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Abstract A key approach to visualizing a flow field is to
emphasize regions with significant behavior. However, it is
difficult to give concrete criteria for classifying feature re-
gions. In this paper, we use a novel framework in which
fuzzy sets are used to determine flow features: Fuzzy re-
lationships assess structural properties of features. A fuzzy
c-means-like clustering algorithm is used to evaluate the
importance of each voxel. Our approach can be readily
modified with new fuzzy relationships describing other fea-
tures of interest to users. We use a multi-resolution ap-
proach which displays structural features in greater detail,
and represents the background by coarse-grained informa-
tion. Experiments on synthetic and real datasets show that
our framework can highlight significant aspects of the whole
flow while avoiding occlusion and clutter. Interactive perfor-
mance is achieved via a GPU implementation.
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1 Introduction

Visualization of 3D flow fields is a large-scale and complex
problem. The aim is to highlight features of interest, char-
acterized by the positions, velocities, and other properties of
points within them. Feature extraction methods can be based
on criteria like critical points, streamlines, and vortex core
regions [5, 6]; other properties like pressure and tempera-
ture may also be of interest. Once features have been defined
and extracted, a further challenge is how to provide simulta-
neous visualization of multiple features, giving a structural
overview yet avoiding occlusion and clutter. One approach
is to use a high level of abstraction to represent the data,
such as the use of flow topology methods [4] which extract
critical points. However, such methods are typically limited
to considering singularities of the flow field.

An alternative is to partition the flow field based on user-
defined properties, and to only display flow structures in
regions that meet certain conditions. Explicitly partitioning
the flow field according to flow behavior [14] is a directive,
intuitive approach. Such partitioning techniques extract and
visualize only a small number of regions of interest, lead-
ing them to be popular. They have also been further devel-
oped to represent complex vector field structures. However,
the assumption of simple criteria which can give explicit,
clear feature partitioning is unrealistic, as there are rarely
sharp boundaries between different features in flow fields.
Various important features such as vortices and singularities
(see Fig. 1(left)) contain such complex mixing that explicit
fixed criteria cannot readily determine them. In the worst
case, some complex feature structures do not have any pre-
cise definition at all.

To avoid these difficulties, we give an approach for visu-
alizing 3D flow features guided by fuzzy set theory, rather
than explicit partitioning criteria. Our framework allows the
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Fig. 1 Visualizing a Lorenz attractor. Left: the Lorenz attractor is hard
to see when visualized with a particle system, due to its complicated
embedding within the data. Center: result provided by λ2 method [5]

for comparison. Right: Occlusion and clutter are effectively suppressed
by our framework, allowing the Lorenz attractor to be clearly visual-
ized

Fig. 2 Overview. Fuzzy feature membership is pre-calculated for each region. Random particles are seeded and traced in the flow fields. Multi-
-resolution rendering displays particles at different densities based on the fuzzy membership field

user to define and combine multiple feature criteria as fuzzy
relationships, and to process and display the desired fea-
ture structures using a multi-resolution technique based on
a particle system. Our framework can easily be specialised
to a particular problem of interest by adding new fuzzy re-
lationships that describe properties of special features, such
as critical points, vortices, and typhoons.

The workflow of our approach is illustrated in Fig. 2.
We use a particle system [3], in which particles follow the
streamlines, to visualize 3D flow features. We first use a
fuzzy clustering method to pre-compute fuzzy membership
of voxels to features of interest based on user-defined feature
properties. Tracking particles not only allows us to visualize
flow movements, but also emphasize feature structures by
assigning greater opacity to particles in regions with high
membership. A multi-resolution technique is used to process
the whole flow, allowing greater detail in areas on interest.
We use GPU techniques to accelerate the fuzzy membership
computation, the particle tracing, and the multi-resolution
processing, while the rendering algorithm takes advantage
of the GPU shading language. This allows complex 3D flow
fields to be explored at interactive rates. Computation of
fuzzy membership is time-consuming. We implement it as a

pre-processing step, decoupling it from the rendering stage.
This frees up the GPU for rendering during the output stage.

In the following, we concentrate on the novel fuzzy-
related aspects of our system. Fuzzy representations of 3D
flow features are explained in Sect. 3. Fuzzy relationships
for qualitative determination of various features are given in
Sect. 4, while Sect. 5 presents our fuzzy membership algo-
rithm which evaluates the importance of each voxel. Other
implementation details are briefly explained in Sect. 6. Re-
sults and conclusions are given in Sect. 7.

2 Related work

We now briefly review related work concerning feature-
based, topology-based, and fuzzy-related flow visualization.
There is a large literature on these topics, and we refer the
reader to surveys in [2, 13, 14].

Feature-based approaches haves been developed to ex-
tract various physically meaningful structures in flow fields,
particularly vortices and typhoons. A popular partition-
based local vortex criterion is the λ2 method [6], based on
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evaluation of the Jacobian of the vector field by matrix de-
composition and eigenvalue computation. It has been ex-
tended to analyze vortex structures in turbulent flows by ad-
dition of a novel vortex core line detection approach [17].
It has also been extended using local statistical complex-
ity analysis to find distinctive structures in time-dependent
multi-fields [5]. A novel vortex core line extraction method
based on a vortex region criterion was proposed in [16],
to help visualize vortex features in 3D flows. The velocity
masking method has also been adopted to extract typhoon
centers for emphasis [3]. Yet another approach is to extend
parallel-vectors operator methods to a coplanar vectors op-
erator, which can extract cores of swirling particle motion in
transient flows [21]. A new criterion to characterize hierar-
chical two-dimensional vortex regions induced by swirling
motion was given in [12], which defined vortex regions as
closed loops intersecting the flow field at a constant angle;
a parameter free algorithm is provided for identification of
such regions. In summary, a range of feature-based tech-
niques exist. Different methods rely on different definitions
of the same feature, and therefore yield differing results.
In contrast, our fuzzy clustering framework defines vortices
and typhoon structures using fuzzy relationships, so that fea-
ture regions have statistically greater importance than other
regions.

Topology-based 3D flow methods generally provide bet-
ter visualization of critical points via limit sets of stream-
lines. Flow topology was first introduced to the 3D visual-
ization community by [4], and used to separate a vector field
into regions with similar behavior. A more recent approach
for visualizing higher order critical points of 3D vector fields
is [22]. A dense flow visualization method, which shows
the overall flow behavior while accentuating structural in-
formation, is given in[10]. Topology-based vortex analysis
has also been used to examine a high-dimensional, massive
flow data set around an airfoil [20]. Another approach is
to first extract singularities and separatrices to decompose
the flow field into topological regions, then select a seeding
path from a set of streamlines integrated in the orthogonal
flow field in each region. This produces evenly-spaced long
streamlines while preserving topological features of the flow
field [23]. A stream surface algorithm which robustly han-
dles special conditions associated with critical points and
periodic orbits, e.g. vanishing velocity, unbounded curva-
ture, and tightly winding spirals, is given in [11]. Ultimately,
the connection between topological structures and physical
properties of the flow is not always direct. Instead, we use
fuzzy relationships to determine critical points in terms of
position, velocity, and streamline distance.

Fuzzy-theory has so far been little used for feature vi-
sualization. Defining flow features using fuzzy point predi-
cates (Boolean functions over all points of a data set) [15]
and logical operators [1] have given good results. A set of

streamlines is computed and then individually accepted or
rejected according to whether it matches the predicate. In
contrast, we first use fuzzy rules to create a combined sub-
set of features, and then use a fuzzy c-means-like clustering
algorithm to classify regions. This saves computation time
for particle traces, since we do not need to perform predi-
cate checking on each point on the streamline. It also allows
us to highlight natural feature region boundaries, enhancing
the visual results.

3 Fuzzy representation of 3D flow features

This section presents our mathematical description of 3D
flow features based on fuzzy theory. It is based on using
properties to identify feature regions, for example, points in
a typhoon feature region have a lower pressure value than
surrounding regions–a typhoon has the property of lower
pressure.

Definition 1 A flow feature in the flow fieldU(x) is a fuzzy
subset Fi , which has property i in the whole region X. The
fuzzy subset can be regarded as an ordered pair:

Fi = {x, μi(U(x))}, x ∈X; μi(U(x)) ∈ [0,1].

The mapping μi(U(x)), or μi(x) for short, is a membership
function, mapping each x ∈X to a certain value in the range
[0, 1]: this gives the membership degree to which x belongs
to feature subset Fi . The greater the membership degree, the
more likely that the point belongs to the feature region.

Definition 2 If Fi is a flow feature, then the feature kernel
KerFi is the fuzzy set containing all points within X whose
membership function of Fi is 1.0:

KerFi = F 1.0
i = {x | μi(x) = 1.0}.

Definition 3 If Fi is a flow feature, then the support region
for Fi is a fuzzy set containing all points within X satisfying
μi(x) > 0.0, denoted by SuppFi :

SuppFi = F 0.0+
i = {x | μi(x) > 0.0},

The above definitions are used to segment the flow field
into different feature regions. They represent a flow feature
as a fuzzy subset of the flow field having certain physical
properties; these are used to control its rendering. The ad-
vantage of using fuzzy subsets in these definitions is that it
allows qualitative descriptions of flow features. For instance,
even though we may not clearly understand vortex features,
we may know that the greater negative the λ2 value a point
has, the more likely that it belongs to the vortex region.
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4 Fuzzy relationships for typical flow features

We now give several particular fuzzy relationships for var-
ious typical flow features, such as critical points, vortices,
and a typhoon. Other such relationships can readily be de-
fined for other kinds of features important to flow visualiza-
tion problems: The examples below demonstrate that such
relationships are not particularly complicated. Note that we
do not need to specify precise fuzzy membership formulae
themselves–fuzzy membership is determined by a computa-
tion described in the next section.

4.1 Critical points

Critical points are positions where the velocity is zero. They
play an important role in the flow field, lying at the core of
features. From the definition of the critical point, we may
define the following relationship.

Definition 4 x-V-rule: every point x in the flow field with
velocity zero lies in the critical point kernel:

V (x) = 0 =⇒ μi(x) = 1.

The x-V-rule shows how the basic position and velocity
properties can be used to represent the feature property of
a critical point.

To decide the feature region around a critical point, we
introduce a further variable based on the following obser-
vation. In a flow field, physical properties such as heat
will propagate along streamlines. The feature region in the
flow field should reflect this directional property. Thus, re-
gions closer to the critical point, measured along a stream-
line, should have a greater membership degree. We use the
streamline distance relationship for this purpose. First we
define streamline distance:

Definition 5 For any two points p1, p2 in the vector field,
the streamline distance L is

L(p1,p2) =
{∫ p2

p1 df iff a streamline f joins p1 and p2
∞ otherwise

The streamline distance relationship is now:

Definition 6 S-rule: for any two points p1, p2 in the vector
field, if p1 has a shorter streamline distance to a critical point
c than p2, then p1 has a greater degree of membership of the
feature associated with c:

L(p1, c) < L(p2, c) =⇒ μi(U(p1)) > μi(U(p2)).

The S-rule associates a point x in the flow field with its
closest critical point, and effectively reflects the location of

the feature region around each critical point. For an isotropic
flow field, points with equal streamline distance will consti-
tute an iso-surface consistent with the nature of the isotropic
flow.

4.2 Vortices

Various algorithms have been designed to identify vortices.
Among them, the λ2 method [5] is a popular region-based,
local detection approach. We use it to add a metric L2 rela-
tionship.

Definition 7 L2-rule: Any point p1 with more negative λ2
value than some other point p2 has higher membership de-
gree of the corresponding vortex c:

λ2(p1) < λ2(p2) =⇒ μi(U(p1)) > μi(U(p2)).

As demonstrated in [5], λ2 is able to extract the vortex
region from the flow field. As alternatives to using λ2, we
could also construct alternative L2-rule based on other vor-
tex detection methods, such as eigenvectors [18], or the par-
allel vectors method [21]. This particular L2-rule is suffi-
cient to demonstrate the flexibility of our framework, which
can integrate any appropriate user-defined relationships.

4.3 A typhoon

A typhoon can to a certain extent be regarded as a spe-
cial type of vortex. Typhoon cores are simple and the user
can locate them interactively. Alternatively, other properties
such as temperature, pressure, etc. also serve to identify a
typhoon. We use the following relationship concerning the
pressure field to help identify a typhoon feature without user
input.

Definition 8 P -rule: Given a pressure field, every point
p1 with lower pressure value than some other point p2 has
greater membership degree of the feature associated with the
sink point:

P(p1) < P (p2) =⇒ μi(U(p1)) > μi(U(p2)).

The P -rule is useful to describe the relationship between
features in flows and the pressure property. In a similar way,
if the user can qualitatively describe the connection between
other properties (e.g. pressure, density) and flow features,
then further relationships of this type can be devised and
added to our framework.

5 Fuzzy voxel significance algorithm

The above rules describe different feature properties quali-
tatively. Note that we only visualize one kind of feature in
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Algorithm 1 Fuzzy c-means-like clustering algorithm for
vortices
In: X,V,C: sample points, velocities, feature kernels
Out: Sk for each point xk

1: for each point xk in X do
2: Find minimum streamline distance value at xk .
3: Find the λ2 value at xk .
4: for each feature kernel Ci do
5: if xk ∈ Ci then
6: μik ← 1.
7: else
8: A(Ci) = NormalizeFeatureVector(Ci);
9: A(xk) = NormalizeFeatureVector(xk);
10: dik = DifferenceNorm(A(Ci),A(xk));
11: μik = FuzzyMembership(dik);
12: end if
13: end for
14: Sk =max(μ1k, . . . ,μIk)

15: end for

any given run. We now discuss how we use these rules to
measure the membership degree of each voxel of the flow.
For convenience, the sampling resolution is chosen in agree-
ment with the voxelization: sample points lie at the center of
each voxel. Our algorithm (Algorithm 1 shows the partic-
ular case for vortices) works in a similar way to c-means
clustering, except that we do not recalculate the cluster cen-
troids as in the standard c-means method. This is because
the input feature kernels are determined by the fuzzy defi-
nitions selected by the user and hence represent a concrete
idea of parts of the flow that the user expects to definitely
lie inside each region. Thus, we treat the input feature ker-
nels as unchanging clustering centroids. Clearly, iteration is
no longer useful, and a single clustering step is used; this
also makes our method fast. The input data to the algorithm
include the space field X, the velocity field V and the set
C of feature kernels (number is I ). The set C is approxi-
mately pre-computed by some suitable method: for exam-
ple, we use the λ2 method [5] to calculate the vortex field
kernel. The output of our algorithm is a significance value
S for each voxelized region, indicating its importance in the
visualization.

To do so, we must use different property variables to eval-
uate different rules; so, for example, we use position and
velocity values for the x-V -rule, and pressure for the P -
rule. The main difficulty lies with the S-rule. Since there
are m critical points in the field, and m is large, a high di-
mensional feature vector will be needed if we consider the
streamline distance (s1, . . . , sm) to every critical point. For-
tunately, each sample point x lies on just one streamline
joining just two critical points. Therefore, we may use the
minimum si in the S-rule if we do not want to visually dis-

tinguish between different critical points (our examples use
this strategy to simplify the feature vector, for speed).

The exact feature vector used will vary according to the
application. For example, if we are interested in critical
points, we would use the x-V-rule and the S-rule, which
would result in a 7-dimensional vector (x1, x2, x3, v1, v2,
v3, si), where x1–x3 are position coordinates, v1–v3 are ve-
locity components, and si is the minimum streamline dis-
tance. For vortices, we add the λ2 rule, so the feature vec-
tor is (x1, x2, x3, v1, v2, v3, si , λ2). For typhoon data, we
do not use the λ2-rule as there are many other cyclones
and anti-cyclones, but instead we use the P -rule, giving
(x1, x2, x3, v1, v2, v3, si ,p) as the feature vector. Our frame-
work is quite adaptable.

Having computed the feature vector A(xk) at each posi-
tion xk , we normalize each component to the range [0,1] by
considering the range of values for that component over all
points. We next compute the absolute difference of the fea-
ture vector of each point xk and the feature vector for each
point of each kernel Ci (each kernel point is treated as a
separate clustering center): dik = ‖A(xk) −A(Ci)‖. For the
fuzzy membership calculation, we do not employ traditional
functions, such as the S-membership algorithm [9], but in-
stead use the fuzzy c-means clustering technique [19]. In
our algorithm, each cluster point lies in a feature kernel, so
our clustering algorithm does not need to perform the iter-
ative process used in [19] to find cluster centers (these are
obviously not given in the dataset). In probabilistic fuzzy
clustering, the task is to minimize the objective function

J (μ,d) =
I∑

i=1

K∑
k=1

μ2
ikd

2
ik.

where μik is xk’s membership of the ith cluster. This may be
minimized by simply setting its derivative to zero, with two
constraints. Firstly, the μik must be non-negative. Secondly,
the appropriate fuzzy membership relationships from Sect. 3
must be satisfied. The result is that

μik =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

I∑
j=1

dik/djk if Ik = ∅
1− L(xk,Ci)/L(xk) if Ik �= ∅, i ∈ Ik and i ≤ I

0 if Ik �= ∅, i ∈ Ik and i ≤ I

Here, ∅ is the empty set, Ik = {i | 1 ≤ i ≤ I, dik = 0},
Ik = {i | 1 ≤ i ≤ I } − Ik , L(xk,Ci) is the streamline dis-
tance between xk and the feature kernel Ci , and L(xk) is the
total length of the streamline through xk in the flow field.
Finally, the significance Sk of each voxel is determined by
the maximal membership value μik for the center sample xk

for all features. The significance tells us how important the
voxel is when rendering.
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Fig. 3 Particle system pipeline based on CUDA. Particles are seeded randomly in the flow field. Their positions and velocities are sent to CUDA
kernels. These calculate the new position for each particle and send them to the rendering pipeline, which draws the particles at their new positions

6 Implementation

Our fuzzy clustering framework is built on a particle trac-
ing platform [3] for visualizing 3D feature structures, but re-
designed for GPU acceleration using CUDA [8]; see Fig. 3.
Firstly, we allocate CUDA arrays for the particle positions
and the velocity field and transfer these variables to the
GPU. As particles are independent, we can use CUDA
threads to compute particle positions in parallel.

We now further discuss GPU implementation of the
fuzzy membership computation, and explain how a multi-
resolution technique is used to process and visualize the fea-
ture regions with greater detail than the background. The
main loop in Algorithm 1 is actually split into several sepa-
rate phases in the implementation.

6.1 CUDA-accelerated membership computation

The streamline distance calculations are time-consuming,
because we need to know the minimum value to a critical
point for every position in the flow field. We first locate the
critical points, and transfer this position array to the CUDA
kernels. Then for each cell of the flow field, we integrate
along the streamline until its streamline distance to any crit-
ical point is smaller than half the voxel size, or we leave the
domain. The least streamline distance to any critical point
gives the property value for the S-rule (∞ is used if we
leave the domain). These integrations are executed in paral-
lel on multiple CUDA threads for speed.

It is also time-consuming to compute the λ2 feature
value. However, this local vortex detection method can be
independently computed at each position in parallel using
the GPU. Other properties such as velocity and pressure can
be obtained directly.

6.2 Multi-resolution processing and rendering

After calculating the significance of each voxel in the flow
field, we use a multi-resolution strategy to choose a filter
factor Mk for rendering particles. Let Mk be the maximum
number of particles to be rendered in voxel k in the flow

field. We set Mk = Rg(Sk) where R > 0 is a user specified
constant, Sk is the significance of the voxel, and g is any
monotonically increasing function; we simply use g(x) = x

here.
To accelerate particle rendering, we visualize each par-

ticle at its position at each time step with the aid of tradi-
tional vertex and fragment programs [7]. This approach can
readily handle lighting using state variables available in the
OpenGL rendering pipeline. It is also simple to add further
fuzzy operators, such as a tone operator, to modify the de-
piction of the flow field. For example, for a vector field U , a
tone operator Hα : FU 
→ FU can be defined as follows:

Hα(μ(x)) = (μ(x))α, α > 0

For α > 1, Hα acts as a centralising filter, focusing in on the
area of interest, while α < 1 gives a diffusing filter with a
broader view. In our experiments, we mapped such a range
of user-friendly terms such as ‘extremely focused’, ‘nor-
mal’, etc. to the parameter values of α = 4, 2, 1, 0.5, and
0.25, which helped users to control the visualization.

Overall, our approach gives more detail in important re-
gions and less information elsewhere. As a result, the output
shows a general picture of the entire data field, while clearly
presenting flow features in enhanced detail.

7 Results

Our framework has been tested on many synthetic datasets,
and datasets from numerical simulations. The results demon-
strate that our approach can effectively solve problems of
occlusion and clutter. Here, we demonstrate visualization
results for a synthetic flow representing a classical Lorenz
attractor

v= (10(y − x),28x − y − xz, xy − (8/3)z).

We also give results for numerical data from CFD simulation
of the Haitang typhoon, and flow around a spacecraft, both
from real engineering projects.
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Fig. 4 Visualization of the Haitang typhoon. Left: original data, with-
out feature extraction—the typhoon structure cannot be clearly seen.
Center: some typhoon regions (yellow) are wrongly detected and visu-

alized if velocity masking [3] is used. Right: the typhoon is accurately
located and clearly visualized by our method

For the Lorenz attractor shown in Fig. 1, we can see the
two nearly planar substructures of the Lorenz attractor near
its two focal critical points; nevertheless, the surrounding
flow movements can still also be seen; see Fig. 1(right),
which set the emphasis value to α = 0.5. It is easy to see
how the particle density is proportional to the membership
field. In Fig. 1(center), a comparison is made with a visu-
alization using the traditional λ2 method [5] to extract the
feature region, and our method is clearly superior.

For the typhoon dataset, the field is more complicated.
Figure 4(left) shows an overall view of the wind field. There
are many vortices including cyclones and anticyclones, there
is significant occlusion, and the scene is so complex that
it is difficult for the user to analyze the typhoon. The ty-
phoon region detected by the velocity masking method [3]
is rendered with yellow particles in Fig. 4(center). Al-
though there is only one typhoon in this flow, unfor-
tunately, several regions are highlighted. Figure 4(right)
demonstrates the result of our method: both the location
of the typhoon and the overall flow are correctly visual-
ized.

For the spacecraft dataset, we compared our method with
both λ2 and velocity masking methods; see Fig. 5. The vor-
tex region extracted by the λ2 method (Fig. 5(top)) is cor-
rect in the sense that it differentiates the vortex region from
the frontal region. However, the vortex region extracted is
too small for the user to fully analyze the vortex. The ve-
locity masking method provides better results, filtering the
high speed region, and extracting the vortex region behind
the spacecraft very well (see Fig. 5(next to top)). However,
the velocities in front of the spacecraft are too low to dis-
tinguish this region from the vortex region. This limitation
is effectively overcome by our method (Fig. 5(next to bot-
tom)) with α = 1.0. Because we take the backward stream-
line distance into account, the regions of origin of parti-
cles in vortices are also emphasized. This ability to analyze
flow within feature structures is very helpful to the user.
In Fig. 5(bottom), background information is also visual-
ized.

Fig. 5 Top three images: visualization of spacecraft flows by λ2
method, velocity masking method, and our method, respectively. Our
framework extracts a more useful vortex region. Bottom: whole flow
visualized by our framework: vortex region particles are colored red
and background green

These experiments were carried out on a PC with a
1.6 GHz Pentium Dual CPU with 2 GB RAM and an nVidia
GeForce 9800 graphics card with 512 MB memory. Table 1
gives the calculation times for these datasets. The critical
kernel points of the flow field are first located, then we cal-
culate region membership using the fuzzy rules. These steps
are time-consuming when the number of feature regions is
relatively large. Fortunately, our rendering efficiency is un-
affected (see the last line), since the membership fields are
pre-computed.
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Table 1 Performance on experimental datasets. Note that the rendering performance is fast enough for interactive analysis

Dataset Lorenz Typhoon Spacecraft

Particles 101× 101× 81 131× 89× 23 128× 64× 64
Feature kernel computation 0.15 s 4.93 s 0.26 s
Selected feature type Saddle Cyclone Anticyclone Saddle Typhoon Vortex
Number of features 3 209 256 442 1 15
Feature analysis 3.86 s 10.84 s 13.15 s 29.27 s 0.22 s 2.98 s
Rendering 15 fps 38 fps 38 fps 39 fps 35 fps 12 fps

8 Conclusions

We have demonstrated an interactive fuzzy clustering frame-
work for visualizing 3D vector flow fields, which is capa-
ble of emphasizing features, showing them without occlu-
sion or clutter, yet still giving a view of the whole flow.
Our framework regards the features as fuzzy sets, with sim-
ple rules of fuzzy membership defining user-specified fea-
ture properties, such as critical points, vortices, and a ty-
phoon. A c-means-like clustering algorithm is then used to
identify the importance of each region in the flow. A multi-
resolution approach determines and displays feature struc-
tures with fine-grained information, while the background is
shown using coarse-grained information. GPU technology
enables the whole process to be accelerated, allowing inter-
active exploration of complex 3D flow fields.
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