Art-Motivated T  extures for Displaying Multivalued Data

Concepts from oil painting and other arts can
be applied to enhance information representation
in scientibc visualizations. This sidebar describes
some examples developed in 2D. I@n currently
extending this work to cur ved surfaces in 3D
immersive environments and facing many of the
challenges described in the article.

Examples of methods developed for displaying
multivalued 2D Ruid Row images® appear in Figure
J and 2D slices of tensor-valued biological image3
in Figure K. While the images don®look like oil
paintings, concepts motivated by the study of
painting, art, and art histor y were directly applied
in creating them. Further ideas gathered from the
centuries of artistsCexperience have the potential
to revolutionize visualization.

J Using art-motivated methods to display multival-

ued 2D Ruid Row around a cylinder at Reynolds
number 100. Shown at each point are velocity , vortic-
ity, the rate-of-strain tensor , turbulent change, and
turbulent current.

The images are composited from layers of small
icons analogous to brush strokes. The many
potential visual attributes of such strokesN size,
shape, orientation, colors, texture, density, and so
onN can all represent components of the data.
The use of multiple partially transparent layers
further increases the information capacity of the
medium. In a sense, an image can become several
images when viewed from different distances. The
approach can also introduce a temporal aspect
into still images, using visual cues that become
visible more or less quickly to direct a viewer
through the temporal cognitive process of
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K 3D tensor-
valued data
from a slice of a
mouse spinal
cord. The visual-
ization methods
show six inter-
related data
values at each
point of the
slice.

understanding the relationships among the data
components.

Figure J, created through a collaboration with R.
Michael Kirby and H. Marmanis at Brown, shows
simulated 2D Row around a cylinder at Reynolds
number 100. The quantities displayed include two
newly derived hydrodynamic quantities N
turbulent current and turbulent charge N as well as
three traditional Row quantities N velocity,
vorticity, and rate of strain. Visualizing all values
simultaneously gives a context for relating the
different Row guantities to one another in a search
for new physical insights.

Figure K, created through a collaboration with
Eric Ahrens, Russ Jacobs, and David Kremers at
Caltech, shows a section through a mouse spinal
cord. At each point a measurement of the rate of
diffusion of water gives clues about the
microstructure of the underlying tissues. The
image simultaneously displays the six interrelated
values that make up the tensor at each point.

Extending these ideas to display information on
surfaces in 3D has the potential to increase the
visual content of images in IVR.
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Visualizing Multivalued Data from 2D Incompressi ble Flows
Using Concepts from Painting

R.M. Kirby, H. Marmanis
Divisionof Applied Mathematics

D.H. Laidlaw
Depatment of Conpute Science

Brown University

Abstract

We presenta new visualizaion methodfor 2d ows which allows
us to combine multiple data values in an image for simultaneous
viewing. We utilize concepts from oil painting, art, and design as
introduced in [1] to examine problemswithin uid mechanics. We
usea conmbination of discrete and coninuousvisualelemens ar-
ranged in multiple layersto visually represent the data. The repre-
senationsareinspred by thebrushstrokesartists apply in layeisto
create an oil painting. We display commonly visualized quantities
such as velocity and vorticity together with three additional math-
ematically derived quantities: the rate of strain tensor (de ned in
secton 4), andthe turbulentchage and turbulentcurrent (de ned
in section 5). We describe the motivation for simultaneously ex-
amining these quantities and use the motivation to guide our choice
of visualrepresendtion for eachpatticular quartity. We present vi-
sualzaionsof three ow exanplesand obsevations concening
sone of the phystal relationshps made appaent by the simulta-
neoudisplay technguethat we enployed.

1 Introduction

Within the study of uid mechanics, many mathematical constructs
are usedto enhanceurundestandingof physicalphenonena.The
useof visualizaion technguesas tools for developing physicalin-
tuition of mathematically de ned quantitiesis common. Scienti ¢
visualzaion not only expandsour undestanding of physicalphe-
nomena, by allowing usto examine the evolution of quantities like
momentum, but alsoit providesa catlystfor the developmentof
mathematical models which describethe time evolution of complex

ows. In addition to the examination of the primitive variables, i.e.
thevelocity and the pressure, the examination of derived quantities
suchasthe vorticity hasprovideda beter undestanding of the un-
detlying processesf uid ow.

Vorticity is aclassic example of amathematical construct which
providesinformation not immediately assimilated by merely view-
ing the velocity eld. In Figure 1, we illustrate this idea. When
examining only the velocity eld, it isdif cult to seethat thereisa
rotationalcomponenofthe ow inthefarwakeregionof thecylin-
der. But, when vorticity is combined with the velocity eld, the
undetying dynanics of vortex geneation and adwecion is more
appaent.

Thoughvorticity cannotbe measued directy, its relevanceto
ui d ow wasrecognkedaseaty as1858with Helmholtz's pi-
oneeing work. Vorticity asa phystal conceptis not necessaly
intuitive to all, yet visualizations of experiments demonstrate its
usefilness,andhenceaccountfor its popukbrity. Vorticity is de-
rived from velocity, and vice versaundercettain constaints [2].
Hence, vorticity doesnot give ary new information that was not
already available from the velocity eld, but it does emphasizethe

rotationalcomponenbfthe ow. Thelatter iscleaty denonstated
in Figure 1, where the rotational componentis not appaent when
onemerely viewsthevelocity.

In the same way that vorticity as a derived quantity provides
uswith addtionalinformation aboutthe ow chaeceiistics,other
derived quantities such as the rate of strain tensor, the turbulent
chageandtheturbulentcurrent could be of equaluse.Becaus¢he
examination of therate of strain tensor the turbulent chaige and
the turbulent current within the uids community is relatively new,
few people have ever seen visualizations of these quantitiesin well
known ui d mechangs problens. Simultaneousdisplay of both
the velocity and quantities derived from it isdoneboth to allow the

uids' researcher to examine these new quantities against the can-
vas of previously examined andundestoodquartities, and also to
allow the ui ds' reseacherto accekratetheundestandingof these
new quantities by visually correlating them with well known uid
phenonena.

To denonstate the appicaion of theseconceps, we present
visualzaionsof ageonetry that althoughsimplein form, demon-
strate many of the major conceps$ which motivate our work. By
examining the well studied problem of ow pasta cylinderwe
denonstat the usefilnessof the visualizaionsin a context fa-
miliar to most uids' researchers. We examined two-dimensional
direct numerical simulation of ow pasta cylinderfor Reynolds
nunber 100 and 500 [3]. This range of Reynolds nunbers pro-
videssuf ci ent phenonenobgicalvariation to allow us to discuss
the impact of visualization of the newly visualized quantities. In
addition to the simulation results presented, we examine data ob-
tained expelimentally for a different geonetry. This conparison
denonstatesoneuseof the visualzaion method for expeimen-
talists: dataveri cation.

We extend the visualizaion methodspresengd in [1] to prob-
lemsin uid mechanics. Asin [1], we seek representationsthat are
inspired by the brush strokes artists apply in layers to create an oil
painting. We copied the ideaof using a primed carvas or under
painting thatshows throughthe layess of strokes.Rules borowed
from art guidedourchoiceof colors, texture, visualelements,com
postion, andfocusto representdata componens. Our new meth-
ods simultaneously display 6-9 datavalues, qualitatively represent-
ing the undetying phenonena,enphasting different data values
to different degrees,and displying different portions of the data
from different viewing distances. These qualities lead a viewer
throughthe tenporal cogntive procesof undestandinginterrela-
tionshpsin the data much as a painting canleada viewer through
aprocesgdesgnedby the painter.

In the remainderof the paperwe rst discussthe related work
in visualizing multivalued data. We then describe the painting-
motivated method we enployed,with specic detils concening
the combinaion of scalker, vecor, and tensordat into onevisu-
alizaion. In Sectons4 and 5 we present uid ow exanples
where multivalueddat visualzaion wasused We summarizeand



Figure 1: Typical visualzaion methodsfor 2D ow pasta cylinderat Reynolds number100. On the left, we shav only thevelocity el d.
On theright, we simultaneousy shawv velocity andvorticity. Vorticity represens the rotaonalcomponentof the ow. Clockwisevorticity is
blue,counerclockwiseyellow.

presentonclusionsin Secton 6.

2 Related work

2.1 Multivalued data visualization

Hesselink et al. [4] give an overview of research issues in visu-
alizaion of vecor andtensor elds. While they descibe several
methodsthatapply to specic problens, primaiily for vecor el ds,
theundetyingdatare till dif cult to comprehend; this is particu-
larly true fortensor el ds. Theauthorssuggesthat“f eatire-based”
methods,i.e., thosethatvisualy represenbnly important dat val-
ues,are the most promising reseach areas,and our appoachem
braceghisidea.

Statistical methodssuchasprincipal componentanalsis (PCA)
[5] and eigenimage | tering [6] canbe usedto reducethe number
of relevant valuesin multivalueddat. In reducig the dimension-
ality, these methodsinevitably loseinformation from thedat. Our
appoachconplementsthesedat-reducion methodsby increasng
the numberof data valuesthatcanbevisualy represengd.

Differentvisualattributesof iconscanbeusedto representach
value of a multivalued dataset. In [7], temperature, pressure, and
velocity of injected plastic are mapped to geometric prisms that
spasely cover the volume of amold. Similarly, in [8] datavalues
were mappedto iconsof facesfeatreslike thecuve of themouth
or sizeof the eyesencodedlifferent values.In both casestheicons
capture many values simultaneously but can obscure the continu-
ousnaure of el ds. A more continuousrepresendtion using simall
line segment-based icons shows multiple values more continuousy
[9]. Our work builds upontheseeatier typesof iconic visual rep-
resenation.

Layeling hasbeenusedin scienti ¢ visualizaion to show mul-
tiple items: in [10, 11], transpaent strokedtextures show surfaces
withoutconpletely obscumgwhatis behind them Theseresults
are related to ours, but our appicaion is 2D, andso our layering
is not asspatal asin the 3D case. Our layeing is more in the
spiit of oil painting where layers are usedmore broadly, oftenas
anorganiing principle.

2.2 Flow visualization

A nunberof ow-visuaizaion methodsdisplay multivalueddat.
The exanplesin [12, 13 combine sufacegeonetiesrepresert
ing cloudinesswith volume rendeiing of arows represening wind

velocity. In some casestendeimgsare also placedontop of anim-
ageof theground.Unlike our 2D exanples,however, thephenom
enaare 3D and the layering represents this third spatial dimension.
Similarly, in [14], surfacepatticles, or small faces, are usedto vi-
sualize 3D ow: the particles are spatially isolated and are again
rendeed as 3D object.

A “probe” or parameterizedicon candisplay detailed informa-
tion for one location within a3D ow [15]; it faithfully captures
velocity andits deiivatives at that locaton, but doesnot display
themglobaly. Our data contain fewer valuesateachlocaion, be-
causewe are workingwith 2D o w, but our visualzaion methods
display resuts globaly insteadof atisolated points.

Spotnoise[16] andline integral convolution [17] methodsgen-
erate texture with stucture derived from 2D ow dat; the tex-
tures show the velocity dat but do not direcly representany ad-
ditionalinformation, e g., divergenceor shear Theauthors of [16]
mention thatspot noisecanbedescibedas a weighted supeposk
tion of mary “brushstrokes; but they do not explore the concept
Our methodtakesthe placenentof the strokesto a more carefully
structuredlevel. Of course,placenentcanbe optimizedin amore
sophsticaied manner asdenonstatedin [18]; we would like to
explore combining theseconceps with ours. Currently our stroke
placenentis simple and quick to implementwhile providing ade-
quate results.

2.3 Computer graphics painting

Reference [19] was the r st to expeliment with painterly effecs
in computer graphtcs. Reference[20] extendedthe appioachfor
animation and further re ned the useof layes and brushstrokes
chamcelistic for creatng effecive imagely. Both of theseefforts
were aimed toward creating art, however, and not toward scienti ¢
visualzaion. Alongsimilar lines,referenceg21,22,23] usedsoft-
ware to create pen and ink illu strations for artistic purposes. The
penand ink approachhassuccesdiilly beenapplied to 2D tensor
visualization in [24].

In reference[1], paintedy conceps asusedin our work were
presengd for visualzing diffusion tensorimagesof the mouse
spinal cord. In thatwork both a motivation and a methodobgy
for thetechnguesusedhere were presened. The goal of our work
isto visualze simultaneousy both new andcommonly usedscien-
ti ¢ quantities within the eld of uid mechanics by building on
thoseconceps.



3 Visualization methodol ogy

We usethe methodobgy andsystem of [1] to develop our visuat
izaions. We review the methodobgy hetre. Developing a visual
izaion methodinvolvesbreaking thedatinto conponens,explor-
ing therelationshpsanongthem andvisualy expressngboth the
componensandtheir relaonshps. For eachexanple we explored
different ways of breaking down the dat so that we could gain
undestanding asto how the conponens were related. Oncewe
achieved an initial undestanding, we proceededo the next step:
desgningavisualrepresenation.

In the desn, we usedattistic constderationsto guide how we
mappeddata componensto visual cuesof strokesand layers. Our
brushstrokesare af nel y transformedimageswith asupeimposed
texture. In chooshg mappngswe lookedfor geonetric compo-
nens and mappedthemto geonetric cueslike the length or direc-
tion of a stroke. We consteredthe relative signi cance of differ-
ent componens and mappedthemto cuesthat emphaszedthem
appopriately. For exanple, two related pammeters could map to
the lengt and width of a stroke, giving a clearindicaion of therr
relative values. We also considered the order in which compo-
nens would bestbe undestood and mappedeatier onesto cues
that would be seenmore quickly. The setof mapphgswe sekeced
de ned a seties of stroke imagesanda schene for how to layer
them.

An iterative processof analysisand re nement followed. Some-
timesour re nements involved choosig a mapping we foundef-
fecivein onevisualzaionandincomporating it into another Sone-
timeswe neededo changethe emphass among dat componens
by adjusting transpaency, size,or color or by representng a com
ponentwith a different or addtional mappng. Sonetimes we
neededo go further backin the processand choosea newv way
of breaking down the da&.

4 Example 1: Rate of strain tensor

The rate of strain tensor (sometimes called the deformation-rate
tensor [25]), is acommonly used derived quantity within uid me-
chants. Thoughcommonly usedand reasonalyl well compre-
hendedfew have visualizedthis tensordueto the addedcomplex-
ity necessary to view multivalued data. Our motivation for com-
bining visualization of the rate of strain tensor with velocity and
vorticity is that despite many years of intense scrutiny, scienti ¢
undestanding of ui d behaior is still not complete, and qualita-
tive descriptions can still be helpful. Researchers often examine
images of individual velocity-related quantities. We thoughtthat
goodintuition might come from avisual representation that related
thesevaluesto oneanoherin asingleimage.

4.1 Data breakdown

We beganby choosihg abreakdavn of da&valuesinto conponens
that canbe mappedonto stroke atributes. Both the velocity and
its r stspatal derivatveshave meanngful physcalinterpretations
[25], and hencewe treatthemindependeihy. Thevelocity is a 2-
vector with a direction and a magnitude in the plane, and can be
visually mapped directly. The spatial derivatives of velocity form
a seconderdertensorknown at the velocity gradient tensor This
tensor can be written as the sum of symmetric and antisymmetric
pats,

— - — — - — — W

@

The antisymmetric part reducesto the vector quantity vorticity

- ), and the symmetric part  is known asthe rate
of strain tensor [26]. Thevorticity eld determinesthe axis and the
magnitudeof rotation for all uid elements. Therate of strain ten-
sordetemrminestherate atwhich a ui d elementchangests shape
underthe paticular o w condtions. In inconpressble ows, the
instantaneousrate of strain conséts always of a uniform elonga-
tion processn onedirecion and a uniform foreshotening process
in adirection perpendicular to the rst. That is, a small circle will
change its shape into an ellip se, whose major and minor axes rep-
resentthe rate of elongaton andthe rate of squeezng,respecively.
In compressible ows, the latter statement is not necessarily true
sinceexpanson and conpressonis allowed. Nevertheless,the vi-
sualization of the rate of strain remains valuable and instructive in
these owsaswell.

4.2 Visualization design

We wanted the viewer to  rst read velocity from the visualization,
thenvorticity andits relationshp to velocity. Becausef the com-
plexity of the seconderderrate of strain tensorwe wantit to be
readlast We descibethe layers here from botom up, beginning
with a primed carvas, adding an undepainting, represening the
tensor valuestransparently over that, and nishingwith avery dark,
high-contastrepresendtion of thevelocity vecbrs.

Primer The bottom layer of the visualization is light gray,
sekced becauseét would show throughthe transpaent layers to
beplacedontop.

Underpainting The next layer encodeghe scahr vorticity
value in semi-transparent color. Since the vorticity is an important
pat of ui d behaior, we emphaszedit by mapping it onto three
visual cues: color, ellip se opacity, and €llip se texture contrast (see
below). Clockwisevorticity isblueandcounter-clockwisevorticity
yellow. The layer is almost transparent where the vorticity is zero,
but reaches5% opacty for the largestmagniudes,enphasting
regionswhere thevorticity is nonzero.

Ellip se layer This layer shows the rate of strain tensor and
also gives additional emphass to the vorticity. The logaithms
of the rates of strain in eachdirecion scale the radii of a circu-
lar brush shapeto match the shapethat a small circular region
would have after being deformed. Theprincipal deformation direc-
tion was mapped to the direction of the stroke to orient the ellip se.
The strokesare placedto cover theimagedensey, but with mini-
mal overlap. The color and transparency of the ellip ses are taken
from theundepainting, sothey blendwell and are visible primar
ily where the vorticity magnitude is large. Finally, a texture whose
contrast is weighted by the vorticity magnitude givesthe ellipsesa
visualimpresson of spinningwhere thevorticity is larger.

Arrow layer The arrow layer represens the velocity el d
measurements: the direction of the arrows is the direction of the
velocity, andthe brushareais propotionalto thespeed We chose
a dark blue to contast with the light undepainting and €llip ses,
to make the velocitiesberead rst. The arrows are spacedsothat
strokes overlap end-to-end but arewell separated side-to-side. This
drawstheeye alongthe ow.

Masklayer The nallayerisablackmaskcoveringtheimage
where the cylinderwaslocatd.

Thesepainting conceps help creat a visualrepresenation for
the data thatencodesall of the data in a mannerthatallows usto
explore thedat for amore holistic undestanding.
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Figure 2: Visualizaion of simulated2D o w pasta cylinderat Reynoldsnunber= 100and500(top left andtop right), andexpeimental 2D
0 w pastan airfoil (botom). Velocity, vorticity, andrate of strain (including divergenceandsheal are all encodedn thelayers of thisimage.
With all six valuesateachpointvisible, the imageshavsrelaionshpsanongthe valuesthatcanverify known propeties of apaticular o w

or suggeshew relaonshpsbetweendeiived quartities.

4.3 Observations

Figure 2 (top left andtop righf) shows visualzaionsof 2d ow
simulation resuts obtainedusing Hybrid [27], aspec-
tral element code for solving the inconpressble Navier-Stokes
equatons. Theseresults were obtainedfrom the work presengd
in [3]. Figure 2 (bottom) shavs data measuedexpetimentally as
anairfoil is drawn throughatankof initially stationary water. An
imageis takenpempendrular to the axis of the airfoil using laser
induceduor escencélLIF) imaging[28]. Velocity data calculated
from the LIF imageslies on arecangubrgrid, with sorme pottions
missig,asthe gure showsin the blackregion.

The visualization of single quantities is useful by itself. For in-
stance, if we contrast the simulation results (Figure 2 top right and
left) with the experimental data of the airfoil (Figure 2 bottom),
we observe that al the ellip ses have the same area in the former
casewherasthey do nothave the same area in the latter case.In
incompressible ows, the continuity equation implies that the ve-
locity eld is divergence-free, which in turn implies that the trace
of the rate of strain tensor(i.e. the sum of its diagonalelements)is
alwayszer. This simply meanghattheareaof the uid elements

remains consent in time, regadiess of their insentaneoushape.

Hence,we caninfer thatthe simulation hasreproducedpropety
the inconpressble chamacer of the uid ow whereasthe airfoil

data show either compressibility effects or out of plane motion,
neither of which caneasly be deecedby othermeans.

Themultivalueddatvisualzaion,however, hasadditionalmer
its. For instance, we observe that the simultaneous viewing of the
vorticity el d andtherate of strain tensorprovidesuswith aphys-
ical undestanding aboutthe deformation of the ui d elemens. It
cleaty shovsthatat theceners of the vorticesthe deformation can
berather small, dependenbn the eccenticity of the uid element
with respectto the cener of the vortex, whereasat the edgesof
vorticesthe uid elements suffer a hugesheaing effect Thusthe
mathematical decomposition of the velocity gradient tensor (i.e.

) into its symmetric (i.e. the rate of strain) and antisym-
metric (i.e. the vorticity) parts acquires a visual representation.

Until now thedeformation of the ui d elemenswasrepresened
with qualitative sketches [29] whose direct connecton to the rest
of the ow el d was notolvious. Throughourvisualzaion tech-
nique, we obtain not only the qualitative character of the uid el-
ement deformation but also its quantitative properties. Moreover,
all theinformation aboutthe deformation cannow be visualy cor
related to the velocity and the vorticity  elds.



5 Example 2: Turbulent charge and tur-
bulent current

Turbulent charge and turbulent current are  ow quantitiesthat have

not beenextensively visualized. Our motivation for viewing these
quantities, in conjunction with other well-studied quantities (e.g.

the vorticity), hasits roots in our desre to sole problemns thatare

concenedwith dragreducion. Theimportanceof uid mechantgs
to the problem of reducing the dragon amoving bodyis unequv-

ocal All airplane,boat andcardesgners, at some stage of their

reseach,haveconsuted engineesaboutpossblewaysof reduchg

the drag. This is quite reasonatd, sincedrag reducton translates

to lessfuel consunption.

One method of reducing thedragon a bodyis the appendagef
riblets on thesufaceof the body. Thoughexpeimentally veri ed,
the physical mechansm behind the drag reducion is not well un-
derstood. For exanple, some con gurationsandshapesof riblets
do give dragreducion but sone otheisdo not Thus,the queston
arisesasto why this happensWhatare the shapesand which are
the con gurationsthat producedrag reducton? The useof riblets
everywhere onthe surfaceis costy, thusanoherqueston is: what
is the locaton, on the surfaceof an object thatwill provide max-
imum drag reducion? The answers to the above questonscanbe
foundby inspecing visualy the turbulent chage on the surfaceof
the body[30].

Supposeave are interested in reducing the drag on a submarine.
Our goalfromtheengneeing standpontisto nd geonetric mod-
i cafonsto our structure so thatwe get reasonald drag reducton
with a minimum cost(and without inhibiting the purpose of our
subnaiine). Modelng the turbulent chaige on the sufaceof the
submaiine immediately delineatesthoseregions of the geonetry
which could mostbene t from drag reducton techngues.Unlike
all otherdragreducion modek, theconcepbf turbulentchageand
turbulent current succicty provide information thatis applicabke
to engneeing design.

Unlike the caseof simple ows, which canbe descibedeasiy
in terms of vorticity, there are cases in which the visualization of
vorticity, and the subsequetdesciption of the o w by it, canbeas
complex asthe onein terms of velocity. For example, in the case of
turbulent ows, vorticesare shedfrom the boundaresof the ow
domain, they are corvecedaway from it, andsubsequetty interact
with eachotherin a fashion thathasde ed a satsfacbry solution
of pracical importancefor more than a cenury. Hence,we can
legitimately ask whether we can nd other quantities whose visu-
alizaion in thesecasexanbeasbene cial to ourundestandingas
vorticity isin moresimple ows.

5.1 Data breakd own

We beaganby choosig a breakdavn of dat valuesinto conpo-
nens that canbe mappedonto stroke atrributes. It hasrecenly
beensuggestdthat two newly introducedquartities, namely, the
turbulent chaige andthe turbulent current , collec-
tively referred to as the turbulent sources, could substitute the role
of vorticity in moreconplicatd o ws. Thenomenchtureisnotco-
incidental, it re ectsthe fact that the derivation of these quantities
was basedon ananabgy betveenthe equatonsof hydrodynanics
andthe Maxwell equatons[31].

Inpaticular, if wedenoteby thevelocity andby the pressure
then the vorticity, , is given by , and the Lanb vecor
is given by . Theturbulent sourcesare given by the

following expressons:
- = (©)
and
- — @

The later two quantities (i.e. , ) arerelated to eachotherthrough
a continuity type of equaton whete the turbulent curent is the
ux of theturbulentchaige. In the casesvhere turbulent chageis
genested solely at thewall, small turbulent chage implies small
turbulent current.

5.2 Visualization design

We desgnedthe turbulent source visualzaions so that the over-
all location of the turbulent charge would be visible early. The
vorticity was our next priority, since comparison between the two
quantities wasimportant. Our third priority wasthe structure of the

ow, as represented by the velocity eld. Finally, we wanted ne
detilsabouthe structure of all the el ds,chage,current, velocity,
andvorticity, available uponcloseexamnaion.

We descibe the layes here from bottom up, asin the lastex-
anple. Beginning with the same primed carnvasand undepainting,
continuing with a low-contrast representation of the velocity vec-
tors, and ni shingwith a high-contrastrepresendtion of the turbu-
lent souces.A nal layerrepresensthe geonetry of the cylinder

Primer and underpainting Saneas r stexanple.

Arrow layer The arrow layerfor this exanple hasthe sarre
geonetric componens— brusharea propotionalto speedyelocity
direcion mappedto brush direcion, and strokesarrangedcloser
end-to-end to give asenseof ow. This layer differsin that its em-
phassis decreasedIt hasalow contastwith the layess below it.
Thelow contastis pattly achieved throughthe choice of a light
color for the arrows andpartly throughtranspageng of the arrows.
Withoutthe transpaency, the arrows would appearvery indepen-
dentof the undetying layers.

Turbulentsourceslayer In this layerwe encodeboth the tur-
bulent chage andthe turbulent current. The current, a vecbr, is
encodedn the size andoriengtion of the vecor value justas the
velocity inthearrow layer Thescahlrchageis mappedto thecolor
of the strokes. Greenstrokesrepresentnegaive chage andred
strokespostive. The magnitudeof the chaige is mappedo opac-
ity. Wher the chageis lage,we getdalk, opaquehigh-contast
strokesthat strongly emphastetheir presence.Where the chage
is small, the strokes disappear and do not clutter the image. For
these quantities, that tend to lie near surfaces this represenation
makesvety ef cientuseof visualbandwdth. The strokesin this
layerare much smaller thanthethe strokesin thearow layer This
allows for nerdetail to be represenedfor the turbulent sources,
which tendto be more locaized.It also helpsthe turbulent souces
layerto be more easly distinguishedfrom the arows layerthanin
the previousvisualzaion, where the stroke sizeswere closerand,
therefore, haderto disanbiguatvisualy.

Mask layer The nallayeris a maskrepresening the geom
etry of the cylinder. The mask is white in this example to contrast
better with the turbulent sources layer.

5.3 Observations

Theregionswhere the turbulentchaige achievesits maximum val-
ues are the regions where the vorticity eld has also very large
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Figure 3: Visualizaion of the turbulent chaige and the turbulent current for a Reynolds nunber 500 simulated ow. Obsewe that chage
concentrates near the cylinder and is negligible in other parts the ow. The cylinder geometry is now white to contrast with the visual

represendtion for the turbulent sources
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Figure 4: Closeup visualzaion of the turbulentchage and the turbulent current at Reynolds number100and500 (left and right). We are
able to seethe high concentationsof negaive chageatthe placeswvhere vorticity is being geneated.

values.Nevertheless aswe have alreadymenioned the advantage
in thinking of terms of turbulent charge is related to its permanence
closeto the boundaies,in contast to the vorticity el d which is
conveyed downstream.

Thetheoly proposedn [31] predicts that the turbulent chage,
, and turbulent current, , are the source terms of the following
linearsysemof equatons

— ®)

where , and the use of capital |etters denotesthat the cor-
respondig quartities have been averaged. From these equations
it canbe shawn thatthe turbulent current is the dominantforcing
term for thevelocity. An immediate consequencef thisis thatthe
turbulent current andthe velocity el d shoul be aligned. In Fig-
ure 4 we observe this alignment, especially in the region near the
cylinderwhere we have the mostsigni cant changeof o w veloc-
ity.

Finally, in Figure 5, we add the rate of strain tensor to the tur-
bulent soucesvisualzaion,adjusting theblending of the different
layers to control their relative emphasis. We observe that the high
valuesof turbulentchaige are assocatedwith anextreme deforma-
tion of the ui d elemens, sinceit is the shearbetveenadjacent

uid layersthat transforms the kinetic energy of the uid to molec-
ular heat



Figure 5: Combinaion of velocity, vorticity, rate of strain, turbu-
lent chageandturbulent curent for Reynoldsnunmber100 o w. A
total of nine values are simultaneously displayed.

Visualizing the turbulent sources is very informative for turbu-
lent non-equlibrium ows. In fact, aplot of the turbulent charge
distribution immediately allows usto determine whether a particu-
lar con guration of theriblets, discusse@atier, isreducing or en-
hancng the drag. A plot of the turbulent current canimmediately
revealwhich ow direcionsare domnant(eg. the streanwisedi-
recion in apipe o w), evenif no otherinformation aboutthe ow

eld is given. Thedistribution of the turbulent sourcesre ects suc-
cinctly the responsesf the ow dueto bounday condtionsor
external elds.

6 Summary and Conclusions

We have presented results of applying the scienti c visualization
approach outlined in [1] to multivalued incompressible uid data.
Theapproachborrows conceps from oil painting. Undepaintings
shavedform. We usedbrush strokesboth individualy, to encode
specic values,and collecively, to shav spatal connectonsand
to geneate texture and an impresson of motion. We usedlayer
ing and contastto creat depth. Stroke size, texture, andcontrast
helpedto de ne a focuswithin eachimageand alsoto in uence
the order in which different parts of animage were viewed.

Themethodswe enployedproduceimagesthatarevisualy rich
andrepresentmany valuesat eachspatal locaton. From different
perspectves,they show the dat at differentlevels of abstacion
— more qualitatively at arm's length, more quantitatively up close.
Finaly, theimagesenphastedifferentdatavaluesto different de-
grees,leadng a viewer throughthe temporal cogntive processof
undestandingthe relaionshpsamongthem

Wevisualize quantities that have rarely been viewed before: rate
of strain, turbulent chage, and turbulent current. We visualiize
these new guantities together with more commonly viewed quan-
tities, allowing a scientist to use previously acquired intuition in
interpreting the new valuesand their relaonshpsto oneanoher
and to the more traditional quantities.

Our visualiz ation of the rate of strain tensor combined with both

the velocity andvorticity el dsprovidesauniquepedagogialtool

for explaining the dominant mechansms responsble for cetain

ui d ow phenonena.Becausanundestanding of the deforma-

tion tensor (i.e. ) is of paramountimportancefor one's

undestandingof ui d ow phenonena,visualzing its symmetric

and antisymmetric paits sepaately (i.e. the rate of strain tensor
andthevorticity, respedtely) cleaty accentiatesthe interplay be-
tween rotational and shearing mechanismswithin the ow.

Thevisualizaion of turbulent chageandturbulent curentcom
binedwith both velocity andvorticity allows usto useknowledge
conceningthe later eldsin our effort to undestand the usetil-
ness of the newly visualized quantities. It is evident from the visu-
alizations shown that, unlik e vorticity, the turbulent charge and the
turbulentcurrent are far more localized. This validatesthe conjec-
tures aboutthe potental usefulnessof themodel andalso suggess
that we focus our attention on viewing the turbulent charge and
turbulent current regions closeto the sufaceof the cylinder By
focusing our examination to regionscloseto the cylinder we see
a high visual correlation betweenregionswhere turbulent chage
accunulates and regionsof vorticity geneation.

By visualzing velocity with all the subsequetly deiived quant-
ties presenedhere, we canobseve throughonevisualzaion mul-
tiple properties of the ow. The freedom to display multivalued
data simultaneously allows us to get a more complete idea of both
the dynamcsandthekinenstics of the o w, andhenceprovidesa
catlyst for future undestanding of more conplex uid phenom
ena.
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