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CFD Data – Properties and Challenges  

The framework for interactive visual analysis, as 
presented in this thesis, was initially designed to 
meet the demands of AVL List GmbH, an industrial 
partner of the VRV is Research Center. The goal was 
to develop visual analysis tools and methods for 
simulation data, especially data resulting from CFD 
simulation. Although most concepts of this work can 
be transferred more or less directly to other 
application fields, the work of this thesis focuses on 
exploring and analyzing such data sets as resulting 
from CFD simulation. 

What is CFD?  

Computational fluid dynamics (CFD) is concerned 
with obtaining numerical solutions to fluid flow 
problems by using computers. The advent of high-
speed and large-memory computers has enabled 
CFD to obtain solutions to many flow problems 
including those that are compressible or 
incompressible, laminar or turbulent, chemically 
reacting or non-reacting. The equations governing 
fluid flow problems are the continuity (conservation 
of mass), the Navier-Stokes (conservation of 
momentum), and the energy equations (conservation 
of energy). These equations form a system of 
coupled non-linear partial differential equations 
(PDEs). Because of the non-linear terms in these 
PDEs, analytical methods can only provide very few 
solutions. In general, these PDEs are often linearized, 

which is possible either because non-linear terms 
naturally drop out or because non-linear terms are 
small compared to other terms so that they can be 
neglected. If the non-linearities in the governing 
PDEs cannot be neglected, which is the case for most 
engineering flows, numerical methods are needed to 
obtain solutions. 

These equations form a system of coupled non-linear 
partial differential equations (PDEs). Because of the 
non-linear terms in these PDEs, analytical methods 
can only provide very few solutions. In general, these 
PDEs are often linearized, which is possible either 
because non-linear terms naturally drop out or 
because non-linear terms are small compared to 
other terms so that they can be neglected. If the 
non-linearities in the governing PDEs cannot be 
neglected, which is the case for most engineering 
flows, numerical methods are needed to obtain 
solutions. 

State of the Art in Visualization of Flow 
Simulation Data 

The first section (discussing the state of the art in 
flow visualization, with special emphasis on feature-
based flow visualization methods, is based on a State 
of the Art Report on Flow Visualization presented at 
EUROGRAPHICS 2002, entitled ”Feature Extraction 
and Visualization of Flow Fields” . Other previously 
published overview reports and papers related to this 
chapter include two papers published in the 

Abstract 

In this work torque vectoring methods are used to compensate for a low performance steer-by-wire 
system. Currently a number of vehicle manufacturers are considering introducing steer-by-wire into 
their range of vehicles. Some of the key concerns for the manufacturers are safety and cost. The safety 
can be subdivided in the integrity of the steering system and the effect on handling. The focus of this 
study is the use of low cost steering actuators on a vehicle and identify its effects on the vehicle's 
handling response. The test vehicle is dune buggy modified to accommodate the low performance 
steer-by-wire system without a direct mechanical link between the steering wheel and the wheels and 
equipped with various sensors to data recording. 
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Computer Graphics Forum journal and two technical 
reports published at the VRVis Research Center in 
Vienna.  

 

Figure 1: Classification of flow visualization 
techniques  

Linking Scientific Visualization and Information 
Visualization 

Data from CFD simulation comes in multi-variate 
form: per simulation cell (or vertex of a cell) a 
number of different flow attributes is given, usually 
including, for example, the flow vector and velocity, 
pressure, temperature values, and others. Classic 
scientific visualization (SciVis) approaches which are 
employed to visualize CFD data focus on the 
visualization of data values in the context of their 
spatial embedding. Questions of how to render 3D 
data distributions meaningful to the 2D screen or of 
how to encode flow data in a way which 
communicates the important properties of the data 
best, are treated in traditional, direct 3D flow 
visualization. Information visualization (InfoVis), on 
the other side, deals with the visual presentation of 
data values without a special emphasis on spatial 
relations. Scatterplots, parallel coordinates, pixel-
based techniques, etc are used to bring data values 
themselves in relation to each other. 

Dealing with Occlusion in Scientific Visualization  

When rendering truly three-dimensional information 
in scientific visualization (SciVis), such as, for 
example, medical data from computer tomography, 
it is very important to decide how to render the data. 
But even more important, the question of what parts 
of the data should be displayed needs to be 
addressed. Because of occlusion, not all of the data 
can be shown concurrently. In volume rendering, 
usually a so-called transfer function is employed, 
which assigns an opacity value to each of the data 
items. A compositing procedure is then used to 
produce volume visualization results through image 
synthesis. The design of a transfer function is a 

difficult challenge, which strongly depends on the 
specific goals of the visualization process. At the IEEE 
Visualization conference in 2000, the most 
recognized approaches have been discussed in an 
interesting panel. 

 

Figure 1: Comparing direct and feature-based 
visualization for data from the simulation of a 
flooding after the break of a dam. 

Specifying a Smooth Brush  

A 1D smooth brush results in a trapezoidal DOI 
function as defined below and illustrated in figure. 

 

Angular Brushing  

As already discussed above, brushing effectively 
enables the user to (explicitly) specify his or her 
focus. We also know, that in the SimVis system 
multiple different InfoVis views can be used to view 
the high-dimensional data items, and to interactively 
specify features through brushing for focus+context 
visualization. 
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Figure 2 : Smooth brushing in a histogram (right) and 
linking to the 3D view (left): a 2D slice of the 
simulation of a car ventilation system, fast flow in 
focus.  

Approaches to Feature-based Flow Visualization   

Gaining thorough insight into flow data is difficult 
because not all of the information within the data 
also is explicitly represented as first-order data 
attributes. For example, a flow feature like a vortex is 
usually not accessible through an explicit data 
dimension. In fact, one can interpret the properties 
of a data set as being represented in a layered 
feature space, where deeper layers represent rather 
complex relations in the data (e.g., a vortex or a 
shock wave) and more shallow layers correspond to 
data properties which are explicitly represented in 
the form of data attributes. 

 

Figure 3 : The layered feature space: attribute 
derivation and extended brushing form a hybrid, 
feature-based visualization approach.  

An intuitive and easy-to-use approach is to support 
interactive brushing of first-order data attributes, for 
example, marking all those data items with high 
values of temperature as the feature of current 
interest. A set of advanced interaction techniques has 
been recently proposed to ease the interactive 
brushing of first-order data attributes.  Additionally, 
there are other advanced approaches to extract the 
”deep treasures” from feature space, i.e., to access 
and visualize complex relations within the data. 
Usually sophisticated computations are used to 
extract those parts of the data which correspond to 
the respective flow features. In chapter 2 we detail on 
related literature. Special challenges include non-
local relations, computationally expensive extraction 
methods, and numerically unstable feature 
specifications. Often, feature extraction techniques 
pose non-negligible challenges for the user to also 
understand what actually goes on behind the feature 

extraction process. In many cases the extracted flow 
features are explicitly represented in the 
visualization, for example, by the means of boundary 
surfaces or glyphs. Often the rest of the data is not 
shown at all yielding significant compression rates of 
several orders of magnitude. In this chapter we 
propose a hybrid approach to feature-based 
visualization of simulation data. We exploit the 
advantages of brushing as well as of feature 
extraction. On the one side we ”lift up” data 
properties in the layered feature space by attribute 
derivation (related to feature extraction), i.e., for 
every data item additional (synthetic) data attributes 
(secondand nth-order data attributes) are computed 
through mathematical combinations of firstorder 
data. This happens, for example, through the 
application of linear filters or the use of formulas 
describing physical relations between first-order data 
attributes. On the other side we propose extended 
brushing mechanisms which allow to access data 
properties even in the deeper regions of the layered 
feature space. This way, logical combinations of first- 
as well as of higher-order data attributes can be used 
to formulate more complex relations than what 
otherwise would be possible with simple brushing 
alone.  

 

Figure 4 :  Scheme for interactive specification and 
visualization of unsteady flow features: interplay of 
attribute derivation, interactive brushing and iterative 
refinement within the SimVis system.  

One advantage of our approach is that since flow 
features are formulated in the terms of data 
attributes, it is easier for the user to understand what 
the actual result of the feature extraction is. For 
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example, attribute derivation is used to represent 
local temperature maxima as an additional, synthetic 
data attribute. Complex brushing is then used to 
select all those local temperature maxima which are 
in the vicinity of a certain region of interest and 
which come together with large values of velocity. 
This hybrid approach provides a large amount of 
flexibility in the course of feature speci- fication, 
improves the user’s comprehension of the process of 
feature extraction, and is wellaligned with 
focus+context (F+C) visualization, where features are 
visually enhanced in the 3D scientific visualization 
(colored and rather opaque) as opposed to the rest 
of the data which is not shown at all or added as a 
context for improved user orientation and navigation 
in a reduced style. Figure  illustrates the interplay of 
attribute derivation, interactive brushing, and 
iterative refinement with respect to data 
representation and visualization. 

Features based on attribute gradients  

Often users are interested in changes of data 
attributes di with respect to time. So we provide the 
user with access to attribute gradients (d ' i (c, t) = d 
di(c, t) / d t). Due to the discrete representation of 
time in the form of time steps, three types of 
gradient approximations are commonly used: 
forward, backward, or central differences. In the 
SimVis system, central  differences according to the 
following formula are used as a useful compromise 
between data smoothing and frequency 
amplification as a side-effect of data derivation.  

 

With this type of gradient approximation we 
compensate for cases which exhibit unevenly spaced 
time steps in the simulation. Gradients are used to 
detect patterns of changes. One example is a search 
for large temperature gradients when investigating 
the burning front in a combustion chamber. Iterative 
attribute derivation also is an important functionality 
of our SimVis system. Applying gradient estimation 
repeatedly, for example, results in second- or higher-
order differences. Figure 5.4 gives an example of how 
data gradients of different orders are used for 
feature specification. In a 3*2D+1*3D scatterplot 
view the simulation time (red axis), normalized first-
order gradients of temperature (green axis), and 
second-order gradients of temperature (blue axis) 
are plotted against each other for the flow data set 
from figure 

 

We include smoothing of data according to  in our 
system, where t denotes the time of the current data 
item of interest. As a filter a Gaussian lobe with σ = 1 
is used from [−4, 4], scaled to time-interval [−w, w]. 
For other purposes, of course, G also can be 
exchanged with any other filter kernel easily. 5.2.2 
Feature specification relative to data changes Often 
the min-max range of data values with respect to 
certain data attributes changes over time – the 
meaning of what is relatively hot, for instance, 
changes with the distribution of temperature values 
over time.  

 

Figure 5 : Comparison of gradients (left), simple 
normalized gradients for each time step (middle) and 
zero-preserving normalized gradients (right) of 
temperature distributions over time.  

Data is coming from the extended T-junction 
example presented in section. is available with 
respect to the data range of the data attribute at the 
respective time step t then time-step-relative 
features are easily defined: d reli(c, t) = di(c, t)/  max 
c di(c, t) − min c di(c, t). An example are relatively 
high temperature-gradients (realized as a feature 
based on temperature changes) in the case of hot 
inflows into an extended T-junction. For the 
specification of features relative to data changes, 
local data normalization with respect to time is 
necessary. In SimVis, data normalization can be 
applied to any data attribute available during 
investigation. Two conceptually different versions are 
available: the local data range of each time step can 
be simply mapped to the unit-interval as shown in 
equation.  

Summary 

Visualization of complex results from computational 
fluid dynamics (CFD) simulation has become a very 
active field of research. With increasing 
computational power of computing systems both the 
frequency of CFD simulation being used as well as 
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the complexity of the calculations (and consequently 
also the complexity of the results) has increased. The 
complexity is especially caused by the multi-
dimensional, as well as the time-dependent character 
of the simulation. Traditional ways of exploring and 
analyzing the resulting data sets are often no longer 
feasible due to the increased complexity of the 
results. Therefore, supporting engineers in their 
analysis process by providing tools for visual analysis 
is a natural extension to previously employed 
investigation methods, which worked primarily on a 
pure numerical data output without any graphical 
tools. In this thesis a new approach to feature-based 
visualization of complex and large flow simulation 
data is presented. The new approach employs a 
clever combination of methods from scientific 
visualization (SciVis) and also from information 
visualization (InfoVis). After a short summary of this 
new approach and a discussion of the different 
concepts of the framework, we also give a short 
overview about the wide field of applications, which 
have already been explored or are targeted by our 
approach.  

Fuzzy Classification  

In most applications of visualization there are only 
binary or discrete classifications used to establish a 
semantic layer on top of the originally unlabeled 
data. In medical visualization, for example, object 
segmentation plays an important role, and usually 
discrete object maps are used to label voxels of 
either being part of one object or another. In flow 
visualization, also usually a sharp feature extraction 
process is used to discretely partition the flow 
domain into portions which represent certain flow 
features, e.g., a vortex or a recirculation zone. In 
SimVis, we utilize fuzzy classifications (according to 
the terminology of fuzzy logic. The user has reflected 
his interest in flow regions of heavy oxidation by 
interactively brushing data items which exhibit a lot 
of carbon-oxides in the scatterplot (lower left) and 
then refining this specification to only apply to hot 
regions (in the histogram, middle). The 3D view on 
the right shows a focus+context visualization of the 
DPF with the brushed data items highlighted in color 
(color shows velocity magnitudes). The upper left 
view provides a direct and numerical interface to the 
hierarchical brush definition and all its parameters. to 
assign probabilities of class containment. This is 
accomplished by employing smooth brushing as an 
extension to standard brushing methods in SimVis. 
By smooth brushing, the user specifies a non-
discrete DOI function, allowing to smoothly 
discriminate data items in focus from those in 
context. This is an important feature of SimVis as it is 
often not really possible to sharply delimit flow 

portions of interest from all the rest – usually 
between a certain region of full, i.e., 100% user 
interest and completely uninteresting portions of the 
flow (DOI-values of 0) a border region exists for 
which a gradual change of DOI-values is assumed. 

Application Examples and Possibilities  

We have recently shown in two case studies, as well 
as in many of our other works, that the SimVis 
approach is generally applicable. Our original goal 
was to provide an analysis and exploration 
technology for results from CFD simulation, 
especially from the automotive industry. But recently 
we also employed SimVis technology for the analysis 
of data from other application fields, and thereby 
proved the generic nature of our approach. In the 
following we give a short overview about application 
fields from which we recently analyzed data, as well 
as an outlook to further application domains.  

 

Figure 6: Analyzing mixing fluids in two different T-
junction layouts: smooth brushing of a recirculation 
area in a simple T-junction (left), a scatterplot view 
was used to specify the recirculation feature (middle); 
analysis of mixing hot and cool fluids in an extended 
T-junction, only hot flow regions are shown (right).  

Applications in Sports    Simulation is applied in 
applications of sports, especially for the purpose of 
improving aerodynamic behavior in speeding 
competitions. SimVis has been recently used to 
analyze the results of a simulation of ski jumping. 

Medical Applications   In medical applications, 
several application fields for employing CFD 
simulation have already been identified (see also 
chapter 1). We recently analyzed data from the 
simulation of blood flow in the junction of three 
blood vessels (see figure 8.7).  

Financial Business Applications  As the SimVis 
approach employs many different concepts and 
technologies from the field of information 
visualization, it was straight forward, to also employ 
the framework for more abstract data, coming from 
different sources. We, for example, analyzed financial 
data coming from a stock market  with SimVis. Here, 
of course no spatial data component is available, but 
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nevertheless all InfoVis views can be used to view 
different data attribute distributions (over time) and 
thereby analyze complex relations in the data sets. 
This example shows, how general the SimVis 
approach is.  

Further Possible Application Domains  As the 
above examples have shown, many more application 
fields for our framework for interactive visual analysis 
are suitable. Data sets from different kinds of 
simulation (like climate simulation, simulation in 
molding applications, etc.) are very similar to the 
applications mentioned above, and therefore can be 
easily investigated and analyzed with the SimVis 
technology. The last example (analysis of data from a 
stock market) has also proven, that, with some 
restrictions, even the analysis of more abstract, e.g., 
financial data or CRM (customer relation 
management) data, is easily possible with the 
presented framework. 

Conclusions 

One of the main concerns of recent visualization 
research has been to come up with approaches and 
solutions that are applicable in more than just a few 
specialized cases. But how to characterize the 
necessary requirements for the design of approaches 
that are likely to be used by a wide-spread 
community of users? Such an approach must 
definitely include concepts like flexibility, 
generability, scalability, as well as intuitive usability in 
a well-balanced combination. The framework for 
interactive visual analysis of large, multi-dimensional, 
and timedependent flow simulation data presented 
in this thesis was designed exactly with this idea in 
mind, namely trying to provide an visual exploration 
and analysis approach, which is as general as 
possible, and at the same time, very flexible and 
scalable to large data sets. As already has been 
shown in several case studies as well as other 
application oriented project setups, the approach for 
interactive visual analysis implemented in the SimVis 
framework, is at least for data coming from the field 
of 3D, time-dependent, multi-variate simulation (e.g. 
CFD simulation, but also others) a very general 
approach. It generally is applicable for the 
exploration and analysis of data which exhibits a 
spatial component (in 2D or 3D), a multi-dimensional 
character (different data attributes per data item, 
which can also be of different kind, e.g., scalars, 
vectors, etc.), and a temporal dimension. Examples 
from many different fields, including, for example, 
applications from the automotive industry, 
aerodynamics, weather and climate modeling, 
environmental simulations, material sciences, or 
medical applications, can be handled in the same 

conceptual framework with little or no adaption. The 
presented framework is also very flexible, as the 
analysis usually adapts to the users interest (as it is 
defined interactively). Through visual feedback after 
each analysis step and the possibility to iteratively 
refine an analysis, the user is included in the 
generation of analysis results. From collaboration 
with our industrial partners we know that interactive 
exploration and analysis of simulation data often 
follows one of three characteristic interaction 
patterns. One type of exploration is to search for 
places in the 3D simulation where certain feature 
characteristics are present (feature localization). 
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