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Abstract

Researchers have long been interested in developing ardeegerstanding of the key
physical mechanismsin uid dynamics. Of particular intgrare the complex relationships
between the multiple scalar and vector quantities usedaackerize scienti c phenomena
within the ow. Efforts to achieve a fundamental understangdof these key physical
mechanisms remain limited mainly because of a lack of unaledsng of the nonlinear

interactions that occur among the components of the ow.

The goal through this work is to enable researchers to obtairccinct, meaningful visual
summary of the contents of a dataset that consists of melltgpincident variables. This is
accomplished through providing techniques that allow tieaiton of an image in which the
important features of multiple scalar or vector elds canunelerstood both independently

and in the context of the other elds.

This research offers several new techniques for effegtiveding color and texture
to simultaneously convey information about multiple codted scalar and vector
distributions. Speci cally, we introduce:

color weaving an alternative to traditional color compositing for sitameously
representing multiple distributions by allowing colorskie closely interwoven via
the assignment of distinct separate hues to individuahstliaes

applying natural textures to streamlines to create a ridiMgrse set of possibilities
for the visualization of multiple distributions within a v

embossing to encode the out-of-plane component of a 3D vettbde ned over a
2D domain

visualizing multiple 2D vector elds using strategies itvimg layers of disparate
textures and overlapping streamlines

These methods ultimately enhance the ability to providégiisinto the complicated

interactions that occur within multi- eld ow data.
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Chapter 1

Introduction

The eld of scientic visualization focuses on creating iges that convey salient
information about underlying data [22]. The visualizatimindata makes it possible for
researchers, analysis, engineers, and the lay audiendeaim insight in these data in an
ef cient and effective way, thanks to the unique capataitof the human visual system,

which enable us to detect interesting features and patiteanshort time [82].

The way information is displayed has a profound impact on tow interpreted. Like

mathematics, the principles of the design of images is usaleand are independent of
any speci c language or culture. For these reasons, it iomant to analyze the method
of information visualization, and create images that aaigly re ect the data represented

[72, 73, 74].

1.1 Motivation

The goal of scienti ¢ visualization is to represent infortioa in a manner that is easy
to interpret, accurate, and lends itself to a fundamentdetstanding of the underlying

organization of the information being displayed. Whethensciously considered or



not, the process of evaluating and analyzing scienti ¢ &lgation images relies upon
human visual perception and aesthetics [57]. To producermage that successfully
re ects multi- eld data it is necessary not only to be acderan the representation of
individual distributions, but also to portray each spea@@mponent in a way that does not
interfere with the accurate perception of the other compts& his process of successfully
combining variables has important applications in analyzihe scientic phenomena

represented by multi- eld data.

A multi- eld dataset is a collection of data in which severalated distributions exists at
the same location. A dataset that includes pressure ancetatnpe at each sampling point
is an example of a multi- eld data set. Current scienti ¢ exjppnents and computational
models are capable of generating a wealth of informationchmaf this data includes
multiple coincident variables. What has become apparenugh the collection of this
data is the dif culty involved in extracting important infimation from these datasets, and
the lack of adequate tools that are available to ef cientiglsgize them. In this dissertation,
we discuss several different visualization techniquesha purpose. Our ultimate goal
through this work is to enable researchers to obtain a scicemeaningful visual summary
of the contents of a dataset through providing techniques atiow the creation of
images in which the important features of multiple disttibns can be understood both

independently and in the context of multiple other disttidas.

1.2 Overview

This dissertation presents a combination of methods thaioagph the task of multi- eld

ow visualization.

Chapter 2 provides three different kinds of backgroundrmiation: visualization (section

2.1), uid dynamics (section 2.2), and astronomy (2.3).sI¢tiapter is important because it



provides the foundation of work that the contributions preed in the dissertation are built
from. The visualization section reviews the relevant wookel in the ow visualization
and multi- eld visualization communities. A backgroundtime application areas of uid
dynamics and astronomy is included to assist the readerllowiog the discussion of
the images throughout the dissertation. While the algortideveloped are not limited to
only applications in astronomy or uid dynamics, we have lgggbthe techniques to very
a very speci ¢ set of problems in these elds. We have incldideese sections to give
a background of the problems challenging scientists, éskah working vocabulary, and

de ne the terms used throughout this volume.

Chapter 3 addresses several visualization techniquegrsksito graphically depict
components of ow. We illustrate direct and texture-basea, explain how the relative
velocity of the observer effects ow visualizations, anddebe methods to depict direction
of ow within a static image. We also discuss the differencetvieen streamlines,

streaklines, and pathlines.

Chapter 4 presents different techniques for the visuatimadf scalar elds within ow
images. Effective color use is motivated by the introduttid a novel technique that
provides an alternative to traditional color compositinge also discuss the role of 3D
graphics used to depict a scalar value. The perceptuaklimits that prevent individual
techniques representing scalar values to be effectivehbared is illustrated through the
combination of contrast and luminance. This leads to a tgcien based on embossing,
that has been developed to encode the out-of-plane compohar8D vector eld over a

2D domain.

Chapter 5 describes the approach of using textures to mavidonsistent and highly-
detailed visualization of multi-eld ow data. We discussow textures can be
geometrically mapped to streamlines and used to represemtelds. We demonstrate

how texture attributes and multiple textures can be utilierepresent various components



of the data.

Chapter 6 presents strategies for the visual represemtafioultiple vector elds. We
explore the range of effects that can be obtained by condisgveral existing ow
visualization techniques for the purposes of analyzingtiplel vector elds. We apply

the insights gained by the experiments to three differeletsicc applications.

We conclude in chapter 7 and discuss future work.

1.3 Contributions

The major contributions of the dissertation can be sumredras:

Colorweaving (section 4.1.3) [76]. This technique progiden alternative to
traditional color compositing in ow visualizations by alving multiple colors to
be closely interwoven via the assignment of distinct sépahaies to individual

streamlines, rather than blended.

Contrast and mean luminance analysis (section 4.3) [77i§geously examine the
abilities and limitations of using contrast and mean lumg®in the representation

of scalar values within a ow eld.

Embossing to represent scalar data (section 4.5) [77]. tHuisnique utilizes an
embossing algorithm to encode the out-of-plane compongat 8D vector eld

de ned over a 2D domain.

Flow visualization using natural textures (section 5.1)e Wesent methods that
utilize the qualities and attributes of natural texturesvigualize multiple scalar
distributions and multiple vector elds obtained acrosstadbmain in a turbulent

boundary layer ow.
Strategies for the visualization of multiple 2D vector sldsection 6.1) [78]. We

4



discuss strategies for effectively visualizing co-loce2® vector elds, enabling the
key physical structures of one vector eld to be clearly urstieod within the context

of a related vector eld.



Chapter 2

Background

The material in this chapter serves as a background for #eareh in the remainder of the
dissertation. The primary goal of our research is to prodtfifeetive visualization tools for

multi- eld data.

The techniques introduced in this dissertation have beeti splly applied to experimental
or computationally-generated data supplied by reseas¢héine Department of Astronomy
and the Department of Aerospace Engineering and MechanidieaUniversity of
Minnesota. This interaction between visualization resieens and domain scientists has
proven extremely bene cial to both parties. Through ourlatwbration we have both
advanced our ability to create effective visualizationd arade important discoveries that
further the development of important theories related &applications. The application
scientists played a critical role in de ning the specic m=ethat the visualization
techniques presented here were developed to address. itmoaddhey provided an
objective assessment of the functionality of the methadseims of how well they meet

their goals of gaining greater insight into their data.

Often times, a challenging component to this research isldping a common vocabulary

with the scientists in order to properly communicateat are the key physical structures



that need to be visualized in additioniowto go about visualizing the data.

In this chapter, we describe the basic fundamentals of wdaics and astronomy
necessary to understand the problems inherent with thd-raldtdata in each of these
domains. Furthermore, we examine the background of meltd-visualization and ow

visualization techniques.

Section 2.1 provides a background in techniques develapedtalize ow and multi-
valued data. We focus on texture-based techniques designeéepict a vector eld in
addition to other coincident variables. Section 2.2 sunmwearthe principles of uid
dynamics that are relevant to the collaboration with outeagues from the Department
of Aerospace and Mechanics at the University of Minnesota.eiplain the properties of
turbulent ow and the mathematically derived elds that aneportant to characterizing
regions of interest within the data. We also describe theeexmental setup to collect
data and a numeral simulation of turbulent ow. Section 2:3lp explains the
research currently conducted in the eld of computatiorfagics — namely in modeling
astrophysical jets. We supply an introduction and explanatdf the multi- eld data

generated by these simulations.

This dissertation builds upon the vast amount of literaiarscienti ¢ visualization —
particularly in the elds of ow visualization and multi- & visualization. In the next

section, we review many of the seminal works in these caieglor

2.1 Flow Visualization

Flow Visualizationa classic sub eld of scienti ¢ visualization, is a richlywetrse eld that
has applications in a variety of industries including: apace, automotive transportation,
chemical processing, weather simulation, climate modeland medical visualization.

Thus, the variety of solutions for ow visualization apmittons demands a diverse range



of techniques. In the following, many of the existing ow wuilization algorithms are

categorized and discussed in general before the literetuesiewed.

Data Acquisition

1
feature
geometry extraction

extraction l_
; == - ==
direct . tdenze § geometry |
visualization | | t€Xture-base oxtraction 1
visualization - _l_ -

visualization
visualization

User Perception

Figure 2.1: Classi cation of ow visualization techniqueased on [46] — from left to right:
direct, texture-based, based on geometric objects, atuléebased.

2.1.1 Classi cation

In a state of the art report on dense and texture-based owalization, Laramee et al. [46]
classify ow visualization into several different sub-egbries depending on the need of the
user. These categories include direct ow visualizati@xttire-based ow visualization,

geometric ow visualization, and feature-based ow visuzakion.

Direct ow visualization

This category uses a technique that directly transfers e td an image in the simplest
manner possible. These techniques provide an intuitiveeseptation of the data and
allow immediate investigation of the ow eld. Color codingn additional scalar attribute,
such as temperature or pressure, would be considered & diredsualization technique.

Perhaps the most straightforward approach to presentiegtarveld is to use a serious of

glyphs known as vector plots or hedgehogs [42].
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Texture-based ow visualization

This category uses a computed texture to construct a depsesentation of the ow. The
use of texture allows for a consistent, highly-detailed] aorrelated representation of a
vector eld. In most cases, the vector eld is used to deterathe resulting texture through

the Itering of pixel values.

Geometric ow visualization

This category includes techniques that rst identify gedmcebjects as a basis for the ow.
Examples of these objects include streamlines, streaklarel pathlines. These objects are
typically computed by using an integration-based appr@exchare used to depict behavior

induced by the ow dynamics [52].

Feature-based ow visualization

This category utilizes a two-step approach to visualizeigpher important features of the
data. First, important phenomena or topological infororats extracted from the data set.
Then, the visualization is performed on the extracted mfation — allowing for compact

and time-ef cient visualizations of potentially very lagglata sets [53].

The algorithms that belong to the dense and texture-basedvigualization category
comprise a suitable background for the ow visualizatiomgmnent of the dissertation.

In the next section, we examine the classic texture-basedvisualization techniques.

2.1.2 Texture-Based Flow Visualization

Textures have traditionally been used to visualize veadtds for the purpose of analyzing

the form and behavior of ow consistent with theoretical retaland to infer the underlying



behavior of experimentally-generated ow elds. The usd@fture allows for a consistent
and highly-detailed representation of a vector eld allogrian observer to both analyze

and better understand the dynamics of uid ow.

Spot Noise— Spot Noise, developed by Van Wijk [79], was one of the rstttee-based
algorithms used to display a ow eld. In this algorithm, axtere is produced from
weighted and randomly positioned spots deformed in acomelwith the direction of ow.

A spot noise texture is de ned by:

f() = &ah(x )
whereh(x) is called the intensity function; & a scaling factor, and ¥s a random position.

The original contribution of spot noise did not accuratedyect high, local velocity
curvature. Enhanced Spot Noise by De Leeuw and Van Wijk [8]Jausved spot primitives

to address this problem.

One advantage of the spot noise algorithm is that it allowgHe depiction of velocity
magnitude through the deformation of the spots. A compartsgtween spot noise and
LIC (the subject of the next review) conducted by de Leeuw\aardLiere [7] states that
the standard LIC algorithm uses normalized vectors and dokeallow for the perception
of velocity magnitude; however, LIC does provide a betteiseeof ow direction than spot

noise.

Line Integral Convolution — Line Integral ConvolutionLIC) was rst introduced by
Cabral and Leedom [4]. A widely-used and versatile algamithhe original algorithm
takes as inputs a vector eld de ned on a Cartesian grid anchdeanoise input texture.
Texels are convolved along calculated streamlines, usidterakernel, to produce an
output texture that is highly correlated in the ow direaticSpeci cally, given a streamline

s, LIC calculates the output texture by calculating the istgnl for a pixel located at

Xo = S(so) by
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VA sot+ L=2
1(Xo) = k(s s0)T(s(s))ds

S L=2
whereT stands for an input noise textukedenotes the Iter kernekis an arc length used

to parameterize the streamline curve, amgpresents the lter kernel length.

Fast LIC — Stalling and Hege [66] achieved an order of magnitude as&én the ef ciency

of the LIC algorithm by taking advantage of coherence aldangasnlines and increased
the delity of the resulting output image by using a fourthrder Runge-Kutta method
for streamline calculations. This results in the compotabf the output texture being

streamline oriented, not pixel oriented.

LIC with Normal — Scheuermann et al. [62] combined surface deformation Llith

to visualize three-dimensional vector elds de ned on a tdilmensional manifold. The
normal component is used to deform the manifold and is rexatlas a three-dimensional
scene. A similar approach presented by Sanna and Montauf&9ji uses bump mapping

to encode an arbitrary additional scalar variable over #oveeld.

LIC with Flow Direction —One disadvantage of traditional LIC images is that thectiva

of movement in a ow is ambiguous. Animation can be used to entldat information
explicit [4, 33, 66]. Wegenkittl, Groller, and Purgathof87] introduced a technique called
Oriented Line Integral Convolution (OLIC) that addresdes issue in a single static image.
The OLIC algorithm, in essence, uses a sparse texture réisgnmik droplets on a page
as input and a ramp-like convolution kernel smears the dtsgccording to the vector
eld, resulting in a collection of streaks in which intensiincreases from tail to head.
Computation time for this method was signi cantly reduceitihwvthe introduction of Fast
Oriented Line Integral Convolution (FROLIC) [86]. More eatly, in another approach
similar to OLIC, Sanna et al. [60] propose a Thick Oriente@&t Lines (TOSL) method,
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in which the orientation of a ow is depicted by increasing tluminance along calculated

streamlines.

Multi-frequency LIC — Kiu and Banks [41] illustrate how using a multi-frequen@jise
texture can be used to demonstrate components of a ow ekingmulti-frequency input
textures along with increased Iter kernel lengths allow tlesulting image to incorporate

indications of velocity magnitude.

Texture Mapping Flow — Verma, Kao, and Pang presented a method for generating
LIC-like images through texture-mapped streamlines daflelC (Psuedo-LIC) [83]. By
experimenting with different input textures, both LICdikmages and streamline-like
images can be produced. Taponecco and Alexa [68] introdanealgorithm that used

a Markov model approach to synthesize a texture accordiagdw eld. This technique
uses a strongly directional texture that is rotated acogrdo the vector eld. The
resulting image is created in a pixel-by-pixel manner usitagkov Random Field texture
synthesis. Shen, Li, and Bordoloi [65] utilize texture miagpin addition to analysis of
three dimensional geometric properties to volume rendeetdimensional unsteady ow

elds.

2.1.3 Multi-Field Visualization

Multi- eld data andnulti-valueddata both consist of multiple variables that are spatially
coincident over the domain. The termmulti- eld and multi-valuedare distinguished by
how the multiple variables are derived.rulti-valued datamultiple variables are derived
from a single calculated or sampled variable. In the PIV expents, for example, the
velocity eld is experimentally generated and the quaastpf vorticity, Reynolds shear
stress, and swirl strength are mathematically derildalti-valueddata, however, is a more
general term the describes a dataset of multiple coincidatidébles, including variables

that are derived or obtained in a different manner.
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Multi- eld visualization refers to the techniques devetapto analyze multiple variables
that exist on the same domain. Classic examples are scalareztor variables that co-
exist, or tensor data visualization. In the following, mafythe existing techniques that

allow for the visualization of several different co-exigji elds are reviewed.

Geometry-based Multi-Field Visualization— As early as 1991, Craw s and Allison [6]
presented a technique for mapping multiple scalar eldsddition to a vector eld on a
non-planar surface using the visual variables of colortuiex and height. An inherent
limitation in visualizing vector data over surfaces in 3Dtlmt it can be dif cult for
observers to disambiguate the effects of projection — pbssausing false interpretation
of the orientation information. Also, the 3D nature of thevrsurface may occlude other

regions of the domain.

Perceptual Textures— Healey and Enns [23] contributed a method that utilizesutex
elements on an underlying 3D height eld to visualize muiid data. The texture
dimensions of height, density, and regularity can be usethdcease the number of
attributes that can be simultaneously represented. WarKmight [85] proposed the use of
Gabor functions to create texture-like images of ow datavimch information is encoded

along the perceptually signi cant texture dimensions @lecorientation and contrast.

Layers of Images— Weigle et al. [89] propose a texture generation technicaset on
the layering of patches of oriented slivers. Luminance amehtation are used to encode
information about multiple overlapping scalar elds. lirgal by brush strokes and layering
concepts from painting, Kirby, Marmanis and Laidlaw [40psled how different sized
icons, color, elongated ellipses, and layering could beal asegportray multivariate data

from 2D compressible ows.

Tensor Visualization Using Ellipsoids— Laidlaw et al. [43] demonstrated how shape,
orientation, and color attributes of ellipsoids could beeduigo represent multivariate

components in diffusion tensor images of the mouse spinad.can addition, they
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demonstrated a method for representing multi-valued dedpired by the brushing and
layering techniques used in oil painting. Kindlmann [38pwafed that intuitive tensor
glyphs, based on superquadric surfaces, can be effectdenonstrating diffusion tensors

data of the brain.

2.1.4 Texture Synthesis

Textures provide a subtle richness and wide spectrum oflmbisss for visual appearances.
The use of different, related textures applied in such a vgdg demonstrate the underlying
data would produce the ability to represent multiple vdgahn an intuitive and unique

fashion. Several of the seminal algorithms and technigelkesed to the use of texture in

visualization are reviewed below.

Texture synthesis methods [14, 88] allow for an unlimitedrmfity of texture patterns to
be generated that are perceptually equivalent to a samgle iexture. These algorithms
work by constructing the output image in a pixel-by-pixedssdine order in which a pixel
is synthesized by comparing a similarly shaped neighbattemound it with the original

sample.

Along these lines, Efros and Freeman [13] introduced a “in@gilting” algorithm that
produces an effective texture synthesis pattern for a wateety of input textures. The
algorithm works by essentially piecing together small patcof the input texture which
allows the output to maintain both continuity and cohereaceoss the entire pattern.
Similarly, Ashikhmin [1] presents a technique for syntlzesy natural textures based on
repeating patterns consisting of small objects of famBiatrirregular sizes such as owers

and pebbles.

Khouas, Odet and Friboulet [36] use a 2D autoregressivehegit method to simulate

a 3D fur-like texture in order to represent two dimensional elds. This technique

14



allows control over streamlet orientation, length, andsitgnand has been used to produce

striking visualizations of vector orientation and magdeu

2.2 Fluid Dynamics

This section serves as a background to the research in uithiycs for which we
developed the visualization techniques presented in tissedation. It is designed to
supply the reader with a suf cient background and termigglan order to understand

the motivating factors which drive the need for multi- eltsualization.

The understanding of the properties of uid dynamics arepsal in a range of scienti c
applications such as engineering, aerodynamics, and ematédiction. Turbulent ow is
an active area of research in the eld of uid dynamics. Nopeke winning physicist
Richard Feynman describes turbulence as “the most imgortasolved problem of

classical physics.”

2.2.1 Turbulent Flow

Turbulent ow is chaotic in nature and characterized by #wy vortex structures, or
eddies of various sizes, strength, and orientations. One of th&t imasic types of turbulent
ows is that which occurs when a uid passes a boundary, suchigover an airplane wing
or the ow of oil within a pipeline. The velocity of the ow musmatch the velocity of the
wall at the surface of the boundary.Bundary layeror aturbulent boundary layeis the
zone over which the average uid velocity decreases froradteeam value to zero. A ow
is characterized by the ratio of inertial forces to viscougés. This quantity is referred to
as theReynolds numberThe Reynolds number of a ow, denot&k is mathematically

de ned as
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WhereU is the characteristic velocity, is the characteristic length, arnds the kinematic
viscosity of the uid [54]. Turbulence occurs when the inarierm dominates the viscous

term. A ow that is not turbulent is called laminar ow.

We next introduce several derived quantities that are ddrikom the velocity vector eld.
These variables are extremely useful for the analysis dutent ow within a boundary

layer.

\Vorticity

In addition to the velocity vector eld of the ovv!( v), several other variables can
be numerically calculated and are signi cant to theoridateal to turbulent ow. For
example, thevorticity vector eld !(w =N’ v) can be numerically calculated and
analyzed with the velocity vector eld. The vorticity vectceld is a measure of the
rotation of uid ow. Analysis of the vorticity vector eld is useful as it can provide
an indication as to the strength and orientation of the swgreddies within the ow.
Understanding the coincidence of the velocity and vosti@tds is of interest to a number
of investigators, particularly in conjunction with the uadization of vortex core locations.
These visualizations allow for the analysis of several sesuch aL!( v ! w), called the
Lamb vector, and( v! w) which is proportional tohelicity, both of which have been

suggested as possible descriptors of vortex tubes [50].
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Reynolds Shear Stress

Given the components of the velocity vector eld, the strgase componenu, the
spanwise componentand the wall-normal component the scalar eldReynolds Shear
Stresscan be calculated asuw. Areas in where there exists signi cant values of Reynolds
Shear Stress are interesting to researchers in uid dyreasdhe generation of Reynolds
shear stress is believed to be correlated with increaséaceudrag and the sustenance of
turbulence [16]. In turbulent boundary layers, variousotiess have indicated that hairpin
shaped vortices cause drag by producing Reynolds sheas,sard that this process may

be enhanced when multiple hairpins travel together withlamspeeds as a packet.

Swirl Strength

Once the velocity vector eld has been numerical simulatedxperimentally-generated,
velocity gradients can be calculated and are typically usathderstand and identify the
subtle components of uid dynamics. Jeong and Hussain [B0icated that the second
invariant of the velocity gradient tensdr,, is a quantity that measures the dominance of
vorticity over strain and proposed that it could be used asterion to identify vortices.
Zhou et al. [93] suggested the use of the imaginary part ofdineplex eigenvalud ¢;) of

the velocity gradient tensor to visualize vortices. Thitueas referred as the localwirl
strengthof the vortex. For the calculations presented in this diasen, the Zhou et al.

de nition is used.

A simpli ed version of swirl strength using a 2D velocity gli&nt can be computed to
identify vortex cores. This quantity is referred to as thesxirl scalar eld and is limited

to identifying vortex cores that are oriented in a positiomrmal to the sampling plane. Dual
plane PIV is an extension of single plane PIV in which velpcibmponents are measured
in two planes simultaneously. This allows for all 3D velgagradient measurements to

be calculated. The corresponding 3D swirl scalar eld is aamge of the existence of a
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vortex core in any orientation.

The characteristics of vortex cores, including their aiagion given by 2D and 3D swiirl,

are useful in theories designed to reduce skin-frictiomgdinaurbulent ow.

2.2.2 Particle Image Velocimetry

Particle image velocimetr{P1V) is a technique that can be used to experimentally nreasu
instantaneous components of a velocity eld in a plane ofraulent boundary layer in a
moderate to high Reynolds number ow. PIV uses optical rdoay to measure a full eld
ow in a manner that is instantaneous and non-intrusive. @&gerimental set-up of a PIV
system includes tracer particles that are added to the olasAr illuminates these particles
in a plane of the ow at least twice within a short time intelrv@he light scattered by the
particles is recorded and the displacement of the partiokges is determined through

evaluation of the PIV recordings.

Standard PIV is capable of recording the projection of thaity vector within the

plane. The out-of-plane velocity component can be caledl&ay making an additional
PIV recording from a different viewing axis and reconstmgtthe 3D geometry using
both camera angles. This technique is referred tetaeoscopid®lV. The experimental

facility for the PIV experiment is shown in gure 2.2.

The particles used in PIV experiments must be small as tamioasively follow the ow,
scatter the laser light, and illuminate the cameras postioto capture images. Tiny
particles of olive oil (mean diameter ofrim) are the most commonly used for the tracer

particles as they can be atomized, used in air ows, and anetoxic.

While the PIV data is sampled on a 2D plane, the resultingpimat of the multi-variate
data gives insight into the structure and behavior of the 3W. The advantage of

examining the PIV experimental data, compared to compartaliy-generated data, is the

18



Laser sheet
location is
adjustable

Nd: YAG Lasers

Kodak Megaplus cameras “

Figure 2.2: Experimental facility for a PIV experiment.

ability to analyze the behavior from experimental resuftsnoderate to high Reynolds

number ows.

2.2.3 Numerical Simulation

Apart from experimentally-generated data, we consider-b@inded turbulent ow
data from a direct numerical simulation (DNS) of the full NavStokes and continuity
equations [11]. The great value of DNS data is that it is fuigolved and provides full
four-dimensional (space and time) data. However, the difies with DNS is that it is
very expensive and limited in Reynolds number. This is bseawst of simulating wall-
bounded turbulent ows scales nominally with the ReynoldsnberRe}. A simulation
involving 2.7 billion grid points (30722304 385), results in a time-step yielding a raw
(unprocessed) eld of nominally 9 GB in size. Recently, Heyand J. Jiménez [26] have
reported a new simulation for nominally twice the presentri®éds numberRe = 2003).

In this case, the simulation was reported to run 6 millioncpssor-hours on a 2048

processor supercomputer, generating approximately 25f T@odata.

The modeling of a turbulent channel ow is of interest to r@shers in uid dynamics

because the simulation allows for the analysis of largeigatie features in the ow and the
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ability to correlate the ow structures in different layessthin the 3D model. Developing
a deeper understanding between the different regionsrwiththannel ow results in a
better understanding of the formation of vortical struetuand the key-physical features

that cause skin-friction drag.

The numerical technique requires the integration of tha&ie®stokes equations in the form
of evolution problems for the wall normal vorticity and thaplacian of the wall-normal
velocity [11]. For spatial discretization, Chebychev puaynials were used in the wall
normal direction, while de-aliased Fourier expansionsaweitized in wall-parallel planes.
The temporal discretization used was a third-order semiioit Runge-Kutta scheme. As
a large streamwise extent is needed to capture the largesgyeoontaining motions of
the ow, the simulation employed a computational domain ptiaunits in the streamwise
direction and Pd units in the spanwise direction, whedles the channel half width. The
large streamwise extent is needed to capture the largegfyecentaining motions in the

ow. The Reynolds number for the simulation wRg = 934.

One aspect of the DNS data is that it allows for the invesbgaof very large scale

energetic features and how these may interact betweemeatitfeegions in the ow.

2.2.4 Regions of Interest within Flow Data

Conventionally, wall turbulence is described in terms aké&hpredominant regions: an
inner region, immediately next to the wall, that is domirkg viscous processes; an outer
region, far from the wall, where viscous effects are neglegiand an intermediate region,
which often is referred to as the overlap of the inner andraeigions. This middle region
is also referred to as the log region or the inertial wall oagi Most existing theoretical
approaches regard the inner region to universally scale witer-wall viscous variables
and to be independent of the log region and beyond. Recettiesthave shown evidence

that the inner region is in uenced by outer region parange{drthe channel half-width,
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andU; the channel center-line velocity) [10, 17].

In streamwise-spanwise planes parallel to the boundaseyr Isyrface, the packets can be
characterized by zones of uniform but low streamwise vglambntaining areas of high
negative Reynolds shear stress and falling between corssarfg positive and negative

vorticity [18].

PIV experimental studies have consistently shown the lggreto consist of packets of
hairpin vortices, with long streamwise regions of momentiarcit and with high-speed
uid seeming to Il the separation between neighboring noois. However, the PIV elds
are somewhat limited in length (approximatelg)2 It has recently been discovered that
the structures can exist up to @in length and may have a tendency to meander in the
spanwise direction [27]. The tendency of the low-speedoredgo meander across the
ow explains why such long length scales have not been oleskpveviously from single-
point measurements in boundary layer ows. Kim and Adriaid][Bave noted such long
structures for turbulent pipe ows from single-point hdth measurements, and referred

to them as “very large-scale motions” (VLSM).

The discovery of the very long “superstructures” is pattdy signi cant as it indicates
an outer-layer scaled phenomena that may have in uencéalviy down to wall in the
inner layer. The DNS data is very useful for investigating tonjecture and some results
are shown in section 6.4.3 in which two planes are shown sanebusly from the DNS
dataset. The results indicate that near-wall regeneratiechanisms areot independent
of the slow dynamics associated with structures on the afigre external dimension of

the ow, as has always been previously believed.
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2.3 Astronomy

An active area of research in the eld of computational phgsis the modeling of
magnetohydrodynamic light supersonic jets in the contéastrophysical galaxy clusters
[51]. These high-speed jets propagate distances of ove0860ight years from their
sources, transporting energy and magnetic elds to theirosinding environments. The
jet magnetic eld is advected along with the ow and is expstto re ect properties of
the evolving velocity eld. Of particular interest is thetexit to which the magnetic eld
and velocity vector elds are spatially aligned and/or ogbnal to one another and the
interplay between magnetic eld strength and the corredpanvelocity structures. The
primary goal of this research is to explore the connectionveen the large-scale ow
dynamics and the small-scale physics underlying the obdgegmissions from real radio

galaxies [70].

2.3.1 Astrophysical Jets

Several observable properties result from the interadietween a high-velocity plasma
jet launched within an active galactic nucleus and an antlgilevironment. In addition to
observable lobes of luminous material, characteristimrachission signals the presence of
magnetic elds and relativistic electrons. It is not wellderstood whether these materials
are transported along the jet, introduced in the jet-irgtiagtic medium encounter, or both
[71]. In addition to the velocity eld, physicists are comoed with the magnetic vector
eld advected by these supersonic jets and are interesteahatyzing the relationship
between both vector elds. Developing a deeper understanali the relationship between
the vector elds' topology, magnetic eld strength, and oesponding velocity structures
results in a greater understanding about how kinetic andnetagenergy distributions

evolve in these systems and contributes to the explanaticed@m emissions that can be
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physically observed.

2.3.2 Magnetohydrodynamics

Turbulence within electrically conducting uids is necas$y accompanied by magnetic-
eld uctuations [3]. Magnetohydrodynamics is the branchszience dealing with the
dynamics of matter moving in an electromagnetic eld. Giamagnetic elt!j B, and
a vector eld v, changes in magnetic eld can be calculated from the ideafjmetic

induction equation:

This equation describes how motions of a perfectly condgctiid change the magnetic
elds contained therein. By examining the magnitude of thiesctor, we examine
correlations between increases in magnetic eld strengtd anticipated shear or
compression regions in the velocity eld. Simultaneousuaiszation of all components
of the velocity eld and the rate of change of the magneticd etrength enables us to
locate regions of active eld enhancement, distinguish Igawagni ed elds from those
advected along with the plasma, and identify velocity dtres that generate enhanced

elds.

2.4 Discussion

Because the process of knowledge discovery related to #mseations is predicated on
the ability to achieve an integrated understanding of tligvidual contribution of each

variable and of how the variables interrelate with each mttieveloping effective multi-
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variate visualization methods is of critical importancdaailitating the understanding and
analysis of results from the turbulent ow (PIV) experimsrnd magnetohydrodynamic

jet simulations.
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Chapter 3

lllustrating Components of Flow

In this chapter we address several visualization techsigiesigned to graphically depict
components of ow. The techniques highlighted here are igadhre result of an ongoing
effort to construct tools to develop a better understandiniipe complicated interactions

of uid dynamics.

We begin by discussing the classi cation of existing ow ualization techniques including
the differentiation between texture and direct ow viszalion. We continue with an
illustration of visualizing different convection veloms. We expand upon a current
technique designed to effectively use luminance rampsasese streamlines to represent
the direction of ow. Finally, we de ne the subtle differeas between streamlines,

streaklines, and pathlines.

3.1 Direct and Texture-based Flow Visualization

Images similar to gure 3.1 (left) are often used to displayw information through the
use of glyphs, such as arrows, to indicate the direction @f ai a discrete set of points.

The length of the arrow may be used to represent the veloatynmtude. While effective
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Figure 3.1: Examples of glyph-based visualization (left)l dexture-based visualization
(right).

and ef cient, one limitation is that such simplistic plotarconly provide information at
relatively sparsely sampled points over a domain, as eaghglill require several pixels
to be drawn. Even when the vector eld is not down-sampled, dbllection of glyphs
may not easily lend itself to the perception of global uidwoas the segments must
be perceptually interpolated and connected in order to nstaled the path of a particle.
Selecting samples along a uniform grid may lead to artifactshich the structure of the

grid interferes with correct perception of the directiodigated by the vectors [44].

Texture-based visualization methods produce high-résolwoutput images that allow
structures of the ow to be perceived more easily than with #ld-of-arrows technique
(gure 3.1 right). Dense textures allow for the direction @w at all locations in
the domain to be salient, whereas the eld of arrows only giscrete samples that
can be dif cult to interpret. Advantages of texture-basedualizations over eld-of-
arrow techniques include higher resolution and a contisuepresentation of ow when

compared to a eld of arrows.

An additional scalar variable may be represented throughuge of a color encoded
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background underlying the array of vector glyphs or as aramlerlay in the texture-based
approach. Both images in gure 3.1 use a color overlay toesent vorticity magnitude
in an experimentally acquired PIV dataset. Techniquesdesi to visualize scalar values

will be covered in detail in chapter 4.

3.2 lllustrating Different Convection Velocities

Figure 3.2: In-plane velocity eld with swirl strength sui@posed in color. The leftimage
is the raw ow data in which the visualization is dominatedtbg magnitude of the vectors
in the streamwise direction. The right image depicts theoreeld that results when the

average streamwise component is subtracted from eachrvecto

The visualization of any vector eld is dependent on the tie&avelocity of the observer.
For a stationary observer ( gure 3.2 left), the streamwiseponent of the vector eld{)
greatly dominates the visualization creating an imagedbast not lend itself for a further
understanding of the dynamics of the ow. Typically, the eage value of the streamwise
componentl0) is calculated and subtracted from each vector prior toalization ( gure
3.2 right). Subtracting a value of the streamwise compofremt each vector changes

the relative velocity of the observer. The resulting imagéical points, and vector eld
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features are greatly in uenced by the magnitude of the valudracted.

While subtracting a value of the streamwise component frashevsector allows for the
visualization to be effective, the resulting ow is specianly to that relative velocity.
Different characteristics of the ow may be evident by salsting a value other than
the average streamwise velocity. To illustrate this phesroon, the scalar quantity swirl
strength [) is superimposed in blue over the images in gures 3.2 and 3Svirl
strengthl ; is Galilean invariantand does not vary with the magnitude subtracted from
the streamwise velocity. Swirling eddies become appairteneggons of high swirl strength
only when the velocity of the eddies matches the convectaocity subtracted from each

vector.

LIC animations can be used in combination with the swirl regtd to determine the
convection velocities of various eddies in the ow. Speailly, the swirl strength can be
overlaid on LIC animations computed using a range of valliesU, to determine under
what conditions locations with large; coincide with swirling streamlines. The animation
contains a series LIC images in whith is varied from 05U to 1:5U. Figure 3.3 shows
several frames from an animation where the number in theimd&ft hand corner denotes
the percentage of the average streamwise vector compdranas subtracted from each
vector. By stepping through the various images in the ananait becomes apparent that
swirling streamlines appear and disappear at differentegabf the convection velocity.

In addition, many other speci c features are emphasizedsdindt convection velocities.

Figure 3.3: In the progression of the images below, the swigddies, highlighted by swirl
strength, are evident in some frames and not in others olguse the frame is convecting
at a speed that matches the convection velocity of thosesddi
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For example, many of the swirling zones appear to convedteastreamwise local mean

velocity U).

This process of visualizing different convection velagitcan aid scientists in determining
under what conditions locations with large swirl strengtincide with different ow

dynamics.

3.3 Depicting Flow Direction

Several techniques have been proposed to overcome theepraifi ambiguous ow
direction that occurs in static LIC images [86, 87]. Thesshteques typically involve
either animation or the use of a monotonically increasimgihance ramp to disambiguate
the direction of the ow. Sanna et al. [60] developed a sp#leeg method called Thick
Oriented Stream Lines (TOSL), in which the orientation obav is depicted by increasing
luminance values along calculated streamlines. An adganté this technique is that it

provides a dense representation of the vector eld.

The TOSL technique is particularly advantageous becausés dfigh density output,
ability to accurately depict ow direction, relative simgity, and potential for ef cient
implementation. Using the original TOSL algorithm as imapon, we extend the technique

to enhance the visual effect and improve perception of the eld.

The rst step in the TOSL method, as in the LIC method, is to eucally calculate
streamlines according to the given ow eld. The two apprbas differ, however, in
that the TOSL method does not use an input texture and doeasitiate a convolution
process. Instead, intensities for pixels along strearslare incremented according to the
local vector magnitude. The initial 8-bit pixel value is damly set within a range of 30 and
120 and the algorithm continues by stepping along each paletlated in the streamline

and assigning an increasing intensity value. Local vectagmitude is taken into account,
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as the value of each pixel is incremented by an amount thatts the velocity magnitude
at that point. Each vector magnitude is normalized with eespo the maximum velocity
on the local streamline. If the vector has a high relativee®y along the streamline, the
increment in grey tone is proportionally high at that pomthe image. A high density
output texture is obtained by creating the image in two masdde rst pass creates a
sparse texture by coloring only a percentage of the pixelggua speci ¢ procedure to
select randomly spaced seed points. After a user-de necepéaige of the image has been
lled, the remaining pixels are considered in scan-lineasrth ensure that the entire image

is completed.

Next we describe how we have expanded this technique to nffexieely use luminance

ramps over dense streamlines to represent direction of ow.

Modi cations of the TOSL Algorithm

We have found that starting with an initial intensity valietween 30 and 120 can lead to
artifacts due to streamlines that have a similar range atifedbm a similar point (such as

the edge of the domain or a singularity). Figure 3.4 showsstthigcan result as a darkened

a

Figure 3.4: Restricting the initial value of the streamloa® lead to artifacts at boundary of
the image domain, as seen in the lower left and bottom of fiadst image. This problem
can be alleviated by allowing the initial pixel values to splae entire range from 0 to 255.
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and uniform artifact along the edge of the domain where treastlines are introduced.
The authors of TOSL suggest this starting range in order tadawitial dark grey and
also to avoidijumpsin which the values of neighboring pixels would be 255 and O. |
has been our experience that computing long streamlinesichveeveral cycles of pixel
values ranging from 0 to 255 occur, includijugnps can be advantageous. This allows one
streamline to carry several repeated luminance rampsatidgthe direction of ow and
results in a uid nal image. The problem of edge artifactsndae alleviated by allowing

the starting value to be randomly assigned to any value legtWeand 255.

Secondly, we feel that a more accurate representation oérltiee vector eld could
be obtained by using the maximum global vector magnitudeotmalize the step size.
Incrementing the intensity of pixels with a step size thatdigectly proportional to
the local vector velocity magnitude produces appealingltesit the expense of global
inconsistencies. With this approach, one cannot compagedédngths in different areas of
the image to determine if the velocity magnitude is at a dlofeximum or simply a local
maximum. By adjusting the factor in which the vector magiés are normalized, it is

possible to provide a more globally consistent portraydhefscienti c phenomenon.

Finally, we nd it appropriate to make the step size inveysgtoportional to the vector
velocity magnitude instead of directly related to the valomagnitude. While an observer
of an image may learn to read short lines as representingdpigld areas, and long lines
as representing slow moving ow, we nd this approach couimitive. Reversing the
mapping results in creating long smooth lines where the alouity is at the global
maximum. This is evocative of the result that a spot smeanedwer a period of time will
produce a long streak where the ow is faster. Figure 3.5tHates the effects of making
these changes. In the topmost image, velocity magnitudermalized with respect to the
values along the local streamline only. This results in sktvteamlines at places where

the velocity is greatest along each individual streamlime.the lower image, velocity
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Figure 3.5: Velocity magnitude is normalized with respexctite values along the local
streamline only (top). Velocity magnitude is normalizedhwiespect to the global velocity
magnitude (bottom).

magnitude is normalized with respect to the global veloaiggnitude. The luminance
ramp along streamlines is also de ned using an inverseioglship between the step size

and the vector magnitude, resulting in long streamlinesrevbige velocity is at the largest

magnitude globally over the domain

3.4 Streamlines, Streaklines, and Pathlines

Streamlines, streaklines, and pathlines are tools commasdd in the analysis of ows
in order to obtain a fundamental understanding of a vecttit. @hey are often confused
as the differences between them are subtle. The purposésdddttion is to de ne and
differentiate streamlines, streaklines, and pathlinethag are used in the elds of ow

visualization and uid dynamics [5].

A streamlineis a line that is tangent to the velocity vector at every pfj. This line
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gives the direction and orientation of the ow at each poioing the line. In the simplest
case, we de ne a stationary 2D vector eld as mapR?! R?;x 7! v(x). A streamline is
de ned by itsintegral curveor path,s (u), whose tangent vectors coincide with the vector

eld:

d )=
o5 (U= s (W)

Notice that time is not included in the above formula. Strida@s are drawn for a speci c,
static time in the history of the ow. In general, streamkneonstitute the outline of the

uid layers of the vector eld at a particular instant in tinj&5].

If we wish to consider how a ow eld changes, we need to modifie model to include
the dimension of time. Avathlineis the trajectory of a single uid particle takes over time.
In this system, the vector eld must be de ned with respecatgiven locatiorx and the

timet. Correspondingly, the equation that de nes pathlines is:

dx

— = V(x;t
g - V&Y
A streaklineis the collection of points that have previously passeduphothe same point

inthe ow eld. In other words, a streakline is the currentlation of all uid particles that

have passed through a particular spatial point in the past.

To mathematically de ne a streakline [5], we consider a tiotthat supplies a location
within the domain if it has previously passed through a p@ayy. De ne a pointa that
has pass through poip@at timet by statinga= a(y;t). Attimet, the particle has advanced

to x given byx = x(a;t).

Therefore, the streaklireat timet for all points that have passed through pgimtould be

de ned as:
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z= xa(y; t);t] 0O t t

In static ow, where the vector eld does not change with respto time, streamlines,
pathlines, and streaklines reform to the same collectiopoafits. However, in unsteady
motion, the vector eld is de ned with respect to time andestmlines, pathlines, and
streaklines trace out distinctly different paths. A stréaenis line that follows the ow
given a static snapshot of the vector eld. A pathline traoasthe motion of a particle
released in the ow. A streakline is the collection of poittiat have all passed through the

same point.

3.5 Discussion

One of the challenging aspects of research in the eld of aligation is understanding
the principles of the scientic phenomenon that are undeestigation. This section
introduced several important components of uid dynamiosl aow visualization that
were uncovered during our research into developing imdgestcurately represent vector
eld data. We discussed texture-based visualization \&edirect visualization, depicting
ow direction with luminance ramps, illustrating conveati velocities, and de ned the
difference between streamlines, streaklines, and pathlinVhile this chapter does not
provide a comprehensive list of underlying components@ased with ow visualization
and uid dynamics, we feel it does provide a informative oduction to the novel

contributions presented in the rest of this dissertation.
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Chapter 4

Techniques for Visualizing Scalar Values

A scalar is de ned to be a single data value associated witth gmint of a dataset,
guanti ed with a numerical value [63]. The collection of uals representing the same
guantity over the entire domain is referred to as a scaldr. Visualizing scalar elds
is often useful in obtaining an understanding a particutgrdvior of an attribute over a
domain. For example, a scalar eld such as temperature caRlgindicate which regions
are warmer or cooler than others, and at which point the mistrae values exists. While
scalar eld visualization is relatively straight-forwarthe visualization of scalar elds can

become complicated when there exists multiple coincidefds.

The images produced in this chapter are an effort to represaltiple scalar elds obtained
from stereoscopiparticle image velocimetryPIV). As introduced in section 2.2.2, PIV
is a technique that can be used to experimentally measutantageous component of
a velocity eld in a plane of turbulent boundary layer. Alongth the vector eld,
scalar elds of vorticity, Reynolds shear stress, and sstitngth can be mathematically
derived and are important in characterizing potential itveg of interest.” The process of
knowledge discovery related to dual-plane PIV experimenpsedicated on the ability to

achieve an integrated understanding of the individualrdautions of each scalar variable
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and how the variables inter-relate with each other. Devetpgffective multi-variate
visualization methods is of critical importance to faeiting the understanding and analysis

of results from these experiments.

In an effort to better understand how multiple variablesriatt, we have developed several

techniques to assist in the visualization of single and iplelscalar elds.

We begin by discussing the use of color to represent scalds. Ve illustrate how color
has traditionally been used for scalar representation aiivate a new technique designed
to effectively represent multiple scalar elds within anage depicting turbulent ow. We
then discuss how 3D graphics can be used to represent a stdlay incorporating height
in addition to a standard texture map. We continue by disegdte role of luminance
and contrast in grayscale images, and the perceptual tiontathat prevent individual
techniques to be effectively combined to represent meltgaalar elds simultaneously.
Additionally, we describe how streamline density can beaitely used for representing
a scalar variable. Finally, we present a technique, baseintiossing, to encode the out-

of-plane component of a 3D vector eld over a 2D domain.

4.1 Color

Past and present research in the elds of color theory aradnmétion visualization address
the issue of effectively choosing colors to represent date2fl, 55, 56]. De ning an

appropriate mapping that accurately correlates the gaatdi aspects of data into the
human perceptual system can be a challenging problem. Wasdighe challenges and

techniques related to using color to represent scalar witlsin ow data.
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4.1.1 2D Color Plots

One of the most straight-forward approaches to represgrsoalar elds is to use a
colormap to represent the data. Once a sequence of coloardponding scalar values
for each color have been de ned, pixel values for the imagecatored according to the
value of the scalar at each point on the domain. Figure 4ustithtes this method on
three images that depict different variables obtained fadaV dataset. While effective in
representing each component separately, it is dif cultlitatn anintegratedunderstanding

of the coincident scalar elds from the separate images.

Figure 4.1: 2D color plotimages depicting a single scaltuevaf a PIV dataset: (from left
to right) streamwise velocity, vorticity, and Reynolds ahstress.

Figure 4.2 shows an attempt at using multiple colors to eseveral variables within a
single image designed to visually highlight hairpin vorgackets from an experimentally
acquired PIV dataset. In this image, red and blue show regiémositive and negative

vorticity, yellow depicts zones of strong Reynolds strggeen shows regions of relatively
uniform streamwise velocity. In general, saturated hudgate larger magnitudes. Two
other features are depicted in gure 4.2: black curves mhekdpanwise center of each
hairpin packet identi ed and pink regions mark search zamestream and downstream of
each packet. The composite plot is fairly effective at higjiting the regions of interest as
de ned by the combination of the variables. The type of as@lyhat this image allows

would be nearly impossible from separate color plots as inreg4.1. However, the

composite plot does have shortcomings. It is dif cult towi¢he extent of overlap of
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Figure 4.2: Using overlaying colors to represent four défe scalar elds in a single
image.
the different variables as the mixture of the colors canlteéswan ambiguous color. This

makes it dif cult to interpret ner points of the multi-vakd data.

Next we present how color can be used, in conjunction with ith@ges, to effectively

represent multi-valued ow data.

4.1.2 Motivation for Effective Color Use

With few exceptions, the use of color with LIC has traditibpdeen limited to the
simplest of color compositing operations in which a LIC tertimage is in effect overlaid
with a single continuous semitransparent color wash imagé, the resulting effect that
blacks are left black and the whites are shifted toward trexiggd hue at each point.
While effective for conveying a single scalar distribution the context of the ow,
this post-process method does not allow for the effectivauaneous representation of
multiple scalar elds, due to the perceptual dif culty of dninherent ambiguity in color

decomposition.
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Figure 4.3: Four arti cially de ned, mutually overlappinggions, overlaid on a LIC image
(left). The same four regions, represented across the sa@herlage via color weaving

(right).

Figure 4.3 (left) displays the inherent problem with oveirtg colors to represent multiple
elds. The color combinations in the overlap regions areagt#d by averaging in RGB
colorspace. Averaging multiple colors in this manner rissim an ambiguous grey color
that is not representative of an area in which multiple torsigni cant scalar values are

present.

As an alternative, we propose a technique in which multiplers are allowed to coexist on

neighboring streamlines, resulting in multicolored imaggat resemble a tapestry woven
with different colored threads. Figure 4.3 (right) disgdgur regions, represented across
a LIC image viacolor weaving Note the continuity of color along individual streamlines

within each region, and the ability to accurately percemmbinations of component colors

Figure 4.4: Three close-up excerpts from the overlap image/s in gure 4.3 (right).
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in the areas of high overlap (characterized by the preseitee® or more layers).

We describe the details of the algorithm in the next section.

4.1.3 Color Weaving Algorithm

We begin by selecting several highly saturated and peraéyptiso-luminant colors using
the technique suggested by Kindlmann [39]. As luminancggpéaprimary role in how
features are perceived [84], selecting base colors thatarperceptually uniform as
possible helps to achieve a nal image in which similar contications are represented with
reasonably equivalent prominence across the multiplelligions. Additionally, selecting
colors that are relatively equivalently discriminableueés the potential for ambiguous or
misleading representations [24]. We then use each base tcotte ne a corresponding
two-dimensional colormap, in which saturation increades@the horizontal axis and

value increases in the vertical direction ( gure 4.5).

The colormaps are constructed by determining the extrerneesdor each of the four
corners of the colormap. First, a default LIC algorithm is mn a white noise image to
produce a grey-scale texture that represents a vector Télcs pre-process step is initially
required in order to determine typical values for the darkes lightest shades of grey, and
is not necessary to repeat once the colormaps have beemdwetdr The value of the upper
left corner of the 2D color map is the darkest grey color atediby the LIC algorithm; the
value of the lower left corner of the color map is the lightglsade of grey in the default
grey-scale LIC image. We match the luminance values of kiigaturated and moderately
saturated values for several distinct hues using the tqaknintroduced in [39]. The value
in the upper right corner of the 2D color map is the darkertlsutmlor of the hue; the value
in the lower right corner of the colormap is the highly satedacolor. The values for the
interior of the 2D colormap are calculated by interpolatihg saturation of the colors in

the horizontal direction and interpolating the value of tadors in the vertical direction.
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Figure 4.5: A suite of two-dimensional colormaps; the ressaf using each colormap to
represent, over the same LIC texture, a simple scalar loliion that is increasing in value
from left to right.

Each scalar distribution is associated with a unique huecalatmap.

We introduce color on a streamline-by-streamline basisguhe computation of the LIC
image. At each pixel along a streamline we de ne the nal irmawlor using a 3D color
table lookup. The rstindex de nes the hue, or the choice dieh 2D colormap to be used.
Within each 2D colormap, the index for the value componedeised by the grey value
obtained from running the LIC computation, and the indextersaturation component is
de ned by the magnitude of the value of the particular scdistribution being represented
at that point. The desired result is to preserve the lumiegattern established by the LIC
while de ning the colors to be fully saturated at points wéaéine scalar variables reaches

their maxima, fading to the default LIC value as the magratudf the scalar variables
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decrease.

The streamline-based fast-LIC [66] algorithm is critical aur implementation as the
hue index is only incremented when a new streamline is catied! In our latest
implementation, the output image is created in a single.p&ecial steps have to be
taken to prevent color mixing, while preserving the aniasihg effects that are achieved
when multiple streamlines are allowed to pass through ebh. pVe accomplish this by
recording, for each pixel in the output image, the hue indagk® rst streamline that was
used to determine its color. When subsequent streamlirssstpeough the same pixel, the
original hue index is used in the color table lookup, so thy the luminance components

from the multiple streamlines are blended when the restdtseeraged.

In areas characterized by the presence of prominent vatuesuitiple distributions,
alternate colors are visible along adjacent streamlines.ugé a sparse and a consistent
mapping of individual colors to individual streamlines irder to maintain continuity in
the representation of each distribution and to ensure ttetpparent concentration of
each color remains in consistent proportion to the magaitfdhe corresponding scalar

distribution, regardless of the concentrations of the iolealar distributions at that point.

The success of our method depends on being able to represkipiedifferent streamlines
across each point in the multi-variate distribution beiog@yed. To achieve best results,
it is generally necessary to up-sample the input data. Feirttages presented in this

chapter, a 1071x1071 input texture was used, and the maxstreamline length was 380.

Figure 4.6 shows the color weaving algorithm applied to greexentally acquired PIV
dataset in which we simultaneously highlight areas of signit positive vorticity (red),
negative vorticity (blue), strongly negative Reynoldsahstress (green), and high swirl
strength (orange or magenta, depending on the directioheoswirl). Careful analysis
of this image allows for an accurate interpretation of thes structure in the overlapping

regions, e.g. correlation of out-of-plane vorticity andogity or identi cation of vortex
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Figure 4.6: A compositeolor wovenimage of an experimentally acquired PIV dataset.
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cores within shearing zones. Figure 4.6 speci cally denti@tss evidence of spatially
organized packets of hairpin structures in the streamegpserwise planes of the PIV

dataset.

4.2 3D Graphics

Figure 4.7: 3D graphics in conjunction with a texture mapsiedito represent a scalar eld
coincident with a 2D ow.

In addition to color, a third dimension can be employed ineortth incorporate additional
parameters into a single visualization. A 3D graphical apph can be useful to
discriminate spatially discrete zones of a scalar eld tmaty overlap with another. The
combination of 3D graphics and texture is illustrated inrgut.7 to represent components

of an experimental PIV dataset.

Swirl strength is a scalar eld limited to positive values.eduse high swirl strength
typically appears in discrete circular areas that lie withones of signi cant vorticity,
it is a reasonable candidate to be represented with heiglat 3D plot. Figure 4.8

shows parameters with color and brightness, along withhteip represent additional
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features: shades of green correspond to regions of highdRésyshear stress, blue and
red correspond to negative and positive zones of wall-nbwardicity, brightness is used
to emphasize the coherent regions of low streamwise vgladénti ed by the feature
extraction algorithm, and height represents swirl. Thiage shows that the discrete swirl
zones can be embedded within longer continuous zones ofgstarticity. Also, the use of
height to represent swirl helps emphasize that these zamesucround streamwise streaks

of low momentum uid with signi cant Reynolds stress.

Figure 4.8: The 3D component of height is used to represenswirl scalar eld in a
multi-valued PIV dataset.

There are several issues or limitations inherent with usgight to represent a scalar eld.
One issue is that making the domain 3D creates the oppoytioridata to be occluded.
Interaction through virtual reality devices or rotatingetecene can help overcome this
problem. Another limitation is that the shading and shadthesare necessary in order to
give spatial cues for 3D perception can interfere with theueatte perception of other data

elds represent in color or texture.

4.3 Luminance and Contrast Analysis

The role of the luminance component has a prominent effetiomnfeatures in an image
are perceived [85]. Luminance is de ned as the measured atadulight coming from a

region of space [84]. In this chapter, we refer to luminarséha perceived re ectance of
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a region — a white surface is light while a black surface i«dahis quantity is sometimes

also referred to asghtnessor brightnesq420].

Contrast is determined by the difference in the color anghtniess of the light re ected or

emitted by an object within the same eld of view. Formallgntrast is calculated as

= Lmax_Lmin
Lmax* Lmin

WhereLmax is the maximum luminance value aihg,, is the minimum luminance value

within the region.

Manipulations of mean luminance or contrast have the glidienhance characteristics of
an image with the intent of representing a scalar value intiatido the ow data already

depicted by a texture. We illustrate these methods on LIQ&sa

4.3.1 Contrast

Figure 4.9: Manipulation of contrast is used in this imagesfaresent a scalar distribution
(left). Local differences between black and white valuesiwaed to portray the calculated
quantity of uniform momentum. Two histograms taken fronfed#nt regions of the
contrast image (right).

Differences in the contrast between the blacks and white®eaised to effectively convey
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information about a scalar distribution [61]. We describaethod that alters the contrast

within the image in accordance with the magnitude of a scaldr

Once an original LIC image is created to display a ow eld,rmtoast can be manipulated
by altering the grey-level values in an image depending enviidues in a scalar eld
that is intended to be displayed. At the locations of promirszalar values, we reassign
pixel values to darker greys or lighter whites than the oadji The default values are
rst analyzed to determine if the pixel value is closer to tehor black. The pixel value
is then scaled based on the magnitude of the scalar and theysesalue of the pixel.
A signi cant scalar value scales a moderately white pixelto extremely white pixel,
and a signi cant scalar value scales a moderately black paxan extremely black pixel.
Similarly, if the scalar value is not signi cant, the algthnn scales the pixel value to be
closer to the average intensity. The resulting intensisydgram for the image is different
than the original LIC histogram — the contrast within the gaaat signi cant scalar value
is increased while the contrast within the image at insigant scalar values is decreased.
However, the average pixel value over the new image will iansanilar to that of the

original. An example is shown in gure 4.9.

Images created in this manner can work to effectively displacalar distribution because
the human visual system is sensitive to different levelsigparity between the blacks and
whites in an image. In gure 4.9 (left), local differencestWween black and white values

are used to portray the calculated scalar quantity of umfsromentum. The histograms
displayed in gure 4.9 (right) display pixel representatsataken from two separate regions
of the image. The left histogram depicts the intensity distion of a low-contrast region.

The rightmost histogram depicts a high-contrast region.thBostograms suggest that
the average pixel value is in the middle of the range as theycantered and symmetric
across the range of pixel values. However, high-contrgsbns require the entire range of

intensity values while a much more narrow range is utilizelbw-contrast regions. Using
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the described technique, a continuous scalar distribudgonbe encoded over a texture

image through variations in the internal dynamic range efghttern.

4.3.2 Mean Luminance

Figure 4.10: (left) Manipulation of mean luminance is usedhis image to represent
a scalar distribution. (right) Two histograms taken fronffedtent regions of the mean
luminance image showing that the shapes of the histogramaimnesimilar, and only the
average luminance value is changed.

Mean luminance refers to the average intensity value of tkedin a given region. This
guantity is different than the contrast within the image astrast is a measure of the
differencesdetween the light and dark values of the image. Mean lumm&ha measure
of the overall brightness in a region. We describe a methatlers the mean luminance

within the image in accordance with the magnitude of a scaldr

Once an original LIC image is created to display a ow eldgetmean luminance of the
image can be manipulated by altering the grey-level valnesiimage depending on the
values in a scalar eld that is intended to be displayed. TWerage luminance values of

a grey-scale image can easily be altered by adding or stibigeec nominal amount from
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each of the pixels. The default 8-bit grey-level values ofl@ image generated from a
random white-noise input texture typically have an averadee close to 127. The average
luminance of the image is changed by adding or subtractirgawunt proportional to the
scalar distribution. We ensure the luminance value doegoaut of range by applying

the following formula where is an arbitrary xed value determined by the user.

lhew(X;y)= @ scalar(xy)+(1 a) lod(Xy)

The a value serves as a balance between the representation ofalae galue and the
image in which the scalar value is superimposed.aAvalue close to 1.0 will emphasize
the scalar value at the cost of under-representing the lymigiLIC image. Ana value
close to 0.0 will essentially reproduce the LIC image withowch in uence from the

scalar eld.

Applying this formula essentially shifts the histogramiwiéspect to the scalar value while
maintaining the overall shape. Using this technique, th@rest between the black and
white values of lines remains the same as in the original eveagl the average luminance
value encodes the scalar distribution. Luminance valuesnimriginal LIC image are
shifted according to the values in an auxiliary scalar thation. Figure 4.10 illustrates the
effects of using mean luminance to represent the scalartitpah uniform momentum.
The histograms displayed in gure 4.10 (right) display pixepresentations taken from
two separate regions of the image. The left histogram dehetintensity distribution of a
darker region. The rightmost histogram depicts a lightgrae. Of note is that the shape
of both histograms are similar, and only the average lunueamlue is changed. Using the
described technique, a continuous scalar distributiorbea@encoded over a texture image

through variations in the mean luminance value of the patter

Care must also be taken to consider the nonlinearity of gityperception when using this

or any other intensity remapping [48].
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4.3.3 Combining Mean Luminance and Contrast

A problem that is inherent with representing multi-valuedadis creating an image that
accurately depicts multiple distributions in such a way thgplaying one distribution does
not interfere with the perception of another distributidinis process is further limited by
the resolution of the image as there exists a nite numberixélp that can be colored to

create the desired visual effect.

In the case of contrast and mean luminance, the two quantippear to be closely
related. Efforts to create a uni ed image in which two diffat scalar quantities are
differentiated as represented with mean luminance andrasinhave resulted in an
unsuccessful and ambiguous image. One explanation forréisigits from examining

the respective histograms of the images. As previouslyriest, a scalar eld can be

represented using the internal contrast by altering theuayo range of the image while
maintaining the same average luminance value. Similadgasar eld can be represented
using the mean luminance by adding or subtracting an ama@spective to the scalar
values to the pixel value in the image. In order to combinetiyetechniques, however,
both contrast and mean luminance need to be individualljiegpfo the same image. The
underlying problem is that a region that utilizes a high-alyic range has little opportunity
to change the average luminance values as it requires thre eartige of values to depict
the range of contrast. Thus, it would not be possible for @regf high internal contrast

to portray areas of differing mean luminance, and combitfegwo techniques would not

result in an effective representation of both scalar elds.

We next focus our efforts on visualization techniques thlatvafor multiple elds to be

represented and perceived simultaneously.
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4.4 Streamline Density

Controlling streamline density facilitates several eifezmethods of visualizing 2D vector
elds. Here we discuss a few variations on previous meth@® [75] that present
information over vector elds by controlling the density tife placement of streamlines.

Our methods allow further techniques to visualize addélalistributions on these images.

Figure 4.11: Streamline density is increased from leftgatio illustrate how a scalar eld
can be depicted.

A scalar eld can be visualized in conjunction with a vect@id by allowing the transition
within an image from sparse streamlines to dense streasnliBg rst creating a sparse
and a dense representation of the vector eld, the nal imege be composited by alpha
blending the images together based on the values of a sadthrFigure 4.11 shows, from
left to right, an image of sparse streamlines transitionindense streamlines. The image
consisting of sparse streamline will inherently have a muoualer average luminance value
than the dense streamline image. Thus, the nal effect afdileg the images is essentially

manipulating mean luminance to depict the scalar eld.

A method to create a sparse texture that accurately re estst@r eld is to begin by using
a random distribution to select seed values for streamhimitation. Once a starting point
has been selected, the streamline is calculated in bothaigye and negative direction.

Following [32], the streamline is traced in each directioillone of the following occurs:
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Figure 4.12: A sparse texture of evenly distributed stregsn(left). A sparse texture in
which streamlines are not terminated as a function of th&iprity to other streamlines
(right). This enhances bifurcation lines in the ow.

a singularity is reached, the streamline reaches the edtfeeafomain, or the streamline
comes within some user-de ned distance of another stremriinat has already been
calculated. Intensity values are assigned beginning anéigative end of the streamline.
The starting intensity is randomly selected within the ®uod 0 to 255 and subsequent
pixels along the calculated streamline in the direction @iv are assigned monotonically
increasing intensity values, wrapping around from 255 tarfiil the end of the streamline
is encountered. Streamlines whose total length is lessahger-speci ed minimum are

not colored in. A result of this technique is shown in gurd2 (left).

If the restriction of proximity is not enforced, a remarkgablifferent image results. The
initial pixel selected at random is checked to determinenibther streamline has been
computed within a de ned proximity. Once a streamline hasrbamitialized, the entire

streamline gets de ned and colored in regardless of whatteames too close to another
streamline that has already been computed. The effect isatkas where streamlines
converge are indicated by a much more dense coverage ainditnea than in the previous

technique. As seen in gure 4.12 (right), this increasedsitgrhighlights the interface
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between converging ow regions and can be interpreted afuadaition line.

We next discuss a technique that uses the properties of &mo@ contrast, and a 3D
lighting equation to encode the out-of-plane component 8Davector eld over a 2D

domain.

4.5 Embossing

Applying 3D shading or lighting effects, such as bump magpan embossing, to 2D

images can be an effective method for producing the pemepfithree dimensional shape.

For the images presented in this section, the additioné#iildlision that we have chosen
to visualize is the out-of-plane vector component The characteristics of this eld is
signi cant to various theories and other derived quartitieat are valuable for analysis
of the turbulent ow data. However, this quantity is oftemayed when producing 2D
images of 3D vector elds because it is more convenient topgmportray only the in-

plane components. With embossing, we can represent thervetd componentw in a

manner that everywhere re ects its depth distance (botlitipesand negative) from the

base plane.

4.5.1 Light Direction

Light direction plays an important role with regard to thegaption of depth. Embossing
algorithms simulate a standard lighting equation with algirpoint light source. While
this method is highly effective in many situations, artteacan arise when attempting to
emboss vector elds, particularly when the vectors arerdgd in the same direction as the
light source. To sidestep this problem, we implemented thieassing using two different

lights in the plane: one from a source directly above the enamd one from a source
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Figure 4.13: Embossing with different light source anglasstreamlines (top row) and
glyphs (bottom row). Left: Light source from directly abo(@0 degrees). \ectors
vertically oriented aren't illuminated well. Middle: Lighsource from 45 degrees. In
this case, the representation of the diagonally orientetbve suffers. Right: Both light
sources combined.

that is above and to the right of the image, i.e. at a 45 degrgkedo the image. The
combination of these directions gives the impression obadtight coming from “above.”

This produces the visual effect of the embossed image baisgd from the surface. We
create the composited image on a pixel-by-pixel basis bypfagifrom the appropriate

input image, depending on the orientation of the ow at eaocmp(taking care to always
sample from an image that was created using a light soureetin that is not aligned with
the vector eld). Regions of transition are alpha blendetileen the two images ( gure

4.13).

An embossed image that represents a scalar distributiarctimtains both positive and
negative values can be created by combining two images ifollog&ving manner. First, an
image is created by applying the embossing algorithm witgte kource from above, and
then a second image is created with a light source from bélbw. nal image is produced
by selecting pixel values from the image lit from above whkerghe quantity is positive
and pixel values from the region lit from below wherever thewtity is negative. The

desired effect is that positive values appear to be raisdchagative values appear to be
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Figure 4.14: (left) An embossed and depth-shaded imagesepting the gain-adjusted
magnitude of the out-of-plane component of a vector eldighft) Overlying a sparse
streamline texture on an embossed representation of thef-quiéne vector component.

sunken ( gure 4.14 left).

The rst method we present to depict the 2D vector eld and idddal out-of-plane
component is displayed in gure 4.14 (right). This imagelisated by overlaying a sparse
texture image and the embossed image of gure 4.14 (leftuchsa way that only the
values in the former that are lighter than the values in ttterdget written to the resulting
image. While simple, this technique allows us to effectiwasualize both the in-plane and

out-of-plane velocity components together in a single imag

4.5.2 Representing Values with Embossed Streamlines

To represent a scalar distribution through the use of engobsseamlines, the magnitude
of the scalar value must be encoded in the depth of the enmtgpsEhe process is started

by creating a discrete number of embossings of the imagdfatatitdepth levels

If the distribution desired to be displayed has positive aegative components, then two

images are created for each level lit in opposing directierme from above and one
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Figure 4.15: Different levels of embossing applied to stilb@es to represent the
magnitude of an auxiliary scalar distribution. Top row: higrom above. Bottom row:
light from below.

from below ( gure 4.15). We found a linear interpolation tseten only a few levels to be

suf cient to create an effective visualization of the data.

The nal image representing the ow eld and scalar distrtimn is created on a pixel-by-
pixel basis depending on the magnitude of the scalar comm@ieach point. The value
of the scalar eld is queried at each point and a linear coratiam of the appropriate levels
of embossing for the respective direction is recorded. phigess is continued until all

pixels are covered ( gure 4.16).

4.5.3 Combining Embossing with Streamlines

A second and more sophisticated approach to represenngwh eld in conjunction

with the scalar distribution begins with the creation of ambessed streamline image of
the vector eld. The embossed streamline image is addedetadhlar representation once
again in a pixel-by-pixel fashion. Once the two pixel valaes added, the background
color from the embossed streamline image is subtracteds rEsults in an embossing
of the original embossed scalar eld as values that werevbéhe average are subtracted

from the original image and values above the average areldaddee original image ( gure
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Figure 4.16: Embossed streamlines.

4.17). Any values outside the range of 0 or 255 are effegtigleimped.

45.4 Limitations

Representing a scalar distribution using this embosstigiigue is largely impressionistic
and contains a few limitations. Namely, the ability to péreenumerous discretized levels
of a scalar variable is limited. While all images that re eclar values are limited in this
manner to a degree, the embossing technique utilizes a mwhbarrounding pixels and

different shades of grey to produce a depth effect. The coatioin of space and limited
number of different levels of grey that can be effectivelgdiso produce the depth effect
signi cantly limit the number of perceptually distinguighle levels using this technique.

Additionally, this technique is best employed when the dateelatively continuous and

57



Figure 4.17: Embossed streamlines on an embossed re@gserdf the out-of-plane
vector component

does not contain adjacent sporadic positive and negatiwpgu This would cause the
embossed streamlines to appear segmented in a manner ésatataccurately re ect the

underlying ow eld.

4.6 Discussion

In this chapter we addressed several methods in which arsella may be visualized in

a multi-valued dataset.

We have showed that color can be used to represent multiplarselds effectively.

However, the number of colors that can be overlapped witmiiiguity is limited. Color
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weaving provides an alternative to traditional color cosipog by allowing multiple
colors to be closely interwoven via the assignment of disteeparate hues to individual
streamlines, rather than blended. Thenberof different colors that are distinguishable

when in proximity is an interesting question and a possibiection for future research.

How the visualization is interpreted by the human percdpsyatem is a signi cant
component of creating a “successful” visualization. Weéehaliown how luminance and
contrast can be manipulated within an image to re ect a scald, and have also presented
a suggestion of why the two techniques are mutually exobufsiv representing multi- eld
data. The human perceptual system, however, is not alwalysitation to an effective
visualization. By using the 3D perceptual effects of an essbyg algorithm, we have
introduced a method that can represent a scalar eld witl@daow eld. Effective and
accurate visualizations often result through a fundantent@erstanding of how the human

perceptual system interprets visual data.

59



Chapter 5

Textures

Textures have traditionally been used to visualize veattds for the purpose of analyzing
the form and behavior of ow consistent with theoretical retaland to infer the underlying
behavior of experimentally-generated ow elds. The usaeftures allows for a consistent
and highly-detailed representation of a vector eld, allogran observer to both analyze

and better understand the dynamics of uid ow.

Flow textures have traditionally been limited to synthedizenderings where additional
attributes are displayed with color, differences in spétemuency, or contrast enhancements
and are added in an arti cial manner. In this chapter, we gmesnethods to utilize the
gualities and attributes of textures to visualize scalatritiutions and vector elds related

to a planar velocity eld.

A goal of this research is to better understand how the ptigsesf textures can effectively
be used to represent various components of ow data. Natexilires have the ability
to provide a richly diverse set of possibilities that alloarious aspects of the underlying
ow eld to be visualized. We introduce textures to conveydlinformation in a way that
preserves the integrity of the vector eld while also takadyantage of the many perceptual

dimensions that textures can contribute such as regulatitgctionality, contrast, and
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spatial frequency.

5.1 Texture Mapping Streamlines

With few exceptions, LIC textures are predominately usedwn visualizations. While
effective, LIC textures lack the richly diverse set of pbsdgies that can be obtained
through the use of natural textures. In this section, wetithte the capabilities of textures

as they are applied to streamlines.

5.1.1 Geometry

Applying a texture to a streamline requires that the stre@nfle extended to include width
as textures are inherently 2D and do not project well to stfiees or single pixels [9, 83].
We construct dhick streamlineby rst calculating a 1D streamline given the vector eld
that de nes the ow to be visualized. The streamline is theveg width by considering

the normal component to the streamline at each point. A sisect ed width is multiplied

Figure 5.1: A thick streamline is constructed by rst calatihg a 1D streamline (top). The
normal component at each point in the streamline is muttipby a user-de ned width to
calculate the coordinates for the thick streamline (bojtom
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by the normal component to give the location for each poirthefthick streamline. This
amount is added to both sides of every pixel in the streanrselting in a thick, 2D

streamline (gure 5.1).

The coordinates of the thick streamline are used to cortgtalggons in which a texture
can be easily applied using standard texture-mapping igeés. Segmenting the thick
streamline into polygons allows a texture-mapped straab effectively bend and curve

in any direction.

An adaptive step size is used during the streamline integrabmputation to construct
polygons that can effectively represent the streamlinarad@reas of high curvature [66].
Using the fourth-order Runge-Kutta formula and given a4aened error tolerance, an
adaptive step size approach chooses a large enough stép dzee each polygon while

observing the tolerance speci ed by the user. The effechisf approach is that smaller

polygons are generated in areas of high curvature (gurg 5.2

Figure 5.2: Polygons are generated according to an adabéipesize algorithm that allows
for smaller polygons to be generated around areas of higlature.
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5.1.2 Flow Fields

Controlling streamline density allows an entire eld ofdkistreamlines to be created and
equally spaced so that applied textures can be perceiveklahd Banks [75] rst address
the issue of streamline density. We employ the algorithnelbged by Jobard and Lefer

[32] for ease of implementation and ef ciency purposes.

Once an initial seed pointin the 2D domain is selected ramglastreamline is calculated
in both the positive and negative direction. The streamibrteaced in each direction until
one of the following occurs: a singularity is reached, tmeanline reaches the edge of the
domain, or the streamline comes within some user-de nethdce of another streamline
that has already been calculated. A new seed point is gedeogtrandomly selecting a
point on the de ned streamline and moving it a distance gmethian the width of the thick
streamline in the direction normal to the ow at this poinbr@rolling the distance of a new
seed point from the previous streamline allows exibilitythe density of the streamlines
of the resulting image. To generate an image of dense stisesnthe seed point should be
at a distance that is approximately the thick streamlingtwitcbm the previously de ned
streamline. A distance that is greater than the streamliéhvwill create more space
between streamlines and result in a sparse nal image. Tdwi#him continues by placing

seed points in this manner until no more valid seed pointdediound.

We have found it bene cial to construct streamlines with maxm possible length when
creating the nal images presented. Streamlines that dvaet a suf cient length are not

displayed and another seed point is calculated.

Several artifacts can occur when texture-mapping streesliTo avoid artifacts that may
occur with a repeated texture on the same streamline, aisufly large texture sample
is used. To avoid artifacts that may occur with repeatedutexbeing applied at the same
interval on neighboring streamlines, a random textureetffs used when constructing

the rst texture-mapped polygon of the thick streamline. e$& artifacts could also be
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avoided by synthesizing the texture separately or alony saeamline. Additionally,
where portions of streamlines overlap, pixels are assignegpacity value of zero, giving
priority to streamlines already de ned. The result is th@igifor streamlines to effectively
“merge” due to convergence or divergence of the ow but nobbstruct a previously

placed streamline ( gure 5.3).

Figure 5.3: Using texture-mapped thick streamlines toaliga a ow eld.

5.1.3 Texture Outline

Texture-mapping a natural texture to a eld of thick streem@$ may not create an effective
visualization if the orientation of the applied texture & pbvious. Figure 5.4 (top) shows
the result of applying an anisotropic texture to streanslizned the ambiguous orientation of
streamlines that results. The orientation of the streasltan be speci ed by combining
the texture with an outline of the calculated streamlindse ®utline of the streamlines is
constructed by mapping asutlining textureto the calculated streamlines de ned by the

vector eld. The outlining texture consists of a luminan@mp, from black to white,
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emanating from each side of the texture. The intention is tmima diffuse lighting
effect that would be created if the thick streamline were¢hdimensional and tubular
in shape. The effect of applying this outlining texture teatnlines is displayed in gure
5.4 (middle). Finally, the two images can be overlaid allogvihe orientation of the ow

eld to be displayed ( gure 5.4 bottom).

It is important to limit the proximity between streamlines creating the outlined
streamlines texture. If the outlines of thick streamlinesadlowed to overlap, areas of high
overlap produce distracting regions when the luminanceraithe streamline is abruptly
halted where one streamline overlaps another. To avoidathifact, the computation of a
streamline is stopped if it approaches another streamlittennone half the width of the

thick streamline.

Figure 5.4: Anillustration of texture outlining used toaisbiguate streamline orientation.
Top: a birdseed texture applied to streamlines. Middle: ah#ining texture applied to
streamlines. Bottom: combination of the above two images.
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5.1.4 Texture Attributes

We have the ability to show a scalar eld in addition to the oeld by changing how
the texture is mapped to the streamline. The ability to chdesgture parameters freely
independent of polygonal geometry provides a great amoftirgxability in depicting

scalar quantities.

Figure 5.5: Texture parameters can be adjusted to displaglardistribution in addition
to the vector eld. Theu component of the texture is mapped according to an arbitrary
scalar component that increases from the top of the imadestbdttom.

Starting at the beginning of the streamline, the geometoordinates for the thick
streamline are calculated and vertices for the rst polygos de ned. The length of the
texture,u, or the width of the texturey, can be scaled according to the scalar value and
applied to the polygon. Texture continuity between polygmypreserved by ensuring that
each polygon starts with the texture coordinates most tgoesed by an adjacent polygon.
Figure 5.5 shows a pine texture representing a scalarlaision, ranging from low to high
from the top of the image to the bottom, by scaling theomponent of the texture while

thev component remains constant.

Proportionally varying both tha andv components of the texture in uences the relative
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Figure 5.6: An illustration of using texture attributes &present a scalar distribution.
The scale of the texture is directly related to Reynolds shiass — a scalar eld used to
characterize regions where drag is generated in turbutamdary layers.

scale of the texture. This technique creates a differendladrspatial frequency of the
texture, re ecting the magnitude of a scalar distributibigure 5.6 shows how the scale of

a texture can be used to display the magnitude of Reynolds stress — a scalar eld used

to characterize regions where drag is generated in turbb@mdary layers.

5.1.5 Outline Width

In addition to scaling the texture to demonstrate a scalaey#he scaling can be enhanced
by adjusting the width of the streamlines according to assagliantity [67]. In gure 5.7,
the width of the streamlines and scale of the texture cdgelt velocity magnitude. In
the case of varying streamline widths, the scalar magnuetiermines the streamline width

and must be taken into account when determining the distagtweeen two streamlines.

A dif culty introduced when streamline width uctuates i®tv to handle the discontinuities
when thick streamlines come within the proximity of anothalculated streamline. The
method previously presented suggests that the streanditezrininated. Unfortunately, this
leads to an unnatural termination of the streamline and @aVrtifact. For this reason,

we clamp the thickness of the streamlines to a constantribaskand utilize the texture
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Figure 5.7: Varying the streamline width in addition to #eglthe texture can accentuate
an underlying scalar value.

scale to represent various quantities. An additional &tron is that allowing the outlining
streamlines to increase and decrease in size determinechlar salues accentuates the
attributes of the texture but reduces the ability to perdhe underlying ow eld in

combination with the scalar eld.

5.2 Texture Stitching

Standard texture-based techniques typically use Iten&kxto convolve an input texture
and do not utilize streamlines as nal part of the image. Tle&trsection illustrates a
common problem that occurs when an associated scalar laisalisualized along with the
vector eld using such convolution techniques. Ttegture stitchingalgorithm presented is
designed to encode a scalar variable using spatial freguehite maintaining the delity

of region boundaries de ned by the data.

Figure 5.8 illustrates the classical problem with attemgpto apply a color wash to an input

texture, before running LIC, to indicate the distributidivalues in a scalar eld associated
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Figure 5.8: An illustration of the problem with trying to uselor to indicate regions of
interest pre-LIC. Left: color wash applied to the input text Middle: results after running
LIC — the region de nition is not well preserved. Right: rétswof applying the color wash
post-LIC. The goal of texture stitching is to achieve thegiaeffect with multi-frequency
texture patterns.

with the vector data. The effect of the LIC is to smear out tbkrs, distorting the
appearance of the scalar distribution in the nal image andeding efforts to accurately
interpret the value of the distribution from the value of todor at any particular point. For
this reason, color encoding is universally applied poi;lunless it is explicitly desired to
use the color to demonstrate the effects of advection [6din@aware of these issues with
respect to the use of color, and wishing to use spatial fregyuo encode the presence of
discrete regions of interest in our data, we sought to demelture stitching- a post-LIC
variant of the pre-LIC multi-frequency method proposed by &End Banks [41] in which
it would be possible to preserve the delity of region boundsa implicitly indicated by

spatial frequency differences in the texture pattern in tia¢ image, while avoiding the

introduction of unnecessary discontinuity artifacts.

Following Kiu and Banks [41], the rst step in our approachts construct a set of
correlated noise texture images by low pass Itering anahhigh frequency noise pattern
and equalizing the intensity histograms of the results ®ittiensity histogram of the
original. For our application we were primarily interestedusing spatial frequency to
indicate the locations of computedgions of intereswithin a larger surrounding ow

eld. Thus, it is necessary to generate two noise texturéepas (high and low). To create

the images in this section, we applied a Gaussian Iter oftvD and standard deviation

69



2.0 to the white noise shown in gure 5.9 (left) to achieve rgb.9 (right).

Figure 5.9: Samples from input textures used in our texttitehing technique. Left:
the high frequency noise input texture. Right: the low frerey pattern achieved after
Gaussian blurring and histogram equalization.

There is a direct correlation between the size differendethe spots in the two input
textures and the Iter kernel length differences that agureed to achieve output textures
that will appear to differ by only a uniform (isotropic) stag factor. Although it is not our
intention to use the lter kernel length to encode any infatian about the ow, a larger
Iter kernel length with the low frequency input texture iecessary in order to make the
lines in the low frequency output texture appear to have #meslength-to-width ratio
as the lines in the corresponding high frequency patternceSihe lower frequency lines
are less effective at conveying details of the ow orierdatiwe decided to use the low
frequency texture to demarcate the regions of interestiwduie characterized by uniform

momentum and low velocity.

We proceed by using the high and low frequency noise inptites to create two separate
LIC images. We also create a binary mask corresponding teethéts of our trial region
detection algorithm [18] — one of the goals of the visual@ateffort is to determine the
suitability of the results produced by our region detectioethod and possibly to provide
insight into how it might be re ned to achieve greater effeehess. We use the binary
mask to composite the results post LIC. The results of ouhatkare shown in gure 5.10,

second from the left . Results obtained using the origindtimeguency LIC method are
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Figure 5.10: Top: the region of interest mask. Bottom: insagee obtained, from left
to right, using: the Kiu/Banks algorithm; texture stitchiwith histogram equalization;
texture stitching plus contrast enhancement of low frequeegions; texture stitching
using unrelated input patterns.

also shown in gure 5.10 (far left) for comparison.

One issue of interest whether it might be desirable, or rotninimize the incidence
of contrast differences between the low frequency and highuency texture regions.
Contrast will inevitably be lower for LIC images obtaineain higher frequency input
patterns, unless there is a huge reduction in Iter kernegiths, because more different
grey values will be averaged together, bringing the reso#tar to the mean than in the case
of the low frequency pattern. Retaining the ability to edqgeakcontrast, which can easily
be done in the texture stitching approach, reserves thef@iteo use contrast differences
to encode a different scalar distribution. Figure 5.10dtfiiom left, shows the results of
performing texture stitching without contrast equaliaati Here the region differentiation
becomes more prominent. However, the general continuitygbf and dark patterning
remains consistent between the regions, which would nohbecase if unrelated input

textures were used ( gure 5.10, far right).

The main characteristic of texture stitching is that it a#oregion boundaries to be
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noticeable in the nal image. When compared to the multgirency LIC approach taken
by Kiu and Banks, the texture stitching approach may not litalsle for applications in
which one hopes to approximate a continuous series by a seteof different spatial

frequency patterns, which was the target application faraid Banks.

5.3 Multiple Textures

Texture-mapping streamlines gives great exibility in thember of different appearances
that a vector eld representation can have. Figure 5.11 shawample of how natural
textures are capable of many different appearances whéie@ppa circular ow. We can
use this exibility and diversity of appearance to reprdsenltiple quantities within the
same image. In this section, we present techniques to usplatéxtures within an image

to represent multiple vector elds and to delineate regiartiin a ow image.

5.3.1 Texture Splicing

Allowing different appearances within an image can be Usefpreserving the delity

of region boundaries while avoiding the introduction of adistinuity artifacts. The
goal of texture splicingis to produce an image that achieves a precise depictioneof th
spatial extents of discrete regions while not detractirmgnfithe perception of ow. In
the examples illustrated here, the visualization is dexigto delineate boundaries of

signi cant structures oregions of interestvithin a 2D image of turbulent ow.

The process of creating the composited image can be coratzetlin three separate steps.
First, two textures are selected and the same vector eldesldo create two separate ow
images. Next, when necessary, an outlined texture of the sammputed streamlines is
created and overlaid on both images to clarify streamlinentation. In order to avoid

discontinuities of the ow, it is important to have both texé images and the streamline
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Figure 5.11: Examples of the diversity of natural textutest tan be applied to a vector
eld. A circular ow is used demonstrate each example.
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outlines generated from the same computed streamlinetly Lthg images are composited
or “spliced” on a pixel-by-pixel basis, as each pixel in thal image is sampled from the
respective source texture determined by the location gpitked with respect to the region
to be delineated. For implementation purposes, it is adggadus for all three conceptual
steps to be combined into an ef cient one-pass algorithmhictvthe textures and texture

outline are combined then applied along the streamline iortlye appropriate region.

Figure 5.12 shows how subtle differences in greyscale tegtallow for a speci ¢ region
to be highlighted. In this case, a region of signi cant svegilength is constructed using a
shell texture. A texture comprised of coins, similar in gia¢he shell texture but different
in luminance properties, is used for the other texture whltdws for the swirl center to be
visualized clearly. The spiraling streamlines around ttea af swirl strength denote that
the relative speed of the observer matches the convectionityeof this particular swirl

center.

Figure 5.12: Top: Binary region of high swirl strength — a ity used to identify coherent
vortices. Bottom: A greyscale coin texture and shell textare spliced to delineate the
region of high swirl strength.
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Figure 5.13: Top: Boundary regions of potential vortex maskde ned by a feature
extraction algorithm. Bottom: A birdseed texture and a st@xture are spliced to specify
the boundaries.

There is great exibility for image appearances using défé natural textures. Figure 5.13
illustrates an example using two unrelated textures, asbed texture and a stone texture.
The region delineated by the stone texture represents laoiesaf a potential vortex packet
identi ed with a speci c feature extraction algorithm [18]The size of the components
and luminance of each texture chosen are similar so theyaneraminent factors in the
perception of the difference in texture. While the two tegtiare most differentiable by
color, the regions are still noticeable when the image isgtkas a greyscale image. The
natural qualities allow each texture to be distinguishalfide the ow of the streamlines

remains easily perceivable.
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5.4 Discussion

With few exceptions, LIC textures are predominately usedwn visualizations. While
effective, LIC textures lack the richly diverse set of pbsdgies that can be obtained
through the use of natural textures. In this chapter, we Bage/n the exibility of textures

as they can be mapped in a variety of ways to show propertiesvoeld.

Mapping textures to calculated thick streamlines providesomputationally ef cient
method for creating a texture-based ow image. The usemerga wide range of exibility
to create a visually rich image using this technique. We lzse introduced a method to

depict ow direction in the case of anisotropic textures.

Texture stitching and texture splicing allows for a preclsgiction of the spatial extents of
a discrete region without detracting from the perceptionowf. Developing techniques
using more sophisticated methods for combining texturasimvi ow visualization to

represent multi- eld data is a potential direction for frguresearch.
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Chapter 6

Multiple Vector Fields

This chapter presents strategies for developing effentethods for the visual representation
of multiple co-located vector elds. One of the most challery aspects to visualizing
multi- eld data is creating an image that accurately re ®the key physical properties of
all of the elds in a way that does not allow for a bias towardasedistribution. These
methods are designed to allow each eld to be understood aalyzed both individually

and in the context of the other.

We begin by exploring a variety of different techniques #illdw for visual representations
to be combined in order to represent two vector elds siimmdtausly. Several existing
techniques for visualizing single vector elds are exandm&d combined to demonstrate
the effectiveness of simply compositing representationaoduce an image representing
multiple elds. We also consider how elements from vectold® can be distinguished or

grouped preferentially through techniques of embossingsorg different textures.

We examine the method of using streamlines to represent elds and how streamlines
from different vector elds can be combined to effectivepresent multiple vector elds.
We develop new methods, based on methods created for a et eld visualization,

to effectively use streamlines in a manner that allows battars elds to be viewed
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simultaneously.

Finally, many scienti ¢ applications involve data in whit¢he most challenging aspect
of interpreting the results is determining how separatelseare related. The modeling
of 3D magnetohydrodynamic light supersonic jets and thdysti coherent structures in
turbulent boundary layers are two such applications. tHai®ns from these applications

are later presented in this chapter.

6.1 Integrated, Multiple Vector Fields

The visualization of multiple co-located data elds can lmnd in several simplistic ways.
One method is to display the individual distributions in desby-side manner, so that each
eld can be seen clearly and independently. However, spatizespondences between
distributions are not easily revealed using this technigaother approach is to show
multiple elds sequentially in the same space and allow tlseruo quickly alternate
between the images. With this approach, however, it is dif ¢do obtain a reliable,
integratedunderstanding of the multiple elds. This research ingstés new methods
for the simultaneous representation of multiple elds in armer that leads to a further

understanding of correspondences or interrelations legtweo vector elds.

6.1.1 Classi cation of Single Vector Field Techniques

Mining the knowledge base of previous visualization reseasields important ndings
and insight to assist the research of our speci c applicetioUsing this insight, we are
able to re-construct, manipulate, and expand upon theirxistate-of-the-art in order to

further the process of knowledge discovery related to spasks and conditions.

Many different techniques have been developed for the \rmign of a 2D ow. Various
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visual techniques have characteristics that allow fored#iht components of the ow to
be more visually salient [45]. We classify existing 2D vecteld ow visualization
techniques into one of three visually distinct categoriésxture-based, line-based, or

glyph-based.

Texture-based techniques are characterized by a cortsibighly-detailed, and dense
representation of a vector eld. As presented in section@dny texture-based techniques
have been developed for the visualization of 2D ow as it akdor the ne details of a

vector eld to be easily displayed and analyzed [4, 31, 79].

Line-based techniques involve the display of elongaedamlines- segments that are
everywhere tangent to the vector eld. These images aredomahtally different than the
images created with texture-based techniques as strezsrdan be visually traced over
a long distance, and line-based images are more sparseetttares. While streamlines
give a global sense of ow by depicting paths along the veattt, ow direction is not
always apparent. Additionally, locating an advantageauallsnumber of critical lines

representing the ow can be a challenging problem.

Glyph-based techniques are characterized by the use ddtedpe icons that can express
various types of information about the ow, including ow i@ntation. In a sense, line-
based techniques can be thought of as a special case of lghgad techniques. The most
basic glyph technique is the use of hedgehogs (sometimaseadfto as vector plots) — short
line segments or arrows aligned with the ow direction atukegly or randomly distributed
locations. Glyphs provide the ability to depict ow direati by using the glyph shape or
a luminance ramp. We also include in this category techmidjuat involve placing glyphs

along calculated streamlines.
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6.1.2 Combining Multiple Images

Transparency or layering is one of the most effective methiodportray relationships
between overlaying components. Kirby et al. introduced thokinspired by the layering
techniques used in oil paintings to visualize componen®fow data [40]. Interrante
has used transparent stroked textures on 3D surfaces sygosed over underling opaque
structures [28]. Weigle et al. demonstrated a texture géioer technique, based on the
layering of oriented slivers, using orientation and lunmoato encode multiple overlapping
scalar elds [89]. Hotz et al. vary the input texture densityd spot size in addition to
kernel length and overlay sparse LIC images to visualizeufea of a tensor eld [25].
Wong et al. developed a technique that combines elementpltd ahannel manipulation,
ligreed graphics and elevation terrain mapping, alonghwiblormap enhancement to
visualize a multi-variate climate dataset [91]. Our reskas inspired by these techniques,
and seeks to expand the applications of layering in the {imien of multiple related

vector and scalar elds.

Considering one sample from each of the three visuallyrdistnethods for vector eld

visualization (texture, line and glyph) we explore the raing effects that can be achieved
using layered combinations of these approaches to visuahz different, co-located vector
elds (gure 6.1). For the texture-based sample, we use LiGe-most widely used texture-
based approach. For the glyph-based sample, we create ge byarepeatedly texture
mapping a comet-like glyph along thick, equally spacedashienes. This results in a
sequence of glyphs that is continuous in the direction ofdlae The line-based sample

is created using the source code supplied by the authors efjaally-spaced streamline

technique [75].

One of the primary goals in each of the applications is toatdépe key physical structures
of one vector eld in the context of the key physical struesiin another. Therefore, it

is highly desirable to be able to easily differentiate betwéhe visual representations of
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Figure 6.1: Different 2D vector visualization techniquepled to the visualization of two
co-located vector elds.

each eld and to easily identify each distribution. This pess becomes more complicated
when the same representational technique (e.g. line,reewtuglyph) is applied to each
eld. While a supplemental visual variable, such as coloyld be used to distinguish the
two representations, we would ideally prefer to be able semee the use of color for the

communication of related, co-located scalar quantities.

The problem of differentiating between each vector eldligstrated on the left hand side

of gure 6.1. The combination of two texture-based techmis|ifupper left) provides a
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rich representation in which both vector elds are visilparticularly in regions where the
vector eld orientations are not aligned. However, it be@mthallenging to distinguish
the two datasets in regions where the orientations arealigs it is dif cult to determine
which eld is being represented by which texture at any gilecation. Both the glyph
and line techniques utilize an inherently sparse streansipacing that leaves empty space
in the image. Combining two sparse techniques creates @ &éargunt of negative space
which can result in a lost opportunity to represent ne dstaf the vector elds. When
two glyph-based techniques are overlaid (center left inmdiggure 6.1), maintaining good
visual continuity or “good continuation” in the directiofthe ow in each eld becomes
a challenge, particularly when the glyphs are separated tognérivial amount of empty
space. When two line-based techniques are overlaid (losfeimhage of gure 6.1), the
continuity of streamlines is maintained; however, the @ectal patterns of intersections
between streamlines in different vector elds can lead suwl artifacts that may cause an

inaccurate perception of the data ( gure 6.2).

When a different representational approach is used for eddhthe primary challenge

Figure 6.2: Combining streamline representations can teadsual artifacts. Top: Two
streamline images are combined. Bottom: the artifact ahbgentersecting streamlines is
highlighted
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Figure 6.3: Different representations can be emphasizeatbsing luminance properties
of individual representations prior to image compositilmgthe sequence from left to right
of images above, the glyphs become brighter while the texb@comes darker. When
the glyphs are very subtle (left image), the vector eld esg@nted by the texture is more
prominent. When the contrast between the white glyphs amddnkened texture is more
obvious (right image), the vector eld represented by thgfk is more prominent.

is to appropriately balance the visual prominence of eaphesentation, so that neither
overwhelms the other in the combined presentation. FiguBell&strates how different
representations can be made more or less prominent byngltée contrast and luminance
values prior to layering the two images. Similarly, diffeces in line thickness can be used

to make one vector eld more prominent when displayed witbtaer ( gure 6.4).

In our experience, particularly good results can be achlibydayering a relatively sparser,
higher contrast, glyph or line-based representation of efteover a relatively denser,

lower contrast, texture-based representation of the oder The high contrast between

Figure 6.4: Differences in line thickness cause one veattd to appear more prominently
than the other.
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the glyph or line elements and the background or empty spaakeles them to maintain
their visibility when superimposed over the textured baokgd; the relatively sparse
distribution of the glyph or line elements in the top-lay@w is necessary to enable the

simultaneous, effortless appreciation of the ow that istpyed on the underlying layer.

Next we describe the methods that we implemented to allotwiodifferent representations
to be combined in such a way that each representation rendgstiact and visually

separable.

6.2 Methods for Combining Images

Figure 6.5: Glyph-texture mapped streamlines overlaid ohl@ texture mapped
background

6.2.1 Overlay

In gure 6.5, two representations are combined usingceeen overlaynethod. This
method is similar to a standard image multiplication ogerabut operates on the additive

inverse of each input image. Speci cally, I(x;y) is the output image and(x;y) and
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B(x;y) are the respective input images, and we assume that eadlinpexesity is between

0.0 and 1.0, thecreen overlapperation is de ned as

D(@i;j)= 10 (10 A(;j)) (1:0 B(i;j)

Applying this formula allows the intensities of the undénly texture image to show
through in the places where the overlying glyph image costampty (black) space. This
technique is most effective when using an image with a bladkground so the resulting
image is highlighted only in regions where the glyph is pthc©f note in gure 6.5 is
that the two vector elds can be easily distinguished notyowhere their orientations
are nearly orthogonal, but also in the places (such as therupht corner) where their
orientations are nearly aligned. It is precisely to enabésé sorts of comparisons of the
relative alignments of the two elds that we pursue thesestigations of methods for their

combined portrayal.

6.2.2 Embossing

In the overlay method, we primarily rely on luminance diffeces to distinguish the
overlying glyph or line elements from the underlying textumage. As introduced in
chapter 4, embossing is an alternative technique that cammptoyed to distinguish an
overlaid image from an underlying image [77]. In this methedch element of the
overlaying image is given a distinct 3D visual appearanteyder to enable the elements
to perceptually group preferentially with each other anthatsame time jointly segregate

from the background.

Where it is relatively straightforward to emboss streasdimnd glyphs, dense textures
typically do not contain a suf cient amount of empty spacehii the image in which

to portray the result of the shading equation. Textures aarermnbossed by utilizing
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Figure 6.6: Embossing a texture. Top: A sparse texture ichtie effects of an embossing
algorithm can be perceived. Bottom: An embossed sparsereegbmbined with a LIC
texture.

an algorithm that creates a sparse texture to which the esimtgpalgorithm can then be
applied ( gure 6.6). The sparse embossed texture and theedemture are then combined

to give an embossed appearance to the texture.

An embossed image can be overlaid on another image by addngtensities in the two
images on a pixel-by-pixel basis, and then subtracting gheevthat the background color
takes in the embossed image. This is equivalent to incrgakim intensity in the non-
embossed image at the points where the intensity in the esaldasiage is above average,
and decreasing the intensity in the non-embossed image gidiihts where the intensity
in the embossed image is below average (gure 6.7). The esnhgsin effect, gives a
visual distinction of an applied 3D lighting equation andvisually separable from the

non-embossed image.
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Figure 6.7: Distinguishing different elds by embossing. opf embossed texture
composited with glyphs. Middle: embossed streamlines asitgd with texture. Bottom:
embossed glyphs composited with texture

6.2.3 Multiple Textures

Different techniques such as texture, lines, or glyphs @anded to represent a ow eld.
These techniques can effectively be combined to depictiphelto-located vector elds
by using the different visual characteristics of each tepmand luminance differences to
delineate the individual vector elds. Similarly, embasgione of the techniques allows
for the elements to perceptually group preferentially veiith other and at the same time
jointly segregate from the background. Next, we focus on hadividual attributes of
textures can be used to distinguish two texture-based geptations of different vector
elds. We introduce a technique that facilitates the diffieces in textures to allow for the
analysis of the form and behavior of a vector eld within trentext of an additional vector
eld. The termsoverlayingandunderlyingare used to describe the two layers of vector

eld images that comprise the nal image.
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Figure 6.8: Two different textures to represent differeettor eld representations. Top
left: The overlaying image. The pine texture representsrifane vorticity vector eld.
Top right: The underlying image. The yarn texture represém in-plane velocity vector
eld. Bottom: the composited image. The continuation of tegture patterns and spaced
streamlines allow for both vector elds to be viewed simuakausly.

Since two textures cannot co-exist at the same location, malay an equally-spaced
streamline algorithm with a large distance between strieeslto depict the overlaying
vector eld. We have found success in using glyph-like te®f) such as the pine texture,
to represent the overlaying vector eld as the orientatiod direction of the vector eld
are easy to perceive without the need to use an outline extgure 6.8 top left). Both
vector elds in this example have been magni ed and integbetl to a scale that allows

the sparse streamlines to cover the domain adequatelywtisiagri cing accuracy by not

displaying streamlines over the entire domain.

The underlying texture has more exibility in the type of take and spacing of the
streamlines available to represent the ow accurately. ¥uee with dense streamlines

works well to display the ow eld. In gure 6.8 (top right) a grn texture is used with
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densely packed streamlines. Theomponent of the texture is used to re ect velocity

magnitude which results in the yarn being “stretched” iraaref high vector magnitude.

The composite image of the overlaying and the underlyinggesais composed on a
pixel-by-pixel basis. Final pixel values are calculatedtaling the normalized product
of respective pixel values from the two individual vectotdamages. The long texture-
mapped streamlines give a unique and natural continuatithretvector eld which allows

for the two vector elds to be visualized simultaneously.ifiorease the perception of both
ow elds within the same image, we have found the best resuking two textures that

contain unrelated color schemes.

6.3 Interweaving Streamlines

The method of overlaying one image on top of another imageast reffective when the
methods of representation are different for each vectat bding displayed. As presented
in section 6.1.2, different representations allow for thféecent visual attributes of each
technique to be distinguished when combined. However, wiverstreamline images are
combined, it becomes dif cult to distinguish the physicustures of one vector eld from

the other.

Many algorithms exist for the seeding or placement of stigeas of a single vector eld
[33, 49, 75, 92]. The goal of these algorithms is to placeastiaes in a way to avoid
visual clutter and accurately depict the key physical stmes of the vector eld. We
utilize several of these algorithms and present technifuethe placement of two vector
elds, representing both elds accurately, with equal praence, and minimizing the

visual artifacts that may occur when streamlines are coathin
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6.3.1 Streamline Overlay

Figure 6.9: Overlaying streamline images result in the lay@ng image being more
prominent than the underlying image. Left: blue streanslioeer red streamlines. Right:
red streamlines over blue streamlines

In an effort to illustrate how to visually represent two \actelds simultaneously, we
examine two streamline representations distinguishedolbyr ¢blue and red). In gure
6.9, two different equally-spaced streamline represemtstare simply overlaid. The red
streamlines overlay the blue streamlines in the leftmoagie) the blue streamlines overlay
the red streamlines in the rightmostimage. While the cdith® streamlines distinguishes
each vector eld appropriately, the vector eld in which tilse&reamlines are “on top” is
more prominent than the underlying vector eld. As one of guals of this research is
to represent both vector elds without one being more visupfominent than the other,
this simple technique produces an undesirable result. rBlsisarch focuses on methods
that will produce images representing two vector elds inievhthe key structures and
characteristics of both elds can be seen without a bias & wector eld over another.
For example, gure 6.10 is constructed lmyterweavingthe streamlines of both vector
elds such that one representation is not “on top” or moreuglly salient than the other

vector eld. The algorithm for constructing overlappingesimlines is presented next.
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Figure 6.10: Interweaving streamlines allows for eachaeetd to be represented equally

6.3.2 Streamline Weave

One of the most important concerns in depicting the intewvepof streamlines is how
to graphically represent the overlapping elements to bendisfrom each other. Artists
and illustrators have traditionally used the techniqueirtd tontinuity to depict one line
passing underneath another. The size, quality, thickaessdiscontinuity of lines allows
for an enriched vocabulary in the representation of visb@ais [12, 58]. Inspired by [29],
we de ne a 2D texture “halo” around the streamlines as de meskction 5.1.3, to not only
give it a 3D appearance, but also to visually separate it steamlines from a different
vector eld at a point of intersection (gure 6.11). While éhvector elds represented
are de ned on the same 2D plane, discontinuities in the laresutilized to allow for the

perception that one line is underneath the other when tves lanoss.

The effect of streamlines weaving over and under otherrstiieas from a different vector
eld is achieved by altering the opacity values of the polggthat constitute the streamline.
This method allows for the computational complexity of thgoaithm to be minimized

as the geometry for intersecting polygons does not have &xpkcitly calculated. The
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Figure 6.11: Left: Color continuity depicts that one linairsderneath the other when two
lines cross. Right: A 2D texture “halo” adds a 3D appearamckam additional visual cue
of line discontinuity to depict one line crossing over arestline.

intersections are handled through changing the opacith@fstreamline as it intersects
with the streamlines already placed. Thus, by altering fheecity values for a streamline

being drawn, it can effectively pass over and under stremslihat have already been

computed and displayed.

The additional data structure of an alpha buffer must be tamied in order to determine
which pixels have been covered by the streamlines of thevesttor eld; the opacity

values are also available using tii&eadPixelscommand supplied by OpenGL. All pixel
values covered by polygons representing the streamlireeassigned a value of 1.0, and

all other pixels are assigned an opacity value of 0.0.

The rst step in the process of displaying inter-weavingeatnlines is to determine where
the polygons that constitute the streamlines will be pladgssuming the seed points for
the streamline placement have already been determined byually-spaced streamline
algorithm, the geometry for the thick streamline can bedonutated — as presented in
section 5.1. Thus, the only criterion that remains to be rddteed is how and when

the opacity of the streamline should be displayed as opaapig passes over an existing

streamline) or should be displayed as transparent (as ésappo pass underneath).

The algorithm works by weaving one vector eld amongst theamlines de ned by the
accompanying vector eld. Initially, the streamlines fratme rst vector eld can be
placed without the need to consider the second eld. The moreputationally-intensive

process of computing the second vector eld's streamlindsassentially be woven into
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the structure of the rst vector eld's streamlines.

The second vector eld is introduced one streamline at a.tifseh streamline is rendered
starting at the furthest most point of negative integrasitamg the streamline and continues
forward until it reaches the complete streamline lengthth&tbeginning of the streamline,
a random variable determines whether it will begin by paggiwer or under the rst
streamline of the opposing vector eld it encounters. IEitlietermined to pass over the rst
streamline, the OpenGL blending function is set to replaeepixels already stored in the
frame buffer to the pixels being computed by the polygonsefstecond vector eld —thus,
writing over the rst vector eld and passing over the strdarma. This blending function
is maintained until the streamline being drawn has comlyletessed the streamline from
the rst vector eld. This condition is met when the value dfe alpha buffer for all four
corners of the calculated polygon have opacity values of @Be blending function is
then changed to allow for the streamline to pass under theim&xsection ( gure 6.12).
The polygons representing the streamline are drawn umtihdxt intersection occurs. At
this point, the opacity values of the rst vector elds' samline will hold, and areas of
the polygon that are not opaque will be shown — as if the stliearns passing under the
previously de ned streamline. When the alpha buffer valtegsthe four corners of the
polygon are once again 0.0, the blending function valuesgred to allow the streamline

to pass over the next intersection. This process contiraresifstreamlines and polygons,

Figure 6.12: lllustration of how the weaving streamline @nstructed. Initially, the
blending function is set so the streamline will pass oveepttreamline (left). When
four corners of a polygon are clear from the underlying sii@ze, the blending function
is changed to allow the streamline to pass under the nedrstirge it encounters (right).
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alternating between the blending function parameterdaavdbr the streamlines to appear

to be passing over and underneath each other.

Eliminating Artifacts

Figure 6.13 illustrates a problem than can occur by intewwgatwo equally-spaced
streamline representations. In a single vector eld, thgoathm that determines the
placement of the streamlines is designed to avoid situsiilomvhich streamlines become
“too close.” However, when the placement of these algor#tlane combined, it is possible
that streamlines will overlap in areas where both vectodsedre parallel. The streamlines
becoming coincident results in an clustering artifact thatequally-spaced algorithm had
avoided when dealing with only a single vector eld. Next wek at two solutions, based
on previously de ned equally-spaced streamline algorghthat consider both vector elds

when determining the location for every streamline.

Figure 6.13: A region of gure 6.10. The equally spaced stikae algorithms do not
account for the other vector eld resulting in the potenfiat streamlines to overlap in
regions where the vector elds are parallel.

Image-Guided Streamline Placement

Turk and Banks [75] developed an algorithm that uses an gnfengction to guide
the placement of streamlines at a specied density for alsingctor eld. While

computationally expensive, the technique provides a niethavhich the placement and
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length of each streamline can be re ned in order to createllaatmn of streamlines that
are equally spaced. The algorithm employs a low-pass lIfethe streamline image to
measure the separation and quality of the placement of thamstines. Quantifying the
“quality” of the placement of streamlines by using the loasp Itered image allows for
a measure of the difference between the current image ardetieed visual density. The
quality can be increased by changing the positions andigthe of streamlines, joining
streamlines that are nearly touching, or creating new stiiaas to Il suf ciently large

gaps. After an initial set of streamlines are placed at rean@do on a regular grid, the
process iterates by making changes in streamlines, chet&isee if the changes would
increase the quality of the image, and nally adopting tharales if the alteration would
improve the quality of the image. The original algorithmeetively creates an image of

equally-spaced streamlines for a single vector eld.

In order to incorporate two vector elds, several alteraido the original code must be
made. First, when streamlines are rst introduced to the @on(iTurk and Banks use the
term “birthed”), each streamline is assigned one of the tactar elds in an alternating
manner. Thus, when each streamline is being drawn, it willd@ed according to the
vector eld that it was assigned when it was rst created. €arust also be taken in the
process that joins streamlines that are nearly connectedhid case, it is necessary to
check to make sure both streamlines are de ned from the sactew eld prior to joining

as it is possible that two abutting streamlines may not b fiftte same vector eld.

Utilizing the low-pass Itered image to minimize the energyction with two vector elds

yields interesting results. The quality metric using the-lsass Iter ensures that the
streamlines are equally-spaced and a similar density iataiaed throughout the image.
By introducing a second vector eld, it is inevitable thatestmlines from different vector
elds will cross. However, crossing streamlines causesa lpeenalty in the metric de ned

by the low-pass Itered image as regions of intersectiorl mat have a similar density as
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regions of non-intersection. The areas of intersectionlt@s an area of higher density
in the low-pass Itered image, which is above the target dgnd-igure 6.14 illustrates
the effect of the low-pass lIter in regions of intersectimgds. Thus, applying the original
image quality metric of the Turk and Banks technique willlgipatches of streamlines of

one vector eld instead of overlapping streamlines ( guré®).

As this adaptation of original technique does not give agsgntation in which the elds
appearntegrated we further modify the algorithm to allow the coverage ofteaxividual

vector eld to contribute to the energy function. This is dohy rede ning the quality
metric to include a low-pass Iter image of each of the indival vector eld streamlines

in addition to the global set of streamlines.

Figure 6.14: Example of a low-pass Iter on two differentdipatterns. Top: Two images
of lines. Bottom: a low-pass lter of the above line image$eTltendency for the original
image-guided streamline placement algorithm to avoidrgsteting lines as explained by
the even distribution of the low-pass Iter on the non-irsieeting lines (right) compared to
the intersecting lines (left).
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Figure 6.15: Two vector elds using the original metric of agle low-pass lter.
The metric induces a high penalty for intersecting streaesliresulting in areas where
streamlines from only one vector eld are present.

As streamlines are being added to the image, each streaimlassigned one of the two
vector elds in an alternating manner. Each streamline ditashally added to two of three
low-pass lterimages: one that contains all of the streaesi, one that contains streamlines
only from the rst vector eld, and one that contains streamels from only the second
vector eld. The density of the low-pass lter of these threeages is added, in equal
parts, to de ne the nal quality metric. This ensures tha@as in which no streamline for
a vector eld exist are minimized as this would result in athjgenalty from the low-pass
image that represents the coverage from that particulaorexd. In turn, this encourages
streamlines to overlap as desired. The algorithm contiagesge ned by Turk and Banks
and each streamline is placed, altered, and adjusted acgdalthe new metric. In the
event that the alteration improves the overall quality I(iding the overall coverage of

each individual eld and the global set of streamlines) tharge is applied.
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The addition of the low-pass Iter images for the individuagctor elds does not
dramatically increase the computation time of the origalgbrithm. The quality variable
for each of the low-pass Iter images is stored as a variadlewing for an ef cient look-
up. The most computationally expensive portion of the allgor exists in the process
of determining the updated quality for the potential moviri@ streamline. The original
algorithm must compute the contributions of each pixel ia gtreamline to derive the
update quality. Adding this functionality to the additibi@av-pass Iter images proves to
be negligible as the streamline's location and propert@aefalready been determined in the

original code. Only a few more additions were necessary noptete the implementation.

The results of the improved algorithm are displayed in g6té6. The addition of the
individual vector eld's low-pass lIter to the quality metr allows for the streamlines

to overlap. Additionally, the global coverage componentha& quality equation ensures

Figure 6.16: The coverage of the individual vector elds adeed to the quality metric
of the Image-Guided Streamline Placement algorithm toaaftar each vector eld to be
equally distributed producing a globally balanced streéaendlistribution
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that regions where streamlines from different vector ekl® parallel do not contain

overlapping, coincident streamlines.

Seed Point Streamline Placement

The equally-spaced streamline approach introduced byrdabad Lefer [33] provides
a computationally ef cient method to place streamlines #osingle vector eld. The
algorithm works by initially placing a seed point at a randlmmation and computing the
interpolating streamline. As shownin gure 6.17, new seaddidates are selected that are
a user-de ned distance from the points on the previouslynge streamline. Streamlines
are constructed from these seed points continuing untgathes a singular point, the
end of the domain, or it comes within a user-supplied distapicanother, previously
de ned streamline. This process of determining new seedtpait a distance from existing

streamlines continues until no other seed points can bealfoun

We extend the Jobard and Lefer algorithm to incorporate teaior elds and minimize
the coincident intersections that lead to a large amoungégétive space in the nal image.
The goalis to create a nal image in which the two vector elte as mutually exclusive as

possible — allowing for streamlines of both elds to be asatyuspaced from streamlines

Figure 6.17: The Jobard and Lefer algorithm selects seattigat a equal distance away
from a calculated streamline. The original streamline ipm@EW red. Equally-spaced
streamlines are colored grey.
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in the same vector eld and in the other vector eld being sltaneously visualized.

We consider two different spacing distances: the rstids, the user-de ned distance in
the original algorithm that is used to de ne the distancetf@ seed points away from a
calculated streamline. Since the streamlines will be canttd from different elds on an
alternating basis, we essentially use a value proportimnde =2 as to allow streamlines
of different vector elds to be “in-between” the equallyasged streamlines of the same
vector eld. The second spacing distandas;, is the stopping criteria that the distance in
which a new streamline can be within another streamline fleesame vector eld before
it is stopped because it is “too close.” Note that th&; criteria is only enforced with
streamlines of the same vector eld, as intersections betwvtbe vector elds will occur

naturally and should not be suppressed.

The algorithm begins, in the spirit of the original Jobard &efer algorithm, by selecting

a random point and constructing a streamline. The algorgifogresses by alternating the
vector elds in which the streamlines are drawn. The nexididate seed point is selected
to be a user-de ned distancese =2, away from the previous streamline drawn. However,
unlike the original algorithm designed for a single vectetd, we also consider the other

vector eld to be visualized when selecting potential seethfs.

In addition to creating two vector elds that are equally spd, we seek to eliminate
the phenomena of overlapping streamlines when both veetols are parallel. In order
to accomplish this we scan all points on the previously dratveamline to nd the

location in which the two vector elds are most closely akkgh Computationally, this
is an inexpensive process as each vector eld is considdmwahe nite number of

pixels that constitute the streamline. The angle betwedmerctor elds is calculated by
evaluating the dot product between the corresponding x&c@iven a vector A from the
rst vector eld, and the corresponding vector B from the sad vector eld, the measure

of the angle between theng, can be calculated a& B = jAjjBjcosq. Furthermore,
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normalizing the vectors results in the dot product prowjdime value of the cosine of the
angle. Taking the absolute value of this quantity will yieldhaximum value of 1.0 when
the vectors are perfectly aligned (0 degrees) or perfegposite (180 degrees). Thus, the
algorithm simply nds the maximum value along the streamlof the dot product for the

corresponding normalized vectors.

The point in the streamline where the vector elds are the tmagsely aligned is
used to calculate the next seed point at a distancdsgf2 perpendicular from the
streamline. Following this step guarantees that the stieamof both vector elds will
not be coincident at this point. A list of appropriate seethpoandidates is stored for
each streamline based on the alignment between the vecdds a& each point. The
process of computing seed points along streamlines fanaltieg vector elds where the
corresponding vectors are aligned continues until a vaatioint does not exist. Seed
points may not be valid for a number of reasons: the seed poimithin the distance of
dsepOf a streamline from the same vector eld, the resultingatméne length is below a
user-de ned tolerance, the seed point is at a critical pdimthe case that a seed point is
not valid, the algorithm begins again with streamlinesadsecomputed to nd appropriate
seed points in which the vector elds are aligned using teedif seed point candidates

stored when the streamline was rst computed. As with thgiodl Jobard and Lefer

Figure 6.18: Adaptations to the Jobard and Lefer algorithawefor effective placement
for seed points of two vector elds. Alternating streambnieom different vector elds
allows the streamlines to be “in-between” other equallsesul lines.

101



algorithm, streamlines are drawn in the fashion of selgctiged points in areas where the

vector elds are most aligned until no other seed points cafolond ( gure 6.18).

6.4 Applications

In this section, we employ the methods previously preseatseveral speci ¢ applications,
and explain the contributions to the scienti c discoveryogess made using these
techniques. The discussion emphasizes the visualizaéohnique utilized and the
scienti ¢ conclusions that can be inferred. The reader iferred to chapter 2
for the background explanation for the individual applicas. Effective results of
simultaneously visualizing multiple vector elds are #imated through three different
scienti ¢ applications: the visualization of velocity amdrticity elds in experimentally
acquired turbulent boundary layer ow data, the visuai@atof velocity and magnetic
elds in computational simulations of astrophysical jeasd the visualization of different

layers within a numerical simulation of a turbulent chanoel.

6.4.1 Experimental Turbulent Flow

We use the methods described to visualize data acquired dsgrarimentally generated
dual plane PIV experiments. Our goal is to further undeibtiie relationship between
the vorticity vector eld, velocity vector eld, and 2D and3 swirl strength scalar
distributions. The characteristics of vortex cores, idahg their orientation given by 2D
and 3D swirl, are useful in theories designed to reduce Blatien drag in turbulent ow.

Standard PIV datasets, however, are limited to 2D cal@aratwithout the out-of-plane
gradients. The 2D and 3D swirl distributions are furthercdgsed in conjunction with

velocity and vorticity vector elds in this section.
We rst analyze the in-plane velocity vector along with thB and 3D swirl elds. The
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Figure 6.19: Visualization of multiple scalar and vectoide from a dual plane PIV
experiment. The underlying LIC texture represents the arglovector eld. The eld
of glyphs represent the vorticity vector eld.

velocity vector eld is visualized using a LIC texture ancetBD and 3D swirl variables
are encoded in color using a technique that maps each coldtetmating streamlines to
avoid the ambiguity that occurs when colors are mixed [76]e TIC texture serves as a

method to convey the underlying vector eld while simultansly providing the means to

distribute the color representing additional scalar elds

The velocity vector eld is obtained by subtracting the matreamwise velocity from the
in-plane velocity component. Thus, the locations of caitmoints are subject to the relative
velocity of the observer and are not germane to the analgsikis example. Swirling
streamlines in the vicinity of the area of high swirl stremgtill only occur in the vicinity

of the particular vortex cores that convect at a rate sinhildine mean streamwise velocity.

Analyzing the relationship between the 3D swirl and 2D swimponents leads to a
valuable understanding the of the orientation of a vortexe c@\s 3D swirl is calculated

using all gradient components, it can accurately measeresistence of a vortex core at
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any orientation to the referencing plane. The 2D swirl distiion only measures the swirl
of a vortex core that is oriented orthogonal to the plane.ofdingly, 2D swirl is present

only where there is also signi cant 3D swirl.

To develop an understanding of how the vorticity vector etdntributes to the
phenomenon of swirl strength and the potential for a vortae cwescreen overlayghe
velocity vector eld LIC image with a glyph image represargithe vorticity vector eld
(gure 6.19). The thickness of the glyphs is de ned to be dthe proportional to the in-
plane vorticity magnitude. The two vector elds displayedjéther reveal zones where
velocity and vorticity are nearly perpendicular (regioridwm a square) and nearly parallel
(regions within an oval) for the particular convection \@tg being visualized. The region
in the center of the image exhibiting strong 2D swirl (redjoatontains strong in-plane
vorticity, as evidenced by thick glyphs, and additional 3irk(blue), suggesting a vortex
core that is inclined at a signi cant angle to the measurdarpéane. The remaining zones
of 3D swirl that lack a prominent indication of 2D swirl regent cores whose vorticity
is more closely aligned with the measurement plane. Thehglypve the predominant

vorticity direction of the core.

The integrated visualization of these components allows viarticity direction and
magnitude to be correlated with the direction of a vortexeatelineated by swirl strength.
Effectively combining techniques for the visualizationmiltiple vector and scalar elds
allows for a better understanding of vortex frequency,rgftie, and orientation as well as
the 3D interactions among and caused by vortices. This tgalican be particularly useful

in the analysis of large elds characterized by the occureeof multiple interactions [19].

6.4.2 Astrophysical Jets

The modeling of magnetohydrodynamic light supersonidrietise context of astrophysical

galaxy clusters is one avenue of active research in the elbmputational physics [51].
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In addition to the velocity eld, physicists are concernedhathe magnetic vector eld

advected by these supersonic jets and are interested yzamathe relationship between
both vector elds. Developing a deeper understanding of ridationship between the
vector elds' topology, magnetic eld strength, and corpesding velocity structures
results in a greater understanding about how kinetic andnetagenergy distributions
evolve in these systems and contributes to the explanaticed@m emissions that can be

physically observed.

In addition to understanding the relationship of the togglamf both vector elds,

astrophysicists are interested in the interplay betweegnetic eld strength and the
corresponding velocity structures as magnetic eld enkament naturally results from
shear and compression in the ow. Through simultaneousalization of the simulated
velocity and magnetic elds, we have been able to identifyesal regions of magnetic

eld enhancement and their antecedent velocity structures

We rst visualize the velocity eld using a high-frequencylC texture. Next, the
streamlines of the magnetic vector eld are applied using #mbossing technique

introduced in section 6.2.2. The result is shown in gure®.2

Careful analysis of gure 6.20 reveals that there are regimirhigh magnetic eld strength
obviously correlated with particular velocity structuresch as high-speed ows, ow
compression, and shearing between ow structures. Therlyndg LIC texture depicts
the velocity vector eld in which the lter length of the LICanvolution kernel is varied
to re ect the magnitude of the velocity vector. Purple (niagg and orange (positive)
colors are used to represent the magnitude of the rate ofjehafrthe magnetic eld. The
embossed streamlines represent the magnetic vector éle.circled area in the center of
the image is a region of signi cant magnetic eld ampli catn where the magnetic eld
lines change orientation to be oriented perpendiculareéodiv. The regions within the

rectangles highlight an orthogonal correlation betweew siructures and magnetic eld
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Figure 6.20: Visualization of multiple scalar and vector Ide within a
magnetohydrodynamic supersonic jet. The underlying LiGute depicts the velocity
vector eld. The embossed streamlines represent the magresttor eld.

lines. The line width of the embossed streamlines is als@ddo re ect the magnitude
of the magnetic eld. The visualization of the vector andlacaelds in combination

allows for advanced study of the correlation of variablethimia magnetohydrodynamic

supersonic jet.

Areas in gure 6.20 in which there exist positive regions oagnetic change indicate
regions of magnetic eld amplication. Regions of alignnteof the magnetic vector
eld and the velocity eld are a result of shear enhancemehttte magnetic eld.

There are, however, additional magnetic enhancementswiitbh the velocity eld is

not obviously causally connected. Moreover, there are mastances in which the
magnetic eld is unaligned or even orthogonal to the velpad. This observation runs
contrary to theoretical expectations, assuming sheaeiddiminant form of magnetic eld

ampli cation.
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An understanding of the processes of magnetic eld ampti@aand their relationship to

ow velocity is important to astronomers since these magn&tructures are responsible
for the observed radio emission characteristic of theseesys Through simulations and
advanced visualization techniques, we expect to learn rmboait what observations of

radio galaxies can tell us about the physics governing thailution.

6.4.3 Direct Numerical Simulation of Turbulent Channel Flow

Figure 6.21: Visualization of two separate layers of the adoally generated wall-
bounded turbulent ow. The red lines indicate some exampfedongated regions where
the streamwise velocity is highly correlated in both layers

The modeling of a turbulent channel ow is of interest to rsders in uid dynamics
because the simulation allows for the analysis of largeigatie features in the ow and the
ability to correlate the ow structures in different layessthin the 3D model. Developing
a deeper understanding between the different regionsrwihthannel ow results in a
better understanding of the formation of vortical struetuand the key-physical features
that cause skin-friction drag. In this application, we ddeswall-bounded turbulent ow
data from a direct numerical simulation (DNS) of the full NavStokes and continuity

equations [11].

The discovery of the very long “superstructures” is pattidy signi cant as it indicates

an outer-layer scaled phenomena that may have in uencenal\ay down to wall in
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the inner layer. The DNS data is very useful for investigatinis conjecture, and some
results are shown in gure 6.21. Here two planes are shownlsameously from the DNS
dataset. The embossed glyphs data represents a plane aytleglon ¢ = 150) and the
underlying texture data is in the viscous buffer zor'e£ 15) at the wall-normal location
of maximum turbulent energy production. The luminance @alfor the texture and the
glyph size show the instantaneous streamwise values fdr glace. Dark, long, low-
speed structures are visible in the viscous buffer zone,caneful examination indicates
that the footprints of these structures do extend to the éggon based on the presence
of large glyphs in coincident locations. The very long “sigbeictures” described above
are approximately outlined in red. These results indichs hear-wall regeneration
mechanisms araot independentf the slow dynamics associated with structures on the

order of the external dimension of the ow, as has always l@emiously believed.

6.5 Discussion

Creating an image that accurately displays the nature ofélabed vector elds in a single
image is a challenging problem. It is necessary to be abldffeerehtiate separate vector
components while maintaining the perception of the paitegach eld with the ability to
understand how the different elds interact with, relatedod are unique from one another.
Mining the knowledge base of techniques designed for simgétor eld visualizations
and experimenting with ways of combining them yielded intgaot ndings and insight to

assist the research of our speci c applications.

Through combining images, we have found that using the scresrlay method
works well to composite a high-contrast glyph or line-basegresentation with a
dense, texture-based image. Embossing one of the repatieastalso allows for the

elements to perceptually group preferentially and sedesfgam the elements in the other
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representation. We have also introduced several methadthdéocombination of two

different elds of streamlines.

The applications presented in this chapter have been dbiyehe needs of fundamental
uids research problems: investigations by aerospace nemgs into the physics of
turbulence, and the computational modeling and simulabignastrophysicists of the
behavior of supersonic jets in galactic clusters. The fawfuthe research has been the
exploration of different visualization methods. The ultite goal of this project is to create
a user-friendly application that the application scidstsan use on a routine basis for the

analysis of coincident multiple vector elds.
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Chapter 7

Conclusions

This dissertation provided a collection of techniquesgiesd to effectively visualize multi-
eld ow data. In order to produce an image that successfulyects multi- eld data it
is necessary not only to be accurate in the representatiomdidual distributions, but
also to portray each speci c component in a way that doesmtetfere with the accurate
perception of the other components. The challenge of vidaglmultiple scalar elds in

combination with ow data has inspired many different tejues.

Many of the techniques presented in this dissertation wevalsing color, texture, or
embossing in novel ways in order to accomplish the task afessmting multi- eld data.
We have explored alternative methods to traditional apgres in the quest for creating
a visual representation that leads to the accurate peocepticomplicated data sets. The
overarching motivation for this work has been to provideestists with tools to better

understand the complicated interactions that occur betwemcident variables.
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7.1 Future Work

Future work in scienti ¢ visualization is strongly motived by the desire for researches
for deeper understanding of the key physical mechanismnisgtingern such problems as
turbulent ow or astronomical structures. Building off difé contributions for visualization

techniques made in this dissertation, there are many asdaututure research.

The problem of representing 3D vector components located2ih plane can not be easily
solved with alterations of a 2D texture. The geometry of thetor eld can be represented
directly with geometric icons, such as glyphs or ellipso@s has traditionally been done
with tensor visualizations [38, 43]. Once the geometry inee, a texture depicting
ow may be introduced by “mapping” the ow to the geometry inmaanner similar to
the techniques suggested by Laramee et al. [47] or van Wijk [8his would allow for
the exibility for multiple variables to be represented tlugh geometry and the texture
applied. Additional scalar variables may be introducedsaghisticated light re ection
models (such as Bidirectional Re ection Distribution Ftinas). Using [90] as inspiration,
the effectiveness of using gloss or haze to denote the presgrabsence of scalar quantity
could be analyzed. By altering surface characteristicsvaniflying the human perceptual
system can accurately distinguish such differences, a wadge of variables may be

visualized.

The techniques introduced in this dissertation mainly egslthe problem of multi- eld
ow data within a single time slice within the ow evolutionThis is referred to as static
ow. Unsteady ow, the problem of including the dimension tifne, is an active area
of research [47, 80, 81]. Developing visualization techies| that accurately re ect the
multi- eld components of unsteady ow is an exciting and deaging direction for future

research.

The problem of dense, 2D ow visualization is close to beidyed [46, 80]. However,
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the problem of scaling the 2D solutions to 3D data is extrgrakallenging. The dif culty

lies in creating images such that the human perceptual mysés interpret three data
dimensions containing multiple variables. The need foeeaife tools to interpret 3D data
is signi cant as many scientists are investigating struesithat cannot be fully appreciated

with 2D slices. Consequently, 3D ow visualization is ardaaotive research.

Current techniques in texture synthesis allow for the ‘istgg of the applied texture

according to a vector eld [21, 68, 69]. If a suite of textuerild be constructed that would
represent the different possibilities of vector directiavithin the texture, the two vector
elds could contribute to the selection of the appropriaettire to apply and synthesize

into a nal image.

An area left largely unaddressed in this dissertation isitiseie of interactivity. A
fundamental understanding can be more easily obtained teyaitting with an object,
rather than simply observing it. The scienti ¢ visualizati process could be enhanced
by developing applications that are interactive via a arteality environment instead of

simply creating images that are aesthetic and static [34, 35

The interaction between visualization researchers andadostientists in the process of
developing the work presented has proven extremely bealetoiboth parties. Through
our collaboration we have advanced our ability to createctiffe visualizations and made
important discoveries that further the development of irtgoat theories related to the
applications. The application scientists played a ciiitioke in de ning the speci ¢ needs

that the visualization techniques presented here werdajse to address. In addition,
they provided an objective assessment of the functionafitile methods, in terms of how

well they meet their goals of gaining greater insight inteitldata.

112



Bibliography

[1] M. Ashikhmin. Synthesizing natural texture®roceedings of 2001 Symposium on
Interactive 3D Graphicspages 217-226, 2001.

[2] L. D. Bergman, B. E. Rogowitz, and L. A. Treinish. A ruleded tool for assisting
color map selectionProceedings of IEEE Visualization 9pages 118-125, 1995.

[3] D. Biskamp.Magnetohydrodynamic Turbulenc€ambridge University Press, 2003.

[4] B. Cabral and C. Leedom. Imaging vector elds using limgeigral convolution.
Proceedings of SIGGRAPH 9ages 263-269, 1993.

[5] R. Chevray and J. Mathietopics in Fluid MechanicsCambridge University Press,
1993.

[6] R. Craw s and M. Allison. Scienti ¢ visualization syn#sizer.Proceedings of IEEE
Visualization 91 pages 262—-267, 1991.

[7] W. C. de Leeuw and R. van Liere. Comparing lic and spot @oBroceedings of
IEEE Visualization 98pages 359-365, 1998.

[8] W. C. de Leeuw and J. J. van Wijk. Enhanced spot noise fotoreeld visualization.
Proceedings of IEEE Visualization 9pages 233-239, 1995.

[9] W. C. de Leeuw and J. J. van Wijk. Enhanced spot noise fororeeld visualization.
Proceedings of IEEE Visualization 9pages 233-239, 1995.

[10] D. B. DeGraaff and J. K. Eaton. Reynolds number scalinthe at-plate turbulent
boundary layerJournal of Fluid Mechanics422:319-346, 2000.

[11] J. C. delAlamo, J. Jiménez, P. Zandonade, and R. D. M oser. Scalitigeoénergy
spectra of turbulent channeldournal of Fluid Mechanics500:135-144, 2004.

[12] D. Dooley and M. F. Cohen. Automatic illustration of 3eametric models: Surfaces.
In VIS '90: Proceedings of the 1st conference on Visualiza@0n pages 307-314,
Los Alamitos, CA, USA, 1990. IEEE Computer Society Press.

[13] A. A. Efros and W. T. Freeman. Image quilting for textisynthesis and transfer.
Proceedings of SIGGRAPH 200dages 341-346, 2001.

[14] A. A. Efros and T. K. Leung. Texture synthesis by nongmetric sampling.
International Conference on Computer Visjgages 1033-1038, 1999.

113



[15] S. Eskinazi.Principles of Fluid MechanicsAllyn and Bacon, 1962.

[16] B. Ganapathisubramanilnvestigation of turbulent boundary layer structure using
stereoscopic particle image velocimetBhD thesis, University of Minnesota, 2004.

[17] B. Ganapathisubramani, N. Hutchins, W. T. Hambleton, KE Longmire, and
I. Marusic. Investigation of large-scale coherence in hulent boundary layer using
two-point correlationsJournal of Fluid Mechanics524:57-80, 2005.

[18] B. Ganapathisubramani, E. K. Longmire, and |. Marusitharacteristics of vortex
packets in turbulent boundary layetkurnal of Fluid Mechanics478:35-46, 2003.

[19] B. Ganapathisubramani, E. K. Longmire, I. Marusic, &dPothos. Dual-plane piv
technique to resolve complete velocity gradient tensorturlaulent boundary layer.
Experiments in Fluids39:222-231, 2005.

[20] J. Gomes and L. Velhdmage Processing for Computer Graphi&pringer, 1997.

[21] G. Gorla, V. Interrante, and G. Sapiro. Texture synihém 3d shape representation.
IEEE Transactions on Visualization and Computer Graph®d):512-524, 2003.

[22] C. D. Hansen and C. R. Johnsdrhe Visualization HandboolElsevier, 2005.

[23] C. Healey and J. Enns. Building perceptual texturesisoalize multidimensional
datasetsProceedings of IEEE Visualization 98ages 111-118, 1998.

[24] C. G. Healey. Choosing effective colours for data visadion. Proceedings of IEEE
Visualization 96 pages 263-270, 1996.

[25] I. Hotz, L. Feng, B. Hamann, K. Joy, and B. Jeremic. Ptaiy based methods for
tensor eld visualization. IfProceedings of IEEE Visualization 20Q#ages 123-130,
2004.

[26] S. Hoyas and J. Jiménez. Scaling of the velocity utitas in turbulent channels up
to Reg = 2003.Physics of Fluids18:011702, 2006.

[27] N. Hutchins, W. T. Hambleton, and I. Marusic. Inclinetbgs-stream stereo PIV
measurements in turbulent boundar y laydmurnal of Fluid Mechanicss41:21-54,
2005.

[28] V.Interrante. Illustrating surface shape in volumé&daa pricipal direction-driven 3d
line integral convolution. IProceedings of SIGGRAPH 9@ages 109-116. ACM,
ACM Press / ACM SIGGRAPH, 1997.

[29] V.Interrante and C. Grosch. Strategies for effectiwesualizing 3d ow with volume
lic. Proceedings of IEEE Visualization 9Fages 421-424, 1997.

[30] J. Jeong and F Hussain. On the identi cation of a vortiaurnal of Fluid Mechanics
258:69-94, 1995.

[31] B. Jobard, G. Erlebacher, and M. Y. Hussaini. Lagranggalerian advection of noise
and dye textures for unsteady ow visualizatioftansactions on Visualization and
Computer Graphics3(3):211-222, 2002.

114



[32] B. Jobard and W. Lefer. Creating evenly-spaced strem®lof arbitrary density.
Proceedings of the 8th Eurographics Workshop on Visuatinain Scientic
Computing pages 43-55, 1997.

[33] B. Jobard and W. Lefer. The motion map: Efcient comgida of steady ow
animations.Proceedings of IEEE Visualization 9Fages 323-328, 1997.

[34] F. P. Brooks Jr. What's real about virtual reality®EEE Computer Graphics and
Applications 19(6):16—27, 1999.

[35] D. Keefe, D. Karelitz, E. Vote, and D. H. Laidlaw. Artistcollaboration in
designing VR visualizationdEEE Computer Graphics and Applicatigrzb(2):18—
23, March/April 2005.

[36] L. Khouas, C. Odet, and D. Friboulet. Vector eld visization using furlike texture.
Proceedings of Eurographics/IEEE TCVG Symposium on Dagaalization pages
35-44,1999.

[37] K. C. Kim and R. J. Adrian. Very large-scale motion in thater layer. Physics of
Fluids, 11(2):417-422, 1999.

[38] G. Kindlmann. Superquadric tensor glyph®roceedings of Eurographics/IEEE
TCVG Symposium on Data Visualizatjpages 147-154, 2004.

[39] G. Kindlmann, G. Reinhard, and S. Creem. Face-basednamie matching for
perceptual colormap generatidProceedings of IEEE Visualization 20Q#ages 299—
306, 2002.

[40] R. Kirby, H. Marmanis, and D. H. Laidlaw. Visualizing ritivalued data from
2d incompressible ows using concepts from paintingProceedings of IEEE
Visualization 99 pages 333-340, 1999.

[41] M.-H. Kiu and D. Banks. Multi-frequency noise for lic.Proceedings of IEEE
Visualization 96 pages 121-126, 1996.

[42] R.V.Klassen and S. J. Harrington. Shadowed hedgeotechnique for visualizing
2d slices of 3d vector eldsProceedings of IEEE Visualization 9ftages 148-162,
1991.

[43] D.H.Laidlaw, E. T. Ahrens, D. Kremers, M. J. Avalos, R.Jacobs, and C. Readhead.
Visualizing diffusion tensor images of the mouse spinablcd?roceedings of IEEE
Visualization 98 pages 127-134, 1998.

[44] D. H. Laidlaw, M. Kirby, J. S. Davidson, T. Miller, MarcDaSilva, W. Warren, and
M. Tarr. Quantitative comparative evaluation of 2d vecteld visualization methods.
Proceedings of IEEE Visualization 20Qdages 143-150, 2001.

[45] D. H. Laidlaw, M. Kirby, C. Jackson, J. S. Dav idson, T.IMdrI, M. DaSilva,
W.Warren, and M. Tarr. Comparing 2D vector eld visualizatimethods: A us er
study. Transactions on Visualization and Computer Graphic1):59-70, January-
February 2005.

115



[46] R. S. Laramee, H. Hauser, H. Doleisch, B. Vrolijk, F. kbsB, and D. Weiskopf. The
state of the art in ow visualization: Dense and texturedshtechniquesComputer
Graphics Forum23(2):203-221, 2004.

[47] R.S. Laramee, B. Jobard, and H. Hauser. Image spacd bisslization of unsteady
ow on surfaces.Proceedings of IEEE Visualization 20Q@ges 131-138, 2003.

[48] H. Levkowitz and G. T. Herman. Color scales for imageadatEEE Computer
Graphics and Applicationsl2(1):72—-80, 1992.

[49] A. Mebarki, P. Alliez, and O. Devillers. Farthest poggeding for ef cient placement
of streamlinesProceedings of IEEE Visualization 200%age 61, 2005.

[50] H. K. Moffatt. Magnetostatic equilibria and analogoesler ows of arbitrari ly
complex topology. i - fundamental3ournal of Fluid Mechanicsl59:359-378, 1985.

[51] S. M. O'Neill, I. L. Tregillis, T. W. Jones, and D. Ryu. Tée-dimensional simulations
of mhd jet propagation through uniform and strati ed ex@renvironments.The
Astrophysical Journal633(2):717-732, 2005.

[52] F. H. Post, B. Vrolijk, H. Hauser, R. S. Laramee, , and ldlddsch. Feature extraction
and visualization of ow elds. Proceedings of Eurographics 200gages 69-100,
2002.

[53] F. H. Post, B. Vrolijk, H. Hauser, R. S. Laramee, , and téldisch. The state of the
artin ow visualisation: Feature extraction and trackiri@omputer Graphics Forum
22(4):775-792, 2003.

[54] C. Pozrikidis. Introduction to Theroetical and Computational Fluid Dynias
Oxford University Press, 1997.

[55] B. E. Rogowitz and A. D. Kalvin. The "which blair projéctA quick visual method
for evaluating pereptual color mapBroceedings of IEEE Visualization 200dages
183-188, 2001.

[56] B. E. Rogowitz and L. Treinish. The end of the rainboWEEE Spectrumpages
52-59, December 1998.

[57] B. E. Rogowitz and L. A. Treinish. How not to lie with vialization. Computers in
Physics 3:268-274, May/June 1996.

[58] T. Saito and T. Takahashi. Comprehensible renderir@r@shapesProceedings of
SIGGRAPH 90pages 197-206, 1990.

[59] A. Sanna and B. Montrucchio. Adding a scalar value to @cter eld visualization:
the blic (bumped lic). Eurographics 2000 Short Presentations Proceedinmsyes
119-124, 2000.

[60] A. Sanna, B. Montrucchio, P. Montuschi, and A. Sparagig Visualizing vector
elds: the thick oriented stream-line algorithm (tosl)Computers and Graphig¢s
25(5):847-855, 2001.

116



[61] A. Sanna, B. Montrucchio, C. Zunino, and P. Montuschinh&nced vector eld
visualization by local contrast analysifroceedings of Eurographics/IEEE TCVG
Symposium on Data Visualizatigmages 3541, 2002.

[62] G. Scheuermann, H. Burbach, and H. Hagen. Visualiziaggr vector elds with
normal component using line integral convoluti®toceedings of IEEE Visualization
99, pages 255-261, 1999.

[63] W. J. Schroeder and K. M. Martin.The Visualization Handbook: Overview of
Visualization chapter 1, pages 3—-35. Elsevier, 2005.

[64] H.-W. Shen, C. R. Johnson, and K.-L. Ma. Building petcaptextures to visualize
multidimensional datasetBroceedings of IEEE Visualization 9gages 63—70, 1996.

[65] H.-W. Shen, G. Li, and U. Bordoloi. Interative visuation of three-dimensional
vector elds with exible appearance controllEEE Transactions on Visualization
and Computer Graphicd.0(4):434—445, 2004.

[66] D. Stalling and H.-C. Hege. Fast and resolution-inchefeat line integral convolution.
Proceedings of SIGGRAPH 9pages 249-256, 1995.

[67] C. Stoll, S. Gumhold, and H. Seidel. visualization witylized line primitives.
Proceedings of IEEE Visualization 20Q%ages 695702, 2005.

[68] F. Taponecco and M. Alexa. Vector eld visualizationimg markov random eld
texture synthesis.Proceedings of Eurographics/IEEE TCVG Symposium on Data
Visualization pages 195-202, 2003.

[69] F. Taponecco and M. Alexa. Steerable texture synthBsteeedings of Eurographics
2004 pages 57-60, 2004.

[70] 1. L. Tregillis. Simulated Relativistic Particle Transport and Nontherrfaalission in
Three-Dimensional Magnetohydrodynamical Models of R&htaxies PhD thesis,
University of Minnesota, 2002.

[71] 1. L. Tregillis, T. W. Jones, and D. Ryu. Simulating diemn transport and synchrotron
emission in radio gala xies: Shock acceleration and symroaging in three-
dimensional ows.The Astrophysical Journab57(1):475-491, 2001.

[72] E. R. Tufte.The Visual Display of Quantitative Informatio@raphics Press, 1983.
[73] E. R. Tufte.Envisioning InformationGraphics Press, 1990.

[74] E. R. Tufte. Visual Explanations: Images and Quantities, Evidence aadative.
Graphics Press, 1997.

[75] G. Turk and D. Banks. Image-guided streamline placdmefroceedings of
SIGGRAPH 96pages 453-460, 1996.

[76] T. Urness, V. Interrante, E. Longmire, |. Marusic, and Banapathisubramani.
Effectively visualizing multi-valued ow data using col@nd texture.Proceedings
of IEEE Visualization 2003ages 115-121, 2003.

117



[77] T. Urness, V. Interrante, E. Longmire, |. Marusic, and Banapathisubramani.
Techniques for visualizing multi-valued ow dat&roceedings Eurographics/IEEE
TCVG Symposium on Data Visualizatjpages 165-172, 2004.

[78] T. Urness, V. Interrante, E. Longmire, I. Marusic, S.Neill, and T. W. Jones.
Strategies for the visualization of multiple 2d vector sldEEE Computer Graphics
and Applications (to appearp006.

[79] J. J. van Wijk. Spot noise — texture synthesis for dataualization.Proceedings of
SIGGRAPH 91pages 309-318, 1991.

[80] J. J. van Wijk. Image based ow visualizationACM Transactions on Graphics
21(3):745-754, 2002.

[81] J. J. van Wijk. Image based ow visualization for curvedrfaces.Proceedings of
IEEE Visualization 2003pages 123-130, 2003.

[82] J. J. van Wijk. The value of visualizatiofProceedings of IEEE Visualization 2005
pages 79-86, 2005.

[83] V. Verma, D. Kao, and A. Pang. Plic: Bridging the gap betw streamlines and lic.
Proc. Symposium on Data Visualization 1998ges 341-348, 1999.

[84] C. Ware.Information Visualization: Perception for DesigMorgan Kaufman, 2000.

[85] C. Ware and W. Knight. Using visual texture for infornwet display. ACM
Transactions on Graphi¢4.4(1):3—-20, January 1995.

[86] R. Wegenkittl and E. Groller. Oriented line integranwolution for vector eld
visualization via the interneProceedings of IEEE Visualization 9@ages 309-316,
1997.

[87] R. Wegenkittl, E. Groller, and W. Purgathofer. Aninoet ow elds: Rendering of
oriented line integral convolutionProceedings of IEEE Computer Animation, 97
pages 15-21, 1997.

[88] L.-Y. Wei and M. Levoy. Fast texture synthesis usingetstructured vector
quantizationProceedings of SIGGRAPH 200fages 479-488, 2000.

[89] C. Weigle, W. Emigh, G. Liu, R. Taylor, J. Enns, and C. lKga Oriented sliver
textures: A technique for local value estimation of mukiglcalar elds. Graphics
Interface pages 163-170, 2000.

[90] H. B. Westlund and G. W. Meyer. Applying appearance d&ads to light re ection
models.Proceedings of SIGGRAPH 20Qdages 501-510, 2001.

[91] P. C. Wong, H. Foote, D. L. Kao, L. R. Leung, and J. ThomaBlultivariate
visualization with data fusionnformation Visualization1(3-4):182-193, 2002.

[92] X. Ye, D. Kao, and A. Pang. Strategy for seeding 3d stigas. Proceedings of
IEEE Visualization 20050age 60, 2005.

118



[93] J. Zhou, R. J. Adrian, R. J. Balachandar, and T. M. KerldaMechanisms for
generating coherent packets of hairpin vortices in charowel Journal of Fluid
Mechanics387:353-396, 1999.

119



