present a set of visual quality comparisons in Figure3.8. The two images

rendered using warp textures exhibit warping error as well as some ringing artifacts at the

boundary of the spherical cutout at the core of the original domain. The images rendered

using direct resampling exhibit scalar data errors that become color errors. We believe the

warping error is preferable – its size shrinks with the distance of the viewer to the images, as

you can see by stepping back from your paper or computer monitor. The resampling error

remains objectionable even as it becomes smaller on your retina. Note that the goal of

this comparison is not to compare warp resolution to direct resampling resolution. Recall

that the warp texture resides in texture memory throughout visualization, with only the

original scalar resolution loaded for each time step (e.g.,192x192x64), whereas the direct

resampling method requires the resampled resolution to be loaded at each time step.

Given the curvilinear grid's non-uniform sampling inR3, the error in some areas of
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Figure 3.8: KDPhrd astronomical simulation data with density values logarithmically
mapped to hue. (a) White square indicates zoom-in region for bthrough e, which is the
site of the most densely space grid samples. (b) Warp textureresolution 256x256x256. (c)
Warp texture resolution 128x128x128. (d) Direct resampling at resolution 256x256x256.
(e) Direct resampling at resolution 128x128x128. The errorfor warp-based renderings is
visible as geometric distortions, as opposed to the color errors present in direct resamplings.
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the grid remains high as a large percentage of grid lattice points map may merge with

neighboring points, such as the red colored region showed inthe top row of (b-e) columns

in Figure 3.4.

Using adaptive warp textures reduces error even in the toughareas of the grid. The

carefully placed high resolution block in column c of Figure3.4 improves the region of

largest error compared to column e, which uses a single warp texture requiring twice the

storage. In all cases, the texture sizes are small enough that the rendering remains highly

interactive (over 20 fps). Playbacks of time-steps also continue to be interactive. Several

snapshots from an interactive rendering of the KDPhrd simulation data set are shown in

Figure 3.9.

In Chapter 6, we give a quantitative evaluation strategy to measure the accuracy of our

warp-texture-based algorithm. We will see that even small resolutions for the warp texture

provide reasonable accuracy.
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Figure 3.9: Several time steps in a temporal sequence from the KDPhrd astronomical sim-
ulation data. The scalar �eld represents the Poynting �ux.
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Chapter 4

3D Similarity-Guided Streamline

Placement

As mentioned in previous chapters, our research is motivated by the problem of visual-

izing magnetic �eld data acquired in our MHD (magnetohydrodynamics) simulations. We

focus on visualizing the steady vector �eld in this chapter and discuss the time-varying case

in Chapter 5.

In our work, streamline approaches are preferable to textured approaches such as line-

integral convolution for two main reasons. First, the domain of interest is a general 3D

volume; in other words, the information of interest lies throughout a volume and not just

on a surface. Second, streamlines are desirable for magnetic �elds as a direct representation

of magnetic �eld lines; magnetic �eld lines can link together different regions of the �eld,

which can be better presented by streamlines than LIC textures.
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As previously mentioned, the quality of a set of streamlinesis highly dependent on their

placement, which includes a seed location and a length for each streamline. In applications

where a speci�c type of feature is know to be of interest and the feature is mathemati-

cally well de�ned, afeature-guidedalgorithm can tailor the placement to accentuate these

features of interest.

When a feature-based approach is not applicable, adensity-guided(or distance-guided)

approach is typically employed. Density-guided approaches place streamlines to enforce a

user-speci�ed density function across the domain. The function may be constant, producing

approximately evenly spaced streamlines, or it may vary spatially (e.g. it may be mapped to

vector magnitude or some other interesting scalar function). Notice that in these techniques,

the density of streamlines is independent of the underlying�ow function.

In this chapter, we introduce asimilarity-guidedplacement strategy. In Section 4.1, we

de�ne a similarity distanceas a metric for computation of local distance between stream-

lines. The similarity distance not only accounts for the closest distance from a point on one

streamline to another streamline, but also accounts for their similarity of shape and direc-

tion. This is accomplished by examining the statistics of the Euclidean distance function

as measured over a spatial window.

In Section 4.2.1, we employ this new similarity distance metric in the context of a

simple, greedy algorithm for streamline generation. A large number of seed points are

randomly ordered in a processing queue. Each seed point is grown using Runge-Kutta

integration until its similarity distance from any streamline falls below a prespeci�ed sim-
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ilarity tolerance. This process may be performed in multiple passes to promote streamline

fairness and to generate a multi-resolution streamline representation. As in some other

density-guided approaches, the similarity tolerances mayeither be constant across the do-

main or vary spatially.

Finally, in Section 4.3, we demonstrate that by using the similarity distance as a metric,

our simple placement strategy produces streamlines that naturally accentuate regions of

geometric interest, with sparser streamlines in regions ofmore parallel �ow.

4.1 Similarity Distance

Our similarity-distance guided placement is a density-based algorithm. The most im-

portant component of the method is the density metric we used: similarity-distance.

4.1.1 De�nition

The similarity distance is a window-based, point-to-streamline distance. The similarity

distance from pointp on streamlinesi to streamlinesj is denoted asdsim(p;si;sj ). For point

p on streamlinesi , the window aroundp is a portion of streamlinesi centered atp with a

length ofw.

The value of the similarity distance is computed as follows:

1. Locate windows: The �rst window in the comparison is centered atp. The other

window is centered atq, the point onsj with the smallest Euclidean distance top.
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Figure 4.1: Corresponding point pairs in two resampled streamline windows.

p andq are actual sample points generated by the adaptive Runge-Kutta integration

process.

If i == j, we are checking forself-similarity. In that case, we disqualify points that

are too topologically close top from consideration; all points under consideration

for q must be at leastdmin away from p as measured along the streamline. Thus

the streamlinei only becomes self-similar if the window aroundp is similar to the

window around some topologically distant part ofsi .

2. Sample windows:Center a window of sizew aboutp (measured along the stream-

line), and uniformly resample usingm ordered points, yieldingp0; :::; pm� 1. Simi-

larly, uniformly resample over the window of sizew aboutq usingmordered points,

yieldingq0; :::;qm� 1.
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3. Compute similarity: The result of the preceding resampling process ism+ 1 pairs

of corresponding points. We use the distances between thesecorresponding points

to compute the similarity between the two windows. Notice, as shown in Figure 4.1,

that the orientation is signi�cant. Thus two parallel streamlines are less similar if the

�ow is going in opposite directions. We now compute the overall similarity distance

from p to sj :

dsim = kp� qk + a
å m� 1

k= 0

�
�
� kpk � qkk � kp� qk

�
�
�

m
(4.1)

The shape coef�cient,a , is described below in Section 4.1.2.

In this de�nition, the similarity distance between different streamlines are checked

when i is not equal toj. Otherwise, we are measuring the similarity distance between

a point and the streamline it is on. Clearly, if a streamline isclosed or nearly closed,

dsim(p;si;si) would be very small as it approaches itself. For testing the self-similarity,

we introduced a constantdmin, which is the minimum streamline distance between the pair

of points to test. This value indicates that we will allow some self-duplication on closed

streamlines with length less thandmin. Practically,dmin need to be larger than the minimum

similarity distance to prevent self-similar checking between point and its close neighbors

on the streamline.
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4.1.2 In�uence Factors

The two major terms of the similarity distance formulation Eq.(4.1), correspond to

the two major in�uence factors respectively: (a) translational distance and (b) shape and

orientation.

Translational Distance

The �rst term contributes the effects of Euclidean distanceto the similarity distance.

Given two streamlinessi andsj , translating them further from each other without otherwise

changing their shape or orientation will monotonically increase the �rst term, while holding

the second term constant. Thus all local similarity distances between the two streamlines

will also increase monotonically as the translation increases.

Shape and Orientation

The second term contributes the effects of shape and orientation to the similarity dis-

tance. If the two streamline windows have identical shape and orientation, the second term

is zero. As we deform parallel streamlines apart from each other without translating the

window centers, the second term increases. Similarly, reversing the orientation of one of

the streamlines increases the second term.

The second term measures the average deviation of point pairdistances from the center

point pair (translational) distance. If we replace the center point distance in the formula

with the mean of point pair distances, and replace theL1 norm accumulation with anL2
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Figure 4.2: The similarity distances from pointp on streamlinei to streamlinej increase
from left to right, due to change in shape and then orientation. The value ofkp� qk is the
same for (a), (b) and (c).

norm, then the second term becomes the standard deviation ofthe point pair distances. We

have experimented with using the mean and the standard deviation in the �rst and second

terms, and achieved fairly similar results. However, we prefer the formulation presented

above, because it gives special importance to the window center, which is the point at which

we are growing a new streamline.

The shape coef�cient,a , determines the relative importance of the two in�uence fac-

tors. In our examples, we have found values between 1 and 3 to be the most useful, with

little noticeable change as we increase beyond that (this may have some interesting signi�-

cance if you consider the second term to be a standard deviation). Notice that setting either

a or the window size to zero results in a pure, Euclidean distance betweenp andsj .

Figure 4.2 illustrates how the similarity distance is affected by shape and orientation.

Figures 4.2(a) through 4.2(c), which maintain the same Euclidean distance between center

point pair(p;q), are in order of increasing dissimilarity. In 4.2(a), streamline i and j have
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Figure 4.3:Left: Euclidean distance metric (window size is zero),Right: Similarity dis-
tance metric (window size is six percent of domain width). Both images use 50 streamlines.

similar shape and orientation. In 4.2(b), the shapes are quite different, but they both point

from right to left. In 4.2(c), the shapes are the same as 4.2(b), but the direction ofj is

reversed, resulting in a larger dissimilarity.

4.2 Streamline Placement

We can use the similarity distance metric from Section 4.1 toplace streamlines over

a domain. As in other distance-based streamline placement algorithms, the user chooses

a distance of separation,dsep, to enforce between streamlines. In the case of our simi-

larity metric,dsep will be the minimum distance between parallel streamlines.Where the

streamlines are not parallel, the minimum separation will be reduced by some amount as

controlled by setting the shape coef�cient,a .
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Figure 4.3 shows a comparison of streamlines generated using a Euclidean distance

metric and our similarity distance metric. Both images contain 50 streamlines, but the

left image uses a window size of zero, and the right image usesa window size that is

six percent of the domain width (dsep for the left image is set lower to achieve the same

streamline count). The right image uses the 50 streamlines to more effectively portray the

geometrically interesting regions, such as those near the critical points.

4.2.1 Algorithm

To implement the use of similarity distance as a metric for placing streamlines, we have

developed a simple, greedy algorithm for streamline growthfrom seed points.

The pseudocode for our basic placement algorithm is shown inFigure 4.4. Placement

begins by inserting a densely-sampled set of seed points into theSeedsqueue in a random

order. For each point in the queue, we iteratively grow the streamline by applying adaptive

fourth order Runge-Kutta integration. As we grow the streamline, we check its similarity

distance to all the previously placed streamlines. When the similarity distance falls below

the user speci�ed threshold,dSep if we reach a boundary of the volume, or if integration

becomes unde�ned due to a nearby critical point, we terminate the growth of that stream-

line. In the case of self separation (comparing a streamlineto itself), we generally use a

signi�cantly smaller separation distance,dSel f Sep, to allow for the case of streamlines that

form a closed loop. If the resulting streamline is longer than the desired minimum length,

it is added toLines, the set of placed streamlines. Otherwise, it is discarded.
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Placement(vecField, numSeeds, dSep, dSelfSep, minLen)

Seeds = randomSeeds(vecField, numSeeds)

while(Seeds is not empty)

seed = Seeds.dequeue()

Integrate(forward, vecField, seed, Lines, line)

Integrate(backward, vecField, seed, Lines, line)

if (Length(line) > minLen)

Lines.insert(line)

Integrate(direction, vecField, seed, Lines, line)

while(RK_OneStep(vecField, direction, line, p) succeeds )

if dSim(p, line, line) < dSelfSep

Close(p, line) // optional

return

forall prevLine in Lines

if dSim(p, line, prevLine) < dSep

return

Figure 4.4: The pseudocode for the basic streamline placement algorithm using the simi-
larity distance.
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In our implementation, we accelerate the above algorithm byplacing all the sample

points of the streamlines into a uniform grid, where the cellsize is proportional to the

separation distance. Because the similarity distance between pointp on streamlinesi and

point q on streamlinesj is always greater than or equal to the Euclidean distance between

p andq, there is no need to �nd the closest point on streamlines thatare farther fromp than

the separation distance, nor do we need to compute the actualsimilarity distance in that

case. Of course, more sophisticated space partitioning structures may be used in place of

the uniform grid, which has been suf�cient for our test examples.

Although this simple placement algorithm works reasonablywell, it does have some

shortcomings. It is unfair to the streamlines, favoring those with seeds early in the random

queue over those later in the queue. The earlier seeds have the opportunity to grow longer,

although there may be nothing particularly special about them. One could order the seeds

according to an importance function, but often one cannot predict the importance of a

streamline simply from its seed position.

One way to mitigate this situation is to grow the streamlinesin several passes, with a

schedule of decreasing separation distances. This is more fair to all streamlines, but does

tend to produce shorter streamlines overall.

We believe it may be possible to achieve even better results by incorporating the sim-

ilarity distance into a richer optimization framework withmore legal moves for exploring

the space of placements [54]. This is beyond the scope of the current research effort, but

seems quite promising for the future.
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4.2.2 Parameters

At �rst it seems that there are a large number of parameters tobe set in our method.

However, there is some logical interdependence among thesethat allows most of them to

be set automatically.

� dsep: This is the primary parameter for adjustment, which we set as a fraction of the

domain width. It varies from 2.0% to 10.0% of the domain widthin our examples.

� a : The most useful range for the shape coef�cient is between 1 and 3. We typically

get reasonable results by setting this between 2 and 3.

� w: The window width is also set as a fraction of the domain width. We usually setw

in the range of 1 to 5 times ofdsep.

� dsel f sep: The self-separation distance is used for terminating or closing a streamline

due to self-proximity. This should be smaller thandsep, and we generally set it to

dsep=10.

� dmin: The minimum streamline length away from the central point for testing self-

separation should be greater thandsel f septo prevent the two windows from having

common samples (because of topological overlap). If it is too large, it will force

small loops to go around multiple times before closing. We generally set this to be 3

to 10 times ofdsel f sep.
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� minLen: The minimum streamline length is largely a matter of taste.Keeping more

of the short streamlines will prevent some potentially longstreamlines from growing.

It can be set as a multiple of thew, dsep, or the domain width. We typically set it to

w� 2.

� numSeeds: In all of our tests, we use every sample in the vector �eld as aseed. It

is possible to use more or fewer seeds if you know that the vector �eld is relatively

over- or under-sampled with respect to the features it contains.

We usually refer to the domain width as the smallest one amongall dimensions.

4.2.3 Favoring Interesting Features

In addition to Euclidean distance, the similarity distancemeasures the difference in

shape and orientation between streamlines. Thus it naturally favors interesting regions,

such as the vicinity of critical points and separating planes.

Critical Points

Many applications consider the critical points of vector �elds to be interesting. As such,

many feature-guided streamline placement strategies [56,61] explicitly choose streamlines

that emphasize the vicinity of these critical points. In Figure 4.5, we show in 2D that

the distance between streamlines is naturally reduced around critical points as compared to

parallel �ows (they may even visually touch when rendered onto a discrete pixel grid). This
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Figure 4.5: The similarity distances used to generate these�ve images are the same. In the
upper left image, the vector �eld is �at. The direction of vector data is horizontal at any
position. The other four images all have exact one critical point at the center of �eld. The
types of critical points are sink/source, center, saddle and spiral, respectively.

is because the second term of Eq. 4.1 grows when the streamline integration approaches a

sink or source.

We can also observe this behavior on �elds with multiple critical points in 2D and 3D

(see Figures 4.3, 4.6 and 4.7). In Figure 4.6, the left visualization is generated by using the

streamline package, which uses farthest point seeding for streamlines' placement (Mebarki

et al. [38]). Using the same number of streamlines, our visualization on the left gives more

attention around the vicinity of critical points. We can seein Figure 4.7 that similarity-

guided placement can produce results similar to those obtained using feature-based seeding

[61], but without requiring explicit detection of criticalpoints or special case analysis based
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Figure 4.6: On the left is a streamline visualization with 28streamlines produced by
StreamLine Package from Abdelkrim Mebarki using farthest point seeding for placement
of streamlines. On the right is a streamline visualization with 28 streamlines produced
using our similarity-based placement technique on the samevector �eld data.

Figure 4.7: On the left is a streamline visualization with 50streamlines produced by Pang et
al. [61] using explicit critical point detection and case analysis. On the right is a streamline
visualization with 111 streamlines produced using our similarity-based placement tech-
nique on the same vector �eld data.
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on type of critical point. Note, that our algorithm does not guarantee emphasis ofall critical

points, because it uses no such feature detection. Whether the streamlines will miss critical

points is dependent on the parameter values used as well as the spacing between critical

points in the data. We can capture all the critical points in Figure 4.7 with comparable

clarity, but it does require more streamlines than the feature-speci�c approach.

Separation is frequently studied in many �elds, such as �uiddynamic or aeronautics.

However, it is harder to de�ne in closed form than a critical point, and it has higher dimen-

sion. Separating curves and surfaces are global features which no streamline will cross.

The separation is a curve/surface that is either closed or intersects the boundary of the

domain.

Figure 4.8: The left one is generated using farthest point seeding method. The right one
is generated using our method, which emphasizes the separation curve between the two
critical points.Both of these two images contain 28 streamlines.

Our similarity distance-based placement will emphasize these separations similarly to
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Figure 4.9: Left: Streamlines generated using a uniform separation distance. Right:
Streamlines generated using variable separation distance, decreasing linearly left to right.

emphasizing critical points. Figure 4.8 compares two sets of streamlines generated by

the farthest point seeding method and by our method. Our method allows one to see the

presence of a separating curve much more clearly.

4.2.4 Variable Density

In our method, the similarity distance is de�ned locally. Thus it is possible to specify the

separation distance,dsep, as a function of position in the domain rather than as a constant.

This allows us to achieve variable density of streamlines. The separation distance is in this

case a scalar �eld over the domain. It can be speci�ed either as a function to be evaluated

or in sampled form (i.e., a texture image over the domain). Itcan be chosen manually to

highlight some particular spatial region of interest, or itcan be derived from the vector �eld

or one of its associated scalar �elds. Figure 4.9 shows a simple example of this effect, where
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the separation distance decreases linearly from the left tothe right side of the domain.

4.2.5 Multiresolution Placement

Exploring a complex vector �eld may require multiresolution streamline placement.

Generally, a rough representation on the whole domain is provided at the beginning. Then

the user may want to de�ne the region of interest and have moredetailed visualization

there. Jobard and Lefer [22] proposed a nested streamline placements with increasing

density. Their method doesn't give the streamline placed ata given level the chance to grow

further in the �ner levels. So it does have the limitation in producing long streamlines. In

the method proposed by Mebarki et al. [38], they favor long streamlines by elongating all

previously placed streamlines before each new placement ofstreamlines at all levels.

The multi-pass version of our placement algorithm, described in Section 4.2.1, can

be used as the basis for a simple multi-resolution streamline representation. Each pass

successively reduces the separation distance, producing increasing levels of detail. By

storing with each streamline the range of samples to be used for each level of detail, we

can render at any of these levels of detail on demand. The result of this can be seen in

Figure 4.10. We see three increasing levels of detail. With each new level, previously

existing streamlines may grow, and new streamlines may be added. For comparison, we

also see the result of generating the smallest separation distance streamline set using a

single pass.

In our method, the previously placed streamlines and new seed points have a fairly
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Figure 4.10: Three levels of detail for a vector �eld, generated by successively decreasing
dsep from 6.0%, to 4.0%, to 2.0% of the domain width. For comparison, also see on the
lower right the result of applying the smallest value ofdsep in a single pass, producing
fewer short streamlines. For all four images, the window size is 10% of the domain width
and the shape coef�cienta is 3.0.
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similar chance to grow at each level.

4.3 Results

So far, we have shown results on fairly simple, synthetic data as a way of validating

our approach. Now we demonstrate results on two more complicated data sets from real

scienti�c simulations. We conclude by reporting some data from all the models.

Figure 4.11 shows a 2D turbulent �ow from a simulation of a swirling jet. It simu-

lates the situation of an in�ow into a steady medium. The domain is a structured grid with

251x159 cells. The topology of the �ow has a very complicatedstructure and contains

about 300 critical points. The extremely dense distribution of critical points makes it hard

to seed streamlines using feature-guided strategies. Figure 4.11(a) shows the result using

the typical Euclidean distance placement without detecting self-closure. It contains some

obvious visual clutter artifacts. The computational time is roughly three times longer than

for the other visualizations in Figure 4.11 because closed streamlines only stop integra-

tion when the streamline length is beyond some user-de�ned maximum length, consuming

unnecessary computational time. Figure 4.11(b) shows a visualization that still use the

Euclidean distance, but terminate the integration of closed curves. Figure 4.11(c) shows

the result from our similarity-guided strategy with self closure detection. The separation

distance is reduced from (a) and (b) so that we get the same number of streamlines in all

three. Figure 4.11(c) favors interesting regions with longer and more streamlines. We can
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(a) (b)

(c) (d)

Figure 4.11: Swirling jet data set.(a) Euclidean metric without self-separation testing.
(b) Euclidean metric with self-separation testing and closure. (c) Similarity metric, same
number of streamlines as (b).(d) Euclidean metric, same separation threshold as (c). The
separation threshold is 3.0% of the �eld width for (a), (b) and 3.5% for (c) and (d). In (c),
the window size is 10.0% of the �eld width and the shape coef�cienta is 3.0.
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Data 1.vec om08 3d.vec KDP
Struct uniform structured uniform curvilinear
Dim 70x70 251x159 128x128x128 192x192x64
dsep 0.03 0.035 0.06 0.1
window 0.1 0.1 0.1 0.2
a 2.0 2.0 3.0 3.0
Time 13.2 122.5 558.9 974.5
Lines 154 166 126 148

Table 4.1: Statistics of several data sets. Thedsep is the distance of separation in terms of
the percentage of �eld width, as is the window size. The processing time is in seconds.

see more structure in (c) than in (b) almost anywhere we look closely.

Figure 4.12 shows a 3D magnetic �eld from an MHD simulation ofionized gases

around a black hole. The �eld is symmetric, so the streamlines may be traced through

a spherical volume, though the data is in one sphere quadrant(minus some small cutouts at

the center and down the polar axis). The curvilinear grid hasa huge range of cell sizes, with

the smallest ones at the smallest radii and closest to the equatorial plane. The magnetic �eld

has no critical points. In Figure 4.12(a), we use a variable density function to emphasize

the region close to the polar axis. Streamlines in this region tend to follow a fairly tight

coil up the axis. In Figure 4.12(b), we emphasize the streamlines near the equatorial plane,

which tend to wind around in a much broader pattern.

We have implemented the streamline generation algorithm ona Linux PC equipped

with 2.4 GHz dual AMD Opteron 250 CPU, 8GB RAM. Table 4.1 presents some timing

data for several test models. We use one seed point per grid sample. The 1.vec data (Fig-

ure 4.10) is a simple 2D synthetic data set provided with Abdelkrim Mebarki's streamline

placement package. The om08 (Figure 4.11 is a complex simulation of a swirling jet with
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(a) (b)

Figure 4.12: Relativistic MHD simulation magnetic �eld datausing variable density func-
tions emphasizing:(a) Polar axis region(b) Equatorial region

Figure 4.13: Number of streamlines versus generation time for two data sets.
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an in�ow into a steady medium. The 3d.vec (Figure 6.4) is a synthetic data set we gener-

ated to contain six critical points. KdPhrg (Figure 4.12) isa magnetic �eld resulting from

a relativistic MHD simulation of ionized gas in proximity toa black hole. Figure 4.13

demonstrates the relation between the processing time and the number of streamlines gen-

erated. Since the similarity distance check is the most crucial operation in our algorithm,

the computing time grows fairly linearly with the number of generated streamlines. There

is also a small factor corresponding to the number of seed points.
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Chapter 5

Dynamic Streamlines: Case Study,

Visualizing Time-varying Magnetic

Field in Ideal MHD

The need to demonstrate the evolution of time-dependent vector �elds and the dif�culty

of demonstrating both temporal coherence and change have motivated a lot of research ef-

forts in this area. However, visualizing time-varying vector �eld is one of the hardest

problem in scienti�c visualization. In this chapter, we discuss a special case in this subject,

visualizing time-varying magnetic �eld in ideal MHD. We �rst describe the unique charac-

teristics of the ideal MHD. We then present our new algorithmfor this speci�c vector �eld

data, which provides an animation with streamline representation for every time step. We

conclude by providing our experimental results.
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5.1 Magnetic Field in Ideal MHD

An ideal MHD means that the electrical conductivity is in�niti and there is effectively

no resistivity. Whenever the �uid has high electric conductivity, �uid elements cannot

cross magnetic �eldlines. They can slide along �eldlines, but once attached to a particu-

lar �eldline, they remain permanently associated with it. This phenomenon is known as

�ux freezing, a feature of the theory of ideal MHD. Electric conductivity high enough for

�ux freezing to be maintained is found in essentially all metals (they are �uid, of course,

only when molten or gaseous) and in any �uid with a signi�cantionization fraction. Flux

freezing can be seen in laboratory settings in such common materials as mercury (which

is liquid at normal temperatures and pressures), high temperature gases, or any experiment

aimed at controlled nuclear fusion. It is also the predominant state of matter in space and

stars.

In our simulations, the corresponding velocity �eld data isproduced at the same time as

the magnetic �eld. The velocity �eld contains signi�cant information about the evolution

of magnetic �elds and plays an important role in our visualization.

5.2 Our algorithm

As mentioned in Chapter 2, for magnetic �elds, animation representation is preferable

to steady representations. At every time frame, streamlines are needed for the magnetic

�eld as a direct graphical symbol of magnetic �eld lines. Ourmethod tracks a �xed set of
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streamlines over time, calleddynamic streamlines. The key idea is to identify individual

streamlines at different times according to the motion of a selected �uid element. The

motion of the �eld is recorded by the velocity �eld produced by the same simulation.

We start with a set of seed points and initially grow streamlines from them. Considered

as a �uid element, the position of every seed point at the nexttime instant can be calculated

using the associated velocity �eld data generated simultaneously. According to the de�ni-

tion of �ux freezing, every seed point is permanently attached to its streamline. In other

words, the streamline moves with its seed point along time. For every subsequent time step,

streamlines are integrated from the new positions of the seed points. The same color is used

to identify streamlines growing from a particular seed point at different times. Since the

time resolution in the simulation was designed to be �ne enough to capture the evolution

of the �eld with reasonable precision, the movement of streamlines will not be too large.

In our experiments, this color scheme identi�es individualstreamlines at consecutive time

steps.

As we will discuss in the next chapter, every step of simulation and visualization may

introduce its own set of errors. The linear integration of a streamline accumulates not only

the numerical error from the integration, but also the errorintroduced in the previous stages.

To be useful, a streamline should not grow any longer if the accumulative error is larger

than some known limit. In Section 5.2.2, we describe the criteria for streamline integration

in more detail. First, we discuss how this initial set of seedpoints should be selected.
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5.2.1 Initial Seeding

The utility of dynamic streamlines crucially depends on theposition of the seeding

points, as is the case in streamline placement for steady �ow. A good balance is needed

between depicting interesting parts of the �ow, and avoiding clutter and occlusion. The

placement method based on similarity distance can be used for the initial time step. If prior

information about the scientists' interests is known, thiscan be used to guide the choice of

seed points. For example regions with a large magnitude of velocity may be important, so

that more streamlines may be seeded there. In the current version of our dynamic streamline

system, we provide an interactive seeding utility to the scientists, allowing them to put the

initial seeding points at the �rst frame as desired.

5.2.2 Criteria for streamline integration

Where to stop

For streamline placement, we need to answer two questions: where to start the integra-

tion of a streamline, and where to stop the integration. Whilethe former question is the

focus of much research work, and has been discussed in detailin the present thesis, the

latter question, has received relatively little attention.

In many situations, control of terminating the integrationprocess is taken by another

part of the system, and does not have to be considered explicitly. For example, streamline

integration would stop when the streamline reaches the boundary of the �eld. Or, in our
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similarity-based approach, the streamline integration stops when the growing streamline

becomes too similar to existing lines. If there are no such conditions to stop the integration,

there is a danger that a streamline may integrate inde�nitely, accumulating error as it grows

and evolves.

Different types of error arise in the simulation and visualization phases. During the

streamline integration, error can accumulate when the error exceeds some bounds and the

corresponding streamline may become perceptually inaccurate. One simple example is

integration error, which has been considered in many visualization systems. Adaptive in-

tegration methods, such as adaptive Runge-Kutta, methods, are commonly used to provide

an estimate of the local error of a single integration step. Bycontrolling the step size,

the local truncation error may be kept within a tolerable range. However, the information

about other potential factors, such as the inaccuracy from simulation process, may not be

available or easy to use. How the various factors compound, cancel or otherwise interact is

also important. All these complexities make it hard to determine the appropriate length of

streamlines.

For �ux freezing

The �ux freezing property of ideal MHD provides us with a useful criteria for stream-

line integration. We know that magnetic �eld lines are dragged only by the velocity �eld

in ideal MHD. Given the corresponding velocity �eld, we can determine the maximum

distance between the same streamline in contiguous time steps. The pseudocode for our
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Figure 5.1: The pseudocode for the streamline integration in �ux freezing.

streamline integration algorithm is shown in Figure 5.1. For each seed point, we itera-

tively grow the streamline by applying adaptive fourth order Runge-Kutta integration. As

we do in similarity-guided streamline placement, we �rst use a small thresholddSel f Sep

to terminate the growth of a closed loop. In the initial time step, streamlines don't have

previous locations. The integration is terminated when thestreamline is longer than the de-

sired maximum length,maxLength. Otherwise, the corresponding velocity �eldvelField

and the time intervaldeltaT between the current time step and the previous one are used

to determine the distance bound between the streamline and its previous location at the

current integration point. When the actual distance is larger than the bound, the streamline

integration will be stopped. In our implementation, the distance bound is calculated by

multiplying the velocity, the time interval and an error tolerance, which is slightly larger

than 1.
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As expected, relative big truncations will probably occur for streamlines between the

�rst two frames. After that, the change, both truncation andextension, will be more gradual.

We can truncate streamlines in the �rst frame according to the second frame to maintain

a better consistency between these two frames. In our current system, we omit the big

truncations between the �rst two frames because it is not bothering our scientists after they

knew the reason.

5.2.3 Move seed points vs move steamlines

Given the fact that �uid elements are attached to �eldlines permanently in ideal MHD,

there is another brute force option for tracking streamlines. A streamline consists of an

ordered set of points, each of which can be considered as a �uid element. So, ideally

moving each point on a streamline to its new position and connecting them together should

give us the same result as the one in the previous section.

However, even if we assume that every part of our calculationis correct, moving seed

points and moving entire streamlines does not necessarily lead to the same result. This is

because our simulation's �nite difference equations introduces inaccuracies in the simula-

tion, resulting in �eld lines are not completely attached to�uid elements. In order to re�ect

the results of the simulation more accurately, we choose to calculate the stream lines from

a seed point using a snapshot of the simulation data.

The pseudocode for generating dynamic streamlines is shownin Figure 5.2. An initial

group of seed pointsSeedsare set explicitly by the user. Those seed points are moving
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forward along the velocity �eld. For each time step, a streamline is integrated from every

seed point inSeedsusing the algorithm shown in Figure 5.1.

Figure 5.2: The pseudocode for the streamline integration in �ux freezing.

5.3 Comparison with previous work

Jobard and Lefer [21] proposed an approach to visualize time-varying 2D vector �elds

by animating streamlines. Their approach correlate streamline pairs at different time steps

by evaluating the correlation criterion, which is de�ned based on the distance and shape of

streamlines.

Both our method and the one proposed by Helgeland and Elboth [16] adopt the idea of

moving particles or seeds according to a second ”motion” vector �eld - the velocity �eld.

However, our approach differs from that of Helgeland and Elboth (2006) in many aspects.

The essential difference is the �nal representations for each time step. We use geometric-
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based streamlines, in contrast to the 3D LIC texture used by Helgeland and Elboth (2006).

Our method makes the tracking of a particular �eld line much easier, and their method

is more suitable for providing a global overview of the �eld.In our method, stream line

representation gives you longer �eld lines, which is favorable for magnetic �eld, and we use

a more meaningful way to decide the appropriate length for streamlines. In their method,

the integration of �eld lines is performed on a short path with a �xed length.

5.4 Results

Our system is the �rst to use streamlines for 3D time-varyingelectromagnetic �elds. In

this section, we demonstrate our approach with examples from our MHD simulations.

In Figure 5.3 (a), we randomly generated an initial set of streamlines from the �rst

time step. A maximum length of streamline is set to be 500 units . In Figure 5.3 (b, c,

d), all seeding points are moved based on the corresponding velocity �eld. All streamlines

are guaranteed to be within a �xed distance from its previouslocation by stopping the

integration appropriately.
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Figure 5.3: Several time steps in a temporal sequence from the KDPhrd astronomical simulation data. Dynamic Streamlines
are used to represent magnetic �eld lines. The solid ball on streamlines is used to mark the seed point position.
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Chapter 6

Objective Evaluation of Visualization

6.1 Source of Error

To better understand the signi�cance of objective and quantitative evaluation, it is im-

portant to initially determine where the inaccuracy or error is introduced in the pipeline of

scienti�c simulation and visualization.

Visualization can be thought of as constructing models of models of models. First,

the numerical simulation uses a mathematical model to represent a physical system. The

mathematical model generally assumes an ideal case of the physical system, rather than

the real one, and the inherent simpli�cation of the real problem introduces the �rst layer of

inaccuracy. Secondly, discretization of the mathematicalmodel required by the numerical

solver introduces another class of errors. Both the approachto do the discretization, and

the choice of resolution, effect the amount and type of the error introduced.
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Simpli�cation errors and discretization errors are usually well studied and understood

by the scientist before the simulation data is accepted and sent to the visualization system.

Thus, we do not consider these errors when we evaluate our visualization. We assume that

the data from the simulation is the exact data we want to studyand visualize.

Almost every visualization system introduces its own set oferrors. Some may truncate

or resample the data before applying the visualization algorithm. If the visualization tech-

nique assumes continuous data �elds, such as texture-basedrendering, interpolation needs

to be performed in order to get data between sample points. When the interpolation scheme

used is inconsistent with the interpolation used by the simulation, additional errors will be

introduced. For streamline-based methods, numerical error is accumulated along the linear

integration of the streamline. More numerical errors may come from rendering due to the

limited data precision supported by the graphics card.

In the present chapter, we address only the numerical error introduced in the conversion

between the data and the graphical representation. Although gaining a better understanding

of the numerical error in this individual stage is insuf�cient, increasing scientists awareness

of this error information is, nonetheless, a signi�cant part of evaluation. In next section,

we describe a uniform evaluation strategy abstractly, as well as its implementation on the

two visualization techniques we introduced in chapters 3 and 4. Experimental results are

included to demonstrate the effectiveness of our evaluation mechanism.
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6.2 Our Evaluation Strategy

The goal of scienti�c visualization is to use graphical tools to reveal underlying prop-

erties of the data �eld in an easy-to-understand way. We may consider visualization as a

true alternate representation of the data �eld. So ideally,the information contained in the

visualization should be the same as that contained in the original �eld. If the visualization

successfully represents most of the information in the �eld, then the �eld data should be

reconstructable from the visualization. Inspired by this concept, we introduce a novel error

measurement which provides an objective and quantitative analysis of visualization.

Let us denote the original �eld data asF, containingn grid points,F0::Fn� 1. F can be

any type of data, scalar, vector or tensor �eld. Assume thatS is a visualization generated

to representF. If F
0
(S) is the data �eld reconstructed usingSand resampled at the original

n grid points, then we de�ne the error �eld as:

E j (S) = di f f (Fj � F
0

j (S)) (6.1)

wheredi f f measures the absolute difference between two data, and can be de�ned accord-

ing to the particular data type and application, and we de�nethe total error as:

E(S) =
1
n

n� 1

å
j= 0

E j (S) (6.2)

E j (S) is non-negative soE(S) has no error cancellation in the sum.
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Our strategy contains two steps: reconstruction and comparison. The implementation

of both steps may vary with the data �eld and visualization technique. In the following two

sections, we present our implementations for texture-based scalar �eld visualization and

for streamline-based vector �eld visualization. The results of both implementations agree

with human visual perception in many aspects.

6.2.1 For texture-based scalar �eld visualization

The key idea of our warp texture based scalar �eld visualization algorithm is to use

the warp texture as the approximate reconstruction of the warp-function, which is also the

main source of error in our algorithm. Many methods can be used to measure the geometric

distortion in the warping function introduced by the this approximation. A direct approach

may be to measure the error in the resulting scalar values, ifthey are known in advance.

This is helpful primarily if the scalar values are generallyR3-coherent – in other words, the

grid coordinates close inR3 have similar scalar values. Similarly, one could measure the

color error resulting from application of the transfer function to the incorrect scalar value.

For our warp texture based method, we �nd it is most approrpriate to adopt the method

meaningful to measure the error in the warp function.

As we know, the inverse warp function is provided with the original grid. Applying

our error measurement mechanism, we apply the approximate warp function followed by

the inverse warp function to a point in Euclidean space. Ideally, the result should be the

original point. We measure the geometric distortion of the approximate warp function as

88



Figure 6.1: KDPhrd astronomical simulation data with density values logarithmically
mapped to hue. (a) White square indicates zoom-in region for the bottom rows of b through
e. (b-e) Top row shows error values larger than 0.009 percentof the bounding box diagonal
in red. Bottom row shows close up of rendering quality.

the Euclidean distance between the original point and this mapped-back point.

Reconstruction

For a point,pe, in Euclidean space, we evaluate the warping texture atW(pe) using tri-

linear interpolation of neighboring voxel centers to compute its corresponding point,pg, in

grid space. In our rendering method, thispg would be used to look up the scalar texture for

the according scalar value atpe. It is considered as the input of the reconstruction stage in

our evaluation mechanism. Now we use the original inverse warp function provided with

the curvilinear grid to mappg to its correct location,p0
e, in Euclidean space.
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Figure 6.2: Statistics for several data sets. Grid resolution is the number of data points in
the curvilinear grid. Warp resolution is the resolution of the created warp texture. Mean
error and standard deviation are measured as a percentage ofthe bounding box diagonal
(i.e., error/diagonal*100).

Comparison

We de�ne di f f in Equ. 6.2 as the distance from where we are rendering a particular

scalar value to where that scalar value ought to appear, which makes error de�nition be:

E j (S) = jj pe � p0
ejj = jj pe � W� 1(W(pe)jj (6.3)

whereW is the warp function.

This error is independent of the rendering parameters, suchas viewpoint and window

size. A set of points can be chosen to measure the total error.

Results

In Figure 6.1 (seen previously as Figure 3.8), the upper row and lower row from column

b to e give visual comparisons between quantitative errors and the corresponding rendering

qualities.
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Figure 6.3: An implementation of evaluation strategy on streamline-based vector �eld
visualization

Figure 6.2 presents some data for several test models. We seethat even small resolutions

for the warp texture provide reasonable accuracy. The mean error remains rather small with

respect to the warp texture voxel size, ranging from 0:002% to 0:02%.

6.2.2 Evaluation of streamline-based vector �eld visualization

In streamline-based methods, even if we can guarantee the correctness and accuracy

of streamline, the visualization may still be very misleading. In Figure 6.4 , there are

many blank areas in the two streamline representations. Given these representations, our

brain performs some form of interpolation to understand theblank area. Although every

streamline in the left of Figure 6.4 is integrated and drawn correctly, we may get wrong

91



Figure 6.4:Left: Euclidean distance metric,Right: Similarity distance metric in 3D using
the same number of streamlines.

information about some blank areas if we incorrectly interpolate from those streamlines,

for example, the six critical points will be missed.

Our evaluation mechanism approximately simulates the process performed by our brain

by reconstructing the vector �eld from the set of streamlines. Comparing the result with the

input data �eld shows the difference between what we think the vector �eld is, and what it

really is.

Vector Field Reconstruction

Reconstruction of a vector �eld from streamline sample points is a problem of scattered

data reconstruction. Although more sophisticated solutions to this type of problems are

known (e.g. [2, 14, 40]), we use a linear interpolation approach as a proof of concept.

Assume that a streamline visualizationS of a vector �eld V containsn streamlines
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Si ; i = 0;1; :::;n. For k-dimension grid,V hasdim0 � dim1::: � dimk grid pointsgi with an

associated vector valuevi :

V = ff gi ;vig; i = 0;1; ::::;dim0 � dim1::: � dimk � 1g (6.4)

Each streamlineSi consists ofmi ordered pointspi
j ; j = 0;1; :::;mi. We useP to denote the

union of points on streamlines inS:

P = f pi
j ; i = 0;1; ::::;n; j = 0;1; :::;mig (6.5)

We �rst compute the Delaunay triangulationDTri of P in 2D or 3D. We use Qhull [1]

for the triangulation in our current implementation. Only unconstrained triangulation is

used now because constrained Delaunay triangulation in 3D may be ill-posed, requiring

the addition of extra samples (i.e., Steiner points). Next,for each pointpi
j in P, we com-

pute a tangent vectort i
j using local differences and normalize it. So we have a Delaunay

triangulationDTri and each vertex inDTri has an associated vector value.

For each grid pointgi in V, we perform a point location query inDTri, then perform

linear interpolation of the cell corners' vector value using barycentric coordinates and nor-

malize the result, which we denote asv
0

i The Delaunay triangulationDTri generally can

not cover the whole grid space. For points outside the triangulation of the sample points,

we clamp to the nearest value on the triangulation as a simpleextrapolation technique. We

currently accelerate the point location queries using a uniform grid.
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Comparison

We intentionally use the residual asdi f f in Equ. 6.2 here rather than the angle between

the vectors because it is more general – it applies even if thevectors are not unit length. So,

our error de�nition for streamline-based vector �eld visualization is:

E j (S) = jjv j � v
0

j jj (6.6)

This brings up the interesting point that a basic streamlinerepresentation can only represent

the directions ofV, but not the magnitudes. In this case, we take the residual between nor-

malized versions ofV andV
0
(S). However, in some other cases, streamline representations

may logically include the magnitudes at each sample, as for example, if the magnitudes are

used to color the streamlines. In such a circumstance, we canreconstruct a non-unit-length

V
0
(S) and take the residual between the two non-unit-length vector �elds.

If the orientation of each streamline in the visualization is uncertain, it may be reason-

able to assume the orientation of each streamline, which minimize the total error.

Results

Figure 6.5 shows the residual magnitude �elds for Euclideandistance-based placement

versus similarity-based placement with the same number of streamlines (using the stream-

lines from Figure 4.3). It is not surprising that most noticeable errors occur near the critical

points, and these are reduced by our approach. Another comparison between the residual

magnitude �elds for farthest point seeding placement versus similarity-guided placement

is shown in Figure 6.6.
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Figure 6.5: Streamlines generated by Euclidean metric and our similarity metric are shown
in the upper row. Images in the lower row are corresponding error �elds showing in grey-
level.

In Figure 6.7, four different visualizations generated using our similarity-guided place-

ment are given with the corresponding error �elds.

Table 6.1 compares the reconstruction errors of our new similarity-based method and

the Euclidean distance based method on 2D and 3D data sets.
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Data Metric Streamlines Avg. Error Improvement
om08 Euclidean 171 0.054

similarity 166 0.034 37%
3d.vec Euclidean 127 0.12

similarity 126 0.084 30%

Table 6.1: Comparison of our method with Euclidean distance based method in terms of
reconstruction error. The average error is measured by considering the vector data as all unit
vector. The error would fall in the range of 0 to 2. The improvement gives the percentage
of error reduction by using similarity distance instead of Euclidean distance

Figure 6.6: Streamlines generated by the farthest point seeding placement [38] and our
similarity-guided placement are shown in the upper row. Images in the lower row are
corresponding error �elds showing in grey-level.
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Figure 6.7: Four different visualizations of the same �eld data are shown in the upper row. Images in the lower row are
corresponding error �elds showing in grey-level.
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Chapter 7

Conclusions

7.1 Conclusions

In this thesis, we developed four major techniques that address several challenges of

visualizing data sets from scienti�c simulations: (i) warptextures for interactively visu-

alizing 3D time varying scalar �eld data on a curvilinear grid, (ii) a similarity metric for

implicitly data-related, density-based, streamline placement, (iii) dynamic streamlines for

visualizing 3D time-varying magnetic �eld data, and (iv) a uni�ed quantitative evaluation

strategy for scienti�c visualization.

First, we introduced a new 3D texture-based algorithm for visualization of time-varying

curvilinear grids. By factoring out a static warping function from the time-varying scalar

data, we essentially convert the complex problem of rendering curvilinear grids to the sim-

pler problem of rendering regular grids with an additional level of indirection. The use of a
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precomputed 3D warp texture serves as an accelerated point location query from Euclidean

space into grid space. Our approach eliminates the need to resample the scalar data for each

time step, and maintains a relatively low space requirementfor storing and transmitting the

data.

Second, we proposed the idea of a similarity metric for measuring streamline proximity,

and demonstrated a streamline placement algorithm using similarity to drive the selection

of streamlines and their lengths. This new approach favors streamlines near interesting �ow

features, such as critical points and separations, withoutthe need for explicitly enumerating

these features.

Third, we introduced the dynamic streamline for visualizing 3D time-varying magnetic

�eld data from ideal MHD. With the bene�t of �ux freezing in ideal MHD, we were able to

identify individual streamlines at different times according to the associated velocity �eld

data. Being able to track individual magnetic �eldlines though time makes our visualization

an insightful tool for studying magnetic �eld data. In addition, our approach controls the

integration of streamlines according to the error accumulation, and bounds the accumulated

error.

Finally, we introduced an objective and quantitative evaluation strategy for scienti�c

visualizations to measure how well they preserve the information in the original �eld data.

We demonstrated that the evaluation results for both warp-texture based visualization of

scalar �eld data, and streamline representations, seem to be in accordance with human

perception in many aspects.
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7.2 Future Work

We recommend several key directions for future work based onthe research presented

in this thesis:

7.2.1 Warp Texture Based Visualization

Currently, the adaptive warp texture algorithm manually places extra warp textures at

the region with high error. In the future, an automatic, hierarchical placement of multiple

warp textures can be used to minimize the error with some desired storage size for the warp

texture.

For time-varying play back, some texture compression methods can be incorporated

into our current algorithm to reduce the bandwidth requirement when the total data is too

large to be �tted simultaneously into video memory.

Our warp texture-based algorithm cannot directly be applied to a grid with some de-

generacies or multiple zones. In our algorithm, the boundaries of the grid need to be kept

separated from each other, which is not possible when the grid has some degeneracies. In

the future, we would like to consider splitting the originalgrid into multiple grids such

that each grid contains no degeneracy. In this way, the dif�culty of the grid's degeneracies

merges with the dif�culty of dealing with the grid with multiple zones. To deal with the

grid with multiple zones, there are many sorting algorithmsto choose from to sort multiple

zones with respect to each other at render time and render them in sorted order.

Although we have demonstrated the use of our warp texture in the context of slice-based
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volume rendering of curvilinear grids, it should be useful in other contexts as well, such

as ray casting of curvilinear grids and particle and streamline tracing through curvilinear

grids.

7.2.2 Similarity-based Streamline Placement

The placement algorithm can be further improved. For example, it may bene�t from

more carefully chosen order of seed point growth, such as thefarthest point formulation

of [38]. It may also be bene�cial to add more types of moves to our optimization process,

as in [54], making the initial placement order less crucial and less sensitive to a particu-

lar randomization. Furthermore, a more ef�cient spatial search structure can be used to

accelerate the generation of the streamlines.

7.2.3 Dynamic Streamline Placement

As demonstrated in Chapter 5, we choose to use interactive seeding for the initial seed-

ing of dynamic streamline placement. However, there are several possible extensions to

the initial seeding. Naturally, our similarity-guided placement method could be used to

provide a feature-favored visualization for the �rst frame. For some application, the corre-

spondent velocity �eld could be used as a guide of favoring potential interesting regions.

The differentiation of the magnetic �eld could also be used to determine the initial seeding

of dynamic streamlines.
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7.2.4 Objective and Quantitative Evaluation of Visualization

Our evaluation strategy for texture-based volume rendering and streamline-based vec-

tor �eld visualization was demonstrated in Chapter 6. We choose to use very intuitive

and simple reconstruction methods in our error measurement. It would be interesting to

compare these approaches with other reconstruction metho`123490ds, which may be more

suitable for these applications. We also intend to apply ourevaluation method on other

visualizations, such as LIC-based visualization.

In practice, it may be desirable to calculate the error differently, based on some other

information. For example, any error induced by shifting or distorting the data in the space

is generally more tolerable than arbitrary and irregular errors. We would like to employ

some techniques from image comparison domain to weigh errors differently based on their

types. If the location of interest is known, we may score the visualization favoring these

interesting regions higher by weighing the error accordingly.

7.2.5 Error Metric Based Streamline Placement

The error metric we used in our quantitative evaluation strategy may be used for opti-

mizing streamline placement. An iterative method can be used to bound the error by creat-

ing new streamlines to �ll large error regions and decreasing the number of streamlines in

regions with low error.
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