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a b s t r a c t
Visualization has evolved into a mature scientiﬁc ﬁeld and it has also become widely accepted as a standard approach in diverse ﬁelds, including physics, life sciences, and business intelligence. However, despite its successful development, there are still many open research questions that require customized
implementations in order to explore and establish concepts, and to perform experiments and take measurements. Many methods and tools have been developed and published but most are stand-alone prototypes and have not reached a mature state that can be used in a reliable manner by collaborating
domain scientists or a wider audience. In this study, we discuss the challenges, solutions, and open research questions that affect the development of sophisticated, relevant, and novel scientiﬁc visualization
solutions with minimum overheads. We summarize and discuss the results of a recent National Institute
of Informatics Shonan seminar on these topics.
© 2020 Elsevier Ltd. All rights reserved.

1. Introduction
Visualization is a sub-ﬁeld of computer science based on
methods for conveying complex information by data visualization to support a hypothesis, to extract a model of a particular
phenomenon, or to communicate knowledge across a spectrum
of audiences. These methods are applied by implementing and
using visualization software designed for a particular purpose or
for more generic workﬂows. Visualization has matured considerably as a ﬁeld and a community, and it is a widely accepted
technique for analyzing various data types and data sources. The
maturity of visualization is also reﬂected by the way we try to
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formalize and understand the basic processes and workﬂows that
comprise successful visualization approaches in the context of
speciﬁc application scenarios and science domains. For example,
Munzner [1] formalized the requirements analysis and design of
effective visualization methods, as well as associating common
data types and user requirements with well-known visualization
methods. Chen et al. [2] considered visualization from the standpoint of information theory by analyzing the information loss
and communication channels. They then developed an ontological
framework that allows experts to analyze the technical shortcomings in visual analytics systems [3]. Van Wijk proposed a method
for modeling the value of visualization [4], which includes the cost
factors for developers and users as well as the knowledge that can
be generated by utilizing a system.
Despite all these modeling efforts, the production of novel
visualization approaches and implementing known methods
are hindered by major practical hurdles in terms of the actual
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implementation of a working software prototype that can provide performance insights and/or withstand the tests conducted
by domain users in order to properly evaluate a proposed
approach.
This issue is easy to dismiss given that our community has
implemented, relies on, and is still constantly producing an excessive number of (open source) frameworks, libraries, engines, and
domain-speciﬁc languages. In addition, the challenges posed by
realistic data sets [5,6] and the approaches required (and thus the
sheer quantity of implemented code) are becoming increasingly
complex. These problems considerably increase the ramp-up time
for every new graduate student and given the ever-changing
requirements of diverse domains, the entry barrier for valuable
contributions in our ﬁeld is indeed a moving target. In this study,
the term visualization software encompasses the whole range from
one-shot software prototypes to feature-rich software platforms
that are under continuous development and extension over a long
period of time.
In order to address these challenges, we met for a National
Institute of Informatics Shonan Seminar [7] to discuss and identify the demands that our community faces when working with
the diverse range of existing software and planning new applications from a research and engineering perspective. The engineering side is still often overlooked despite its considerable impact on
the effort required for all of our research. In this study, we present
a summary of our ﬁndings, where we summarize the pitfalls,
challenges, and opportunities that may arise. We aim to increase
awareness in our community of the need to take opportunities and
agree on viable solutions, common benchmarks, and efforts to reduce the overheads we must constantly overcome. New members
of our community should be allowed to stand on the “shoulders
of giants” [8] from theoretical and methodological viewpoints, but
especially in practical terms when engineering an actual approach.
Given the composition of the discussion group at the Shonan seminar, some of the results presented in this study are biased toward
scientiﬁc visualization, but most of the challenges identiﬁed are
generally applicable to the entire visualization ﬁeld. Information
visualization and visual analytics have a wide range of applications
and the large potential user base has led to stable and commercially successful solutions, such as Tableau or Spotﬁre. The tasks
and solutions in scientiﬁc visualization are usually very narrow in
scope, which often leads to many small, specialized solutions.
The remainder of this paper is organized according to the
different challenges and opportunities that we identiﬁed as most
important, which we discussed in greater depth during the oneweek seminar. We introduce the topics in the same order that
they were discussed at the seminar, and we aim to make each
topic as self-contained as possible. In Section 2, we discuss how
the ecosystem encompassing developments and novel approaches
from other communities might inﬂuence visualization software.
In Section 3, we consider the user experience of visualization
software from the perspective of developers and end users (domain scientists). In Section 4, we analyze the barriers to entry
from a developer’s (and thus a visualization researcher’s) viewpoint. In Section 5, we discuss the appropriate modularization
of visualization approaches as building blocks, especially the
choice of an appropriate abstraction level. We then address the
question of whether establishing a single visualization system
would solve many of the problems that we face (Section 6), or if
employing available game engines might be the most appropriate
solution (Section 7). In Section 8, we expand on the sustainability
of existing solutions and the inﬂuence of community activities
and funding. In Section 9, we consider the evaluation of complex
software systems and the quantiﬁcation of success for visualization
software. Finally, we propose an initial typology in Section 10 to
provide a basis for further elaborate and systematic investigations
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of the current state of the available visualization software. The
remaining challenges may be discussed in a future manuscript.
2. The ecosystem beyond visualization
Background and Motivation. In 2004, in his study “On the Death of
Visualization” [9], William Lorensen highlighted the need to “form
alliances with other ﬁelds” to ensure the survival of visualization
research. Visualization research survived and it is now common
practice for visualization software to incorporate technology from
other communities. A good example from scientiﬁc visualization is
the need to deliver graphics capabilities by incorporating rendering
algorithms from computer graphics. Further examples are present
at all stages of the classical visualization pipeline [10], as shown
in Fig. 1, and visualization itself has always bridged a number of
disciplines. We need to consider when and how to incorporate
external technologies for our community to eﬃciently utilize our
collective resources. Ideally, adopting external technologies will
lead to improved visualization software, reduced development
costs, or both.
The need to incorporate external technologies has become
more urgent in recent years because the deployment environment
for visualization software has become increasingly complex. In the
past, visualization development frequently involved producing a
stand-alone binary that could access data on a local ﬁle system
and display it to a user’s monitor. The current requirements for
visualization software are more challenging, where they may
include delivery on the web as a service, accessing data in heterogeneous remote storage systems such as the cloud, working with
data sets that exceed the RAM or even HDD capacity of a desktop
computer [11,12], operating within large software ecosystems
where visualization is just one aspect of the larger overall mission,
or displaying to output systems ranging from mobile and virtual
reality devices to power walls. The solutions to these challenges
often come from other communities and it is often cost eﬃcient
for our community to employ their solutions by borrowing rather
than building.
Challenges. Incorporating external technology presents many challenges. In particular, we focus on the life span, future-prooﬁng,
interoperability, and costs. These challenges have been well understood by the software engineering community for several
decades [13,14], but we think it necessary to reiterate and discuss
the aspects that are most relevant for visualization software.
Life span is an important consideration for both the visualization software and the external technology that may be incorporated. The life span can vary greatly for visualization software:
many projects might last for only a few years, whereas others
continue for much longer. For example, VMD [15] was developed
in the mid-1990s and it is still being extended [16]. VTK [17] was
initiated in the mid-1990s and two popular end-user applications were introduced in the early 20 0 0s, i.e., ParaView [18] and
VisIt [19]. All three products are still undergoing active development. Similarly, external technology may have different life
spans and various releases. OpenGL [20] has been used extensively
by our community, but it may be supplanted by Vulkan [21] or
Metal [22] in the near future. In addition, many visualization
software packages currently utilize Python V2.7, but this version
will not be maintained after January 1, 2020. The basic concerns
for visualization software in terms of the life span include: (1) incorporating an external technology that ends support, (2) making
assumptions about external technology that might make change
diﬃcult in the future, and (3) being forced to allocate developer
time updating to new versions of libraries.
Future-prooﬁng a software design is closely connected to a
software’s life span. Many visualization programs have simple
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G. Reina, H. Childs and K. Matković et al. / Computers & Graphics 87 (2020) 12–29

Fig. 1. Classical visualization pipeline annotated with examples of inﬂuences from other disciplines in different stages.

extensibility paths for new algorithms but some new paradigms
are suﬃciently different to break these extensibility paths. For example, a scientiﬁc visualization program may be well designed to
incorporate new ﬂow visualization algorithms, but unsuitable for
incorporating new user interface patterns. Another consideration is
the hardware employed. Visualization software is naturally affected
by advances in hardware and the evolution of concepts about how
to harness these in the visualization pipeline. Recent examples for
our community include GPUs, multi-core CPUs, and distributedmemory parallelism, as well as upcoming examples including
FPGA and Tensor Processing Units. The choice of programming
language also impacts future-prooﬁng. Contributions in common
or popular languages are more likely to develop a signiﬁcant user
base, whereas unpopular languages are likely to hinder adoption.
As a once popular language choice, Java has now been superseded
by alternatives such as JavaScript and Python [23]. Many systems
such as VTK-m [24] are based on C++, which makes intensive
use of template metaprogramming for eﬃciency. Shader languages
have also evolved tremendously over the last decade and a half.
Furthermore, the choice of language inﬂuences the impact of the
code produced. In terms of best practice, we consider that it is
critical to understand the purpose of the developed software (e.g.,
performance and accessibility to large groups) and then match
with a programming language that is aligned to the purpose. Many
scientiﬁc visualization applications value performance very highly.
We note that C++ has evolved its standard to adapt to the pervasiveness of parallelism, thereby allowing it to play a signiﬁcant
role in the future for applications that require high performance.
Interoperability is another important challenge. In particular,
a signiﬁcant issue is the data formats that are often introduced
by domain scientists without considering interoperability or
visualization-friendly properties, such as their suitability for
stream processing or parallelization. Another signiﬁcant issue
is the programming language employed, where some languages
facilitate interoperability, such as Python and C, whereas others do
not. Choosing a language naturally enables interoperability with
some technologies, but makes adoption more diﬃcult for others.
Cost, speciﬁcally minimizing the cost of adopting other technologies, is the ﬁnal challenge that we consider. Some technologies
are at the forefront of technological development, thereby making
their adoption a signiﬁcant effort with uncertain prospects. In the
situation where new technologies do not prevail, early adopters
are speciﬁcally affected and must search for alternatives. Given
the generally rapid evolution of computer science and related
technology, any software that persists for at least ﬁve years has

a strong likelihood of witnessing the emergence of a disruptive
technology (e.g., see Fig. 2), which is usually diﬃcult to adopt
and initially unstable. A smaller challenge is the steep learning
curve because studying how to effectively exploit new technology
takes time. These points align with the motivations behind lean
software development [25], which considers the tradeoffs between
costs (development, adoption, and deployment) and beneﬁts.
Conclusion. We will now discuss the aforementioned challenges using the speciﬁc example of applying machine learning—particularly
deep learning—in visualization research. The motivation for considering machine learning is the potential for this technology
to either overcome open challenges, or at least solving these
challenges with less developer time.
Here, future-prooﬁng is crucial because machine learning
software will probably be very different in 10 years’ time. The
visualization developer must design software that meets the needs
of visualization but it must also be interoperable with machine
learning technology. If the software has a life span of a decade
or more, it is likely that the code will have to be adapted to multiple machine-learning development cycles. Finally, the adoption
cost is high because visualization researchers frequently have no
familiarity with machine learning software.
The overall costs and the beneﬁts of incorporating external
technology can be high. A project that decides against incorporating external technology may keep the costs low, but it cannot
harness potential beneﬁts. Conversely, a project that overly embraces external technology runs the risk of high integration costs
and limited beneﬁts. New technologies can open up promising
research avenues and inspire novel approaches to old problems. In
particular, Ph.D. students will have the opportunity to prototype
new ideas with the latest technologies, study new problems, and
extend their area of expertise.
3. Effectiveness and user experience
Background and Motivation. In this section, we discuss why many
visualization packages are diﬃcult to use, which impedes their
adoption by domain scientists. During the workshop, one participant stated that using the software we develop requires domain
scientists to have PhD level expertise in visualization. This concern does not apply in general because some of the software
produced by our community is easy to use, such as Tableau
(formerly Polaris [26]). Other products such as FieldView [27] and
EnSight [28] are generating licensing fees, thereby indicating that
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Fig. 2. Visualizations of the EDF power plant data set: left, using the conventional OpenGL rendering in ParaView; right, using ParaView’s OSPRay support that adds shadows
and ambient occlusion for improved structure perception. The CPU-based OSPRay ray tracer can be considered disruptive because it demonstrates the advantages of relying
on CPUs, whereas most visualization research implicitly assumes that scalable approaches require a GPU implementation. In addition, since the introduction of OSPRay, the
adoption of ray tracing has increased considerably in visualization. Images courtesy of Aaron Knoll. Data set provided by Kitware. Ownership of the data is attributed to
Électricité De France.

the user experience (UX) is at least acceptable. Further, opensource tools such as ParaView [18] and VisIt [19] have large user
communities, which again implies their usability. However, the
UX is a signiﬁcant issue, where ParaView and VisIt have vast GUIs
that require a signiﬁcant amount of time to understand.
Challenges. A major issue is the goals we try to satisfy with the
software we create. These goals cover a wide spectrum, ranging
from an individual PhD student developing software to advance
their research (research software) to a commercial company trying to make a proﬁtable product (commercial software). Thus,
conﬂicting goals might emerge for research software where domain scientists want to solve problems in their application areas,
whereas visualization scientists are more interested in developing novel visualization techniques. Furthermore, visualization
scientists often provide research prototypes, whereas the end
user is expecting production quality by using industrial-grade
software such as iOS and PowerPoint as a frame of reference. In
these cases, the resources needed to develop software must be
carefully managed. Visualization scientists cannot afford to invest
months of development time in order to save the domain scientist
only minutes when using their software. Thus, there is often a
mismatch between the expectations of the visualization researcher
(perceived as a developer) who wants to spend the least possible
time polishing a prototype and the domain scientist (perceived as
user) who wants the best possible UX. In many cases, visualization
scientists can do more to close this gap, such as by increasing their
knowledge of human–computer interactions, exhibiting greater
commitment to writing documentation, and enhancing their visual
literacy [29,30]. An alternative strategy involves avoiding writing
user interface code (UI) altogether and deploying new approaches
within existing frameworks instead. For example, ParaView and
VisIt both employ building block-based approaches that allow
developers to focus only on building their new capability and then
ﬁtting that capability into the existing interface.
There are also several open research questions regarding the
usability of visualization software with respect to UI design. The
concept of “user guidance” has been studied by the visual analytics
community [31]. Thus, there is an opportunity to collaborate with
this community by focusing on UX and helping to deﬁne the application of these principles to visualization software. The application
of these concepts by the visualization community could include
providing hints and tool tips in the UI, and “‘wizard” dialog boxes

that automatically construct common workﬂows. Furthermore, restrictions based on the type of data loaded could be enforced, such
as by disabling operations that are not possible on the data or in
the current workﬂow. Two high-level questions concern the automatic generation of simpliﬁed versions of UIs, such as dashboards,
and the appropriate UI model to use in the ﬁrst place. In the ﬁrst
cases, an important sub-topic involves identifying the building
blocks for automatic UI simpliﬁcation. In the second case, there
are many possible directions, where the UI could ask users what
they want to do in a similar manner to a conversation. In addition,
the program could suggest examples of successful visualizations as
a starting template (cf. Liu et al. [32] or Alexa et al. [33]). Machine
learning could be employed to guide the user or ﬁlter what they
see (e.g., see Gotz et al. [34] or Keck and Groh [35]).
Conclusion. Making visualization software more usable would have
beneﬁts for both visualization and domain scientists. For domain
scientists, the improved outcomes may include solving problems
more rapidly (time savings) to discover more in the same period
of time (increased knowledge). There are also additional beneﬁts
for visualization scientists. In particular, wider user adoption will
lead to multiple positive outcomes, including increased funding,
an increased reputation in the community, and an increased competitive advantage (for corporations). Moreover, making software
easier to use requires less user support, which saves time and
effort for visualization scientists. A suﬃciently large user community can start to support itself (with Blogs, mailing lists, Wikis,
etc.), which can save further time for visualization scientists. More
usable software increases the likelihood of commercialization by
a company or by industrious students who might attempt to bring
their research to the marketplace. Finally, thorough evaluation of
software by actual users is signiﬁcantly simpler if the software
offers a reasonable UX.
4. Entry barriers to existing solutions
Background and Motivation. Software products require active and
vibrant communities of users and developers in order to thrive in
the present and adapt and change to prepare for the future. The
long-term success of any software project depends on the ability
of developers to maintain, modify, and integrate it with other
related software components, including the ease with which new
developers can join a project and contribute rapidly. At present,
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the entry cost for productive development of existing visualization
software solutions is high, and this is even true for experienced
graduate students with domain expertise. The task is equally
challenging for the users and developers of visualization software,
mainly because of the need to have expertise in both visualization
techniques and software engineering.
Some of the common barriers include a lack of comprehensive documentation. This documentation should extend beyond
reference manuals and it must include the design rationale and
motivation (for users), as well as design documents describing
the overall architecture of the software and how speciﬁc features
ﬁt together (for developers). It should also include examples of
how to add additional functionality, the coding style and practice,
and the software engineering process. It is also important to
document how the compatibility between software modules is
maintained, and the intended interfaces for inter-operability with
other software tools. The vibrancy of both the user and developer
communities will determine the long-term success of community
visualization tools, where this relies on low entry barriers.
Challenges. High entry barriers exist for both the user and developer communities. For developers, the primary concerns are that
the documentation is often outdated, non-existent, or incorrect. In
an ongoing development, internal changes can affect the system
design or programming interfaces even if they do not change the
user experience. In a research environment, time and motivation
constraints often result in outdated documentation, which makes
it diﬃcult for developers to understand the architecture of tools
and learn how to modify, enhance, or ﬁx issues.
Another challenge is that not all developers know the same
programming languages. This is especially important for PhD
students because it will result in delays as they may need to learn
a new programming language or search for another tool.
Another challenge for developers is the potentially complicated
build process for complex visualization software. Visualization
tools often have external dependencies on various libraries. Managing (especially backward) the compatibilities of a large number
of libraries is a maintenance problem. It is quite diﬃcult to build
large visualization tools even if stable third party libraries are
well supported and available. The diversity of operating systems
and compilers is growing and the maintenance of stable build
processes is demanding.
If any of these challenges are not met, developers tend to move
on search for other solutions that will work on their particular
platform with the minimal amount of effort. Developers will
favor software that is highly trusted with characteristics such as
longevity, stability, bug tracking and monitoring, platform support,
and appropriate coding styles.
For the user community, documentation about how to install
and use the software is of key importance, including user manuals,
feature lists, tutorials, and examples. In particular, user-based
tutorials including videos and blogs are very widely used for game
engines. In general, occasional users have different expectations
and requirements compared with intensive users.
Users typically do not want to build the software tools, which
places the burden of providing installable solutions on the development team. For users, one-click solutions such as Docker, Singularity, or web-based visualization tools have lower entry barriers.
Good user interfaces for visualization software are an ongoing
research topic and they evolve as newer technology becomes
available. It is diﬃcult to design a user interface that is effective
for both occasional and intensive users. In addition, not all potential software usage scenarios can be anticipated. Providing an
adequate interface for all use cases is intrinsically impossible (see
Fig. 3). Therefore, re-conﬁgurable UI and UX for existing software
has been studied as a middle ground [36].

Conclusion. The visualization community has tried a number of
approaches for overcoming entry barriers. In particular, visualization software has been wrapped into interpreted languages such
as Python and Lua to aid developers. Meta-build tools can simplify
the build process, such as build_visit for VisIt and superbuild for
ParaView. Package management simpliﬁes the installation of visualization software (e.g., Nuget, npm, macport, conda, and spack).
Visual programming has been included in many visualization
systems and pipeline designers have been implemented (e.g.,
all systems in Fig. 3 use this concept in different ﬂavors). This
paradigm also extends to game engines, where one example is
Blueprints in Unreal Engine. Repeated tasks are supported by
macros and compound modules in some visualization software.
Lowering the entry barriers involves a number of open research
topics, including ﬁnding the best way to mix and match features
from different systems to create custom solutions, determining the
appropriate designs for better re-usability in visualization software, measuring the entry barriers for developers and users alike,
and generating and updating documentation for both developers
and users.
We recommend the following solutions to lower the entry
barriers for visualization software. The ﬁrst recommendation is
targeted at improving the user experience, which means that this
topic is tightly linked to the challenges discussed in Section 3,
e.g., wizards that construct a suitable workﬂow for a speciﬁc data
type and task. Another effective training aid involves cooperation
between domain scientists and the visualization community.
Strategies such as “tiger teams” or “liaisons” pair domain scientists
with visualization experts for targeted visualization projects to
allow the free ﬂow of both domain and visualization knowledge
between people. These strategies can help domain scientists to
understand the most eﬃcient ways to use tools, as well as informing visualization developers about how the tools are being
used and how they could be improved. Finally, we note the need
for domain-speciﬁc interfaces for visualization software. Domainspeciﬁc visualization software beneﬁts from a narrow scope that
allows the UI to focus on a particular type of visualization and
adjust to the mindset of the users. General purpose visualization
software beneﬁts from a rich set of capabilities, but usually at the
expense of a higher entry barrier.
Documentation aimed at both developers and users is critical
for the longevity and success of all projects. Explanations of the
design and functions of the software, as well as the intended use,
need to be kept up to date. Manuals, tutorials, examples, and
videos play a key role in providing accessible documentation to
both communities. Incompatibilities between software libraries
cause compile time and run time problems, so lists of dependencies must be maintained, including the version numbers of
libraries. These challenges have persisted over the years, mainly
as a function of the size and disjointed nature of the visualization
software community. Due to the scope, nature, and complexity
of visualization research and visualization software development,
most efforts are devoted toward the functionality, whereas documentation and training are often given a lower priority. Thus,
an opportunity exists to identify and deﬁne common designs
and abstractions, software stacks, development, and deployment
mechanisms to simplify the software for both the developers and
users. Finally, it would be helpful to quantify the entry barriers
for developers and users in order to determine whether suitable
measures have been implemented. However, in our opinion, it
is diﬃcult to determine such a quantity in advance because it is
highly dependent on the speciﬁc problem as well as the personal
experience and pain threshold of the individual user. Thus, we
envision a structured evaluation for quantifying the individual
entry barrier in terms of a speciﬁc problem in a similar manner
to the McGill Pain Questionnaire [37]. This questionnaire would
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Fig. 3. Selection of different visualization systems, from left to right: VisIt, ParaView, Inviwo, and MegaMol. All have a complex interface and radically different interaction
paradigms, so users must prepare their visualization in different ways.

allow us to relate the problem complexity, the time spent using
software and reading documentation, and the results obtained
(i.e., but using van Wijk’s increase in knowledge K [4]).
5. Building blocks and abstraction
Background and Motivation. Our community has generated many
visualization software systems but no two systems are the same,
although they often contain common parts. In particular, they
typically share components related to user interaction, as well as
speciﬁc visualization algorithms and rendering and windowing
APIs. In some cases, the novel elements require new implementations. In other cases, the elements developed for one tool can
be reused in another. We assume that this reuse would involve
community software comprising building blocks. These building
blocks may be developed by the ﬁrst person who requires a
capability and they would then be reused (and possibly improved)
by others who need the same capability.
Our community has produced several successful types of
visualization building blocks. These building blocks have been designed at different granularities, and they have been implemented
as visualization toolkits with composable modules in some
cases. Examples include AVS [38], D3 [39], ITK [40], SciRUN [41],
VTK [17], and VTK-m [24]. In other cases, the building blocks
comprise modules that solve one piece of a problem very well.
These examples of toolkits are mostly for environments employed
for rendering, e.g., OSPRay [42], or for graphics and interactions,
e.g., Unity and Unreal Engine [43,44]. Furthermore, some environments provide mechanisms for combining modules, such as
Jupyter Notebook [45], SciKit Learn [46], and Matlab [47]. Finally,
our community has developed building block systems where the

modules can be plugged together using domain-speciﬁc languages,
such as Scout [48], Diderot [49], Vislang [50], and Vega Lite [51]. In
addition, many applications provide building block systems via a
GUI (or scripting), including examples developed by participants at
our workshop such as FieldView [27], MegaMol [52], Inviwo [55],
ParaView [53], and VisIt [19]. Despite these successes, it not clear
how to design building block systems that satisfy the needs of
most of our community.
Challenges. Our discussion of the speciﬁc challenges is organized
into technical aspects related to system development, technical
aspects related to system maintenance, and non-technical aspects.
Multiple technical barriers affect system development. First,
the diverse set of factors involved includes many that may be in
conﬂict, including the platform (Windows, Mac, and Linux), language (e.g., C, C++, Fortran, Python, Java, and Javascript), science
domain that needs to be supported (e.g., biology, medicine, and
physics), and data model. For example, a virtual reality application
for molecular visualization requires a rendering infrastructure
that can deliver a very high frame rate (e.g., 90 fps), whereas
applications for handling very large data sets from physics simulations can often tolerate much lower frame rates (e.g., 10 fps).
These different requirements explain why the respective communities have pursued different rendering strategies. However,
common building blocks may exist that beneﬁt both. A second
related problem involves possible trade-offs. Principles such as
ﬂexibility and generality often increase reuse, which reduces
the overall developer time (at least for the next developer), but
these principles are often in conﬂict with performance goals. In
communities where users expect a comprehensive functionality,
sacriﬁcing performance may be the only way to deliver a product
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with an acceptable feature range, but this is not the case in other
communities. The granularity of the building blocks is another
characteristic related to trade-offs and performance. Building
blocks can be designed along a granularity spectrum from ﬁne
to coarse. Thus, building blocks may perform very small tasks
at a ﬁne granularity, which favors reuse, or they may perform
lengthy complicated tasks at a coarse granularity, which favors
performance. A third technical consideration when developing a
system is interoperability. The building blocks will need to work
together to maximize the reuse potential of a system, which
requires addressing diﬃcult issues related to shared data models.
Technical barriers also affect system maintenance, and one
speciﬁc concern is suﬃcient testing. This issue is of increasing importance if a developer community is growing and each developer
writes only a small part of the code. Furthermore, the large variety
of available hardware makes this more diﬃcult because developers
with a large software base may only have access to a subset of the
hardware that needs to be tested, e.g., GPUs, distributed memory
parallel systems, PowerWalls, and virtual reality devices. Thus,
there is a possible risk that code will become fragile if many
hardware features need to be supported. Another concern is the
management of a large code base. For example, if all developers
contribute their self-designed volume rendering code, then many
modules choices will be available, with only marginal differences
in some cases. Thus, a vibrant project may risk being damaged by
its own success. A ﬁnal concern is the future-prooﬁng of projects,
where systems must be able to evolve as requirements change
over time or become obsolete.
Finally, we consider barriers that are not technical in nature.
The ﬁrst problem involves obtaining funding for initial development and for maintenance. Another issue is related to the creation
of a community. A successful building block project must be
equally attractive to developers and users. The building blocks
should be easy to handle for users and also easy to incorporate
into their workﬂows. Several concerns affect the developer side.
One issue involves encouraging the participation of developers,
i.e., there should be a low entry barrier to writing modules and
contributing them. In particular, an appropriate reward model
should incentivize individual developers. Participation will be
discouraged if a developer contributes code, but only somebody
else beneﬁts. Furthermore, the software development process
must be coordinated such as by moderation of the community,
and developers must be encouraged to provide contributions that
are crucial for the project’s success, e.g., creating documentation.
Conclusion. Solving the challenges identiﬁed above would have
many beneﬁts. We discuss these beneﬁts in the following in term
of their costs, community value, and advancing science.
In terms of costs, the primary beneﬁt is minimizing the time
required to build new software for developers. A successful building blocks project will have additional cost-related beneﬁts. For
example, low cost software development may promote new approaches, such as the development of rapid prototypes or software
intended for very small user groups. Furthermore, this model
may enable access to better solutions (faster, with fewer errors,
and more features) compared with the completely self-written
solution, which is also more expensive (see Fig. 4 for an example
of how the MegaMol framework has changed over a decade to
leverage the improved open-source community). Finally, there is
a cost savings beneﬁt of developing expertise. Programmers can
develop modules according to their own expertise with a building
block model, which can then be used many times by non-experts.
Subsequently, novices can exploit the building blocks made by
experts to rapidly develop their own solutions.
There are also many community beneﬁts, such as economy of
scale, which is a different perspective to that discussed regard-

ing costs. Another community beneﬁt involves increased impact. If
many people work together on a project, they often have contacts
with a larger number of end users. Thus, the modules developed
by one person are more likely to be used by many others. A third
beneﬁt is validation because the software will be used in more
contexts, while the results will be viewed by more people, and the
lifetime will probably be longer. A fourth beneﬁt is the increased
credibility of a larger software project, including the beneﬁts for
potential stakeholders because results are produced over a longer
period of time. Finally, if a project is maintained by many people,
the impact to the project caused by a community member leaving
due to retirement, graduation, or a change of interests is reduced.
Two additional beneﬁts are related to the advancement of
science. The ﬁrst is reproducibility because if algorithms are contributed to a public system, the results can be reproduced more
easily. Reproducibility is currently a weak point in our community
because many research results are diﬃcult to replicate. The second
beneﬁt is improved utility where the building block design naturally leads to increasingly feature-rich software, which can then be
applied to solve more complex problems. Furthermore, the usage
of building blocks decreases the implementation effort and this
can also lead to more sophisticated software because more time
can be spent improving the user experience and accessibility for
less experienced users.
6. One visualization system to ﬁt all needs
Background and Motivation. An essential issue in visualization involves the basic software infrastructure that should be used for
research and development. An approach with widespread success
is employing a readily available framework such as Amira [54],
Inviwo [55], MegaMol [52], MevisLab [56], ParaView [18],
SCIRun [41], VolumeShop [57], Voreen [58], or VisIt [19].
Alternatively, researchers may develop a software infrastructure
for their own group (and possibly collaborators) or only implement prototypes for individual PhD theses or even single research
projects or publications. The successful use of VTK [17] demonstrates that agreeing on a powerful framework can have many
beneﬁts [59]. However, it can also be limiting because new research ideas, novel hardware, the speciﬁc details of new data
modalities, or data sizes might not ﬁt well into the existing
code-base, structures, and approaches.
The primary goal of the project signiﬁcantly determines
whether to use an existing system or to develop a new one. This
can involve either supporting a large user base or producing a
novel algorithm for a publication. Using an existing system might
impose technical restrictions or limit the developer’s creativity.
It is unlikely that a huge system will ever be fully accepted by
the entire community. As a consequence, both developing new
software and extending an existing system are used in practice.
Ideally, the visualization systems developed by different groups
should work together in order to exploit the advantages of each
instead of repeatedly implementing existing techniques. This
would also facilitate the transition from a research prototype
to a stable visualization production system. We focus on these
interoperability aspects in the following.
Challenges. The interoperability of software systems is strongly inﬂuenced by the choice of programming language and corresponding infrastructure. In particular, it is more diﬃcult to integrate
different libraries, and components into C++-based frameworks
compared to frameworks based on Python or JavaScript, which
have widely distributed package managers and linking issues are
avoided by design.
Direct interoperability between systems implemented using
different programming languages is quite complex [60] if it is
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Fig. 4. Comparison of the external dependencies in MegaMol for its initial design in 2008 (left) and that in 2019 (right). Third-party projects are shown in blue, in-house
projects in green, and dependencies of dependencies in red. It should be noted that the C++ cross-platform open source ecosystem did not provide many high quality
building blocks a decade ago and much was developed in-house. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version
of this article.)

possible at all. In these cases, the easiest way to achieve interoperability is to consider the underlying data model. Nevertheless, data
can rarely be shared or exchanged directly between visualization
systems. Some examples of existing data structures or formats are
NumPy (multi-dimensional arrays) [61] and ﬁle formats such as
NRRD [62] and the VTK [17] ﬁle format. File format containers
such as Hdf5 [63], netCDF [64], and ADIOS [65] can be quite problematic because there are no semantic deﬁnitions of their contents
and the code will rely on assumptions (or user interaction) to
interpret the data.
Using a common data model also has several challenges. First,
this approach could hinder creativity and reduce ﬂexibility. Second, obtaining optimal performance usually requires an internal
data model geared toward a speciﬁc use case and hardware setup.
Thus, a problem arises regarding whether to invest the time for
data conversion and how many times to perform this process.
This can happen either each time the data set is loaded, which
sacriﬁces the responsiveness, or once as a pre-processing step and
storing the converted data to disk, which incurs storage demands.
In addition to these challenges, it is not clear whether only providing data models without any functionality is a viable approach.
For instance, we assume that more people would use the VTK data
models if they were not tightly bound to other VTK components
but present in a self-contained and lightweight library instead.
It is diﬃcult for the entire visualization community to adopt a
single data model but the availability of an excessive amount of
idiosyncratic data models leads to a quadratic conversion problem
between systems.
Conclusion. We believe that the costs of developing a single
community-agreed system outweigh the beneﬁts. In terms of the

data model employed, less time is required to learn and utilize
an existing system because it is often suﬃcient to understand the
underlying data model. Furthermore, in the absence of a common
data model, performance or storage issues usually occur because
data must be frequently converted or stored in multiple formats.
Therefore, providing a single, extensible, and community-agreed
data model may be a successful approach. Thus, it is necessary to
determine the different requirements of various visualization communities and a taxonomy of these communities would be helpful.
A viable short-term option may involve creating a bundled development environment that integrates important visualization libraries. Visualization developers could download this environment
and conﬁgure the libraries that they wish to use in a similar manner to a package manager. This environment could be implemented
in the popular build tool CMake [66] via the external project mechanism. The bundle would provide useful libraries for visualization,
such as Hdf5 [63], netCDF [64], OSPRay [42], Inviwo [55], ITK [40],
TTK [67], VTK(-m) [17,24], Kokkos [68], or Sensei [69]. This may
appear to be a textbook example of containerization, but support
for specialized hardware and features such as GPU acceleration or
HPC systems using MPI communication is not yet reliable.
7. Game engines as data visualization platforms
Background and Motivation. For the last two decades, computer
video games have been a primary driver of the development of
GPU technology, which has been highly beneﬁcial for the visualization community. During the same period, game developers
have also developed game engines. These frameworks facilitate the
development of games by making them signiﬁcantly more eﬃcient
and feature-rich. Recently, some of these engines have been made
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publicly available under varying licenses, such as Unity [43],
Unreal Engine/Studio [44], and Unigine [70]. Other engines have
also been developed as open source, e.g., Godot [71].
Unity and Unreal Engine, which are two of the major game
engines, are both cross-platform, covering all platforms that are
suitable for data visualization, i.e., Windows, MacOS, Linux, iOS,
Android, and tvOS. They support a variety of interface environments (desktop, mobile, AR/VR/MR/XR, head mounted displays,
touch, and multi-display clusters) and the necessary graphics
APIs (Direct3D [72], OpenGL [20], Vulkan [21], and Metal [22]).
Both engines support features such as high dynamic range rendering, asset management, animation systems, particle systems,
cinematics, AI controllers, network and multi-player support,
and marketplaces for developers and creative artists. Unity and
Unreal Engine also differ in some respects. Unity is smaller and
has fewer built-in features compared with Unreal Engine, which
comes packed with out-of-the-box functionalities. Unreal can also
be considered more artist friendly. It does not require traditional
programming and offers the Blueprint visual style of programming
logic, materials, and many other components such as AI behavior.
Unity has a lower entry barrier for programmers through C# and
the possibility of directly writing shaders in HLSL. Unreal Engine
requires adherence to stricter C++ interfaces and architectural
constructs for adding custom code and compute shaders, thereby
making it more demanding for the developer.
These game engines are parts of entire ecosystems with tools
to support the creative production pipeline. They support the “last
mile” by providing an interactive and real-time graphics experience to end users, and they are currently being implemented in
ﬁlm and live broadcast production. The current convergence in
production pipelines for real-time three-dimensional (3D) graphics
and classical visual effects (VFX) for ﬁlm is transformational in
many ways, as follows.
•

•

•

Shared toolset: Many of the tools for asset creation are suitable for use in both VFX and real-time graphics workﬂows,
including model creation [73,74], material authoring [75,76],
animation rigging, and motion capture [77]. Extensibility and
interoperability are provided through plugins, which allow liveview feedback, real-time procedural generation, and variations
of assets.
Real-time ﬁlm production: Game engines have been used
for pre-visualization in VFX production to provide a preview
of planned shots and scenes [78]. The quality of real-time
graphics has increased to a level where it can be used for
compositing in the ﬁnal result [79], as well as live broadcasting
from virtual studios, e.g., adding advanced visualizations of
weather phenomena [80]. Live lighting and background effects
can be generated to capture an appropriately illuminated live
action character in real time [81,82].
Ray tracing: The recent introductions of real-time ray tracing [83,84] and path tracing [85,86] have reduced the need for
preprocessing and pre-baked lighting effects to obtain highquality end results, thereby further decreasing the differences
between VFX and real-time rendering pipelines. High ﬁdelity
support has also been incorporated due to demands from the
automotive and manufacturing industries [87,88].

Many of the features described above are not typical direct
data visualization techniques. However, they represent massive
development efforts by a large community who have created a
rich ecosystem of tools and platforms that could potentially be
applied for exploratory and explanatory data visualization. Epic
Games is also making signiﬁcant efforts in the enterprise sector
via Unreal Studio [89], where they are targeting industries beyond
games such as architecture, automotive, media, and entertainment.
Unreal Studio is essentially Unreal Engine with additional support

for data exchange through Datasmith [90]. To further broaden the
scope and use cases for Unreal Engine, Epic MegaGrants [91] was
announced in March 2019 with funding of $100M. The call for
proposals explicitly encourages non-game-related developments
and it is even open to individuals.
Game engines have great potential for creating interactive
applications with a variety of interface modalities (e.g., desktop, mobile, VR/AR/MR/XR, and touch), as well as high quality
data visualization video content in multiple formats (e.g., twodimensional (2D) screens, large/multiple screens, 360 video, and
full dome video). It is an open question whether the data visualization community should join these massive efforts and contribute
rather than creating their own visualization software universe.
Challenges. The modern game engine has been developed over the
course of two decades, with the aim of delivering the highest performance and best visual quality at run-time. Thus, performance
and shortcuts have been favored over readily comprehensible
architectures and software concepts, thereby yielding complex and
intricate software architectures, which are cognitively demanding
and require much effort to understand. Therefore, an approach
based on a game engine may take longer to explore compared
with setting up a basic OpenGL application and exploring shader
techniques. However, this approach can be rewarding for a PhD
student in terms of learning outcomes. In addition, the workﬂow and typical work tasks in game development have received
signiﬁcant attention and they are quite eﬃcient.
Generally speaking, levels and worlds are created by importing
and assembling assets into a game engine editor where the application (or game) logic is implemented. Finally, the application
is built and packaged for speciﬁc target platforms. In this context,
a game engine follows a simple and well established process. By
contrast, visualization applications do not package the data with
the application. The data must be loaded into the system dynamically and via user interactions. In addition, native visualization data
often do not exist as meshes and textures, but instead they are
either used directly in the rendering process or employed to generate meshes and textures, or their combinations. User interactions
typically cause the geometry and textures to be modiﬁed or regenerated in order to reﬂect user choices when exploring the data.
Typical visualization applications generate most visual representations of the data in a dynamic and interactive manner. In games,
most of the data usually have static representations, which may be
animated but their structure or topology do not change entirely.
Thus, implementing and adding necessary functionalities is
demanding and it requires a deeper understanding of the multithreaded rendering pipeline in order to eﬃciently generate
dynamic geometry. Less material is available online such as documentation, tutorials, and examples to aid understanding, and
to show how to implement appropriate visualization techniques.
Nevertheless, efforts have been made at using game engines for
data visualization purposes, particularly for VR/AR environments.
Some previous efforts at exploiting game engines were related
to generic data and network visualizations. In particular, Kwon
et al. [92] presented and examined methods for showing graphs
in an immersive environment using HMDs and the Unreal Engine.
The nodes and edges in the graph represented as points and
splines are used in a compute shader to generate the renderable
meshes in an interactive manner. The exploration of multivariate
data in VR using HMDs was presented by Cordeil et al. [93] (a
video [94] is available). All dimensions are accessible to the user
who can select and connect them either by creating 2D or 3D
scatter plots or link axes in a parallel coordinates plot. This allows
the user to immersively explore a large number of data visualization conﬁgurations in an intuitive manner. The components
from the ImAxes paper [93] were generalized and included into
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Fig. 5. Unreal Engine Editor showing a helical layout visualization of a large data set for the Big Data VR Challenge.

the Immersive Analytics Toolkit (IATK) [95] available for Unity.
Another toolkit for Unity is DXR, which was introduced by Sicat
et al. [96] and it aims to simplify the creation of data visualization
applications for extended reality, including augmented and virtual
reality. DXR provides a declarative visualization grammar inspired
by Vega-Lite [51], so applications can be deﬁned without dealing
with low-level C# programming in Unity.
In 2015, Epic Games and the Wellcome Trust launched a Big
Data VR Challenge [97] in order to attract developers to create
visualization applications for VR using the Unreal Engine. The
team called Masters of Pie was the winner and they showcased
how data can be visualized [98]. A view of the project in the UE4
Editor is shown in Fig. 5.
Game engines have been used in other domains such as
biochemistry, molecular visualization, and drug discovery. UnityMol [99] is an open source library for use with Unity, which
provides molecular viewing and a prototyping platform. Kingsley
et al. [100] presented a system for collaborative drug discovery
based on the Unity platform. Other examples of the use of the
Unreal Engine can be seen in YouTube videos [101,102].
Conclusion. Game engines have been used in several scientiﬁc
domains, but particularly in biochemistry and immersive data
visualization. Extending their use in further domains requires
additional work in terms of data processing and management as
well as the dynamic and interactive creation of visual representations. Game engines provide tools to allow the simple assembly of
applications in game development. Their possible beneﬁts for data
visualization could be quite transformative. Useful content for public dissemination and science communication could be generated
with the data visualization tools available in game engines, including videos and interactive applications, together with compelling
storytelling.
The following actions are necessary to promote and facilitate
the adoption of game engines for data visualization.

•

•

•

•

Generate a collection of tutorials outlining the principles
for data management and the dynamic creation of visual
representations within game engines.
Produce examples that can be shared and used for learning
and the creation of new applications and examples.
Share best practices for typical visualization tasks on online
forums.
Create sets of reusable tools and plugins that can be shared in
the available marketplaces.

The effective use of game engines for scientiﬁc visualization
has been demonstrated by several successful examples of integrating VTK and Unity [103,104] as well as the Unreal Engine [105].
Producing visualizations using a game engine also allows us to
exploit the functionalities that the engines already provide in
order to create rich and intriguing visual storytelling around data
visualization for experts or the general public.
8. Medium-term funding and sustainability
Background and Motivation. The development, extension, and
maintenance of sustainable state-of-the-art visualization software
requires skilled personnel. Substantial ﬁnancial resources and
long-term commitments are required to achieve the level of stability and quality that distinguishes usable software from research
prototypes.
These efforts are of great interest to both the visualization
community and domain users, where the former require re-usable
visualization libraries that enable fast prototyping to accelerate
innovation and the latter need novel visualization solutions that
solve actual problems or accelerate insight processes. Depending
on the type of software and intended application domain, different
strategies can be employed to convert an initial prototype into a
valuable and long-lasting tool with high impact, and acquire sufﬁcient funding for its development. Reniers et al. [106] presented
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an iterative process that evolves a research prototype to an actual
product and demonstrated a case study based on the visual analytics tool Solid∗ . The lessons that they learned can provide valuable
guidance throughout the process from an engineering viewpoint.
However, substantial ﬁnancial resources are still required.
In most public basic research funding schemes, particularly
ICT research, sustainable software development is not considered
research, and thus it is not eligible for funding. However, we are
currently witnessing an increase in the awareness of the value
of research software and it is affecting the funding landscape.
The National Science Foundation (NSF) in the USA is becoming
more supportive of community software. The National Institutes
of Health (NIH) invest even more resources into software development than the NSF. In Europe, several initiatives have focused on
funding software sustainability, including the Wellcome Trust and
Software Sustainability Institute in the UK, DFG in Germany, and
H2020 projects in the EU.
Another opportunity arises when domain users identify software as new enabling technology for their research and start
to invest into its development. An example is the inclusion of
third-party contracts for software development in the funding
applications of domain experts.
Another possible avenue involves founding a company dedicated to sustaining a research software package, which can be
facilitated by seed funding opportunities similar to those offered
by the US Small Business Seed Funding and the SME Instrument
of H2020 in the EU, or by venture capital ﬁrms. These can be
employed to transform a prototype into usable software that
is ready for commercialization. Examples of previous successful
startups include Trifacta, Tableau Software, and Amira. Conversely,
Kitware has structured their business model around supporting
open source software (ParaView, CMake, and others) with a clear
research focus. However, for most types of visualization research
software with very speciﬁc functionalities and a narrow focus,
the expected customer base and thus the revenue is often not
suﬃciently large to attempt this step.
In rare cases, a company might be interested in pushing their
technology into the research community and allocate funding. An
example is Intel supporting the integration of their open-source
ray tracer OSPRay into visualization frameworks such as MegaMol,
VisIt, and ParaView.
Challenges. Most research funding sources typically do not make
funding decisions or evaluate projects based on the quality of the
software produced, which poses a problem when trying to ﬁnance
software derived from research projects. The funding agencies
are primarily interested in the advancement of science, which is
usually measured in terms of publications. However, experts from
the application domain expect a usable tool as an intrinsic part
of a collaboration. Dedicating a sizeable amount of resources to
produce a reliable tool may reduce the quality and quantity of the
scientiﬁc output. Reaching a balance between meeting the needs
of collaborators and the requirements of funding agencies is a
challenge. PhD students are generally more inclined to maximize
their scientiﬁc results to further their career, which is also in the
interest of the funding agencies. However, this attitude can be
detrimental to a project because the resulting software will be far
from useful and the collaborators might lose interest.
Intellectual property is another challenge related to funding.
In particular, intellectual property can become an issue when
software starts to be useful to a broader audience. Disagreements
concerning utilization and/or commercialization among the involved parties can prevent the dissemination of software. Thus,
all rights and responsibilities among the parties involved must be
clariﬁed in detail before an investment is made. In the best case,
the legal set-up is deﬁned and agreed upon at the start of a soft-

ware development project. Conversely, funding agencies, such as
the German Research Foundation, often strongly encourage or even
require open-source software to facilitate the re-usage of publicly
funded software by other researchers. The choice of the licensing
scheme under which software is published should be aligned
with potential commercialization plans or targeted user groups.
Using permissive software licenses, such as MIT, BSD or Apache, or
combining a dual licensing scheme such as a copyleft license with
a commercial license can deﬁnitely ease the commercialization
process. However, if software is compiled using other software
libraries published under a mixture of licenses, then this model
might not be applicable without violating one of the licenses.
Providing software under an open source license and patenting
the invention at the same time is possible and this is a viable
approach for protecting the usage of the invention independent of
the published code depending on the license selected.
Conclusion. Software development requires time and this time incurs costs. Thus, the visualization community cannot grow without
ﬁnancial support to transform research ideas into usable software.
The funding agencies and stakeholders that invest in research
and innovation should become more aware that it is cheaper to
support quality software development than to pay for repeatedly
replicated programming in the long run. Visualization is predominantly an enabling technology for scientiﬁc discovery. Funding
sources should realize that including support for software development can have far-reaching impacts on many scientiﬁc domains.
Given the lack of suﬃcient consideration at present from
funding agencies, scientists need to ﬁnd alternative sources for
ﬁnancially supporting software development and maintenance.
Researchers need to factor these costs into their budget estimations in project proposals, but this will make it hard to compete
with proposals that do not. A viable option is to involve undergraduate students in the software development process, although
their limited experience can lead to lower quality software. Here,
another obstacle to effective sustainability is that students usually
participate in a project only for a short time.
At present, software that is adopted by a community is considered to have a good chance of becoming sustainable. The
community can loosely collaborate and collectively contribute to
software development. The development cost is then distributed
among the members, which can make the support requirements
more manageable. A vibrant community can induce reinforcing
circular effects, where the software makes the research more
productive, research adds functionalities to the software, the
added functionalities increase the impact of the software, and the
added impact helps those involved with securing new funding for
the next research project. Building up a community is a diﬃcult
task, which requires a lot of time and commitment, and it is still
not guaranteed to succeed. Prior research is necessary to estimate
the size of the potential community. A community will typically
only work for software that is either open source or otherwise
extensible, or that offers free academic developer licenses.

9. Evaluation of software and quantiﬁcation of success
Background and Motivation. At present, it is diﬃcult to convince
reviewers and readers of a scientiﬁc paper that a novel visualization technique or tool is eﬃcient and effective without some
type of evaluation. Various types of evaluation can be conducted
depending on the object evaluated. Evaluating a visualization technique is quite different from evaluating a visualization tool or a
visualization software library. We have considerable experience of
evaluating techniques and visualization tools, but less experience
of evaluating visualization development libraries.
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Evaluation practices in our ﬁeld have been reviewed in at least
three surveys. Lam et al. [107] introduce seven evaluation scenarios used in information visualization derived from more than 800
papers. Isenberg et al. [108] built on these scenarios and described
the current status and historic development of evaluation practices
based on 581 papers published at the IEEE Conference on Scientiﬁc
Visualization (IEEE VIS SciVis). The vast majority of the papers
considered in both surveys dealt with evaluations of visualization
techniques. Preim et al. provided a critical discussion of the evaluation practices employed for medical visualization [109], which
are also useful for the whole visualization community. Finally, a
group of visualization researchers with an interest in evaluation
organizes the Biennial Workshop on Evaluation in Visualization
(BELIV) at the IEEE VIS conference.
Challenges. The majority of user studies in visualization, especially
evaluations of new visualization techniques, were performed in
laboratory settings based on strictly deﬁned questions and in a
limited period of time. This type of set-up is certainly necessary but it is not always favorable for an exploratory evaluation,
which is the typical use case for visualization software. In some
cases, more formal evaluations were conducted outside predeﬁned and strictly controlled laboratory settings. In particular, Seo
et al. [110] reported the development, reﬁnement, and evaluation
of a tool called Hierarchical Clustering Explorer. By February 2005,
this tool had been downloaded about 2500 times. The authors
identiﬁed six publications by other scientists who regarded this
tool helpful for their further research. The authors then conducted a long-term evaluation based on a six-week study with
six participants from different domains. They also conducted an
email survey of more than 50 software users. Undertaking such
an evaluation is certainly a great effort, but the feedback obtained
is extremely valuable. A similar long-term study is not possible
for every visualization tool, but it should be considered for software tools with many users. Shneiderman and Plaisant identiﬁed
long-term case studies as promising tools for empirical evaluation
because control studies tend to distance themselves from practical
problems and real-world problems [111].
The evaluation of visualization software or algorithms generally
involves many issues regarding what to test and how to do it.
For example, (formalized) interviews are a simple approach for
evaluating user satisfaction. Support requests from users also
provide additional feedback.
For open source solutions, the number of downloads and the
size of the community can be employed as representative metrics.
In 2017, the IEEE VIS conference introduced the Test of Time
award to recognize “articles published at previous conferences
whose contents are still vibrant and useful today and have had
a major impact and inﬂuence within and beyond the visualization community” (papers that were published 10, 15, 20, and
25 years ago are considered for the award). Most of the Test of
Time award papers described visualization techniques. The Jigsaw
system [112] received the award in 2017. This software has been
used in many ﬁelds (e.g., visualization, text analysis, journalism,
law enforcement, and ﬁnance) and it was awarded because of its
high impact. The ManyEyes system [113] was awarded because of
its visionary role in bringing visualization to common users.
All of the measures mentioned above (satisfaction, user community size, awards, etc.) are indicators of the signiﬁcance and
importance of visualization software. In particular, we want to
estimate the value of visualization research based on an evaluation. Van Wijk [4] deﬁned a model of a visualization process by
quantifying its value from technological and economic viewpoints.
The technological evaluation measures the visualization based on
its effectiveness and eﬃciency. The economic evaluation focuses
on proﬁtability starting from the initial knowledge of the user
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and then measuring how much effort (and thus cost) is needed to
gain additional knowledge (proﬁt). He also discussed Line Integral
Convolution (LIC) for vector ﬁelds as an interesting example that
was well received by the visualization community but not used
frequently in application domains. New visualization methods such
as LIC do contribute to a researchers’ output (papers, citations,
etc.) but computational ﬂuid dynamics engineers may consider
these methods as excessively complex, i.e., the investment is
excessively high given the perceived increase in knowledge. However, an increase in knowledge is only one measure of success and
it is highly dependent on the user group and the development
goal of the software.
The cost model can also be used to justify development decisions regarding the features and visualization methods included
in a speciﬁc tool. The selection of the basic underlying framework
directly inﬂuences the cost of implementing the features.
A PhD student or scientist starting a new research project
must consider the costs of either implementing a new prototype
or building upon an existing visualization framework. The ﬁrst
choice incurs direct costs and additional costs for maintaining
or rebuilding the software during the project. The second choice
requires investments in becoming familiar with existing code, and
potentially multiple times if the decision was sub-optimal and
further options must be considered. These costs can be estimated
using models from software engineering but this is a non-trivial,
data-intensive [114], and error-prone [115] process that requires
signiﬁcant experience.
PhD students comprise a large proportion of the readership of
visualization articles and they are directly interested in visualization software that they might use in their research. In the various
subﬁelds of visualization, students may be familiar with popular
choices such as VTK [17] or D3 [39], but many more visualization
frameworks and libraries are available. However, to the best of our
knowledge, a broad and comprehensive evaluation and comparison
of visualization development frameworks has not been conducted.
This problem is not unique to the visualization community. Powell
et al. [116] described a practical strategy for evaluating software
tools in industry. Based on their own experience of selecting
software tools, they identiﬁed eight relevant issues that should be
considered when choosing a software library.
Conclusion. After more than half a century of visualization research [117], we seem to know how to evaluate individual
visualization techniques as well as more complex exploratory
tools. We have learned that the execution of user studies is not
trivial, and thus we need to team up with experts. The success
of commercially and freely available visualization tools based on
visualization research (see Section 6 for many examples) indicates
that our research is relevant to industry and the user community.
We also have good guidelines about how to write visualization papers [118] or how to perform a design study in close collaboration
with domain experts [119,120]. However, it seems that we need
similar, systematic guidelines for evaluating visualization development tools. Clearly, one of the ﬁrst steps required to address this
issue is conducting a qualitative classiﬁcation of existing software,
as discussed in the next section.
10. Building a typology of visualization software
Background and Motivation. According to Forward and Lethbridge [121], a taxonomy of software types provides a context for
empirical results, facilitates the reuse of artifacts, increases the use
of models and frameworks, and helps educators to build courses.
In the visualization ﬁeld, we envisage similar beneﬁts such as improved communication between researchers, developers, students,
and end users due to the availability of a formal description of the
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problem space. This formal description can be employed to make
informed decisions regarding the software to use for a particular
problem and how to build a database of visualization software,
which could serve as the basis for developing a comprehensive
visualization software online browser. Online browsers are already
used for surveys of research prototypes in speciﬁc visualization
sub-ﬁelds [122]. A visualization software database would represent the space of existing solutions but also the space of open
problems, i.e., ”white spots” for new research.
There are many state-of-the-art reports that focused on speciﬁc
visualization topics, such as text visualization techniques [123],
visualization of high-dimensional data [124], molecular visualization [125], and dynamic graph visualization [126]. In the information visualization ﬁeld, recent surveys have identiﬁed the design
spaces of existing visualization construction tools [127,128]. An
overview of surveys was presented by McNabb and Laramee [122].
However, we lack a formal description of the design space of
existing visualization software across research ﬁelds and application domains. Hierarchical software-type taxonomies have also
been proposed [121]. In addition, the software engineering community has assembled a body of knowledge (SWEBOK [129]) based
on the ISO/IEC norm for software life cycle processes [130], which
can serve as a common basis for any taxonomy of more speciﬁc
software. To facilitate the development of rich descriptions of visualization software from multiple perspectives, we consider that it
is more suitable to create a multidimensional typology [131] that
allows categories not to be mutually exclusive [132]. Such a typology would provide a helpful basis for communication across a
broad range of stakeholders, including visualization researchers,
designers, software developers, computer science students, and
domain experts from a wide range of scientiﬁc and nonscientiﬁc
domains. The requisite typology also needs to encompass visualization software at all maturity levels ranging from highly specialized
research prototypes to powerful multi-purpose frameworks.
Challenges. A major challenge when constructing a practical visualization software typology is selecting appropriate details and
abstraction levels. SWEBOK is highly accurate but its application
to actual software yields a table that is overwhelming to most
given the hundreds of topics it contains. A visualization software
typology should allow the reader to capture all of the distinctive features that are speciﬁc and appropriate for visualization
software, but it should still be suﬃciently compact to be usable
and comprehensible in practice. These requirements raise several
questions, as follows. Should it only describe multi-purpose visualization software or should it also include highly specialized
prototypes that might even build upon other visualization frameworks? Should it only include systems for scientiﬁc visualization
or be more inclusive? What perspectives should be considered for
users of the typology? An end user needs different information
compared with a software developer. In order to build a successful
and frequently used typology, the level should be not too shallow,
i.e., excessively trivial, or deep. An excessive amount of detail
will prevent simple comparisons and users would be reluctant
to classify their own framework because of the effort required.
Ideally, a visualization software typology should focus on speciﬁc
details of the visualization ﬁeld, as well as covering general software development aspects but only to a degree that is relevant
to the users. These requirements are different for actual end users
and developers (visualization researchers). Another challenge is
the typology development process comprising multiple steps,
such as the development of relevant dimensions and grouping
of cases [133]. This construction process requires in-depth theoretical knowledge about the ﬁeld from multiple perspectives.
Therefore, inputs are required from multiple experts as well as
iterative reviews and edits to select meaningful types [121]. Fi-

nally, a typology must be empirically tested to conﬁrm its validity
[134].
Conclusion. Constructing a visualization software typology that
is useful to a variety of stakeholders is not a trivial task, and it
requires much knowledge and experience. An open seminar or
workshop such as Shonan or Dagstuhl provides a valuable setting
for conducting this task. Therefore, at our Shonan meeting, we
conducted the initial stages of a visualization software typology
development process. In a brainstorming session with 12 participants, we ﬁrst established a list of 90 aspects for describing
visualization software. In smaller groups, we then obtained parallel
ﬁrst classiﬁcations of these aspects, which were then merged and
reﬁned into six high-level categories and their sub-categories. The
overall consensus is illustrated in Fig. 6. The resulting shallow
categorization represents a foundation for developing a more
detailed typology for expressively characterizing a wide range of
visualization software.
After constructing a typology, the next step involves veriﬁcation
and demonstrating usefulness based on its successful application
to a set of real-world examples. However, the major challenge is
communicating the typology to the target audience to ensure that
it is actually used. With strong support from the community, it
will be possible to build a substantial database of existing software
systems, which can have a considerable impact by serving as a
standard repository of available visualization software systems.
This would be especially useful as a guide for new PhD students
who need to decide the system for building their research upon.
11. Discussion and conclusion
We identiﬁed a number of diﬃcult challenges that the visualization community must address in terms of the development and
maintenance of software as well as the signiﬁcance of these challenges. Some of these challenges can be considered opportunities
whereas others seem to have solutions in an idealized case but
they will be diﬃcult to address under realistic conditions, at least
at present. In the following, we provide some general advice for
the visualization community.
•

•

•

Investing in user experience reduces user support and helps
with the adoption of the software. This is the ﬁrst step toward
developing sustainable software through an active community.
A good user experience also facilitates the collection of results
and evaluating software.
We consider that adopting technological advances and disruptive change early on will provide new research opportunities.
Promising research avenues are more likely to be identiﬁed and
new approaches may emerge to old problems. A stronger social
community that shares the pains and gains of experimentation would help to outweigh the risks of investing in new
technology, as well as facilitating the integration of promising
technology into existing frameworks to make it easier for the
overall community to move forward.
Even in a research project, best practices from software
engineering should be followed. Good and up-to-date documentation ensures and improves the usability for users and
developers. Modularizing source code into self-contained building blocks facilitates re-use, as well as fostering comparability
and reproducibility. Modularization also allows for the nondisruptive integration of disruptive technology. VTK-m is a good
example because it supersedes the existing VTK functionalities
by providing platform-speciﬁc parallelized implementations
that can utilize accelerators. Calls to legacy VTK can then be
selectively replaced by calls to VTK-m, thereby minimizing the
cost of modernizing software based on VTK (such as ParaView).
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Fig. 6. Topmost levels of the visualization software typology agreed upon during Shonan seminar 145.

•

•

•

Game Engines can provide a viable basis for visualization
development, especially for data set sizes that are GPU-friendly.
How to fund the development and maintenance of software
should be considered early in a research project. The need for
and the possible success of a planned software system should
be determined based on at least a simpliﬁed “market analysis,” which will inﬂuence the software design and determine
whether the system should be build from scratch.
As mentioned in the introduction, research groups that use
a common development platform seem to be more productive. Therefore, based on our own experience, we reckon that
one-shot prototypes are wasteful in the long run. However,
it is clear that a certain minimum group size is necessary to
successfully develop and maintain a visualization framework.
Choosing between a self-designed framework and extending an
existing framework is also a nontrivial decision, as discussed in
Sections 6 and 2.

•

We also identiﬁed the following steps that will make us more
productive as a community.
•

First, we require more published and open source code. Reproducibility is severely hampered without readily available
code. The perceived lower code quality of a research prototype
is no excuse for not publishing it. Repeatedly implementing a
published technique for comparative purposes is impractical,
and it makes objective and faithful replication questionable.
An interesting initiative has been the VisImp project with
the aim of eventually implementing all basic visualization
techniques in VTK [135], but this project appears to have been

•

discontinued (http://visimp.org/ is no longer available). Another
helpful activity is the EuroRV3 workshop (now called TrustVis),
which has the aims of ensuring reproducibility, veriﬁcation,
and validation in visualization. Two approaches might improve
the situation, as follows. One possibility is introducing artifact
tracks at our conferences, as employed in other disciplines and
even other areas of computer science. A second possibility is
making the submission of code and data a mandatory part of
the publication process to ensure full reproducibility, which is
also a common practice in other disciplines. Organizations such
as IEEE appear to have the required infrastructure in place.
In addition, the quality of the code provided will inﬂuence
citations and the uptake of approaches in the long run, thereby
helping to differentiate more valuable contributions.
We consider visualization as an enabling science because our
goal is to help other scientists or even laymen to make discoveries and be more productive. However, application papers
are usually considered “weaker” contributions compared with
technique papers. We argue that the application of a new
visualization tool to solve a signiﬁcant problem (even if it does
not introduce a novel technique) should yield a signiﬁcant
publication. Visualization scientists should not need excuses
or have to allocate personal time to producing tools that are
useful to other scientists. We cannot wait for people to commercialize every single useful ﬁnding or make business plans
and judge risks when the time would sometimes be better
invested actually implementing the software.
The previous point is closely linked with the policies of funding agencies. The situation is slowly improving (see Section 8)
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but in typical research proposals, we still have to hide the
time required to develop and hone software within the time
budgeted for research. If software was integral to a publication
or we had speciﬁc venues for publishing our tools, then the
development time would also be integral to research proposals.
Despite our in-depth discussion of sustainable visualization
software development, it is important to note that preliminary
prototypes are also valuable. As mentioned in Section 9 and
Section 10, researchers must work with limited information and
foresight, which will sometimes lead to sub-optimal or incorrect
choices, e.g., a library might prove unsuitable or short-lived, and a
framework might not meet expectations. This risk can be reduced
by prototyping. Throwaway Prototyping [136] typically gives a
good indication of whether a particular approach is worthy of
more thorough and systematic investigation. It can also be applied
in the decision process concerning libraries and frameworks. In
general, Throwaway Prototyping cannot replace stable and sustainable software development because the quality of the code will
degrade rapidly during and after the prototyping phase. However,
while Throwaway Prototyping might often seem like an expense
that is not affordable, it is worth noting that an appropriately
engineered prototype that can be refactored into stable code is
even more expensive to develop.
Another central question is the quantiﬁcation of success relative to the time spent developing software and the “conventional”
research output, i.e., the number of publications. We should focus
on the development of sustainable software because we consider
that this strategy leads to increased research outputs in the long
run. In terms of the time spent, the following inequation must be
valid in order to justify framework development:

t ( θπ ) ≥ t ( θφ ) ,

where
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(1)

t ( θπ ) = t ( θ ) + t ( π )
t (μ ) t (φ )
t ( θφ ) = t ( θ ) +
+
.

| |

changes in the ecosystem alone might require major revisions to
the initial design, thereby increasing the maintenance cost at this
stage. In addition to this economy of time, using a visualization
framework has additional fundamental advantages because it is
very diﬃcult to build complex analysis systems for speciﬁc usecases within a prototype. One example is the annual IEEE SciVis
contest, which involves tackling complex data and multi-faceted
problems. In the last 10 years, only three winning submissions
have used from-scratch prototypes (2011, 2013 and 2014), whereas
all the others were built on existing visualization frameworks
(MegaMol [52]: 2012, 2016, 2019; Voreen [58]: 2010, 2015, 2018;
VTK [17]: 2017). Another beneﬁt of using an existing framework is
the comparability with previous approaches.
Finally, we must emphasize that visualization software is an
important and indispensable pillar of our community. It helps
the visualization researcher who is also a developer, and the
domain scientist who requires software that is usable in practice.
High-quality open-source software accelerates the development
of new and improved visualization methods, and it ensures reproducibility and re-usability. It makes evaluating and discussing
scientiﬁc results much easier and more rapid. At present, not all
requirements are satisﬁed by one approach (see Section 6). Thus,
establishing a usable typology (see Section 10) is valuable for
addressing a signiﬁcant research need. This typology will be useful
for researchers starting a new visualization project.

| |

Thus, the time t required to implement a technique θ within
paper-speciﬁc prototype π must be larger than or equal to the
time required to extend an existing framework φ with the same
technique. We hypothesize that implementing a technique has
a basic time requirement t(θ ), which is constant. A prototype
that includes this technique has some overheads, such as data
set loading, which requires additional time t(π ). When using a
framework, we assume that this overhead functionality is already
provided. Thus, we factor in the development time of the framework t(φ ) as well as the maintenance time t(μ). However, t(φ ) can
be amortized over the set of all papers  that use the framework,
thereby reducing its cost in a proportional manner. Similarly, when
a number of people use the framework, the maintenance effort is
split among the contributors , which reduces the proportion per
paper. Clearly, building a framework has a one-time cost t(φ ) that
becomes negligible if many papers use the same framework. The
problematic factor is the maintenance cost, which is very diﬃcult
to estimate because it depends on the initial design decisions, the
state of the ecosystem at the time (see Section 2), and the overall
software quality (see Sections 3 and 5). Furthermore, the number
of contributors is affected by the framework’s funding, sustainability (see Section 8), and community uptake (see Section 4). We
have no objective proof but we argue that groups who maintain
some sort of common platform or tool for visualization research
also have an increased research output. We note that the availability of a common framework within a research group still
does not equate to its availability or relevance outside that group.
Our own experience suggests that developing and maintaining
a framework is worth the effort at least in the medium term:
t(μ)  t(φ ). However, if software is used for a decade or more, the
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G. Reina, H. Childs and K. Matković et al. / Computers & Graphics 87 (2020) 12–29

[117]
[118]

[119]
[120]

[121]

[122]

[123]

[124]

[125]

[126]

evaluation of software tools. Boston, MA: Springer US; 1996. p. 165–85.
doi:10.1007/978- 0- 387- 35080- 6_11. ISBN 978-0-387-35080-6.
Levinthal
C.
Molecular
model-building
by
computer.
Sci
Am
1966;214(6):42–52.
Laramee RS. How to write a visualization research paper: a starting point.
Comput Graphics Forum 2010;29(8):2363–71. doi:10.1111/j.1467-8659.2010.
01748.x.
Munzner T. A nested model for visualization design and validation. IEEE Trans
Vis Comput Graph 2009;15(6):921–8. doi:10.1109/TVCG.2009.111.
Sedlmair M, Meyer M, Munzner T. Design study methodology: reﬂections from the trenches and the stacks. IEEE Trans Vis Comput Graph
2012;18(12):2431–40.
Forward A, Lethbridge TC. A taxonomy of software types to facilitate search
and evidence-based software engineering. In: Proceedings of the 2008 conference of the center for advanced studies on collaborative research: meeting
of minds. ACM; 2008. p. 14.
McNabb L, Laramee RS. Survey of surveys (SoS) - mapping the landscape of survey papers in information visualization. Comput Graphics Forum
2017;36(3):589–617.
Kucher K, Kerren A. Text visualization techniques: taxonomy, visual survey,
and community insights. In: 2015 IEEE paciﬁc visualization symposium (PaciﬁcVis). IEEE; 2015. p. 117–21.
Liu S, Maljovec D, Wang B, Bremer PT, Pascucci V. Visualizing high-dimensional data: advances in the past decade. IEEE Trans Vis Comput Graph
2016;23(3):1249–68.
Kozlíková B, Krone M, Falk M, Lindow N, Baaden M, Baum D, et al. Visualization of biomolecular structures: state of the art revisited. Comput Graphics
Forum 2017;36(8):178–204. doi:10.1111/cgf.13072.
Beck F, Burch M, Diehl S, Weiskopf D. A taxonomy and survey of dynamic
graph visualization. Comput Graphics Forum 2017;36(1):133–59.

29

[127] Grammel L, Bennett C, Tory M, Storey MAD. A survey of visualization construction user interfaces. In: EuroVis (Short Papers). Citeseer; 2013. p. 19–23.
[128] Mei H, Ma Y, Wei Y, Chen W. The design space of construction tools for information visualization: a survey. J Vis Lang Comput 2018;44:120–32.
[129] Bourque P, Fairley RE. Guide to the software engineering body of knowledge (SWEBOK(r)): version 3.0. 3rd. IEEE Computer Society Press; 2014. ISBN
0769551661, 9780769551661.
[130] ISO/IEC/IEEE international standard - systems and software engineering –
software life cycle processes. 2017. Tech. Rep.; Working Group for Systems and Software Engineering - Software Life Cycle Processes. doi:10.1109/
IEEESTD.2017.8100771.
[131] Collier D, Laporte J, Seawright J. Typologies: forming concepts and creating
categorical variables. In: Oxford handbook of political methodology. Oxford
University Press; 2008. p. 152–73.
[132] Bailey K.D.. Typologies and taxonomies: An introduction to classiﬁcation techniques. 1996. ISBN 9780803952591. doi:10.1002/(SICI)1097-4571(199604)47:
4328::AID- ASI103.0.CO;2- Y.
[133] Kluge S. Empirically grounded construction of types and typologies in qualitative social research. Forum Qualitative Sozialforschung/Forum: Qualitative
Social Research 20 0 0;1(1).
[134] Doty DH, Glick WH. Typologies as a unique form of theory building: toward
improved understanding and modeling. Acad Manage Rev 1994;19(2):230–51.
[135] Visweek 2010 contests. 2010. http://vis.computer.org/VisWeek2010/cfp/
visweek_contests.html; Accessed 2019-09-20.
[136] McConnell S. Rapid development: taming wild software schedules. 1st. Microsoft Press; 1996. ISBN 1556159005.

