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Figure 1: A) A direct streamline visualization of a 3D linear vector eld exhibits sewaseial clutter. B) A few intermediate
representative streamlines generated by our approach capture teatedsow pattern. C) The nal illustrative visualization
using streamtapes enhances the depth cues for streamlines and suaonetys both directional and structural information.

Abstract

Most 3D vector eld visualization techniques suffer from the problem ofVigutter, and it remains a challenging
task to effectively convey both directional and structural information of 8Qor elds. In this paper, we present
a novel visualization framework that combines the advantages of clugterathods and illustrative rendering
techniques to generate a concise and informative depiction of complextraatges. Given a 3D vector eld,
we rst generate a number of streamlines covering the important regi@sed on an entropy measurement. Then
we decompose the streamlines into different groups based on a cagggoriaf vector information, wherein the
streamline pattern in each group is ensured to be coherent or nearlgrenh For each group, we select a set of
representative streamlines and render them in an illustrative fashion to eet@apth cues and succinctly show
local ow characteristics. The results demonstrate that our approashgenerate a visualization that is relatively
free of visual clutter while facilitating perception of salient information of compiector elds.

Categories and Subject Descript@scording to ACM CCS) |.3.3 [Computer Graphics]: Picture/lmage Generation
—Line and curve generation

1. Introduction primitives presented in renderings. Therefore, it remains a

) ) ] o challenge to effectively generate an informative picture from
With the rapid growth of computing power, scientists are a complex 3D vector eld.

able to simulate and study complex physical phenomena

in unprecedented detail. However, given the sheer size and A wealth of techniques have been developed for visual-
complexity of data, it is a non-trivial task for scientists to izing vector elds. Among them, streamline visualization is
study the output from large simulations. In particular, explo- a simple but common way to convey the structure of a 3D
ration of 3D vector elds using visualization often results vector eld. By integrating the ow path, a set of stream-
in visual clutter due to a potentially high density of visual lines can reveal ow patterns in an intuitive fashion. How-
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ever, there are two main problems with this approach. First, 2.1. Streamline Visualization
if the seeds of streamlines are not carefully placed, the re-
sulting streamlines can miss important features of the under-
lying eld, thereby failing to convey the actual ow struc-
tures inherent in the data. Second, the streamlines generate
from a 3D turbulent ow are typically intertwined and oc-
clude one another, exhibiting high depth complexity. Thus, a
rendering of 3D streamlines can easily exhibit visual clutter,
hindering users from perceiving structural information.

Among vector eld visualization techniques, streamline vi-
sualization is one of the most popular methods. The effec-
(}iveness of streamline visualization relies on the appropri-
ate placement of streamline seeds. Vemal: [VKPOQ]
introduced a method that segments a vector eld into dif-
ferent regions based on detected critical points. In each re-
gion, a template is used to guide seed placement according
to the types of critical points. Yet al: [YKPO5] presented

To address these issues we propose an approach that is in@ method for placing streamlines in a 3D ow eld with the
spired by the principles afbstractionandemphasisised by goal of presenting all signi cant ow patterns with maxi-
artists and illustrators to ef ciently and precisely convey in- mal coverage and minimal clutter. Speneéal: [SLCZ09
formation [5S02. The idea behind abstraction and emphasis introduced an image-based seeding strategy that ef ciently
is to display abstractions that preserve certain precise qual- generates evenly-spaced streamlines for any general surface-
ities of objects while suppressing or omitting unnecessary based vector eld. Li and SherL507 noted that stream-
details. The resulting images can direct the user's focus of at- lines that are generally well organized in 3D may still pro-
tention to salient properties and characteristics of the render- duce a cluttered view when projected onto the screen. There-
ing. The effectiveness of this illustrative rendering method- fore, they developed an image-based seeding algorithm that
ology has been shown by a wide class of applications from Places seeds in the image plane in a clutter-free manner so
cartoon animation, stylish rendering, and technical illustra- that the depths and structures of streamlines can be clearly
tion to scienti ¢ visualization. presented. Lét al: [LHS08 devised a method for illustrative

streamline placement, where new streamlines are only cre-

In this work, we study the issue of 3D vector eld visual-  ated when they represent ow characteristics that have not
ization and present a novel framework to generate illustrative peen shown by neighboring streamlines. In this way, the dis-
visualizations of 3D vector elds by applying the principles  play of extraneous repetitive ow patterns can be effectively
of abstraction and emphasis. Figureshows a sample re-  ayoided. Marchesi®t al: [MCHM10] proposed a stream-
sult with a synthesized 3D vector eld, illustrating the effec-  |ine removal and placement technique that combines both
tiveness of our approach. Our illustrative visualization work view-independent (i.e., data space) and view-dependent (i.e.,
makes the following contributions: screen space) information to construct an intelligible and un-

cluttered picture.
We present a method to abstract a 3D vector eld by a set P

of streamlines that are representative and cover the impor-  In our work, we propose an entropy-based seeding tech-
tant regions of ow. nique to prioritize different ow areas so that important ow
We develop a new two-stagemeans clustering algo-  features can be detected and emphasized.

rithm that can effectively and ef ciently decompose a
large number of streamlines into different groups, wherein

2.2. Vector Field Simpli cation
each group has a coherent or nearly coherent ow struc-

ture, facilitating abstraction of complex structures. Clustering is a widely used technique for simplifying vector
We choose to render streamlines using a streamribbon- €lds. Conventional approaches include physics-based clus-
like visual metaphor, thetreamtapgthat not only effec- tering, top-down clustering, and bottom-up clustering.

tively enhances depth perception of streamlines, but also
concisely depicts characteristics of vicinity ow along
streamlines.

For physics-based clustering and visualization, Griebel
et al: [GPR 04] used an algebraic multigrid algorithm to ob-
tain a multilevel decomposition of ow structures. Diewald
et al: [DPROQ proposed an approach to segment a vec-
tor eld based on anisotropic nonlinear diffusion. Garcke
et al: [GPR 0]] introduced speci ¢ physical quantities to
control the shape, orientation, and distribution of the clus-
ters as a function of the underlying eld.

Heckel et al: [HWHJ99 introduced a top-down hi-
2 Related Work erarchical clustering method by splitting groups of vox-
els iteratively. Their approach allows varied resolutions in
Researchers have developed a large number of vector eld the hierarchy to be visualized simultaneously. Telea and
visualization techniques, and an overview of ow visualiza- Wijk [ TvW99] proposed a bottom-up method which repeat-
tion can be found inVEQS. Here we discuss the references edly merges neighboring groups of voxels with the highest
that are most relevant to our work. similarity. Simpli ed visualization results can be obtained at

We demonstrate our framework with several 3D vector
elds. We show that the resulting visualizations, composed
of streamtapes, are illustrative and provide the informative
depictions of the vector elds.
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in high visual complexity. Some researches have applied ha-
los, lighting, and colors to lines in order to increase their vi-
sual saliencel)HL09, EBRIOY. However, even with these
methods, high visual complexity in 2D projections of 3D
streamlines still persists.

lllustrative methods for integral surfaces can be geomet-
rically complex. Bornet al: [BWF 10] recently published
their method of illustrative rendering of stream surfaces,
which combines integral surfaces and cross sections of inte-
gral surfaces, as well as streamlines sampled on integral sur-
faces. Hummeét al: [HGH 10] also provided an illustrative
rendering framework for integral surfaces. Their method sets
transparency based on the view-normal angle and the nor-
) ) ~mal variation to the integral surface, and also assigns a tex-
different levels of detail. Both approaches assume no partic- ¢,re pattern to the surface, which counters surface stretching.
ular structure of the eld, nor do they require any topological  owever, in order to generate a proper integral surface, the
connectivity information. initial parameters of the integral surface (such as the start

In our work, we develop a two-stagemeans algorithm curves) need to be carefully determined. Automatic place-
to cluster streamlines based on their geometrical properties Mment of start curves remains a dif cult problem, and con-

and entropy metrics, and to ef ciently extract representative Ventional integral surface methods generally require inten-
streamlines to depict the essence of ow elds. sive manual work to place start curves for complex ows.

Moreover, displaying multiple integral surfaces simultane-
ously can easily lead to high visual complexity.

Figure 2: Left: Leonado Da Vinci's hand-drawn water eddy.
Right: Abraham and Shaw's streak arrow surface.

2.3. lllustrative Visualization

lllustrative rer?derin_g' has proven usefulin shovying 3Dstruc- 3. jjjustrative Visualization Framework

tures due to its ability to hide irrelevant details while em- _ o _ ) )
phasizing important features. This rendering style has tradi- BY @pplying the principles of abstraction and emphasis foril-
tionally been used by scientists to display pictures in text- lustrative rendering, we address the issue of effectively visu-
books. Two hand-drawn illustrations related to our work are &lizing 3D vector elds based on streamlines. We aim to de-
Leonado Da Vinci's study of water eddies, and Abraham and rive an abstraction that captures essential ow features while

Shaw's streak arrow surfacA$92, both shown in Figur@.

lllustrative rendering has been a hot topic of research in
the computer graphics communit$sG01 SS03. In par-
ticular, problems arising from shading, outline inking, and
the application of various artistic styles are currently under
debate YB99, CMO02]. It has been argued that illustrative

rendering styles are better able to present object structures.

Sousaet al: [SFWSO03 introduced a way of rendering 3D
objects using a precise ink style, which mimics textbook
illustrations. Other examples include the methods by Saito
et al [ST90, Goochet al: [GGSC9% and Schlechtweg

et al: [SS0Q.

In the area of visualization, non-photorealistic render-
ing has received much attention, especially in volume ren-
dering. For example, Brucknet al: [BGO7 reproduced
the anatomical illustration style found in medical books.
However, the usefulness of illustrative approaches in vec-
tor eld visualizations has not been studied as thoroughly
as in other areas. To visualize 2D vector elds, Kirby
et al: [KML99] presented an illustrative visualization in-
spired by paint strokes. Most illustrative visualizations of
3D vector elds have been designed with respect to stream-
lines or integral surfaces. lllustrative methods for stream-
lines typically contain no depth information and often result
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suppressing unimportant details, with the goal of minimizing
visual clutter.

3.1. Overview

The proposed approach consists of four steps: entropy-based
seeding, two-stage streamline clustering, streamtape gen-
eration, and illustrative rendering. FiguBillustrates an
overview of the framework.

In the rst step, we select streamlines to capture the in-
trinsic features of a ow. We adopt Shannon's entropy from
information theory as a guide to place the seeds, where the
local densities of streamline seeds are determined according
to local information measurements. In this way, we can gen-
erate a set of streamlines whose spatial locations re ect the
local importance of ow in an quantitative manner, thereby
capturing the critical features of interest.

The number of streamlines generated in the rst step can
be large. Thus in the second step, streamline clustering, the
object is to simplify the streamline set by identifying and
extracting the representative streamlines. We develop a two-
stagek-means clustering method for decomposing a large
number of streamlines into groups, where each group con-
tains coherent or nearly coherent streamline bundles. Based
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Figure 3: An overview of our illustrative visualization framework for 3D vector eld$.The volume rendering of velocity
magnitude for a tornado dataset where the red color indicates the voxeldigttler velocities. B) The entropy volume shows
that the bottom-center regions have higher entropy values. C) Theajedestreamlines based on our entropy-based seeding
strategy. D) Streamline clustering results where eight representativenslirees are generated (four clusters, each of which has
2 sub-clusters). E) The illustrative rendering of representative streasiimeach bundle.

on user preference, one or multiple representative stream-of ow, allowing users to observe the local ow structural
lines are selected from each bundle, reducing the overall information along the streamlines.
number of streamlines while retaining the essential direc-

tional and structural information of each bundle. In the nal step, we use an illustrative rendering method

to visualize the streamtapes. We use silhouettes as the vi-
sual cue to simplify the depiction of streamtapes. The twists
of streamtape surfaces are revealed by half-tone shadow. In
this way we can effectively emphasize the intrinsic direc-
tional and structural information of a streamtape while omit-
ting unnecessary details to generate our nal illustrative vi-
sualization results.

From the second step, we obtain a minimal set of stream-
lines that represent an abstraction of the underlying ow
eld. We note that directly visualizing these streamlines as
lines or cylindrical shapes may not necessarily lead to an
effective visualization. First, this small set of streamlines
is typically distributed sparsely in space, and the result-
ing image may not provide suf cient depth cues for users
to correctly perceive the relative depth of structures. Sec-
ond, a single streamline provides primarily directional in-
formation and is generally not effective at providing visual Given a ow eld, we rst place seeds for streamline gener-
information on other important characteristics of ow. Al-  ation. The primary goal of our seeding strategy is to capture
though researchers have developed different methods (suchthe essence of the ow data. To achieve cost-effective seed-
as halos EBRI0O9 shading MPSS0%, and volume render- ing without an extensive knowledge of the dataset, based on
ing [SM04)) to enhance depth perception, these methods are the concept of Shannon's entropy in information theory we
mainly designed for dense line datasets. Moreover, there is rst calculate an entropy scalar eld{LS10] to measure the
still a lack of sophisticated methods incorporating additional information content in each local region of the vector eld.
ow information in streamline rendering, with the exception ~ Shannon's entropy is de ned as:
of some simple practices such as coloring streamlines with

certain quantities (like velocity magnitude). H(x) = )S.X p(xi)10g2p(x;); @

3.2. Entropy-based Seeding

In our work, we choose to use a streamribbon-like vi- whereH is the entropy of a discrete random variaiflevith
sual metaphor, called streamtape, to visualize streamlines. A a sequence of possible outcomes valfies :::; xng, and p
streamtape is a surface that is constructed along a streamline js the probability mass function &€. In the ow eld data,
and its thickness and orientation are computed with respect the functionp can be approximated by creating a histogram
to the local curvature and torsion information of the stream- of vectors. By following the techniques proposed by Leop-
line. The advantages of the streamtape are threefold. First, ardi [Leo0d, this task can be done by using vector quanti-
by representing a streamline as a surface, we can provide zation, in which the vectors are partitioned into a number of
more depth cues and enhance user perception of the depthbins x;. Hence, the probability functiop is de ned as fol-
between different structures. Second, the directional infor- lows:
mation can be enhanced by the surface of a streamtape that C(%)
is orientated along the skeletal streamline. Third, apart from p(xi) = 3T,Cx) 2
the directional information, streamtapes also convey curva- Ai=1 M
ture and torsion, two of the most important characteristics whereC(x;) is the number of vectors in the biq
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The entropy eld is a scalar eld which is constructed
by calculating the entropy around the local neighborhood
of each voxel. We set the number of bins in the histogram
and the size of the local neighborhood as suggested by Xu
et al: [XLS10]. For each voxel, we de ne its probability of
being seeded to be proportional to its scalar value in the en-
tropy volume. We then place a suf cient number of seeds in
the eld based on the probability associated with each voxel
S0 as to cover as many important areas as we can. This allow:
us to emphasize important regions with high entropy values.
Finally, we use the fourth order Runge-Kutta integration to Figure 4: Comparison of our method (left) with the clus-
trace the streamlines from the seeds. tering method in MVVWO3 (right), using a synthesized

Figure3 (B) shows a volume rendering of the entropy eld dataset. Different color represents different streamline clus-
of a synthesized tornado dataset. We can see that the tornadder.
core has higher entropy values, corresponding to the nature
of turbulent ow present in that area. Figu(C) shows
the streamlines generated based on our entropy-based seed-
ing strategy. We can see that more streamlines are placed to
cover the tornado core area, ensuring that the important ow
features are well captured.

We note that the complexity of tHemeans algorithm is
mainly determined by the number of points/vectors and their
lengths. Most existing algorithms for line clustering repre-
sent a line as a vector of the original line point$\{vW05],
and thus the complexity of algorithm can be high increased
After obtaining a number of streamlines based on our with a large number of long streamlines. For this reason, we
entropy-based seeding strategy, we then need to considerdesigned a new two-stagemeans clustering algorithm, in
how to effectively draw them. Visualizing 3D streamlines which each streamline is represented as a short 1D feature

3.3. Streamline Clustering

is non-trivial: projecting too many lines to a 2D screen can
result in unreadable pictures, while too few lines cannot
be guaranteed to convey complete vector eld information.
Hence, to generate a concise but informative picture, it is
necessary to have an ef cient simpli cation method to keep

vector that contains the spatial and shape properties of the
streamline. Ouk-means algorithm operates in two stages
with respect to these two properties.

First of all, we want to obtain an overview of the ow

a small set of streamlines which capture the essence of the Patterns. In the rst stage, we partition the streamlines into

underlying eld.

We achieve the simpli cation of streamlines through clus-
tering. Mobertst al: [MVVWO05] evaluated several cluster-
ing methods for line data. They concluded that the hierarchi-
cal single-link clustering with the mean of closest-point dis-

tances gives the best result. However, this clustering method

has a quadratic computational complexity due to pairwise
similarity evaluation, which can be inef cient for a large

p bundles, where the input to themeans algorithm is an
additional vector of shape properties. For a streamline, the
vector of spatial properties comprises its start point, middle
point, and end point. In this way we obtain an initial parti-
tion containingp bundles, where each bundle has a roughly
coherent structure in space.

Then, in the second stage, for each bundle generated in
the rst stage, we further partition it intg; sub-bundles,

line dataset in practice. In our framework, we instead use wherei = 1:::p and the input to th&-means algorithm is
ak-means algorithm to classify the initial set of streamlines the vectors of shape properties. For a streamline, the vector
into several bundles, and select one or multiple representa- of shape properties comprise its linear and angular entropy
tive streamlines from each bundle using an entropy-based values. Proposed by Furuya and ItdH{8], the linear en-
metric. In this way, we can ef ciently identify and isolate  tropy E. quanti es the amount of information in the ow
the representative streamlines of interest and prune a largemagnitude along the streamline, which is de ne as follows:

number of streamlines with high similarities. 1

log,(m+ 1)

j:oLS

Thek-means algorithm generally uses an iterative re ne- EL 3)
ment heuristic called.loyd's algorithm Lloyd's algorithm
initially partitions the input data points/vectors intcsets,
either randomly or heuristically. Then, the algorithm itera-
tively computes the centroid of each set and re-associates
each point/vector with its closet centroid to construct a new
partition. The iteration stops when some convergence condi-

tion is met.

Dj
00, rs

wherem is the number of streamline segmeril, is the
length of thej-th segment andls is the total length of the
streamline (the sum of the; values).

Introduced by Marchesiet al: [MCHMZ10], the angular
entropyEa quanti es the amount of angular variation along
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a streamline:

1 "IAL A
a —Jlogzrli (@)

Eas ——
logy(m) ;= La

wheremis the number of streamline segmeris s the ab-
solute value of the angle at thjeth streamline joint andla
is the total angular variation along the streamline (the sum of Figure 5: The comparison of a streamribbon and a stream-
the absolute values of ti#g). The combination of linearand  tape generated from a same streamline. A) shows the visual
angular entropy values can be used to discriminate stream- aw of a streamribbon if the rst normal vector is not care-
line properties and detect ow phenomena. To this end, we fully chosen. B) shows the streamtape generated from the
further decompose each bundle into a set of re ned sub- same streamline.

bundles, where each sub-bundle has coherent structures in

terms of both the spatial and shape properties. Within each

sub-bundle, we sort all streamlines based on their distances

to the centroid, and select one or multiple streamlines that

are closest to the centroid as the representative streamlines.

The total number of clustersequalsa  , . At run time the second edge is generated based on the rst edge and usu-
= - 1 . . .
either a user can specify the valuesaindg;, or our system ally maintains a constant distance away from the rst edge.
can use the classic method of elbow criteristSpé to sug- The second edge can be calculated by rotating a normal vec-

gest the optimal number of clusters that gives the best inter- tor about the rst edge, and each rotation angle of the nor-
cluster separation. The elbow criterion determines the opti- Mal vector is corresponding to the local curl evaluated on
mal number of clusters based on thercentage of variance  the rstedge DH92, MS93 USM96. Therefore, the twists
explainedwhich is the ratio of the within-cluster variance to ~ Of @ streamribbon can faithfully re ect the vorticity of the
the total variance. The within-cluster variance indicates the local ow. However, the orientation of the rst normal vec-
information carried on each cluster, and the total variance tor needs to be carefully chosen to avoid visual aws such
denotes the amount of information contained in the data. @S self-overlap. This visual aw is demonstrated in FigGre
This ratio represents how much data difference in terms of (A)- Finding a good orientation for the rst normal vector
variance is captured in the clustering. During the optimiza- is non-trivial and requires much effort. The conventional
tion process, the system incrementally increases the numbermethod may not guarantee a good streamribbon. In partic-
of clusters and uses the elbow criterion to pick the number Ular, for along and complex streamline, when a visual aw
of clusters which has an abrupt change of flegcentage at certain part of the streamribbon is resolved by rotating the
of variance explained ratidn this work, the within-cluster rst normal vector, other aws may be appear on other parts
variance is obtained by calculating the squared distance be- Of this streamribbon.

tween each streamline and the respective centroid for each

cluster We use streamtapes to generate both meaningful and vi-

sually pleasing visualization results. A streamtape is con-

Figure4 demonstrates that our method can generate a re- structed in the following steps. First, we sample a series of
sult similar to the hierarchical single-link clustering method points at an equal arc length along each streamline. And then
with the mean of closest point distances. Since each vector we generate an orthogonal line segment at each sample point
for a streamline contains only ve components, our algo- to the streamline tangent. The direction and length of a line
rithm is more ef cient than the conventionkimeans algo- segment are determined by the local torsion of the ow. By
rithms for clustering a large number of lines. Figia€D) connecting the successive line segments, we obtain the sur-
shows our streamline clustering results of the synthesized face of a twisted tape with a varying width. Finally, we put
tornado dataset. We can clearly see the ow eld is well par- an arrow at the end of a streamtape to indicate its direction.
titioned into four clusters, and each cluster contains two sub-

clusters, exhibiting several coherent ow patterns In contrast to streamribbons, our streamtape is more exi-

ble in managing visual clutter and conveying important ow
characteristics. The twist and width of a streamtape are de-
3.4. Streamtape Generation termined according to the local ow torsion with speci ed
parameters, which allows us to not only easily control the
To render the representative streamlines, we choose to use &hape of a streamtape to reduce visual complexity, but also
streamribbon-like visual metaphor, the streamtape, by lever- conyvey important characteristics of the local ow, as dis-
aging the advantages of both streamlines and integral sur- pjayed in Figures (B).
faces. The streamribbon has been extensively studied in pre-
vious research. A streamribbon is constructed by connecting  For a streamtape, the orientation of each tape segment is
two edges. The rst edge is a calculated streamline, while de ned by the binormal vectoB at the sample point of the

¢ 2011 The Author(s)
Journal compilationc 2011 The Eurographics Association and Blackwell Publishitg



C.-K. Chen, S. Yan, H. Yu, N. Max & K.-L. Ma / An lllustrativetalization Framework for 3D Vector Fields

Figure 6: The work ow of our illustrative render. A) The Phong shaded streaegaB) The half-tone styled shadow. C) The
outlines. D) The composed illustrative image. E) The nal result.

streamline(s):

B = T N
T = dr=ds 5)
N = dT=ds

whereT andN are the tangent and normal vectors of the lo-
cal eld at a sample point, respectively. If we do not use the
binormal direction as the line segment direction, the stream-
tape can be bent along the rotation direction of the stream-
line, incurring visually complex and aesthetically unpleas-
ant results as in Figurg (A). The length of a line segment
is determined by the torsionof the local eld. Torsion is
a measurement of how sharply the local eld twists and is
given by:

(= det(r% r%r00p

o jir® rog2

wherer® 1% %%ye, respectively, the rst, second, and third
derivatives ofr(s) with respect to the arclength parameder

We want to re ect the torsion values by adjusting the stream-
tape width accordingly. However, when the local ow twists

(6)

sharply, the surface of a streamtape can self-intersect. To ad-

dress this issue, we normalize the tordida a range of0; 1]
and the streamtape widthis given byw= 1.0 t.

3.5. lllustrative Rendering

Figure6 shows the process of the illustrative streamtape ren-
dering. Starting from a standard Phong shading shown in
Figure 6 (A), the luminance of the image is recorded and
stored as a framebuffer object. To better display depth and
rotation information, we implement illustrative shadow us-
ing half-tone hatching rendering styles to incorporate light-
ing. For an overview of half-tone rendering, we refer the
reader to the work of Freudenbeeg al: [FMS0]. We ob-

tain the hatch shadow image shown in Fig6réB). Note
that Hummelet al: [HGH 10] has introduced a procedural

texture map which generates a line stripe pattern on an inte-

not compatible with our goal, since the proposed streamtape
is a narrow object on which a complex pattern will lead to
visual complexity.

Once we get the hatched shadow, we render the same
scene again to obtain the silhouettes of objects. During the
rendering, the normalized normal direction of each fragment
is written to the RGB channel of the output color, and the al-
pha channel records the depth information clampd@;ttj.
Furthermore, a different shader program checks the disconti-
nuities of the outputs in image space in the up, down, left and
right directions, and marks pixels with large discontinuities
as the pixels on the silhouettes, as shown in Fidu(€).

In the last step, as shown in Figur@¢D) and (E), both the
shadow image and the silhouette image are composed with
the Phong shaded image. We provide different ways of color-
ing streamtapes. A straightforward approach assigns differ-
ent colors to different clusters based on a prede ned color
table. An alternative way is to assign these colors based on
local features of tapes, for instance, the local curvature infor-
mation. This coloring strategy helps to reveal some structural
information for certain datasets.

4. Results and Discussion

In our framework, entropy eld calculation and streamline
generation are implemented using CUDA on the GPU, and
k-means clustering and streamtape generation are imple-
mented on the CPU. Tableshows the performance of our
framework. These results were obtained on a Xeon 5450 ma-
chine with 16GB of memory and a Geforce GTX 480 graph-
ics card with 1.5GB of video memory. As shown in Talile

for the given ow datasets, our framework can quickly com-
plete these calculations within a few seconds. The time for
entropy calculation is proportional to the data size and in-
versely proportional to the number of bins and neighborhood
size XLS10]. Note that this calculation is a one-time opera-
tion and that the calculated entropy eld can be reused. The
processing time for clustering is proportional to the num-

gral surface along the advection direction of the surface. The ber of streamlines and clusters, and the processing time for
density of the stripe pattern is adaptive to the stretching de- streamtape generation is proportional to the number of rep-
gree of the integral surface, thereby giving a hint of how the resentative streamlines (usually equal to the number of clus-
integral surface is being stretched. However, this method is ters). In the #of clusterscolumn, we show the total number
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Figure 7: Visualization of a dataset with two swirls. A) shows a direct streamline visiaiz B), C), and D) show the results
obtained using our method. B) and C) show the dataset from the frontaatd espectively, and D) highlights one of the most
twisted tapes.

Figure 8: Comparison of different rendering results for a ame dataset. A) shbesepresentative streamlines. B) shows the
representative streamtapes. In C), the regions of highest curvaturéoaision are shaded in red to reveal internal structure. In
D), different colors are used to illustrate different clusters.

of clustersc, followed by the exact values of clustering pa- thanks to our shading and color strategies, and it is easier to
rameters andg;. see distinct layers in the data. Our result also provides a clear
description of the ow directions. In Figuré (D) we high-

light one of the twisted streamtapes captured by our simpli-
cation approach.

Figurel shows a comparison of three different vector eld
visualization techniques. In this dataset, the main ow is rst
attracted to the center, spiraling inward, and then escapes
from the center to the two opposite corners of the volume.
These patterns are dif cult to discern using the streamline
visualization shown in Figuré (A) because streamline oc-
clusion hides most of the internal structures. In particular,
the twisting and depth information located in the center of
the dataset are not visible. Figute(B) is a rendering of
the representative streamlines selected by our approach. Fig-
ure 1 (C) shows the results obtained using our illustrative
rendering approach, which we believe is better at revealing
the structure of 3D vector elds. Note that in Figurgs,9,
and11(A), we color the streamlines using Boy's surface im-
mersion DHLO9] according to the local velocity direction.

Figure 8 contrasts different rendering styles using a
ame dataset. From this gure, we can clearly see that the
dataset contains complex ow patterns organized into a main
twisted ring structure and wrapped around by many small
vortical structures. We can further tell that these small vorti-
cal structures converge in the central area to form a smaller,
but denser, vortical structure. The arrows on the streamtape
succinctly depict directional information. More speci cally,
Figures8 (A) and (B) compare the representative streamline
rendering with our streamtape rendering. The representative
streamlines shown in Figure® (A) cannot clearly reveal
the layered structures of the dataset, while the streamtapes

Figure7 shows a visualization of the "two swirls" dataset. shown in Figure8 (B) clearly display the different ow pat-
Compared with the simple 200-streamline rendering shown terns and the interplay between them. To better visualize the
in (A), our visualizations, shown in (B), (C), and (D), pro- internal ring structure, we color the streamtapes by the lo-
vide more concise and informative images; only 16 lines cal curvature and torsion values, where the areas with high
need to be drawn. With our technique, the two swirls with curvature and torsion values are shaded in red. Because the
opposing rotations in the center can be easily perceived. Fur- internal structure of the ow is more turbulent, that struc-
thermore, our visualization provides more depth information ture appears to be more red in the image and thus becomes
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Figure 9: Visualization of dataset containing multiple vortices. A) shows a simple direawisualization. B) depicts the
representative streamtapes, which show two vortices. C) shows a togeat the center of one of the vortices.

Dataset Dimension #of | #of Entropy | Clustering| Stream-| Stream-
lines | clusters line tape
Hurricane (Fig10) 200 200 40 400 | 21(8:3,2,4,2,3,2,3,2) 5.3 3.6 0.41 0.07
Plume (Fig.11) 126 126 512 | 500 | 26 (8:4,3,3,5,4,2,2,3) 7.1 4.2 0.44 0.09
Linear (Fig.1) 100 100 100 | 500 | 13(4:3,3,3,4) 4.2 3.3 0.42 0.05
Tornado (Fig3) 64 64 64 200 | 8(4:2,2,2,2) 1.8 0.53 0.23 0.01
Two swirls (Fig.7) 64 64 64 200 | 16 (5:3,3,3,3,4) 17 0.66 0.2 0.047
Flame (Fig.8) 65 65 65 200 | 20 (5:5,5,5,5,5) 2.1 0.82 0.21 0.058
Two vortices (Fig9) | 51 51 51 200 | 17(5:3,2,3,4,5) 1.5 0.745 0.19 0.06

Table 1: Performance results for our framework using seven different datatifesent initial streamline numbers, and different

cluster numbers. Execution times for entropy eld calculation,
are shown in the table. Times are given in seconds.

more visible. Figure3 (D) displays different clusters in dif-
ferent colors, with each cluster representing a coherent ow
pattern.

Figure9 shows a dataset with two vortices. Fig@&é€A)
shows a streamline visualization of this dataset, where the
internal structure is hard to perceive because of visual oc-
clusion. Figured (B) shows our streamtape visualization of
this dataset, where two vortices can be clearly represented
using just a few streamtapes. Fig@€C) shows a zoomed-
in view, where local details such as torsion and curvature can
be discerned.

As shown in Figurel0, this hurricane dataset contains two
large, turbulent patterns, and our method is able to clearly
represent the two main vortices using 21 streamtapes. Fig-
ure 11 shows another application of our method to a turbu-
lent solar plume dataset. Compared with the streamline visu-
alization shown in Figurd1 (A), our streamtape visualiza-
tion more successfully depicts the twisted internal structures.

5. Conclusions and Future Work

In this paper, we have presented a new framework for vi-
sualizing 3D vector elds. Our framework combines an

entropy-based seeding strategy, a clustering-based simpli-

cation approach, and illustrative rendering techniques to

c 2011 The Author(s)
Journal compilationc 2011 The Eurographics Association and Blackwell Publishitag

streamlingteting, and streamline and streamtape generation

generate concise and informative visualizations for com-
plex ow structures. Starting from a 3D ow dataset, our
framework ef ciently generates an initial set of representa-
tive streamlines based on the entropy, or information con-
tent, in the eld. We then employ a two-stageneans clus-
tering algorithm to further re ne these streamlines into a
subset of streamlines that captures essential ow features.
Rendering the resulting streamlines as streamtapes using our
illustrative rendering techniques allows us to successfully
enhance depth cues and succinctly capture local ow char-
acteristics. We believe that our framework provides domain
experts a powerful visualization tool for displaying complex
ow elds and allows ef cient interpretation of their data.

There are a number of directions that we would like to
pursue in order to further improve our framework. First of
all, currently the representative streamlines of each individ-
ual cluster are selected based on their distances to the cen-
troid of the cluster. We think that taking camera view an-
gles into account could further reduce visual clutter due to
streamline occlusion.

Second, we would like to apply our techniques to un-
steady ow elds. One possible direction is to adopt a high-
dimensional data representation that uni es vector eld visu-
alization methods for steady and unsteady ows\[MO7].
Another possible direction is to establish a correspondence
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visual complexity. In the future, we would like to explore
the possibility of generating results at different LODs, from
global coverage to ne details, from a given ow dataset.

Fourth, although entropy calculation and clustering are
one-time preprocessing steps in our framework, we would
like to develop parallel algorithms to carry out these opera-
tions using multiple GPUs and CPUs, making our approach
truly scalable for large datasets.

Finally, our streamtapes generally lead to effective visu-
alizations of local ow characteristics along streamlines. We
would like to conduct a more detailed study of the effec-
tiveness of sparse streamtape visualization. One possible ap-
proach may be based on Finkelstetral:'s work [CSD 09,
where an experiment was designed to study how well peo-
ple interpret shapes from line drawings. Similarly, we would
like to study user performance in locating certain types of
ow features using our streamtape visualizations compared
to conventional streamline visualizations, and gain more in-
sights into how different parameters improve the effective-
ness of streamtape visualizations.

Figure 10: Visualization of a hurricane dataset. A) shows a
direct streamline visualization, where the regions with high-
magnitude vectors are shaded in red. B) shows 21 represen- 6. Acknowledgments
tative streamtapes.

between visualizations of successive frames, resembling the

can generate concise visualizations for complex datasets, we

This work has been sponsored in part by the U.S. Depart-
ment of Energy through the SciDAC program with Agree-
ment No. DE-FC02-06ER25777, and by the U.S. National
Science Foundation through grants OCI-0749217, CCF-
0811422, CCF-0850566, OCI-0749227, and OCI-0950008.
Sandia National Laboratories is a multiprogram laboratory
operated by Sandia Corporation, a Lockheed Martin Com-
pany, for the United States Department of Energy under con-
tract DE-AC04-94-AL85000. The hurricane dataset was pro-
vided by Wei Wang, Cindy Bruyere, Bill Kuo, and others at
NCAR. The solar plume dataset was provided by Mark Rast
of University of Colorado at Boulder.

References

[AS92] ABRAHAM R., SHAw C. D.: Dynamics: The Geometry
of Behavior (Studies in Nonlinearitypddison-Wesley, 1992.

. . . . : i [BGO7] BRUCKNER S., GROLLER M. E.: Style transfer func-
Figure 11: Comparison of A) a streamline visualization of tions for illustrative volume renderingComputer Graphics Fo-

a solar plume dataset and B) our concise streamtape visual-  rym 26 3 (2007), 715-724.

ization result of the same dataset. [BWF 10] BORN S., WIEBEL A., FRIEDRICH J., SCHEUER
MANN G., BARTZ D.: lllustrative stream surface$EEE Trans-
actions on Visualization and Computer Graphics &¢nov.-dec.
2010), 1329 -1338.

[CM02] CARD D., MITCHELL J. L.: Non-photorealistic render-

work of Jobard and LefedL.0. We would like to investi- ing with pixel and vertex shaders. Direct3D ShaderX, Word-
gate these possibilities to generate both spatially and tempo-  ware (2002), Wordware Publishing, Inc, pp. 319-333.
rally coherent results for unsteady ow elds. [CSD 09] CoLE F., SANIK K., DECARLO D., FINKELSTEIN

. . . A., RusINKIEWICZ T. F. S., SNGH M.: How well do line
. Thlrd,_we _WOL_"d like to support level-of-detail (LOD) drawings depict shape? ACM Transactions on Graphics (Proc.
in our visualization results. Although our current method SIGGRAPH)Aug. 2009), vol. 28(3).

; . [DH92] DARMOFAL D., HAIMES R.: Visualization of 3-D vec-
have noticed that more clusters are required to ensure mean-  tor elds: Variations on a stream. IRroceedings AIAA 30th

ingful results for more turbulent ows, which may increase Aerospace Science Meeting and Exh{tt@92), pp. 92—74.

¢ 2011 The Author(s)
Journal compilationc 2011 The Eurographics Association and Blackwell Publishitg



C.-K. Chen, S. Yan, H. Yu, N. Max & K.-L. Ma / An lllustrativetdlization Framework for 3D Vector Fields

[DHLO9] DEeMIRALP C., HUGHES J., LaiDLaw D.: Color-
ing 3D line elds using boy's real projective plane immersion.
IEEE Transactions on Visualization and Computer Graphigs 1
6 (nov.-dec. 2009), 1457 —1464.

[DPR0OO] DIEWALD U., PREUSSERT., RUMPF M.: Anisotropic
diffusion in vector eld visualization on Euclidean domaiasd
surfaces. IEEE Transactions on Visualization and Computer
Graphics 6 2 (2000), 139-149.

[EBRIO9] EVERTSM. H., BEKKER H., ROERDINK J. B., ISEN-
BERG T.: Depth-dependent halos: lllustrative rendering of éens
line data. IEEE Transactions on Visualization and Computer
Graphics 156 (2009), 1299-1306.

[FIO8] FURUYA S., ITOH T.: A streamline selection technique for
integrated scalar and vector visualizationlEEE Visualization,
Poster Sessio(2008).

[FMSO1] FREUDENBERG B., MASUCH M., STROTHOTTE T.:
Walk-through illustrations: Frame-coherent pen-and-itykesin
a game engine. IRroceedings of Eurographi¢2001), pp. 184—
191.

[GG01] GoocHB., GoocHA.: Non-photorealistic Rendering
A K Peters/CRC Press, 2001.

[GGSC98] ®OCHA., GOOCHB., SHIRLEY P., COHENE.: A
non-photorealistic lighting model for automatic technidhls-
tration. InProceedings of the 25th annual conference on Com-
puter graphics and interactive techniqu@éew York, NY, USA,
1998), SIGGRAPH '98, ACM, pp. 447-452.

[GPR 01] GARCKE H., PREUSSERT., RUMPF M., TELEA
A. C., WEIKARD U., VAN WiJK J. J.: A phase eld model
for continuous clustering on vector eld$EEE Transactions on
Visualization and Computer Graphics 3 (2001), 230—-241.

[GPR 04] GRIEBEL M., PREUSSER T., RuMPF M.,
SCHWEITZER M. A., TELEA A.: Flow eld clustering
via algebraic multigrid. InProceedings of IEEE Visualization
Conferencg2004), pp. 35-42.

[HGH 10] HuMMEL M., GARTH C., HAMANN B., HAGEN H.,
Jov K.: lris: lllustrative rendering for integral surfacesEEE
Transactions on Visualization and Computer Graphics &6
(nov.-dec. 2010), 1319 —-1328.

[HWHJ99] HeckEeL B., WEBER G., HAMANN B., Joy K. I.:
Construction of vector eld hierarchies. roceedings of IEEE
Visualization Conferenc€l999), pp. 19-25.

[JLOO] JoBARD B., LEFERW.: Unsteady ow visualization by
animating evenly-spaced streamlin€emputer Graphics Forum
19(2000), 31-39.

[KML99] K IRBY R. M., MARMANIS H., LAIDLAW D. H.: Vi-
sualizing multivalued data from 2D incompressible ows us-
ing concepts from painting. IRroceedings of IEEE Visualiza-
tion Conference: celebrating ten yedtos Alamitos, CA, USA,
1999), VIS '99, IEEE Computer Society Press, pp. 333-340.

[KS96] KETCHEND. J., SHoOK C. L.: The application of clus-
ter analysis in strategic management research: An analydis an
critique. Strategic Management Journal 17996), 441-458.

[Leo06] LEOPARDIP.: A partition of the unit sphere into regions
of equal area and small diameteElectronic Transactions on
Numerical Analysis 252006).

[LHS08] LiL., HSIEHH.-H., SHEN H.-W.: lllustrative stream-
line placement and visualization. Froceedings of the IEEE
Paci c Visualization Symposiurf2008), pp. 79-86.

[LSO7] Li L., SHEN H.-W.: Image-based streamline generation
and rendering. IEEE Transactions on Visualization and Com-
puter Graphics 133 (2007), 630—640.

c 2011 The Author(s)
Journal compilationc 2011 The Eurographics Association and Blackwell Publishitagy

[MCHM10] MARCHESINS., GHEN C.-K., HO C., MA K.-L.:
View-dependent streamlines for 3D vector eld#£EE Trans-
actions on Visualization and Computer Graphics(MNdvember
2010), 1578-1586.

[MPSS05] MaLLo O., PEIKERT R., SGG C., sapLO F.: |I-
luminated lines revisited. IRroceedings of IEEE Visualization
Conferencg2005), pp. 19-25.

[MS93] Ma K.-L., SMITH P.: Cloud tracing in convection-
diffusion systems. IrProceedings of IEEE Visualization Con-
ference(1993), pp. 253 —260.

[MVVWO05] M OBERTSB., VILANOVA A., VAN WIJK J. J.: Eval-
uation of ber clustering methods for diffusion tensor imagitn
Proceedings of IEEE Visualization Conferen@905), pp. 65—
72.

[SFWS03] DuUsAM. C., FOSTERK., WYVILL B., SAMAVATI
F.: Precise ink drawing of 3D modelBomputer Graphics Forum
22,3 (2003), 369-379.

[SLCZ09] SPENCERB., LARAMEE R. S., GHEN G., ZHANG
E.: Evenly spaced streamlines for surfaces: An image-based ap
proach.Computer Graphics Forum 28 (2009), 1618-1631.

[SM04] ScHUSSMAN G., MA K.-L.: Anisotropic volume ren-
dering for extremely dense, thin line data. Pmoceedings of
IEEE Visualization Conferend@004), pp. 107-114.

[SS00] SCHLECHTWEG S., STROTHOTTE T.: Generating sci-
enti c illustrations in digital books. InSmart Graphics, AAAI
Spring Symposiurf2000), AAAI Press, Menlo Park, pp. 8-15.

[SS02] SROTHOTTET., SCHLECHTWEGS.: Non-photorealistic
Computer Graphics: Modeling, Rendering, and Animationg(Th
Morgan Kaufmann Series in Computer Graphidéprgan Kauf-
mann, 2002.

[ST90] <aITO T., TAKAHASHI T.: Comprehensible rendering of
3-D shapesComputer Graphics 244 (August 1990), 197-206.

[TvW99] TELEA A., VAN WIJK J. J.: Simpli ed representation
of vector elds. InProceedings of IEEE Visualization Conference
(1999), pp. 35-42.

[USM96] UENG S.-K., SKORskI C., MA K.-L.: Efcient
streamline, streamribbon, and streamtube constructions on un
structured grids|EEE Transactions on Visualization and Com-
puter Graphics 22 (jun 1996), 100 —110.

[VB99] VERYOVKA O., BucHANAN J. W.: Comprehensive
halftoning of 3D scenesComputer Graphics Forum 18999),
13-22.

[VKPOO] VERMA V., KAo D., PANG A.: A ow-guided stream-
line seeding strategy. IRroceedings of IEEE Visualization Con-
ference(2000), pp. 163-170.

[WEO05] WEISKOPFD., ERLEBACHER G.: Overview of ow vi-
sualization. InThe Visualization HandbogKansen C. D., John-
son C. R., (Eds.). Elsevier Academic Press, 2005, ch. 1263p- 2
278.

[XLS10] Xu L., LEE T.-Y., SHEN H.-W.: An information-
theoretic framework for ow visualizationEEE Transactions on
Visualization and Computer Graphics 16(2010), 1216-1224.

[YKPO5] YE X., Kao D., PanG A.: Strategy for seeding 3D
streamlines. IrProceedings of IEEE Visualization Conference
(2005), pp. 471-478.

[YWMO7] Yu H., WANG C., MA K.-L.: Parallel hierarchical

visualization of large 3D time-varying vector elds. Proceed-
ings of the Supercomputing Conferer{2607).



