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ABSTRACT

THE PERCEPTUAL OPTIMIZATION OF 2D FLOW VISUALIZATIONS USING
HUMAN-IN-THE-LOOP LOCAL HILL CLIMBING

by
Peter W. Mitchell

University of New Hampshire, December, 2007

Flow visualization is the graphical representation of vectoddiar fluids that
enables an observer to visually perceive the forces or motions idvollee fields being
displayed are typically dynamic and complex, with a vector time@nd magnitude at
every point in the field, and often with additional underlying data that is also of irtteres
the observer. Distilling this mass of data into a static, twwedsional image that
captures the essential patterns and features in a way thiafitisely understandable can
be a daunting task.

Historically, there have been many different techniques and #gwi to
generate visualizations of a flow field. These methods difdely in implementation,
but conceptually they involve the association of significant aspétke data field (e.qg.,
direction, velocity, temperature, vorticity) to certain visual peeters used in the graphic
representation (e.g., size and orientation of lines or arrows, foregamehtdackground
color, density/sparsity of graphical elements). For exampleydloeity of a field could
be mapped to color, line width, line length, arrow head or glyph size, There are
many such potential parameter mappings within each technique, arydvalae ranges
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that can be used to constrain each parameter within a given mamsolding in a
virtually limitless number of possible permutations for visuadigresenting a flow field.
So, how does one optimize the output? How can one determine which mappings a
what values within each mapping produce the best results? Suchzagibmirequires
the ability to rapidly generate high-quality visualizations acrassvide variety of
parameter mappings and settings.

We address this need by providing a highly-configurable interasifevare
system that allows rapid, human-in-the-loop optimization of two-diroeak flow
visualization. This software is then used in a study to gengualéy visual solutions to
a two-dimensional ocean current flow plus surface temperature owariety of
parameter mappings. The results of this study are used to ydesigf/ant rules and
patterns governing the efficacy of each combination of parametedsto draw some

general conclusions concerning 2D flow visualization parametg@pimg and values.
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INTRODUCTION

The goal of scientific visualization is to graphically displagge and/or complex
data sets such that viewers can accurately and intuitivetgigerboth quantitative and
gualitative aspects of the underlying data. Creating effeetstaalizations depends on
many factors, including the type and quantity of the data, the haskisers of the data
will perform, and other constraints such as the medium on which thalizetion is
displayed or the time allotted to generate it. One area micyar interest isflow
visualization the visualization of fluids in motion. Yet, while many papers Hasen
written on methods for rendering flows, information on what constitiffestive flow
visualization is still largely anecdotal, and many practiggiliaations use simple but
clearly suboptimal methods (figures 1 and 2).

Laidlaw et al. [LDMO1] conducted a user study comparing sevewaimon
methods for depicting two-dimensional flow in an attempt to bringoaenscientific
approach to identifying the advantages and disadvantages of each techimoyggn
without allowing any variation of parametevghin each technique that might potentially
improve or degrade the visualization for a given task. Due to tkeer sfumber of
possible methodologies and the number of possible parameter varmaitbirs each
methodology, it is virtually impossible to carry out any kind of exheesexperiment
covering all (or even most) combinations. However, by seledingingle flexible

(parameterized) technique capable of producing a wide variefiowf visualization



styles, we can conduct an experiment in which several of the umgedsrameters are
varied and evaluated.

A further factor complicating effective flow visualization (noddaessed by
Laidlaw et al.) is the additional display of other static dafated to the flow (e.g.,
temperature, salinity, depth). One common method for displaying suahislaia
background color. Clearly, the requirement of perceiving relevant scaforthe
background affects the choices driving the flow field rendered over it.

This thesis describes a human-in-the-loop optimization technique whtreby
parameters used to render a two-dimensional visualization of ceefate currents
against a background representing surface temperature candigedrand evaluated.
The supporting software is able to interactively generate vistiahgaover a large
variety of parameters and mappings. The goal is to evaluatdilihe of the approach
and supporting software via an evaluation study, and perhaps to deriveoatienas or

universal truths regarding effective flow visualization in two dimensions.
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in the Indian Ocean. No key is provided. [UMIi07]



UB VB (KTS) 200Y/09/26 18 pm CET ESURFACE

zen I I I I
L
oo
+* = Py ey
- o ® oo i
g " A ¢ 3 o :
MORGANS PT. % ] i by
[ty o A
e —
L
“'K
2ar— —
e 10
96784 1= oo ] as' Bt
— < 03 — 033-0.8 0.8-1.40 —* 10-13 15-1.4 —= L B—2.0 —* = 2.0

Current 3peeds (koots)

Figure 2: Image from an existing NOAA web page shows surface curreé@twaston
Bay using arrows to indicate direction and arrow color to represent velociAQK|



CHAPTER 1

BACKGROUND

1.1 Flow Visualization

Flow visualization is a major focus in computer-aided visualizatsearch, with
applications spanning many different disciplines, including meteorofeiyd and air
currents), aerodynamics, oceanography (tides and currents),dmiamics, magnetic
fields, and medicine (blood flow), to name but a few. Flow datalmeafprmulaically
derived, as in a representation of an ordinary differential equation (ODEj)|eshfrom a
computer-generated flow simulation, or empirically derived veasarements on an
actual flow. Since effective visualization is intimatelydti® both the nature of the flow
and the task being performed, approaches and techniques are dasdhe information
being harvested.

While the basic concept of flow visualization is simple — the ssgoration of a
vector field — it is both the nature of the field and the speiifarmation to be conveyed
to the observer that drives the myriad permutations of technidemsexample, a flow
may be one-dimensional, two-dimensional (2D), three-dimensional (3D)yeor re
dimensional. Flow fields may be steady, where the vectorcatmant in the field does
not change over time, or time-variant, where the flow field¢astinually varying or
cycling. Someone doing disaster modeling of coastal oil spiisld be interested in

advection paths, which are the paths a particle would travebjgped into the flow at



particular points. An aeronautical engineer studying the aerodgsaf a flow over a
car or airplane wing would likely focus on the velocity, voryi¢iturl), and turbulence in
certain key areas. A meteorologist tracking the eye tdransmight be concerned with
flow singularities, which are points of zero velocity like sources, sinks, orespdits.

While the majority of real-world flows are three-dimensional &nte-variant,
these are often rendered as two-dimensional cross-sectidagecss [PVHO02]. This is
natural because the human visual system is especially effeiti2D perception. The
introduction of occlusion in a 3D model is a huge complication.

At a minimum, a flow field consists of a velocity and a direcaball points in a
plane or volume (and at any given time, for a time-variant flodwsteady flow field (or
a time-variant flow field at a specific point in time) cam lepresented by contour lines,
everywhere tangential to the direction of flow. Such contour lines,eweny are
ambiguous; there is no clear indication of which way the fielddlalong the line. We
consider such a contour line to hawreentation but notdirection While these terms are
often used interchangeably (or distinguished conversely), we fir@gtul to distinguish
between them. The addition of arrow heads, luminance changes alomgether lthe
overlaying of glyphs are a few of the ways that direction camdieated (se&ection
1.2.6 — Direction perceptign The purpose of drawing this distinction is that some
methods of flow visualization, particularly among texture-based #&tgosi depict
orientation only.

In general, flow visualizations are used to convey one or more dblibeing
characteristics [War04]:

Critical points (locations of zero velocity, e.g., sources, sinks, saddle points)



Advection trajectory (path of a particle dropped at a certain point)
Areas of high and low velocity
Areas of high and low vorticity (curl)

Areas of high and low turbulence

In addition, users may need to identify specific values for thecitglor other
static variables associated with the flow at a given point. désan currents, for
example, users may be interested in surface temperature, salinity, or depth.

1.2 Perceptual issues in flow visualization

There are a number of perceptual issues that help to antiempateistify certain
results relating to flow visualization. While a comprehensiekround is beyond the
scope of this thesis, we touch on several key issues. For more ndigmiission on
these and other perceptual issues, refer to Wardsmation Visualization: Perception
for Design[War04].

1.2.1 Color channels

The human retina contains two types of photoreceptors: rods, which are only
active in low light levels, and cones, which are active in norrght.li Cones are further
divided into three types, each having peak sensitivity at diffevamélengths: long (red),
medium (green), and short (blue). Of the three, the blue coneg farethe sparsest and
least sensitive.

Hering [Her20] proposed that color is actually perceived in tlurleogonal
color-pair channels: black-white, red-green, and yellow-blue. Massearch in color

perception and physiology appear to confirm Hering’s opponent process tivaanty,is



the foundation of the majority of color theory to this day [War04]. Gdler channels

are interpreted from the retinal cones by the brains as follows:

Black-white (luminance): The sum of inputs from all three ctypes, though
blue plays virtually no role in luminance.

Red-green: The difference in input between the red and green cones.
Blue-yellow: The difference in input between the blue cones andutimeof the

red and green cones.

Long (red)

* Luminan
Med (green) = —@i/y £
Y-B

Short (blue)

g

A

Figure 3: Color channels. [War04]

The luminance (black-white) channel is most effective for reytesy detail, so
patterns will be most apparent when using colors of contrastingadmce. We would
expect isoluminant colors, even in greatly varying hues, to be coalsigéess effective
in representing flow patterns.

Color blindness generally affects the red-green channeliasribst commonly

caused by a lack of long-wavelength (red) or medium-wavelength (greepjaexc



1.2.2 Cateqorizing attribute data

Data attributes can be generally grouped into three types — rataiiaa ordinal
data, and quantitative data. Nominal data names or categanzestity, ordinal data
assigns an ordered value such that it is possible to determinkewloeie entity comes
before or after another, and quantitative data is measurable stichehalue of one
entity can be compared to another in numeric terms (e.g., as a ratio).

For example, consider a map of the United States, with eachrepagsenting a
single entity. Nominal data might include primary industry, mjeeligion, or political
bent. Each of these represents a label or category. Odditsamight include standard
of living rank or order of acceptance into the union. Quantitative daght nmclude
population, average income, or number of electoral votes.

This categorization of data is relevant since certain visu@izgparameters are
more conducive to represent certain types of data.

Nominal data is best represented by a visualization parathetecan be easily
named. One possible choice is color or, more specifically, hue. i§haspecially
effective if the number of categories is relatively snfiad., six to ten), since there are
limits to the number of hues we can uniquely identify.

For ordinal data, we need a visualization parameter that esjisea sequential
order. Saturation (of a particular hue) and luminance can éetigély used to represent
ordinal data, as can changes in size. Hue can be used providitigetihate colors fall
across an identifiable color channel (e.g., red to green). Notmtthegt absence of a key,
“warmer” colors (e.qg., reds, yellows) tend to be perceived dshigplues while “cooler”

colors (e.g., blues, greens) are perceived as lower values.



Quantitative data requires a visualization parameter that camdasured or
estimated for a particular value. Size (length and width}ygieally most effective for
this type of data. If color is used, it must be accompaniedkay asince people cannot
accurately determine whether one entity is, say, 25% brighightbess is not linear) or
50% greener.

1.2.3 Integral versus separable dimensions

When assigning visualization attributes to represent data véalueanportant to
realize that some combinations of these attributes are notvyeetceparately, but rather
as an integral whole [War04]. Color is a prime example. If we are selewiungization
attributes for two parameters (say, temperature and salinitg)ineffective to represent
one by an amount of red saturation and another by an amount of gneatic@a This is
because the brain does not perceive combinations of red and grepa@ble entities —
it perceives the resultant combination as a single integral color (dlgw)ye

This phenomenon may affect the viability of using non-opaque colors on
streaklets to represent a value such as velocity when colosdsbaing used in the
background to represent temperature.

1.2.4 Lightness and chromatic contrast

Even when using fully opaque colors in the foreground, the human optitainsys
perceives colors and luminance relative to the local environmehis means that the
choice of background color (or colors) may bias the way we peramlors in the
foreground. In figure Athe two Xs are the same color, however against a red
background we perceive its “blueness”, while on a blue background weivgeiits

“redness”.
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Figure 4: Chromatic contrast. Hue is perceived relative to background. [War04]

This local contrast effect applies to luminance as well. @ertone of the most
stunning examples of this can be seen in the following figure from MIT professorddwa
Adelson. The squares marked ‘A’ and ‘B’ on the chessboard are tbesexae shades
of gray, as can be seen by the superimposition of vertiaal d®fathe same shade.
However, our brains perceive each square’s shade relative monisdiate surrounding,
so square ‘A’, being surrounded by much lighter squares, is peraswiark and square

‘B’, amidst much darker squares, appears light.
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Edward H. Adelson

Figure 5: Luminance contrast. Shade is perceived relative to local ade®5A

1.2.5 Contour perception

In the early twentieth century, a group of German psychologistdopexka set
of Gestalt Lawso explain pattern perception [Kof35]. One of the principles is dhat
continuity In other words, a line that defines a smooth, continuous curve is ikelye |
to be perceived as a single continuous entity. In figure 6, therpatté) is perceived to
be the combination of the two entities in (b), not the two entitie&). Field et al.
[FHH93] note that elongated elements situated along a continuous arensmilarly
perceived. Ware [War04] applies this phenomenon to the perceptiorctof vields,
suggesting that vector flows should be more easily perceivedawiivs placed tail-to-
head to form continuous contours. This theory is further supported bydtie of
Laidlaw et al., [LDMO1] who note that visualizations that consisinbégral curves

perform better on all tasks than those using grid or random distribution patterns.
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Figure 6: Gestalt Law: Continuity. The brain perceives ‘a’ as beingsed of the two
elements in ‘b’, not ‘c’.

1.2.6 Direction perception

As indicated earlier, contour lines everywhere tangential to figld have
orientation, but not direction. In other words, there are two opposingfidire for any
given orientation. For example, a road may be oriented east/whse the cars
traveling on it will have a direction that is either east or west.

One method for indicating direction is the use of arrow heads €figur While
this is generally unambiguous, the use of arrow heads can cause pitoblelnter,
especially in dense flow visualizations where contour lines are very olgstheér.

Fowler and Ware [FW89] apply Reeves’ Particle System [ReeBBpw fields.
Scattering particles across the field and tracking each oneras/es through the field
for a specified lifespan results in a particle trace tladlyacstroke. Attributes of a stroke
(e.g., color, size) can be varied as the stroke ages and/txecaapped to some static
data value at each point. These attribute mappings can be effeatied to impart flow

magnitude and direction. In figure 8, the strokes are clearly moving lejtto r
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Results of the Fowler and Ware study indicate that directionoist effectively
indicated by the interaction of the stroke color and the backgrouod eoth the tail of
the stroke blending into the background and the head of the stroke contshstipty.
Variable width is a secondary indicator, with the wider end of thekes generally

perceived to be its head.

a)

b)

Figure 7: Use of arrow heads to disambiguate direction.
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Figure 8: Fowler and Ware’s “strokes” are generally perceiveslthdse moving from
left to right. [FW89]

1.3 Flow visualization technigues

Visualization techniques can be broadly categorizeddieect, texture-based
integration-based or feature-basedrepresenting dramatically different methodologies
for rendering images of flow fields. We will briefly ded®ieach of these methods in
the following sections before delving into the specific integratigedatechniques
implemented for this research. Figure 9 shows the resuttged different techniques:
direct visualization using arrows, texture-based visualization udimg integral

convolution (LIC), and integrated visualization.
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Figure 9: Flow visualization techniques, from left: arrow plot, line interealolution,
and integrated streaklets. [PVHO02]

1.3.1 Direct flow visualization

Direct flow visualization maps the velocity vector at eachmypeint directly to a
graphical icon or color. This is the simplest mechanism, a® tisela one-to-one
correlation between the graphic representation at each point anddislying vector
value. A common example of this is the arrow plot (see figure 9), where srmalsare
placed across a grid to show the direction of flow at each point.leViths method
accurately displays flow direction at the grid points, there mamy drawbacks and
issues.

One concern with the direct arrow plot is aliasing. Placingnes across a grid or
other regular pattern can result in visual artifacts that ctheseiser to perceive false
patterns related to the regularity that are not in the fldhis effect can be addressed by
introducing some form of randomization to the placement of the arfioWv85]. While
there are several methods that can be applied, one of the simplestjittered grid”,
whereby the point at which each arrow is rendered is adjustadimall random amount.
However, even with jittering, the direct arrow plots are comalulg inferior to other
visualization techniques for identifying critical points and adeecpaths [LDMO01], do

not inherently represent vector magnitude, and are not visually intuitive.
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1.3.2 Dense, texture-based flow visualization

Texture-based flow visualizations provide dense images of a fild tinrough
the convolution of a texture across the flow’s vector field. Introdunedan Wijk
[van91], “Spot Noise” was the first of these methods, whereby spatk are randomly
distributed over a flow field and “smeared” based on the local veatoes. Cabral and
Leedom [CL93] then presented “Line Integral Convolution” (LIC), clagnit to be a
more generally applicable method than Spot Noise, for which resudts adépend on the
relative size of the rendered spots compared to the flow vecgachtpoint. In LIC, a
texture, typically white noise, is convolved across the flowdftelough the application
of a one-dimensional filter based on a curved streamline segmented to the local
vector values at each point.

LIC has become the de facto standard for dense, texture-based flow
visualizations, and many extensions and improvements have been publisheg, thetabl
Fast LIC algorithm of Stalling and Hege [SH95], which redubescomputation time by
an order of magnitude, and the introduction of Oriented Line Integral dldion
(OLIC) by Wegenkittl et al [WGP97]. OLIC addresses onénefgrincipal drawbacks of
LIC — that visualizations depict the orientation of flow but not dioect- by using a
ramplike convolution kernel to show direction and velocity, similar to Epahd Ware’s
strokes (se&ection 1.2.6 — Direction perceptjon(Note: Wegenkittl et al.’s use of the
terms “orientation” and “direction” are opposite to the definitions used in this pgper.

1.3.3 Feature-based flow visualization

Originally developed by Helman and Hesselink [HH91], featureebdtmv

visualization relies on the preprocessing of data to abstegdiopological features, such
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as sources, sinks, or saddle points. This allows subsequent rendering to focus on what are
assumed to be the areas of interest. Feature-based flowzatioalis especially useful

for very large, time-variant flow fields where the sheer amofitata makes direct or
integrated approaches uninterpretable. While the abstractiomecdaime-consuming,

once the preprocessing is complete and the critical features I isolated,
visualizations can be rendered without referring back to thenafiglata [PVHO02].
Topological features can be portrayed using simple icons or g[iaFh®5], reducing a

large, complex field to a barebones representation of the importditatue features

(see figure 10).

Figure 10: Sample critical points — from [SHK97]

1.4 Integration-based flow visualization

Integration involves the approximation of a curve represented bydWefitld
using a series of small line segments. Common curves thantagrated include
streamlines, pathlines, or streaklines. Streamlines are ciivaesare always tangent to
the velocity vector of the flow. Pathlines trace the path thpbiat would follow if
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dropped into the flow. Streaklines are the summation of all pointshthat flowed
through a given point in the past. While these differencesigméicant in time-variant
flow fields, for steady fields, which do not vary over time, they are the same.

1.4.1 Integrating streamlines

The integration of a streamline in a non-time-variant flow staitts the selection
of a seed point followed by the application of a vector value sceosmall time
increment. The simplest method of integration is Euler's methddreby each
subsequent point is derived based on the vector value at the previouspfuhoves (M

= vector value at point;P

Pra1 =P+ (Vn - t)

The tradeoff to this computational simplicity is lack of accyraspecially for

nearly circular curves (Euler's method will render a ciadea spiral). This error can be

reduced dramatically by implementing a second-order Runge-Kn#thod, which

calculates the vector value a} Bnd R.1 (as with Euler), but then averages the two

vectors together and reapplies the mean to the original point, as follows:

I:)temp:Pn'*'(Vn' t)

Pn+l:Pn+((Vn+ Vtemp)/Z) t)
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1.4.2 Streaklets and glyphs

One of the advantages of using an integrated streamline approacbwto fl
visualization is the ability to overlay glyphs along each geadrstreamline. A glyph is
a graphical symbol that is used to describe multivariate dateD)aEach attribute of a
glyph can be mapped to an underlying data value in the flow (veldertyperature,
salinity, etc.).

One such glyph, introduced above (&sxtion 1.2.6 — Direction perceptiois
Fowler and Ware’s concept of tlstroke We use the stroke concept; however rather
than rendering strokes from randomly scattered start pointgjesiee the additional
benefit of continuous contours (s8ection 1.2.5 — Contour perceptjonTherefore, we
render them head-to-tail along integrated streamlines ast afsglyph. We call these
stroke glyphstreaklets Streaklet attributes include length, width, color, and opacity. As
with strokes, these attributes can be varied as the stregldet or can be mapped to any
data value at each point in the field. Streaklets can also ingladlele or arrow head as

an additional direction indicator.
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Figure 11: A streamline contour (top), and a streamline with streakletsdad-to-tail
along it (bottom).

1.5 Evenly-spaced streamlines

One goal of effective streamline flow visualization of a 2D naretvariant field
is often to control, and more specifically to homogenize, the deofitye streamlines.
Turk and Banks [TB96] proposed an image-guided method of placing evenlgspace
streamlines whereby a visualization is iteratively modified aated using an energy
function until a desired threshold of density spacing is obtained. \abiéeto produce
very high quality results, the iterative change and test madseguite time consuming
and thus not readily applicable where rendering time is critical.

Jobard and Lefer [JL97] followed with a single-pass algorithm to generateay-
spaced streamlines of an arbitrary density. While often piglde@sults slightly inferior
to those produced by Turk and Banks, the drastically reduced rentere{seconds as
opposed to minutes) allows the control of streamline density in amadtite
environment.  Furthermore, the single-pass algorithm can be extendedeate

streamlines that vary in density based on an underlying static value.
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Since the Jobard-Lefer algorithm forms the basis of the coding dwnthi§
paper, it is described in more detail below.

1.5.1 The Jobard-Lefer algorithm [JL97]

Jobard and Lefer proposed and developed a high-performance method of
generating evenly spaced streamlinearstuser-defined density. This approach can be
used to create flow visualizations that simulate dense repadiems (e.g., LIC) as well
as the sparse, hand-drawn style specifically addressed by Turk and Ba@gs [TB

The algorithm involves generating a single streamline, witibsequent
streamlines being deliberately placed relative to those theddsl exist such that the
separating distance approaches the user-specified valjef@d the desired density.
This is done by ensuring that all possible lines are generalative to a single
streamline before moving on to the next. Each streamlineratésgboth forward and
backward until it becomes too close to an existing line, approaches zero v@legityits
a “source” or “sink”), or iterates beyond the viewable area. Bgaphcedcontrol
points are placed along each streamline at a distance sligigly than the separation
value; these points represent the streamline and are used teénefe@ency, instead of
testing against every point in the line. New streamlinegganerated from an existing
streamline by attempting to place a new seed point to tharldftright of every control

point on the existing streamline. The algorithm can be described as follows:

Generate a streamline with equally spaceditrol pointsand put in queue;
For each streamline in queue:

For each control point on the streamline:
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Determine two candidate pointsdshway on each side of streamline)
For each candidate point:
If candidate point is valid seeds¢glaway fromall streamlines)

Generate a new streamline at candidate point and put in queue

d

Figure 12: “Streamlines are derived from the first (thick) one by choosaugpsents
(circles) at a distance dsgfrom it.” [JL97]

Since performance is a key goal, it is important to reducedloelation required
to determine the candidacy of each potential seed point (i.e., we damtondetermine
the distance between it and every point of every existingratiee). Jobard and Lefer
accomplish this in two ways:

1) Store regularly spaced control points along generated stresnli By

ensuring that these points are closer together than wle can make a
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reasonable approximation of acceptability by testing againse tbestrol
points.

2) By overlaying a Cartesian grid of cell sizgacross the flow and storing
each streamline’s control points in the appropriate cell, a cardudatt need
only compare itself against control points in the same cell anceitjie
adjacent cells.

In order to produce good visual results, it is necessary to athove solerance
against the constraininged value when integrating a streamline, such that streamlines
can approach each other by some percentage ofsdheatle. This tolerance value is
called @ks: If diestis too close to d,, streamlines tend to be choppy, as even a slight
convergence from the newly integrating streamline toward peavseing line causes
streamline generation to stop in that direction. Jobard and sefgest that a.d; value
of 0.5 is ideal (i.e., during streamline generation, a streamline can coméitohdy2 of
another).

1.6  Application of techniques to thesis goals

The goal of this thesis, as stated above, is to develop a highliguwaidie,
human-in-the-loop software program capable of generating and opignailarge
number of visualizations interactively.

We use an integrated streamline approach, specifically anasidapof the
Jobard-Lefer technique, for generating evenly-spaced streamiampessenting flow
contours with head-to-tail continuity for optimal perception. Thibingjue is parameter
driven, allowing direct control of streamline spacing, and thuspalia of rendering a

variety of styles from dense textures (similar to Lineegral Convolution) to sparser

24



hand-drawn styles. It is fast, thus conducive to interactive manigulat parameters,
which we allow via the use of slider controls, and it is also atéémtwhich we leverage

to createparameterizedstreamline spacing (yet another possible data mapping). This
adaptation is described in detail in later sections. The ushigbfly-configurable
streaklets in conjunction with such a flexible streamline-gemeraéchnique creates an
immense number of possible parameter-to-data mappings with uallirunlimited

number of parameter combinations within each mapping.
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CHAPTER 2

HUMAN-IN-THE-LOOP OPTIMIZATION

2.1 Local hill climbing

The difficulty of obtaining high-quality visualizations is a respfitthe virtually
endless combinations of parameter mappings and values. Streakleocbibbe used to
indicate speed, direction, or temperature; streaklet width could dzk tasindicate the
same, or even a combination of direction and speed; background color coulteindic
current velocity or temperature; etc. Even within a singé@ping, the combinations are
staggering. Consider, for example, using streaklet color to esyrdse velocity of the
current. In the simplest case, two colors must be selectedpaepresent the minimum
velocity (or low end of the scale) and one to represent the maximum vetwditigk end
of the scale), with the actual color calculated as a lineabit@tion of the two extremes,
based on actual velocity at a given point. It is simply not possiblgenerate and
evaluate an exhaustive set of all possibilities.

Local hill climbing is a methodology for identifying good solutions, dase the
premise that the quality of a solution is a continuous value ad¢sogarameter space. In
other words, we expect solutions to be locally surrounded by otherosslutf similar
quality. If we imagine the parameter space to be two-dimensgoiah(it is actually of
much higher dimensionality that this, but this model serves toiaxgsla concept in a

manner that we can visualize), with the quality of the solutiongbaithird dimension,
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height, then we could view the solution space as a contour map, witiighest hills
representing the best solutions and the lowest valleys represdrgipgorest ones. In
order to locate hill peaks, one can randomly evaluate solutions Hoegsarameter space
to locate points of relatively high “altitude”, and then focus in ondheosations by
iteratively varying each parameter slightly to determwieether the change results in a
higher value, until the local peak has been identified.

2.2 Human-in-the-loop optimization

As noted above, the local hill climbing process requires theiitergeneration of
solutions and the subsequent evaluation of those solutions to feed thesnepdtign.
Each iteration cycle could take hours, or even days, depending dogtkics of the
methodology being used.

We provide an interactive software interface to allow configergidrameter
mappings, random parameter generation within a selected mappshdyuman-in-the-
loop control of these parameter values using slider controls. afigy to rapidly
change values and receive immediate feedback allows localclimibing to be
implemented interactively, allowing good solutions to be generated time-efficient
manner that is just not possible using existing methods.

This software is then used to run an evaluation study to validafgdhess. In
theory, this should result in combinations of mappings and parametérgroldaice a
visually-intuitive rendering of a flow that provides clear detaifsthe underlying

multivariate data.
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CHAPTER 3

SYSTEM SOFTWARE

3.1 System overview

The purpose of the software is to provide a flexible systencotdrol the
mappings between flow model data and its visual representationsaaa streaklets,
and to allow human-in-the-loop interaction to vary the individual pai@nsettings in an
attempt to optimize the visualization.

The software is written for the Windofusoperating system using Microsoft
Visual C++°, using OpenGE, glut, glui and netCDF libraries.

3.2 Parameter mapping

The basis of this research is the ability to map visualizatioanpeters to flow
data parameters in a variety of combinations. Visualizatioanpaters include streaklet
opacity, color, width, and length; streamline density; backgrourat,cahd the absence
or existence and size of a streaklet head. Flow data pamsmaclude direction,
velocity, and surface temperature. Other data, such as surfagty/,seould also be
included in flow data parameters, though they are not evaluated in this research.

Once a visualization parameter is mapped to a data paratheteiser interface
will allow the user to set the range (minimum and maximum galoleach visualization

parameter. The application of these minimum and maximum se#tregdependent on
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the data mapping, and will be explained the appropriate subsectiSestain 3.4 — Data
parameters

3.3 Visualization parameters

Visualization parameters directly control the attributes ofstineaklets that are
generated for the flow field. Most visualization parameterg ltavrespondingninimum
andmaximumvalues. These are mapped to the extremes of the data valigishahey
are mapped.

3.3.1 Streaklet opacity

The opacity of the streaklet is a percentage value from Owothi 0 indicating
completely transparent and 1 indicating totally opaque. Recallofhecity is a good
visual indicator for ordinal representation, but not for quantitativesoreanents§ection
1.2.2 — Categorizing attribute dgta This means opacity is particularly well-suited to
show direction. As seen in figure 13, the use of opacity makedrdaklets appear to

fade in from the background in the direction of motion.

Figure 13: Streaklet opacity, used here to indicate direction.
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3.3.2 Streaklet color and background color

Colors are controlled via the hue, saturation, and value (HSV) systhkm is a
value from O to 360 representing the entire hue spectrum. Saturata percentage
value from 0O to 1, with O indicating no saturation (white) and 1 indigdtift saturation
(the selected hue). Value represents luminance and is alsceatpge from 0 to 1, with
0 indicating no luminance (black) and 1 indicating full luminance (takcged
hue/saturation value).

The HSV system was selected over the more common red, greenRG&g
system, as it is more intuitive for a user who is trying toegate a particular color. See
Section 3.6 — User interfader more on color selection.

Recall that colors can be effective for nominal data if tha det is small, ordinal
data if the colors fall across a recognizable color spectrunguantitative data if
accompanied by a legend. Therefore, color could provide good visual caesy fof the
data parameters. In figure 14, the left image shows the useooftcohdicate direction,

while the right image shows the use of color to indicate velocity.

Figure 14: Streaklet color mapped to direction (left) and velocity (right).

30



3.3.3 Streaklet width and length

Streaklet width is measured in pixels. It can be mapped txitAel to surface
temperature, to direction, or to a hybrid direction/velocity combinationthe hybrid
case, the maximum width at any point is controlled by the velatitiiat point, but the
width also cycles from 0 to that value as the streaklet progresses frtorhtsad. Figure
15 shows three different streaklet width mappings, direction (adcitael(b), and the

direction/velocity hybrid (c).

(a) (b)
(©)
Figure 15: Streaklet width mapped to: a) direction; b) velocity; c) directiauitel
hybrid.

Streaklet length can either be constant, in which caserailké¢ts are the same

length, or can vary based on velocity, in which case all setsakhve the same number
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of points (i.e. in areas of higher velocity, a streaklet’s poinliso@imore spread apart as
a direct result of the iteration process). For constant lengthk#tts, the length is
measured in pixels, while in the variable case, the actual lemgthze dependent on the
flow data itself and a velocity multiplier (s&ection 3.6.2 — Control panel Figure 16

shows variable length (left) and constant length (right) streaklets.

Figure 16: Streaklet length: variable (left) and fixed (right).

Recall that both length and width tend to be effective in representiaugtitative
data, and will likely be good indicators of velocity.

3.3.4 Streamline density

Streamline density controls how close streamlines are to ethen. Higher
density streamlines will be capable of showing more detail iflolae but may obscure
information represented by the background.

Streamline density can be set to vary based on velocity suchhtantay be
closer together on average in areas of higher velocity arttefuspart in areas of lower
velocity (or vice versa). This variability is enabled by a modifon to the Jobard-Lefer
algorithm for evenly-spaced streamlines, describeégeiction 3.7.2 — Variable streamline
density

32



Streamline density isot viable for representing quantitative data, and is used as a
secondary indicator of velocity and for aesthetic purposes. Figushdws dense and
sparse streamline densities. Note how high density strearslo®s more flow detail,

while low density streamlines obscure less of the background colors.

Figure 17: Streamline density

3.3.5 Streaklet circle head

The ability to add a circle to the head of a streakletoismapped to any data
parameters, and is always available. It is provided for aestparposes and to
accentuate streaklet direction in certain cases. The tiedd setting is relative to the
maximum streaklet width, so wider streaklet heads will have piiopatly larger circle
diameters. Circle heads can be removed entirely by seltengize (diameter) to zero.

Circle heads of varying sizes can be seen in figure 18.
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Figure 18: Circle heads, from non-existent (left) to large (right).

3.4 Data parameters

Data parameters represent the underlying information in ¢he field. It is by
effectively mapping these parameters to the visualization gdeasnabove that we
provide a visual representation of the flow. The data parancetessdered for this study
are orientation, direction, velocity (speed), and surface temperature.

3.4.1 Direction and orientation

As discussed isection 1.2.6 — Direction perceptiae orientation of the vector
currents are represented by contour lines, however, disambigtizirdirection of the
contour lines is an important criterion for effective flow viseatiion. As noted, color
and luminance changes, especially when perceived as the taip fadifrom the
background, and width, narrower to wider as we move from tail to Heae been
shown to be excellent direction cues.

When mapping a visualization parameter to directionptimmumvalue for that
parameter indicates the value at thié of the streaklet and thmaximumvalue indicates

the value at thbeadof the streaklet.
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3.4.2 Velocity

One of the key aspects that a flow visualization must poidrehe velocity of the
flow at given points across the field. Viewers should be abipiitkly discern areas of
high versus low velocity and possibly estimate, with the aid lkefya the actual velocity
at any given point. Since velocity is quantitative data, streaktith, length, or color
would be potentially effective cues.

When mapping a visualization parameter to velocity,nil@mumvalue for that
parameter indicates the valuehere velocity is at its lowestnd themaximumvalue
indicates the valugrhere velocity is at its highest

3.4.3 Surface temperature

Similar to velocity, surface temperature is a quantitative tleka with similar
requirements for discerning high versus low areas or speaifige@tures at any point,
and we would expect width, length, or color to be effective cues.

When mapping a visualization parameter to temperaturenthenumvalue for
that parameter indicates the valwbere temperature is at its lowemhd themaximum
value indicates the valwehere temperature is at its highest

3.5 Parameter mappings

Since the mapping of every possible visual parameter to every diata
parameter results in an unwieldy number of permutations, we ne@tblte some
educated decisions in an effort to reduce the combinations to a eadt@gumber. As
noted above, certain visualization parameters are known to be medtivef at

representing certain categories of data.
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We start by locking background color to temperature. Sincectaire and
velocity are intimately tied to the orientation of the streaklitmakes little sense to use
background color for either of these. Also, using background color t@sexr
temperature is a common and intuitive treatment, especially gesplasisobars of
temperature ranges rather than as continuously varying color.

We similarly lock opacity to direction. Fowler and Ware [FW88]nd that the
strongest direction cue was for a stroke to fade in from the backgiro Clearly,
mapping opacity to direction provides this capability regardlesbhefother mappings,
while mapping opacity to velocity would tend not to provide good quantitative value.

While any visualization parameter could theoretically be magpée‘constant”,
the only one for which we will specifically provide that mappisgtreaklet length. This
is primarily because the nature of the Jobard-Lefer algoniiguires different handling
of constant streaklet lengths as opposed to streaklet lengthagrigsed on velocity.
There is only one length setting, which controls either the alemgth (in pixels) or the
number of points in each streaklet, for constant length or variald¢éhlerespectively.
Other visualization parameters can be made constant simpsttimgshe minimum and
maximum values the same. This results in the following possible data mappings:

Background color: surface temperature (1 option)

Streaklet color: direction or velocity (2 options)

Streaklet opacity: direction (1 option)

Streaklet length: velocity or constant (2 options)

Streaklet width: direction, velocity, direction/velocity combination (3 options)

Separation: velocity (1 option)
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The above set results in twelve possible mapping combinations, as follows:

Color Opacity | Length Width |Separation|{Background Color

1 Direction | Direction Velocity | Direction| Velocity Temperature
2| Direction | Direction| Velocity | Velocity | Velocity Temperature
3 Direction | Direction Velocity |Dir & Vel| Velocity Temperature
*4| Direction | Direction| Constant | Direction Velocity Temperature
5 Direction | Direction Constant| Velocityy Velocity Temperature
6| Direction | Direction Constant| Dir & Ve| Velocity Temperature
7| Velocity | Direction| Velocity | Direction| Velocity Temperature
8 Velocity | Direction| Velocity | Velocity | Velocity Temperature

9 Velocity | Direction| Velocity |Dir & Vel| Velocity Temperature

10 Velocity | Direction| Constant| Direction Velocity Temperature
11 Velocity | Direction| Constant| Velocity] Velocity Temperature
12 Velocity | Direction| Constant| Dir & Ve| Velocity Temperature

Table 1: Initial parameter mappings set

Finally, we remove mapping #4, as its only velocity cuseigaration which is
not viable as a primary indicator. This leaves us with eleven mappings.
3.6  User interface

The following sections describe the user interface controls Hoat the direct

manipulation of parameters and mappings.
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3.6.1 Sliders and interactive parameter adjustment

Slider controls allow the user to interactively control the vigzaabn parameters
for a given flow field through simple click-and-drag mouse actions.

Each visualization cue mapping is controlled by a set of radio bufiorthe
control panel, se&ection 3.6.2 — Control panednd two slider controls (or sets of
controls, in the case of color). The radio buttons allow the useredct sghich data value
is to be mapped to the visualization cue. The sliders control thienom (S,in) and
maximum (Sax Values for each visualization parameter. These values gmegeth#o a
data value at a given point by normalizing the mapped data va)ue (Wat point, such
that Vimin (the minimum value of V across the entire flow) maps to 0 apg {the
maximum value of V across the entire flow) maps to 1. Calribrmalized value ¥m
The desired visualization parameter value at that point is then:

Shin *+ ( Viorm * ( Snax - Smin))

As an example, consider streaklet width mapped to velocity, wheraitii@um
width slider (Sin) is set to 5 pixels, the maximum width slidep4{$ is set to 25 pixels,
and the velocity ranges from 0 to 10 knots. For a point where velsecibay, 8 knots

(Vnorm = 0.8), the streaklet width would be: 5+ (0.8 - (25-5)) =21 pixels.

Figure 19: Slider controls

38



3.6.2 Control panel

The control panel is a separate window, coded using the glui lilbhatyprovides
the tools needed to administer the experiment trials and savetgheldalso provides an
interface to fine tune the Jobard-Lefer rendering algoritlorset the flow field data

source, and to control debugging.

Figure 20: Control panel

The experimental control section allows the trial administredoenter an 1D

name for each subject, to be used in file naming of the results tatdso includes a
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“Randomize sliders” button to randomly set each slider value, andv& ‘iiage” button
to preserve the resulting image and settings for an optimized visualizati
Two buttons were also added to allow the user to interchange minimum and
maximum color settings, since manipulating six color slidergtoraplish this manually
was cumbersome.
The “Visualization to Data Mappings” section of the control pariehal the trial

administrator to set each of the appropriate mappings during the courseabf a tri

Figure 21: Control panel - visualization mappings
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The “Data Source” section of the control panel is where the statece of the
flow field is specified. It also displays the minimum and maximvalues of each data
element in the loaded field, and allows for the override (clammh{fjy-away” values
that can skew the resulting visualization. The code is designédtitsaicthe data input

classes can be easily extended to support different flow data formats.

Figure 22: Control panel - data source

The “Rendering Algorithm” section of the control panel allows dywcami
adjustment of the Jobard-Lefer rendering algorithm itself. 3Jdygaration (¢, and
convergence (g values are discussed 8ection 1.5.1 — The Jobard-Lefer algorithm
The sink velocity value provides a termination criteria during tetion process as

velocity approaches zero.
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Figure 23: Control panel - rendering algorithm

3.7 Algorithm notes

3.7.1 Auxiliary changes to the Jobard-Lefer algorithm

A few issues arise during the implementation of the Jobarerladforithm for
evenly-spaced streamlines. The first issue concerns the ptacsagnple control points
along the iterated streamline. Jobard and Lefer state thahdke this approximation
[testing against control points] acceptable, the control points dreandine must be
evenly spaced and the distance between them must be lessdhadl87]. If these
control points are too far apart (i.eseds large), it is possible to miss certain areas of the
flow when attempting to place new seed points due to control points spaaning
significant bend in the flow. If we add new control points unnecéggad., for small
values of g where control points are already close together), we takdgla
performance penalty due to the number of comparisons required hatsegc of the
streamline iteration. As a compromise, we set a graduated control poiinigdpased on
dsep For larger spacing (lower density) renderings we set cqmiots at 0.4 * gi; for

lower spacing (high density) renderings we set control poir@Da die; in between we
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set at 0.6 * ¢k, This balance seems to generate good visualizations in réésdinze
frames.

This solution, however, introduces another problem. When we place control
points closer together, we complicate the determination of whatlp@tential point is
valid or not. Specifically, we now may have several points abosgreamline that are
within the dep threshold of each other. Tracking which streamline each contnot poi
belongs to helps but does not completely solve the problem, since théneasituations
when wedo want control points on the current streamline to cause iteration to cease:

1) When a streamline hooks back on itself in its “local neighborhood”.
We define the local neighborhood of a potential point as all control
pointssequentially back along the streamlithet are within gk, of the
point being tested. We call this “local loopback”. In left-hand
diagram in figure 24, point 2 should not interfere with the placement
of point 4 since the control points are getting further apart aloag
streamline (distance(4:2) > distance(4:3). In the right-hand dmgra
point 2 should disallow the placement of point 4, since it is closer to
point 4 than point 3 is.

2) When a streamline loops or spirals and encounters itself agaideoutsi
of its local neighborhood. We call this “global loopback”. In figure
25, the green points should not interfere with the placement of the
white point since these local neighborhood control points are getting

further apart along the streamline. The red points, however, should
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disallow the placement of the white point since we are looping back on

ourselves outside the local neighborhood.

OK Bad

Figure 24: Local loopback
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Bad

5

Figure 25: Global loopback

Both local and global loopback can be handled simultaneously by agsignin
sequential IDs to control points along each streamline. Whengespoint, the control
points in the local neighborhood are first tested in order (moviny &wen the target
point). If any control point within the neighborhood is closer to thgetathan the
previous one, then we have a local loopback condition and the validityf tde target
point fails. If there is no local loopback, then we store the abptint ID of the last
point tested (i.e. the furthest point away that is still withimlbcal neighborhood). Now,

the global test can occur as normal, testing against all cquanols in the neighboring
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grid cells. If we find a point that is too close but belongs test#me streamline, we can
now easily check its control point ID to determine if it istpHrthe local neighborhood
(in which case it's okay, since we already checked for vaditon); if it is not, then we
have a global loopback condition and the validity test must fail.

3.7.2 Variable streamline density

We extend the Jobard-Lefer algorithm to allow the streamlineitgletas vary
based on local data values in the flow field. In this way, stieamspacing (density) can
be used as another potential visualization cue, which can then Ilgeaiatk into an
interactive interface that allows users to control data-to-visatadn-cue mappings and
values along with streamline color and opacity, streamline widtbaldet or glyph
length, and background color. This enhancement of the algorithm rechareges in the
handling of several elements, as follows:

1) Control point placement along the streamlinds mentioned above,
Jobard and Lefer specify that control points be evenly spaced along the
streamline and at a distance smaller than the desired sgegifg In
order to satisfy both requirements, control point separation is based on
theminimum separationalue specified.

2) Overlay grid Jobard and Lefer specify that the overlay grid contain
cells that areexactlythe separation value g apart. This limits the
testing of control points to searching the current grid cell @igtt
surrounding cells. Rather than adding the complication of a multi-
resolution grid, we set the grid based on thmimum separation

value. It is then a simple calculation to determine how maidycetls

46



3)

4)

5)

are required to encompass the grid cell neighborhood (see “Iteration
control, below). Although this requires the testing of more thght ei
grid cells where separation is wider, wider separation alggiam
lower density so that many of the grid cells in that neighborhodd wil
be sparse and the number of points tested will be similar.

Seed point placementPotential seed points are placed based on the
local separation value at each control point on an existing streamline.
Separation error tolerance The Jobard-Lefer algorithm defines a
tolerance, controlling how close a streamline can come to another
streamline during generation, as a percentage.pf We continue to
allow this to be specified as a single percentage, applying itgdur
iteration based on the local separation value at the point being tested.
Iteration control Each separation test is based on the static value (e.qg.
velocity) at the target point. For the local loopback test, thd loca
neighborhood is determined by the local separation value of the point
being tested. The global test occurs as normal using the ogeiday
(see 2 above), except that instead of a neighborhood of eight cells (the
current cell plus or minus one cell), we need to calculate the mwhbe

cells (plus or minus “delta” cells) as follows:

delta = ceil (( local separation ) / ( grid cell size ));
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3.7.3 Artifact control and partial streaklets

Two major aesthetic issues arise when rendering streaMimtg a streamline.
The first is the appearance of undesirable artifacts due réakitts on adjacent
streamlines running side-by-side in a synchronous pattern. Thedseoncerns the fact
that the entire length of a streamline does not typically egieatan integer value of
whole streaklets, resulting in a partial streaklet on meosaustines. These issues are
controlled as follows:

Partial streaklets are disallowed. Since streaklet lersgtime of our mapping
parameters, is it important that each streaklet length mgres true value. One
disadvantage of eliminating partial streaklets is that there is charece of visual gaps in
portions of the resulting flow, especially for settings where streakigtis are long.

Streamlines below a configurable threshold length are discandéé streamline
generation algorithm. This prevents the creation of streamina¢sare less than a full
streaklet in length.

For each streamline, the number of whole streaklets that walloing its length is
calculated, along with a remainder value (i.e., the lengthwilatnot be covered by
whole streaklets). The starting point for rendering streaklieisg each streamline is
then a randomly-generated fraction of the remainder value. Thigie#ly removes the
artifacts that occur when streaklets are always rendewsd the beginning of the

streaklet.
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CHAPTER 4

EVALUATION STUDY

4.1 Evaluation study goals

The goals of the evaluation study are to utilize and evaluatedekieloped
parameter-control software in a human-in-the-loop optimization préeessmoderately
complex visualization design task; to produce a variety of optdnidsual display
solutions for showing ocean flow model output; and to analyze theseosslutr
common patterns in an attempt to determine some generalized regtrsling flow
visualization in two-dimensions.

4.2 Configuration

The evaluation study was performed on a 20” (=51 cm) monitor running a
resolution of 1280x1024 at 96 dpi. The actual flow field displayed in aesafi@800 x
800 pixels, or approximately 21 x 21 cm.
4.3 Task

This evaluation study consists of creating two-dimensional flowalization
solutions using local hill climbing. Each prospective solution reptegbe same ocean
flow dataset, for which we select the common representation ahaxerents combined
with surface temperature, specifically empirical data ofatverage (de-tided) currents in
the Gulf of Maine for the month of February, 2004. This type afahzation is often

used in oceanography and meteorology, and the data is readily-available.
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All flow visualization solutions consist of streaklets of potehtigarying length,
width, color, opacity, and separation (density) over a varicolored baakg. While the
background colors always represent sea surface temperaturggthdes parameters are
used in various combinations to represent flow direction and velod¥ye selected
eleven of the streaklet-parameter-to-data mappings mosy b&gbroduce high-quality
solutions (seé&ection 3.5 — Parameter mappijigeach subject generates two solutions

within each mapping. The eleven mappings are as follows:

Color Opacity Length Width  [Separation Background Color
1) Direction| Direction | Velocity| Direction| Velocity Temperature
2| Direction| Direction | Velocity| Velocity | Velocity Temperature
3 Direction| Direction | Velocity| Dir & Vel | Velocity Temperature
4 Direction| Direction | Constant Velocity | Velocity Temperature
5| Direction| Direction | Constant Dir & Vel | Velocity Temperature
6| Velocity | Direction | Velocity| Direction| Velocity Temperature
7| Velocity | Direction | Velocity| Velocity | Velocity Temperature
8 Velocity | Direction | Velocity| Dir & Vel| Velocity Temperature
9 Velocity | Direction | Constant Direction | Velocity Temperature
10 Velocity | Direction | Constant Velocity | Velocity Temperature
11 Velocity | Direction Constanr Dir & Vel | Velocity Temperature

Table 2: Summary of parameter mappings
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To generate a solution, subjects select a starting visuahzély repeatedly
randomizing all visualization parameters until they find a reasersthfting point. They
then modify the visualization parameters (width, length, colors, eia.)interactive
sliders to optimize the solution as much as possible within the confines of the experim
Generated solutions are saved to disk for later evaluation. Thissgriscdone twice for
each of the above mappings, for a total of twenty-two solutions per subject.

We then evaluate all solutions, grading them on a scale of 1 to l&le Wis
theoretically possible to construct an objective test, wherebg dsézrmine velocity and
temperature at given points and results are based on errotthatas, beyond the scope
of this thesis. For our purposes, we will be content with subjective evaluations.

4.3.1 Introduction phase

Each subject is given an overview of the research and the taskvithdie
performed. The relationship of mappings (data values to visuahzparameters) is
explained, and each slider is explained and demonstrated. The ssbgieen the
criteria for a “good solution”, one in which:

It is easy to determine areas of fast and slow velocity.
It is easy to determine areas of warm and cold surface temperature.
Actual velocity and surface temperature can be estimated using the key.
Sufficient detail exists to ascertain the flow pattern.

Several randomizations are shown, and subject is allowed to adjisdidéms to

get a feel for how the visualization can be affected.
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4.3.2 Solution generation phase

For each of the eleven mappings, in a predetermined pseudo-random leder, t
mapping is explained, especially in relation to the previous mappstigpmpleted, so
the subject is clear on what the parameters are.

For each of two trials within each mapping, the subject randsniiee slider
parameters until a reasonable starting point is found. The subjesticouraged to
change any “obvious” sliders to make immediate improvements. ulijecs then makes
at least one pass through each slider control, adjusting as ngcesser attempt to
improve the image. When the subject is satisfied, the solution is saved.

4.3.3 Rating solutions

Solutions are rated by the author and his advisor, an expert irvitoalization,
on a scale of 1 (worst) to 5 (best). Solutions are rated irséparate passes, first in the
pseudo-random order in which they were created and then grouped by mappmg.
scores for each pass are then averaged together for a final score. tmaddtie overall
final score for each solution, separate scores for streakletsamidround are given to
allow for separate analysis on each.

4.4  Subjects

There are a total of eight subjects participating in the etrafua Two are from
the field of oceanography at the University of New Hampshir&dlH)) two are
professional designers from the Rhode Island School of Desi@D[Robne is my thesis
advisor, a UNH professor specializing in both oceanography andvikwalization, and
three, including myself, are current or recent UNH graduatelests from the

Visualization Laboratory.
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CHAPTER 5

RESULTS AND ANALYSIS

51 Overall results

An Analysis of Variance (ANOVA) indicates a significant imaeffect for
subjects [F(7,88) = 5.14; p < 0.001], a significant effect for mappi@®[88) = 2.95; p
< 0.05], and an interaction between the two [F(70,88) = 1.92; p < 0.005]. However,
Tukey “Honestly Significant Difference” (HSD) test on maps shows three
overlapping groups (see Table 3). This indicates that, statisti@af the 11 mappings
are equally good. This is not surprising given the large number chdtitars relative to
the sample size. While a larger domain, including more taiats more ratings, would
likely provide a more statistically sound set of results, wediscuss the existing results
from a perspective of which mappings produced the most solutions lab\ar different

ratings levels.
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N Subset
MAPPING 1 2 3
1 16 2.4063
9 16 2.5313| 2.53193
6 16 2.6188| 2.618§ 2.618B
4 16 2.6500f 2.650Q 2.6500
7 16 27781 2.7781 2.7781
10 16 2.7906| 2.7906
S 16 2.8281| 2.8281
2 16 2.9312
8 16 2.9469
11 16 2.9625
3 16 2.9688
Sig. .054 .256 .089

Table 3: A Tukey HSD on mappings shows three overlapping groups.

A second ANOVA shows that there are significant differencedsvden the
different groups of subjects [F(2,143) = 7.41; p < 0.005], with designers prodheing
best results and meteorologists producing the worst.

52 Evaluating the mappings

As noted above, there is little statistical distinction amtegnappings; most are

capable of producing both good and bad solutions. Figure 26 summarizesuhg of
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the mapping evaluations, provided below in Table 4, sorted by highesigaveating.

The graph indicates the minimum, maximum, and average rating for each mapping

Mapping Evaluations

3.5 74//./ N P

I - —e— Min Rating
= ' —=— Max Rating
N Awg Rating

L

/)

Rating
N
J
L 2
L 2
L 4
L 2
/)
N

3 11 8 2 5 10 7 4 6 9 1
Mapping ID

Figure 26: Mapping evaluations graph, sorted by average rating

Table 4 also includes the percentage of mappings that are:
2.75 or better (potential solutions — average-plus)
3.0 or better (good solutions)
3.5 or better (very good solutions)

4.0 or better (excellent solutions)

Notable values have been highlighted in yellow.
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Min Max Avg Total
Mapping | Rating | Rating | Rating | 2.75+ | 3.0+ 3.5+ | 4.0+| Solutions
3 2.5 3.50 2.97| 81.3%| 68.8%| 12.5%| 0.0% 16
11 2.5 3.75 2.96| 81.3%| 68.8%| 6.3%| 0.0% 16
8 2.5 4.00 2.95| 62.5%| 56.3%| 12.5%| 6.3% 16
2 2.0 4.15 2.93| 68.8%| 37.5%)| 18.8%| 6.3% 16
5 2.0 3.50 2.83| 62.5%| 43.8%| 12.5%| 0.0% 16
10 2.0 3.50 2.79| 62.5%| 50.0%| 6.3%| 0.0% 16
7 2.0 3.50 2.78| 68.8%| 31.3%| 6.3%| 0.0% 16
I 2.0 3.75 2.65| 37.5%| 31.3%| 6.3%| 0.0% 16
I 2.0 3.25 2.62| 31.3%| 25.0%| 0.0%| 0.0% 16
I 15 3.75 2.53| 31.3%| 25.0%| 6.3%| 0.0% 16
I 2.0 3.00 241| 6.3%| 6.3%]| 0.0%| 0.0% 16
Overall 15 4.15 2.76|54.0% [ 40.3% | 8.0% | 1.1% 176

Table 4: Mapping evaluations summary

For reference, the mapping parameter table (table 2) is rddeate, sorted as above by

average rating.
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Color Opacity | Length Width  [Separation| Background
3 Direction | Direction| Velocity| Dir & Vel | Velocity Temperature
11 Velocity | Direction | Constant Dir & Vel | Velocity Temperature
8 Velocity | Direction | Velocity| Dir & Vel | Velocity Temperature
2 Direction | Direction| Velocity| Velocity Velocity Temperature
5 Direction | Direction| ConstartDir & Vel | Velocity Temperature
10 Velocity | Direction | Constant Velocity | Velocity Temperature
7| Velocity | Direction | Velocity| Velocity Velocity Temperature

Direction | Direction | Constarlt Velocity Velocity Temperature
B Velocity | Direction | Velocity| Direction | Velocity Temperature
B Velocity | Direction | Constant Direction | Velocity Temperature
I Direction | Direction | Velocity| Direction | Velocity Temperature

Table 5: Summary of mappings (sorted by average rating).

Overall, only 54% of the generated solutions are rated as potsoltisibns, 40%
are considered at least good, 8% are very good or better, andvongplutions (1.1%)
are rated excellent.

Note also that the mappings that produce the highest averaug aad not the
same that produce the best solutions. Considering the limited dizis study, the first
four mappings (3, 11, 8, and 2, marked in green) are very close in avatay. We

consider these the first tier mappings, generating the bestl@aatdions. The second

57



tier mappings (5, 10, and 7, marked in blue) also produce above aweapgengs, but
are not at the same level as the first four. The third tagopimgs (4, 6, 9, and 1, marked
in red) produced generally poor results.

The most immediately salient result is with respect towtlith parameter, with
the mapping to direction producing the worst results on average, whitoithignation
of Direction and Velocity produces four of the top five results on geeraThese
mappings are further analyzed in the following sections, folloled more detailed

analysis of each mapping parameter.

5.3 First tier mappings

5.3.1 Mapping #3

Color Opacity | Length Width  |Separation| Background

3 Direction| Direction | Velocity| Dir & Vel | Velocity Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

3| 25| 3.5(/2.97|81.3%| 68.8%| 12.5%| 0.0% 16

Table 6: Mapping #3 — excerpts from tables 4 and 5
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Figure 27: Excerpts from two top solutions for mapping #3. Both solutions had ratings of
3.5.

Mapping #3 has the highest overall average rating, with over 8@k& sblutions
rating average or better, and over two-thirds of the solutions sit“igaod” (3.0). The
combination of length representing velocity with width represgnéincombination of
direction and velocity produce a noticeable sweep of flow in aflaigh velocity, while
still representing an effective amount of detail in the lowelocity areas. Note,
however, that the best solutions do not come from this mapping, and thatwanly

solutions are rated “very good” (3.5+).

5.3.2 Mapping #11

Color Opacity | Length Width Separation | Background

11 Velocity | Direction Constanr Dir & Vel Velocity Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ 3.5+ | 4.0+ Total

11| 2.5| 3.75|2.96| 81.3%| 68.8%| 6.3%| 0.0% 16

Table 7: Mapping #11 — excerpts from tables 4 and 5
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Figure 28: Excerpts from two top solutions for mapping #11. The first has a rating of
3.75, while the second has a rating of 3.25

Mapping #11 also produces a high percentage (81.3%) of good solutions, though
with only one solution rated very good (3.5+). The combination of sizecalod to
represent velocity effectively draws the eye to areasighier velocity, though the

constant length streaklets tend to lose detail in the lower velocity areas.

5.3.3 Mapping #8

Color Opacity Length Width |Separation| Background

[00]

Velocity | Direction | Velocity | Dir & Vel Velocity Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

8| 25 412.95|62.5%| 56.3%| 12.5%| 6.3% 16

Table 8: Mapping #8 — excerpts from tables 4 and 5
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Figure 29: Excerpts from two top solutions for mapping #8. The first has a rat@ of
while the second has a rating of 3.75.

Mapping #8 has an average score only slightly less than theopsewvo
mappings, above. However, it produced more very good and excellent soluiibas
combination of color and length representing velocity, and width mapgaath velocity
and direction, provides a strong visual flow with good detail. Theaeslght drawback
in that the ability to determine velocity at a particular pogntdiminished somewhat,
since there is no longer a straight mapping to width. The onlgtdimepping to the
velocity at a certain point is color, which, while relativelyeetfive overall, has the

potential to be misperceived due to its relationship to the background color at that point.
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5.3.4 Mapping #2

Color

Opacity

Length Width

Separation| Background

Direction

N

Direction

Velocity | Velocity

Velocity Temperature

Mapping

Min | Max

Avg | 2.75+

3.0+

3.5+

404 Total

2 2| 4.15

2.93| 68.8%

37.5%

18.8%

6.3% 16

Figure 30: Excerpts from two top solutions for mapping #2. The first has a rating of
4.15, which was the highest rated solution of any mapping; the second has a rating of

While mapping #2 had only the fourth best average rating, it wasstightly
lower than the top three mappings and it had the highest percentage of very good or bette

solutions. Length and width appear to be an effective combinationefoesenting

Table 9: Mapping #2 — excerpts from tables 4 and 5

3.75.
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velocity, as the wide, bold strokes draw attention to the areas wigecairrent is fastest,
while the detail in the slower areas is not lost. Color and typalso combine well for
indicating direction and, while it might seem that opacity would slevell alone, that
mapping combination (#7) produced inferior results.

5.4  Second tier mappings

5.4.1 Mapping #5

Color Opacity Length Width  [Separation| Background

6]

Direction| Direction | Constant Dir & Vel | Velocity | Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

5 2| 3.5|2.83|62.5%| 43.8%| 12.5%| 0.0% 16

Table 10: Mapping #5 — excerpts from tables 4 and 5

Figure 31: Excerpts from two top solutions for mapping #5. Both have ratings of 3.5.

63



This mapping suffers from an overabundance of direction cues, as iwitlta
only velocity cue and it is representing direction as wellhc&istreaklets are constant
length, they need to be relatively short and stubby to genedecuate indication of
high velocity areas. It is virtually impossible in this mappmgétermine the velocity at

a particular point in the flow.

5.4.2 Mapping #10

Color Opacity Length Width  |Separation  Background

10 Velocity | Direction Constanr Velocity | Velocity Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

10 2| 3.5|2.79| 62.5%| 50.0%| 6.3%] 0.0% 16

Table 11: Mapping #10 — excerpts from tables 4 and 5

Figure 32: Excerpts from two top solutions for mapping #10. The first has awating
3.5, while the second has a rating of 3.25.

64



This mapping has the opposite issue of the previous one (#5). Almosttiad

mappings represent velocity, with only opacity left to indicateation. The resulting

solutions did not evoke a strong sense of flow. Also, while it is lysa#kctive to

maximize the difference between the minimum and maximum widtrs,greater

separation of values, setting the minimum width a bit wider forrttapping enhances

the perception of opacity change along the streaklets in areas of lowyelocit

5.4.3 Mapping #7

1%

Color Opacity | Length Width Separation | Background
7| Velocity | Direction | Velocity| Velocity Velocity Temperaturé
Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

7 2| 3.5|2.78|68.8%|31.3%| 6.3%/| 0.0% 16

Table 12: Mapping #7 — excerpts from tables 4 and 5

Figure 33: Excerpts from two top solutions for mapping #7. The first has a raBig of
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This mapping is identical to the previous one (#10), except thaklgtréangth
varies based on velocity, instead of remaining a constant lengithgeneral, variable
length mappings are superior to constant length mappingSésson 5.6.2 — Streaklet
length. In this case, the results are very similar, with average scorestattantical.

We expected this to be a top combination, with opacity sufficienhdacate
direction, width providing a solid velocity measure at each given paimt, the
combination of width, length, and color providing very strong visual cuasetts of high
and low velocity. This expectation is not supported by the expetiras it appears that
opacity alone is not as strong a directional cue as when combinedvidih or color.
The areas of high and low velocity are certainly apparent, bue#dtied of flow is less
pronounced that in the higher-rated mappings.

55 Third tier mappings

5.5.1 Mapping #4

Color Opacity | Length Width  |Separation| Background

4 Direction| Direction | Constant Velocity | Velocity Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+| 4.04 Total

4 2| 3.75| 2.65| 37.5%| 31.3%| 6.3%| 0.0% 16

Table 13: Mapping #4 — excerpts from tables 4 and 5
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Figure 34: Excerpts from two top solutions for mapping #4. The first has a rating of
3.75, while the second has a rating of 3.25.

In this mapping, width is the only velocity cue, color and opacity apped to
direction, and length is constant. Note how much worse the solutiomstiareonstant
length streaklets, compared to mapping #2, which is the same extepstiegaklets
varying based on velocity. Here, only 37.5% of solutions are est@¥erage or better.
Shorter length streaklets tend to accentuate the sense oivioelh can be seen above in

the only “very good” (3.75) solution for this mapping.

5.5.2 Mapping #6

Color Opacity | Length Width Separation | Background

(o))

Velocity | Direction | Velocity| Direction Velocity Temperatur

[}

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

6 2| 3.25| 2.62| 31.3%| 25.0%| 0.0%/| 0.0% 16

Table 14: Mapping #6 — excerpts from tables 4 and 5
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Figure 35: Excerpts from two top solutions for mapping #6. Both have
ratings of 3.25

This mapping is the first of the three mappings of width to doactivhich
together represent the worst of all mappings tested. Length cad alone do not
provide nearly as strong a visual cue to velocity, as evidencdukldgds than one-third

of the solutions rating average or better.

5.5.3 Mapping #9

Color Opacity | Length | Width | Separation | Background

(o]

Velocity | Direction ConstanrDirection Velocity Temperature

Mapping | Min | Max | Avg | 2.75+ | 3.0+ | 3.5+ | 4.04 Total

9| 1.5| 3.75| 2.53| 31.3%| 25.0%| 6.3%| 0.0% 16

Table 15: Mapping #9 — excerpts from tables 4 and 5
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Figure 36: Excerpts from two top solutions for mapping #9. The first has a rating of
3.75, while the second has rating of 3.25.

This is essentially the same as the previous mapping (#6), extbptonstant
streaklet lengths, losing yet another velocity cue. The depenadencelor alone to
represent velocity makes generating good solutions difficult (obed referred to this
particular mapping as “crippling”). We would expect that people avantuitively be
more likely to associate warmer colors (reds, yellows, highAante values) with faster
velocities and cooler colors (greens, blues, low-luminance valu#ssleiver velocities.
Additionally, we would expect higher velocities to have a higlmrtrast against the
background, making them more prominent. These two factors togetiuwd indicate
that the better solutions will likely have dark (low-luminance) lgaasknd colors, which

we can see in the above examples.

69



5.5.4 Mapping #1

Color

Opacity

Length Width

Separation

Background

Direction

| —

Direction

Velocity] Direction

Velocity

Temperagur

Mapping

Min

Max

Avg | 2.75+

3.0+

3.5+

41

- Total

1

2

3

241 6.3%

6.3%

0.0%

0

16

Table 16: Mapping #1 — excerpts from tables 4 and 5

Figure 37: Excerpts from two example solutions for mapping #1. The first was yhe onl
solution in this mapping that rated average or better (3.0). The second is tygeal of t

In this last mapping, length is the only velocity cue. Color, dpaand width are
mapped to direction.

solution (6.3%) rated as average or better. This single good solutmninségure 37,

many below average solutions (2.5).
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above, is also the only solution to map width in a reverse directasro(mer at the head,
wider at the tail), generating a sort of “wake” appearance behind movindgsartic

While length as a velocity cue is sufficient to indicate amfakigh and low
velocity, it is less intuitive than mappings for which veloc#yalso represented by color
and/or width. Also, it is impossible to determine velocity at diqadar point, since the
velocity may vary significantly over the length of a streéklAlso, having a maximum
width set too large tends to draw attention to areas of low ityelbecause of the
apparent density of the streaklets there.

5.6  Analysis of streaklet parameters

Table 17 is a summary of averages and standard deviations foeegth Wwidth,
and separation value, in centimeters. Values are further surethagross three ratings
levels (2.5 and greater, 3.0 and greater, and 3.5 and greater) in anoeffeet whether
the values vary differently for better solutions; and acros$h dangth and width
parameter mapping, since these values may have different cagieiéi in each mapping

scenario. A similar table for each individual mapping follows (table 18).
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Min Max Min Max Width Min Max
Length | Length | Width Width Diff. Sep. | Sep.
Overall
Avg 0.59 3.79 0.04 0.22 0.18 | 0.41 0.51
Stdev 0.71 2.60 0.03 0.05 0.06 | 0.18 0.20
2.5+
Avg 0.56 3.79 0.03 0.22 0.18 | 0.41 0.50
Stdev 0.69 2.57 0.03 0.05 0.06 | 0.18 0.19
3.0+
Avg 0.52 3.35 0.03 0.22 0.19 | 0.38 0.45
Stdev 0.58 2.53 0.03 0.05 0.05| 0.16 0.16
3.5+
Avg 0.37 3.19 0.03 0.22 0.20| 0.31 0.42
Stdev 0.46 2.62 0.02 0.04 0.05]| 0.10 0.19
Width: Combo
Avg 0.63 3.48 0.03 0.23 0.20 | 041 0.49
Stdev 0.72 2.44 0.02 0.05 0.05]| 0.18 0.19
Width: Dir
Avg 0.42 4.81 0.03 0.18 0.15| 0.44 0.48
Stdev 0.65 2.81 0.05 0.06 0.06 | 0.18 0.20
Width: Vel
Avg 0.67 3.34 0.04 0.23 0.19 | 0.38 0.56
Stdev 0.73 241 0.03 0.03 0.05| 0.17 0.20
Length: Const
Avg 1.30 1.30 0.03 0.22 0.20 | 0.39 0.53
Stdev 0.44 0.44 0.03 0.05 0.06 | 0.19 0.19
Length: Vel
Avg 0.00 5.87 0.04 0.21 0.17 | 042 0.50
Stdev 0.00 1.62 0.04 0.05 0.06 | 0.17 0.20

Table 17: Average values, in cm, across different parameter breakdowns
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Min Max Min Max Width Min Max
Length Length | Width Width Diff. Sep. Sep.

Mapping 1

Avg 0.00 6.84 0.05 0.16 0.14 0.50 0.45
Stdev 0.00 1.26 0.07 0.07 0.07 0.18 0.19
Mapping 2

Avg 0.00 5.33 0.04 0.24 0.19 0.42 0.52
Stdev 0.00 1.99 0.04 0.03 0.06 0.19 0.20
Mapping 3

Avg 0.00 5.51 0.02 0.24 0.22 0.45 0.52
Stdev 0.00 1.39 0.02 0.03 0.04 0.16 0.18
Mapping 4

Avg 1.34 1.34 0.03 0.25 0.23 0.41 0.55
Stdev 0.40 0.40 0.02 0.01 0.03 0.21 0.20
Mapping 5

Avg 1.37 1.37 0.02 0.24 0.21 0.38 0.51
Stdev 0.46 0.46 0.02 0.04 0.05 0.21 0.22
Mapping 6

Avg 0.00 6.33 0.03 0.20 0.17 0.40 0.48
Stdev 0.00 1.65 0.03 0.05 0.05 0.17 0.23
Mapping 7

Avg 0.00 5.35 0.05 0.20 0.15 0.36 0.53
Stdev 0.00 1.74 0.02 0.03 0.04 0.12 0.22
Mapping 8

Avg 0.00 5.88 0.05 0.21 0.16 0.42 0.50
Stdev 0.00 1.25 0.03 0.04 0.05 0.16 0.18
Mapping 9

Avg 1.26 1.26 0.02 0.17 0.15 0.42 0.52
Stdev 0.46 0.46 0.03 0.04 0.06 0.17 0.16
Mapping 10

Avg 1.35 1.35 0.04 0.24 0.19 0.34 0.63
Stdev 0.41 0.41 0.03 0.03 0.05 0.13 0.17
Mapping 11

Avg 1.16 1.16 0.03 0.22 0.19 0.38 0.43
Stdev 0.47 0.47 0.02 0.06 0.06 0.21 0.18

Table 18: Average values, in cm, across different parameter mappings
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5.6.1 Streaklet width

Min Max Avg Pct Pct Pct Pct Total

Width Rating | Rating | Rating | 2.75+ 3.0+ 3.5+ | 4.0+ | Solutions

Direction 15 3.75 252 | 229% | 18.8% | 2.1% | 0.0% 48
Velocity 2 4.15 279 | 59.4% | 37.5% | 9.4% | 1.6% 64
Combo 2 4 293 | 71.9% | 59.4% | 10.9% | 1.6% 64

Table 19: Comparison of width mapping ratings

As we noted inSection 5.2 — Evaluating the mappingise solutions that have
width mapped to a combination of velocity and direction resulted in thestigaverage
ratings, while the solutions that have width mapped to directionrgedethe lowest

average ratings. This is further demonstrated by the following graph (figure 38).

Width: Dir, Vel, Combo

80.0%
70.0%

60.0% - -\
50.0% —e— Dir
’\

40.0% —=— Vel

30.0% | \ Combo

20.0%

10.0% \QN
0.0% ‘ . ‘ A

2.75+ 3.0+ 3.5+ 4.0+

Solution Ratings

Figure 38: Comparative ratings for each width mapping
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We expected solutions with higher disparity between minimum andnmmax
width to tend to be higher rated, but as can been seen in the follseatigr plot (figure
39), this is not a strong relationship. Width value settings hadye &0 to 10 pixels (O
to 0.27 cm), with an average width disparity of 0.18 cm and a standaedioie of 0.06
cm (see table 17). While these values are slightly laggenigher ratings (0.20 cm for
3.5+ ratings, 0.19 cm for 3.0+ ratings, 0.18 cm for 2.5+ ratings, all witiasistandard
deviations) the difference is slight.

Note that the cases where width is used to denote velocity altrer (0.19 cm
width difference) or in combination with direction (0.20 cm width ddfexe) have a
larger width disparity than when width is used to denote directioreg@Ad5 cm width
difference). This is not unexpected, since velocity is a ga#imétvalue. The binary
direction value does not require as large a disparity to potgagaaning. Similarly, in
cases where length is used as a velocity cue, there iwidt$sdisparity (0.17 cm) on
average than when length is constant (0.20 cm), presumably becaus@edds to be a
stronger visual velocity cue in the absence of a length cue. hipisthesis is further
supported by the fact that the two mappings for which width is tleevebdbcity cue (no
color or length mappings to velocity) are mapping four (0.23 cm aveddd@ std dev)
and mapping five (0.21 cm average, 0.05 std dev), both of which have #medmghest

width disparity of any of the mappings (table 18).
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Figure 39: Ratings by width disparity

5.6.2 Streaklet length

Min Max Avg Pct Pct Pct Pct Total

Length | Rating | Rating | Rating | 2.75+ 3.0+ 3.5+ | 4.0+ | Solutions

Constant 15 3.75 2.75 | 55.0% | 43.8% | 7.5% | 0.0% 80

Velocity 2 4.15 2.78 | 62.5% | 43.8% | 10.0% | 2.5% 80

Table 20: Comparison of constant- length vs. variable-length streaklets

Variable-length streaklets aid in the perception of velocity, rgay very slow

currents, and tend to provide more detail in slower areas, but itb@aifficult to
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determine direction in very slow areas, if the streakletda@reshort. This may or may
not be an issue, since direction of very slow currents is less likely to be relevant

More than one subject expressed dislike for constant lengths, tigrajfticulty
of making areas of high velocity stand out. At first, the resldtaot seem to indicate a
preference for variable length solutions. However, they were b&ewed by the
inclusion of the lowest-rated mapping #1 in the data for varialigtis. For this
particular mapping, length is thenly velocity cue; there is no corresponding mapping
with constant length, as this would mean no velocity cue at all. Gorgghe remaining
ten mappings, we can definitely see a preference for varyingniggh of streaklets by

velocity.

Length: Const vs Vel
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Figure 40: Percentage of solutions that are rated average (2.75) or better
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Constant length solutions generally used relatively short sttdakigth settings,
1.30 cm average with a std dev of 0.44 cm, compared to variable Eoigtions whose
maximum length averaged 5.87 cm with a std dev of 1.62 cm. In fattigter rated of
the constant-length solutions tended to have shorter lengths, asnepddsy the dashed
rectangle region in the scatter plot of figure 41 (note thaimliscapproximately 38
pixels).  Also, solution ratings tend to degrade with increasingaklet length, as

indicated by the trend line of the same figure.

Constant Length Streaklets
4 ;
) 23 0 '
3.5 * o o '
Looooo= —— -9 C0__000 ___o_ ____
3 *
2.5 o0
g
= e
= 2
o
15 *
1
0.5 -
0 T T T T
0 20 40 60 80 100
Length

Figure 41: Scatter plot of constant length solutions (length in pixels).

Conversely, for variable length solutions, length does not appear tcabtoarih
the rating quality (figure 42)While more solutions tend to fall in the mid to high range
of streaklet length, there is no demonstrable rating advantage to these solutidhese/e

of lesser lengths
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Figure 42: Scatter plot of variable length solutions

We conclude that varying streaklet length based on velocity is superior to constant
streaklet length, but that length by itself does not dramtatteto velocity differences as
strongly as it does when combined with width and/or color. Also, it is difficult to fglenti
velocity at a particulapoint along a streaklet since the streaklet length represents, in
essence, aaveragevelocity over its length.

5.6.3 Streaklet separation (density)

An analysis of streaklet separation does not provide much definisught into
whether and how streaklet density affects the quality of visti@ica Roughly 69% of
the solutions select values such that lower density streaklgisethseparation value)

mapped to higher velocity areas, while 31% choose the opposite magifach. group
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mirrors the overall average ratings and standard deviations efvdleation study (i.e.,
no significant rating difference one way or the other).

The average separation value is approximately 0.5 cm which, asin@edtion
1.5.1 — The Jobard-Lefer algorithns subject to a tolerance value in order to produce
smooth continuous streamlines.

5.6.4 Color considerations

Color choices vary widely in this relatively small samplkt, and significant
patterns have not been detected. Color is also a very subjeatameter in that certain
color combinations that are appealing to one may be distastefubtioea. The fact that
the flow visualization was of ocean currents certainly predispgseeral subjects to
select background colors in hues of blue. An effective analysislof will require a
larger sample set, more objective rating criteria, and &rdgorgnel of judges. There are,
however, some definite preferences explicitly noted by some dubjects, as well as
some considerations based on color perception in general.

Since color is perceived relative to background color, using cologaarsditative
foreground against a variable-color background can be problemaig.mtst effective
when combined with another physical attribute (e.g., streaklgthesr width) and when
choosing colors with a wide disparity of luminance values (see@ea from Mapping
#11, figure 28). Using color for direction is not an issue, since the color is queldatil
perceived locally, relative to the rest of the streaklet.

Multiple subjects note that bright-colored backgrounds can causenstrefbects
and is more distracting to the flow. Also, bright colors afféet way the foreground

colors are perceived (s&ection 1.2.4, Lightness and chromatic conjra$iis suggests
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that low-luminance and grayscale backgrounds should produce better, resjpdtsially
when mapping foreground color to a quantitative field (e.g., velocityAlso, if
background colors vary widely in hue and/or luminance, it becomes difficult to find

foreground colors that will work effectively across the entire flow field.

Figure 43: Highest rated solution, from mapping #2.
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Figure 44: Second highest rated solution, from mapping #8.
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CHAPTER 6

CONCLUSIONS

6.1 System software successfully supports human-in-the-loop methodology

The system software to allow human-in-the-loop interactive adjustroé
visualization parameters using slider controls proves to be atiedf¢éool to investigate
flow visualization in two dimensions.  Visualizations were ¢gfly rendered in under
two seconds, allowing almost immediate feedback to changes mag the slider
controls.

The algorithm to generate the streamlines is based on the <l@fardnethod,
with a significant modification to support variable density control.anil of the
algorithm’s control parameters are adjustable in the progreomsol window, allowing
fine-tuning of the streamline generation process based on thé datgeset or personal
preferences. There are also several enhancements to handididigyncrasies such as
global and local loopback.

The overlay of streaklets on each streamline requires spgendling to ensure
that only whole streaklets are rendered, since streaklet lengtkignificant quantitative
parameter. Logic is also included to jitter the starting pafithe head-to-tail streaklets
on each streamline to reduce artifacts resulting from adjatexaklets being in phase

with each other.
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The software’s control window allows it to be run in several madésble for
demonstrating the streamline generation algorithm, and is ddsigree easily extended
to support different input data formats.

The goal of leveraging the system software to conduct an elcalustidy was
accomplished. Eight subjects used the software in a controllecemant to generate
twenty-two visualizations each, two for each of eleven paramepping combinations.
Subjects who had never used or seen the tool were able to manifpvatestialization
parameters with relative ease within the first five to tanutes of use, and a wide
variety of visualizations were produced at an average ratgpobxdmately one solution
every two to three minutes. Other similar studies can be dorte litie or no
modification to the existing system.

6.2 Human-in-the-loop local hill climbing is an effective methodology

While the software is successful in facilitating an evatuastudy, it may seem
less clear that the supported human-in-the-loop methodology is ahveffethod for
producing quality flow visualization solutions. After all, whilegans were able to be
generated interactively in relatively short time, just overhak (54%) of the solutions
generated by the study are rated as “acceptable” or betigbivery few are rated “very
good” (8%) or “excellent” (1%). A number of factors may contmbtd these results,
including the small number (8) of subjects, and the smaller nuf@pef evaluators, and
the fact that almost all subjects had little to no exposuragasystem or methodology
prior to the trial.

More to the point, however, is that the people rating the solutionsdeang so

relative to the expected results. Compared to the visualizatiomently being used
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today (see Appendix for examples), most of the solutions generatedavesuperior. In
fact, a production version of the software is under developments®riru NOAA’s
“NowCoast” website for disseminating ocean and weather data (figure 45).

It is likely that, with well-trained designers (who, as @auy, generated the
highest quality solutions), a much higher rate of quality solutionsldmikttained. And
the speed with which solutions can be generated makes the humaneaoghbstal hill-
climbing method much preferable to long, drawn-out iterative approaches.

6.3 Some qualities of good solutions appear evident

While a larger evaluation study and more objective ratingriaitgould likely
produce more definitive results, there are a few results worthgno® he best mapping
for streaklet width appears to be to a combination of velocity aedtaiin, with velocity
alone being next best and direction alone being worst by afisagi margin.
Maximizing the disparity between minimum and maximum width teagsdduce better
results, and variable-length streaklets are preferred to cvetgth streaklets, though
constant-length streaklets do benefit somewhat from being relatively short.

Streaklet spacing varied considerably, and did not appear to havectealffect
on the quality of the visualization.

6.4 Further studies are warranted

Further evaluation studies are warranted to generate a largbasiatof solutions
and ratings, in an effort to generate more statisticalgramt results. Suggested tactics
include:

Utilize designers exclusively as subjects, since existisgltse indicate

they create the best overall solution ratings.
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Perhaps pare down the number of mappings, focusing on the better
mappings, to reduce the statistical uncertainty involved in muilti-wa
comparisons.

Use different data sources to test results against a variety of @tuls.fi

Employ a wider variety of people to rate solutions, including peopte

involved in generating solutions.

Figure 45: Excerpt of a prototype solution for NOAA’s “NowCoast” website.
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APPENDIX

IRB APPROVAL LETTER
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