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Visualization and Visual Analysis of Ensemble
Data: A Survey
Junpeng Wang, Subhashis Hazarika, Cheng Li, and Han-Wei Shen, Member, IEEE
Abstract—Over the last decade, ensemble visualization has witnessed a significant development due to the wide availability of
ensemble data, and the increasing visualization needs from a variety of disciplines. From the data analysis point of view, it can be
observed that many ensemble visualization works focus on the same facet of ensemble data, use similar data aggregation or
uncertainty modeling methods. However, the lack of reflections on those essential commonalities and a systematic overview of those
works prevents visualization researchers from effectively identifying new or unsolved problems and planning for further developments.
In this paper, we take a holistic perspective and provide a survey of ensemble visualization. Specifically, we study ensemble
visualization works in the recent decade, and categorize them from two perspectives: (1) their proposed visualization techniques; and
(2) their involved analytic tasks. For the first perspective, we focus on elaborating how conventional visualization techniques (e.g.,
surface, volume visualization techniques) have been adapted to ensemble data; for the second perspective, we emphasize how
analytic tasks (e.g., comparison, clustering) have been performed differently for ensemble data. From the study of ensemble
visualization literature, we have also identified several research trends, as well as some future research opportunities.
Index Terms—Ensemble data, visualization and visual analysis, literature analysis, taxonomy.
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I NTRODUCTION AND M OTIVATION

S

CIENTISTS from multiple disciplines often need to study
complex real-world phenomena with sophisticated computer simulation models, which are usually affected by
a set of model configurations (e.g., input parameter values, boundary/initial conditions, phenomenological models, etc.). A single run of the model with a specific configuration is usually not sufficient to understand the physical
phenomena. Because of the inherent uncertainty, scientists
often try to run the model with different configurations
to generate multiple realizations of the same experiment.
The output, which is a collection of spatio-temporal results,
is often referred to as an ensemble. With the advancing
data acquisition techniques and increasing necessities to
precisely model various physical phenomena (e.g., disaster
management, weather forecasting, etc.), more and more ensemble data are generated at an unprecedented rate [1], [2].
However, due to the complex nature of ensemble data (like
multi-dimensionality, multi-valuedness), it is not a trivial
problem for domain scientists to fully comprehend them.
Visualization plays the role of leading domain scientists
towards a better and more intuitive understanding of their
data. Over the last decade, a wealth of ensemble visualization techniques have been introduced and encouraging
results have been reported. For example, numerous contour
and curve related visualization techniques have been proposed to reveal the uncertainty in spatial features of ensemble data [3], [4], [5], [6], [7]. Probability distributions have
been used extensively in ensemble visualization works to
model the underlying uncertainty [2], [8], [9], [10], [11], [12],
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[13]. Different types of time-series charts and comparative
visualization methods have been adopted to capture temporal trends of ensemble data [14], [15], [16], [17], [18], [19].
To effectively demonstrate different facets of ensemble data,
coordinated multiple views are often employed and they are
linked together with intuitive interactions to facilitate users’
exploration [20], [21], [22], [23], [24], [25].
With the ever-growing amount of ensemble visualization
publications, it has become increasingly important to have
a structured overview of the current state-of-the-art approaches. Such a structured view will help us in extracting
the essential commonalities in these works and in turn, help
us identify the current research trends and possible future
directions. With this as the prime objective, in this work, we
present a structured survey of the research performed in the
field of ensemble visualization.
1.1

Survey Scope and Intended Audience

From a broader point of view, ensemble data is a subset
of uncertain data [26], [27], [28], where the uncertainty is
introduced because of the multiple instances of the same
physical quantity. This type of data can be generated in
many different ways (and from many different disciplines).
In this work, we are specifically focusing on ensemble
data generated from computer simulation models (as shown
in Figure 1). Other than ensemble simulations, there are numerous different sources of ensemble data, such as biomedical image collections [29]; repeated trials of psychological
experiments [30], collections of snort alerts and flows of
network security data [31], etc. The reasons that we focus
only on computer simulation ensembles in this survey are:
(1) these ensembles have already covered a large enough
body of literature, and they are the primary focus of domain
scientists from numerous disciplines; (2) computer simulations are usually associated with a spatial field, and the
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Figure 2 shows the structure of this survey. The three
second-level nodes represent the topics covered in Section 2,
3, and 4 respectively, in this paper.
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With computer simulation ensembles as the main focus,
we analyzed papers in the past decade (year 2007∼year
2017) from major visualization conferences (IEEE Visualization Conference, Eurographics Conference on Visualization,
IEEE Pacific Visualization Symposium, IEEE Large Data Analysis Visualization Symposium) and journals (IEEE Transactions
on Visualization and Computer Graphics, Computer Graphics
Forum, Computer Graphics & Applications). Relevant earlier
works that were referred in those papers have also been
identified and included in our survey.
The intended audience of this survey are those who
already have background in scientific visualization and possibly want to know more about uncertainty visualization,
but have not had time to delve into ensemble visualization
yet. As a result, we will not explain details about traditional visualization algorithms (like how volume rendering
works), but focus more on demonstrating how traditional
algorithms have been adapted to ensemble data. Our survey
can also help existing ensemble visualization researchers
to improve the understanding of their peers’ works by
providing a holistic overview of this field.
Difference with Existing Similar Works. From the visualization literature, we found four works that are similar to
ours, i.e., [32], [33], [34], [35]. Our work distinguishes from
them in the following aspects. First, we focus on a more
specific group of ensemble data, i.e., computer simulation
ensembles. Compared with the general survey of multifaceted data by Kehrer and Hauser [34], our limited survey
scope helps us categorize ensemble visualization works in a
finer granularity and elaborate works in each category with
sufficient details. Second, for the focused ensemble data, our
survey is more comprehensive and covers more aspects of
them. Compared with the short paper by Obermaier and
Joy [35], our survey includes not only spatial aspect, but also
other aspects, like temporal trend and parameter analysis, of
ensemble data. Compared with the conceptual framework
proposed by Kolesár et al. [32], our survey discusses not
only the comparison task, but also other tasks, like overview
and clustering, for ensemble data. Third, we focus more on
elaborating how visualization techniques and analytic tasks
have been adapted to or performed differently because of
ensemble data. This limits the audiences of our work (to
those who have certain knowledge about visualization) but
also makes our work more ensemble specific. Lastly, com-
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Fig. 1. This survey focuses on ensemble data from simulation models.
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pared with the work of Love et al. [33] in 2005, which summarized three groups of ensemble visualization approaches
(parametric, shape descriptor, and operator approach), our
survey presents a more up-to-date view of this topic.

ensemble

presence of multiple values of the same physical property
at each location of the field (generated via ensemble simulations) incorporates uncertainties of the simulations, thereby
posing challenges to existing visualization techniques. For
example, traditional volume rendering algorithm (for a deterministic spatial field) is not readily applicable, when it
comes to visualizing multi-valued spatial fields generated
by such ensemble simulations.

2

Fig. 2. The structure of this survey.

We start with the fundamental concepts of ensemble data
by answering questions like: what is ensemble data; how
ensemble data is different from traditional scientific data;
and what makes the visualization of ensemble data difficult
in Section 2. An intuitive data representation is formalized,
which identifies the five orthogonal dimensions of ensemble
data (i.e., variable, location, time, member, and ensemble). The
representation is application independent, and thus, can be
used to relate ensemble data from different disciplines.
Section 3 first partitions traditional visualization techniques based on whether a technique is for spatial data or
not. This partition is similar to the differentiation between
scientific visualization (SciVis) and information visualization (InfoVis) techniques, i.e., SciVis techniques focus more
on data with spatial structures; whereas InfoVis techniques
are more for the non-spatial representations of data. For
SciVis techniques, we further partition them into pointoriented, curve-oriented, surface-oriented, and volume-oriented
techniques, and discuss how traditional techniques (for
deterministic spatial fields) in these four groups have been
adapted to ensemble data individually. For InfoVis techniques, the research efforts focus more on how to combine
them with SciVis techniques to present different facets of
ensemble data in coordinated multiple views for visual analysis. These techniques often appear in integrated visual analytic systems developed under certain requirements from
scientists. We summarize them into a separate subsection.
Ensemble visualization serves the general goal of uncertainty analysis, which, in practice, is usually accomplished
by concrete low-level tasks. Section 4 summarizes six common tasks we elicited from a structured analysis of existing
literature, i.e., overview, comparison, clustering, temporal trend
analysis, feature extraction, and parameter data analysis. Some
of these tasks are unique for ensemble data, like the analysis of simulation parameters, whereas others are shared
tasks when working with traditional deterministic data, like
comparison and clustering. For the latter tasks, we focus
more on elaborating how those tasks need to be performed
differently to adapt to the analysis of ensemble data.
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Our survey presents a structured review on the ensemble
visualization literature, through which, we have identified
several research trends and further visualization challenges.
We have summarized them in Section 5.

2

3

according to the features of the ensemble data in those
publications.
For a typical execution of a computer simulation model,
domain scientists need to set values for a set of N simulation
parameters, denoted as:

E NSEMBLE DATA

P = {p1 , p2 , ..., pN }

(1)

Ensemble data (in the scope of our survey) is referred to as
the data that contains a collection of outputs generated from
computer simulation models. These outputs can either come
from different executions of the same simulation model, ran
with slightly different initial conditions or perturbed parameter settings (Monte-Carlo simulations [1]), or come from
the executions of different simulation models themselves
(multi-model simulations [23], [36], [37]). Each independent
output in the collection is called as an ensemble member
or a realization [38]. It is worth mentioning that members
of the same ensemble may have some internal correlations
or follow certain distributions, which are resulted from the
generation process of those members (e.g. using statistical
models for the perturbation of model parameters). In general, ensemble data is usually generated for one or multiple
of the following purposes:
• model initial/boundary condition estimation or calibration [23], [39];
• parameter sensitivity investigation [25], [39], [40], [41];
• uncertainty quantification/mitigation [40], [42], [43];
• model comparison or model deficiency studies [23], [37].
With the significant advancements in data acquisition and
momentous improvements in computing power, this type
of data is generated at an unprecedented rate [1], [2], and
from increasingly diverse disciplines. Table 1 lists some disciplines along with relevant ensemble visualization works.

where each parameter pi ∈P has a range of interest
[risi , riei ]⊂R, predefined based on the physical interpretation of the parameter. A sample from this N -dimensional
parameter space is a parameter vector x̄i ∈RN , i.e.,

TABLE 1
Disciplines and application areas that generate ensemble data.

Ensemble simulations consist of multiple such executions, each uses a different parameter sample x̄i , or a different simulation model. The difference in x̄i , or the simulation
models, leads to the difference in the resulting ensemble
members. In the semantic example shown in Figure 3 (top),
the ensemble data contains M members; each member has
T time steps; the spatial simulation field of each time step
has 16 locations (organized as a 4×4 Cartesian grid); each
location (shown as a red dot) records multiple variables.

Disciplines & Application Areas

Visualization Works

Meteorology and Climatology
Astrophysics and High-Energy Physics
Oceanography
Material Science
Hurricane/Hydrogeology
Automotive Engineering
CFD Simulations

[1], [23], [40], [43], [44], [45]
[17], [46], [47]
[20], [48]
[49]
[50], [51], [52]
[22], [53], [54]
[49], [51]

x̄i = (x1 , x2 , ..., xN ).

(2)

The simulation model, denoted as S , takes this parameter
vector as input and generates a temporal sequence S(x̄i )
(an ensemble member mi ), which consists of T time steps, i.e.,

S(x̄i ) = mi = {f1 , f2 , ..., fT }

(3)

where fi is the simulation field for the corresponding time
step. For some simulations, the fi for different time steps
are the same, whereas others may have time-varying fields.
Each field fi is composed of numerous observation
points (locations, see Equation 4). Depending on the simulation settings, these locations may be organized as a regular
grid (e.g., Cartesian grid, curvilinear gird [40], cylindrical
grid [55], etc.) or an irregular point cloud [56].

fi = {l1 , l2 , ..., lL }.

(4)

Each location li stores the simulated results for multiple
scalar/vector variables (e.g. temperature, velocity). The set
of variables, V , at each location, li , can then be denoted as:

Vli = {v1 , v2 , ..., vV }.

(5)

one location

The major attribute that distinguishes ensemble data
from traditional deterministic scientific data is their extra
ensemble member dimension. On the one hand, ensemble
data can have all the features that a deterministic scientific dataset has, such as multi-variate, multi-dimensional,
spatio-temporal, etc. On the other hand, the individual
members of ensemble data add a new dimension to the
data. In other words, an ensemble data can be considered as
multiple copies of a traditional scientific data, where each
copy (each member) is a little different from the others.
2.1

Data Representation

To identify the structural and logical patterns in ensemble
data, we formalize their data representation in this section. The representation also helps us organize publications
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Fig. 3. The five dimensions of ensemble data. This semantic data has
two ensembles of different spatial resolutions, e1 and e2 ; each ensemble
has M members; each member has T time steps; the simulation field at
each time step has 16/25 locations for the first/second ensemble; each
location (the red dot) records values for multiple variables.
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Additionally, we found that domain scientists may need
to study multiple ensembles at the same time. These ensembles are usually closely related, but with difference in
a crucial simulation configuration. For example, to capture
different scales of the interested physical phenomena, meteorologists perform weather simulations (using the Weather
Research and Forecasting model, i.e., WRF) in the same
physical region with different spatial resolutions [25]. By
comparing the resulting ensembles, they can investigate
how different spatial resolutions affect the sensitivity of
input parameters, the time complexity of executions, the
accuracy of simulation outputs, etc. They can also get better
ideas on balancing the computational cost and simulation
accuracy [40]. The semantic example in Figure 3 shows two
ensembles with different spatial resolutions (one with 4×4
and one with 5×5 Cartesian grid). It is worth mentioning
that different ensembles usually use different sets of simulation parameters, and the numbers of members in different
ensembles are not necessarily the same [25], [40].
From the above analysis, we identify five orthogonal
dimensions of ensemble data, i.e., variable, location, time,
member, and ensemble. We extend this analysis to ensemble data from all the papers we surveyed, and find that these
five dimensions can cover the space of ensemble data very
well. We, therefore, organize papers based on the existence
of these five dimensions in the ensemble data studied in
those papers (the "Ensemble Data" column in Table 3). The
existence of one dimension means the size of that dimension
is larger than one. For example, a time-varying ensemble
has the time dimension, as it contains multiple time steps;
however, the time dimension does not exist in any static
ensembles, as the number of time steps is only one for them.
The five dimensions also lead to five features of ensemble data, i.e., multi-variate (resulted from the variable dimension), multi-dimensional [33] and spatio-temporal [16],
[19] (resulted from the location, time dimension), multivalued [57] (resulted from the member dimension), and
multi-resolution [40] (resulted from the ensemble dimension),
which makes ensemble data usually large and complex.
Assuming the number of variables, observation points, time
steps, members, and ensembles (in different resolutions) is
v , l, t, m, and e respectively, the space-complexity of the
ensemble data will be in the order of O(v · l · t · m · e).
All the five numbers can be very large. Consequently, the
size of ensemble data can easily reach tera- or petascale [57].
Analyzing this type of data and providing insights into the
relationship among variables, uncertainty in feature properties, temporal evolution trend, variance among different
members or among different ensembles are not trivial.
Parameter data and ground-truth data. Two additional
types of data often come together with ensemble data. The
first type is the input settings of simulation models, which
can be boundary conditions, model configurations, parameter settings, etc. We call all these possible input settings as
parameter data in this work. Building connections between
input parameters and output ensembles is one of the most
important analytic tasks for ensemble visualization. The second type is the ground-truth data. For example, the observed
weather condition from satellites can be the ground-truth
for WRF ensembles [25], [40]. Ground-truth data are often
used to assess the quality of ensemble members or calibrate

4

model parameters [39]. Parameter data (simulation inputs)
are always associated with ensemble data (simulation outputs), though they may not be the focus of analysis in certain
cases. However, the existence of ground-truth data is highly
dependent on the domain problems.
2.2

Emerging Visualization Problems

After the formal definition and comprehensive explanation
on ensemble data, we would like to point out two emerging
problems because of which traditional visualization techniques cannot be directly applied to ensemble data.
Additional dimension. Ensemble data introduces a new
data dimension, i.e., the member dimension, which is usually not covered by traditional visualization techniques.
For example, the direct volume rendering algorithm can
render a single-valued scalar field volume; but it falls short
of rendering a multi-valued volume (each grid point has
multiple scalar values), because sampling and interpolation in the multi-valued field are not well defined [58]. A
straightforward adaption of this algorithm to ensemble data
is to aggregate the collection of values at each grid point to
a single value before visualization, e.g., volume rendering
of the mean volume. However, the adaption is not always
appropriate. For example, visualizing the mean volume is
misleading if the underlying ensemble members (collection
of values at each grid point) follow a bi-modal or multimodal distribution.
Multiple facets. The five dimensions of ensemble data
make them multi-faceted [34], and domain scientists often
need to investigate these facets simultaneously. However, a
single visualization technique can only cover one or two of
the five dimensions. For example, a parallel coordinates plot
can cover member and variable dimensions of ensemble data,
if using one parallel axis for one variable and one polyline
for one ensemble member. However, the spatio-temporal
facet of each member cannot be demonstrated at the same
time. Integrated visual analytic systems (developed under
specific requirements from domain scientists) are often in
need. These systems (like Ovis [20], Noodles [43]) with
multiple coordinated views and user-friendly interactions
have successfully helped to address real-world problems of
ensemble data from domain scientists.
Our survey reviews how traditional visualization techniques have been adapted to handle the extra dimension
of ensemble data (Section 3), and how different analytic
tasks have been performed to demonstrate and connect the
multiple facets of ensemble data (Section 4).

3

V ISUALIZATION T ECHNIQUES

Computer simulation ensembles are usually embedded in a
concrete spatial field/domain, and visualizing the spatial
field is one of the fundamental requirements of domain
scientists. Therefore, we classify visualization techniques
for spatial data into four categories based on their focused
geometric features, i.e., point-oriented, curve-oriented, surfaceoriented, and volume-oriented.
Due to the extra member dimension, traditional visualization techniques in those four categories usually cannot be
directly applied to ensemble data. Ensemble visualization
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techniques usually resort to statistical aggregation (before
visualization), visual composition (after visualization), or
the combination of both to handle the extra member dimension. Following this, a very general ensemble visualization
pipeline can be elicited, as shown in Figure 4.
Ensemble data

Aggregation

Visualization

Composition

Fig. 4. A general visualization pipeline. Ensemble data will go through: a
statistical aggregation step before visualization, or a visual composition
step after visualization, or the combination of both steps. The aggregation and composition steps are in rectangles with dashed line borders,
indicating they may not always appear in all pathways of this pipeline.

Fig. 5. Glyph visualizations. Left: using the size of spheres to encode the
scalar value at each grid point; right: using the size/direction of arrows
to encode the magnitude/direction of vectors at each grid point.

The aggregation step uses statistical summaries to aggregate the member dimension. Visualizations can then be
applied on the resulting summaries to reveal the collective
patterns/behaviors of the ensemble data. Examples of the
statistical summaries include: calculating mean, variance,
order statistics of ensemble members [6], [7], modeling
probability distributions of ensemble members [8], [12],
clustering ensemble members [4], [5], etc. Note that, the
statistical aggregation may be applied on the physical quantities from different members (e.g. computing the mean of
temperature values recorded in different members) or the
geometric features extracted from them. For example, the
ensemble members may be represented as iso-surfaces or
curves (either directly outputted from ensemble simulations
or generated from a pre-processing step). The aggregation of
them (e.g. averaging iso-surfaces, clustering curves) usually
needs more sophisticated algorithms. The composition step,
which handles the member dimension after visualizations,
composites the visualizations of individual members (or
the visualizations of different statistical summaries [59]) to
reveal the collective behaviors of the ensemble data. Typical
visual composition approaches include: superimposition,
juxtaposition, nesting, and overloading, as surveyed by
Javed and Elmqvist [60]. We discuss how the four categories
of traditional visualization techniques have been adapted to
ensemble data, in Section 3.1, 3.2, 3.3, and 3.4, according to
different pathways in this general pipeline (e.g. aggregation
before visualization, composition after visualization).
Computer simulation ensembles can also be aggregated/abstracted into non-spatial data for the overview
of them. Different kinds of non-spatial visualization techniques have been used, together with spatial visualization
techniques, to visualize ensemble data with different levels
of detail. We discuss these techniques in Section 3.5.

to effectively demonstrate the collective patterns of those
values. Following the general pipeline in Figure 4, the pointoriented techniques have been adapted to ensemble data by:
(1) aggregating the multiple values at each grid point, and
visualizing the aggregated results with traditional methods;
(2) visualizing individual values first, and then compositing
their visualizations at each grid point.

3.1

The first group of point-oriented visualization techniques
aggregates the ensemble data at each grid point, and uses
glyphs to depict the aggregated results. For example, Sanyal
et al. [43] computed the 95% confidence interval of values
at each grid point and mapped the interval to the size of
circular glyphs (Figure 6a). Kehrer et al. [62] calculated the
order statistics of ensemble members at each grid point
and presented the statistics with superellipse glyphs (the
glyph legends are shown in the top part of Figure 6b).
The color, overall size, upper shape, and lower shape of
each superellipse represent the median, interquartile range
(i.e., q3 −q1 ), the range of q3 −q2 , and the range of q2 −q1

Point-Oriented Techniques

The point-oriented visualization techniques map data at
each grid point (of the spatial field) to selected visual channels. Examples of point-oriented techniques for deterministic scientific data include pseudo-coloring (mapping values
to colors) and glyph visualization [61] (mapping values to
shapes). Figure 5 shows an example of glyph visualization.
On the left, the size of a sphere encodes the scalar value at
the corresponding location; on the right, the size/direction
of an arrow encodes the magnitude/direction of a vector.
For ensemble data, each grid point has multiple scalar
or vector values, and a desired visualization should be able

3.1.1

Aggregation before Visualization

Fig. 6. Aggregation before visualization: (a) using circular glyphs to
show the 95% confidence interval at each grid point, image courtesy
of Sanyal et al. [43] © 2010 IEEE. (b) The color, size, upper/lower shape
of superellipse glyphs encode the median, interquartile range, and subquartile range of all members, image courtesy of Kehrer et al. [62]
© 2011 IEEE. (c) Using lobular glyphs to show the modality of vector
directions at each grid point; (d) results of placing lobular glyphs across
the simulation field. Image courtesy of Jarema et al. [63] © 2015 IEEE.
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respectively (q1 , q2 , and q3 represent 25%, 50%, and 75% of
the ensemble values at each grid point).
For vector field ensembles, Jarema et al. [63] proposed
lobular glyphs to encode the modality of vectors’ direction
at each grid point. As shown in Figure 6c, the topmost glyph
represents a unimodal distribution of vectors’ direction with
a small variance; the middle glyph also represents a unimodal distribution, but with a larger variance; the bottom
glyph represents a bi-modal distribution. Figure 6d shows
the visualization results after placing the lobular glyphs
across the entire simulation field.
The aggregated statistics can also be encoded into the positions of grid points (e.g., transferring grid points to a new
space, where the points with a more similar collection of
values are closer to each other [64]), the temporal behaviors
of grid points (e.g., using flickers to encode variance [17]),
etc. A complete set of examples can be found in Table 3.
3.1.2

Composition after Visualization

The second group of point-oriented visualization techniques
visualizes each ensemble member first, then composites
the visualizations of different members at the same grid
point. For example, Sanyal et al. [43] proposed graduated
uncertainty glyphs, where each member is visualized as a
circular glyph first. The size of the circle represents the
difference between the corresponding ensemble value and
the mean value. Those circles (representing different members) at the same location were then overlaid/composited
together to demonstrate the positional uncertainty, as shown
in Figure 7a (smaller circles with darker colors are placed on
top of bigger circles with lighter colors to avoid occlusions,
i.e., circles are sorted based on their size). Figure 7b shows
the result of using the graduated uncertainty glyphs to visualize the entire field. Hlawatsch et al. [51] proposed flow
radar glyphs for uncertain flow fields. For their data, each
grid point has a collection of time-varying vectors. They
first visualized each time-varying vector (each member) as
a curve-like glyph through a radial mapping (Figure 7c),
then composited the curve-like glyphs from all members
to derive a radar-shape glyph (Figure 7d). Figure 7e shows
the results of placing the flow radar glyphs into different
locations of the simulation field.

c

a
b
d

e

Fig. 7. Composition after visualization. (a) Graduated uncertainty
glyphs: concentric circular glyphs representing individual members are
sorted (based on their size) and overlaid together; (b) graduated uncertainty glyphs across the simulation field. Image courtesy of Sanyal
et al. [43] © 2010 IEEE. (c) Flow radar glyphs: visualizing each timevarying vector through a radial mapping; (d) encoding member uncertainty through visual compositions; (e) applying flow radar glyphs to the
simulation field. Image courtesy of Hlawatsch et al. [51] © 2011 IEEE.

3.2

Curve-Oriented Techniques

The curve-oriented visualization techniques extract and visualize curve-like features from the spatial simulation field.
Traditional curve-oriented techniques include iso-contour
visualization for 2D scalar field, streamline and pathline
visualization for 2D/3D vector field. Given an iso-value
of a deterministic scalar field (or a particle position of
a deterministic vector field), a curve-like feature can be
extracted with deterministic algorithms (e.g., level-set extraction methods, Runge-Kutta integration methods).
For ensemble data, an iso-value (a particle position) corresponds to multiple curve-like features (each from one ensemble member), and these features reflect the uncertainty
encoded in the ensemble data. According to the general
ensemble visualization pipeline (Figure 4), curve-oriented
techniques have been adapted to ensemble data by: (1) aggregating curves with statistical summaries, and visualizing
the resulted summaries; (2) visualizing individual curves
(ensemble members) first, and then, compositing the curves
to reveal the collective behavior.
3.2.1

Aggregation before Visualization

Fig. 8. Aggregation before visualization. (a) Contour boxplot: computing
order statistics of ensemble curves and visualizing the statistics. Image
courtesy of Whitaker et al. [7] © 2013 IEEE. (b) Curve boxplot: extending
contour boxplot to streamlines/pathlines. Image courtesy of Mirzargar et
al. [6] © 2014 IEEE. (c) Streamline variability plot: ensemble curves are
first discretized into high-dimensional vectors; these vectors are then
projected to 2D and clustered into three groups; mapping the geometric
median and confidence ellipse of each group back to the curve space
becomes a variability plot. Image courtesy of Ferstl et al. [5] © 2016
IEEE. (d) Extending the idea of streamline variability plot to contours.
Image courtesy of Ferstl et al. [4] © 2016 John Wiley & Sons, Inc.

The first group of curve-oriented ensemble visualization
techniques derives summary statistics (e.g., order statistics,
probability distributions, clusters) of the curve-like features
first, then encodes those statistics into visualizations. For
example, the contour boxplot [7] derives the order statistics
of curves based on the concept of data depth, and visualizes
the median (the yellow curve in Figure 8a), 50% interval (the
darker blue band), 100% interval (the lighter blue band),
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and outliers (the dashed red curves), to demonstrate the
ensemble of contours with uncertainty. Curve boxplot [6]
extends the idea of contour boxplot to streamlines and
pathlines. Figure 8b shows the visualization of a pathline
ensemble (50 simulated hurricane tracks) using the curve
boxplot. The same color scheme is used, except that the
outliers are presented with red solid curves.
A curve-like feature can also be represented as a highdimensional vector (by discretizing the curve into a sequence of disjointed points). Ferstl et al. proposed streamline variability plot [5], which projects ensemble curves (represented as high-dimensional vectors) as 2D points using
PCA, and clusters them into different groups in the 2D
space. They derived the geometric median and confidence
ellipse for each cluster (statistical aggregation), and mapped
them back to the original curve space for visualization. As
shown in Figure 8c, the three clusters of ensemble curves are
visualized with three bands/lobes (with color blue, orange,
and green). The curve in the middle of each lobe and the
shape of each lobe reflect the geometric median and confidence ellipse of each cluster in the 2D space respectively.
The thickness of the median curve in each cluster also
encodes the number of ensemble curves falling into that
cluster. Extending the idea to contours, Ferstl et al. have also
proposed contour variability plot [4], as shown in Figure 8d.
It is worth mentioning that some curve-oriented techniques for 2D scalar field are also applicable to (or have been
extended to) 3D scalar field, like contour boxplot [65] and
contour variability plot [4]. Therefore, those techniques belong to both curve-oriented (for 2D scalar field) and surfaceoriented (for 3D scalar field) techniques. Details about how
we categorized the works can be found in Table 3.
3.2.2

Composition after Visualization

The second group of curve-oriented ensemble visualization techniques visualizes each curve first, then composites curves (extracted from different ensemble members)
together to visualize the entire ensemble. The spaghetti
plot [3] is the most intuitive example for this group, as
shown in Figure 9a (a spaghetti plot for an ensemble of 2D
contours). Different colors can also be assigned to different
curves to differentiate different ensemble members [23].
This group of techniques can demonstrate the ensemble
data with very intuitive visualizations. However, when the
number of ensemble members is large, the visualizations
can easily get cluttered, and even misleading. For example, Figure 9a and 9b show two different ensembles with
two spaghetti plots. Overall, it seems these two ensembles
have very similar contour shapes and contour distributions,
which is not the real case. Figure 9c and 9d visualize two
individual members (in the form of color-mapped scalar
fields) from the ensemble demonstrated in Figure 9a and
9b respectively. Data values from small to large are mapped
to colors from blue, over white (equal to iso-value), to red.
It is obvious that the contour shapes in Figure 9c and 9d
are very different. The two spaghetti plots, which composite all contours in individual ensembles together, cannot
reveal this difference. Pfaffelmoser and Westermann [66]
addressed this problem by revealing the contour orientation
(direction from sublevel set to superlevel set) and gradient
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Fig. 9. Composition after visualization. (a, b) Two ensembles of contours
are visualized with two spaghetti plots, the visualizations reveal little
difference between the two ensembles; (c, d) one member from the
ensemble (a), (b) respectively; data values from small to large are
mapped to colors from blue, over white (equal to iso-value), to red; (e, f)
Encoding contours’ distribution and topology into spaghetti plot. Images
are adapted from the work of Pfaffelmoser and Westermann [66] © 2013
The Eurographics Association.

distribution with three color schemes: one for the background and two for the foreground. The background color
scheme (Cb : [white-gray-black]) indicates the orientation of
the contours. For the regions in black (Figure 9e, 9f), all the
members have values less than the iso-value; whereas, for
the regions in white, all the members have values greater
than the iso-value. The gray region highlights the spatial
locations where a mix of members with values either greater
or less than the iso-value. This color scheme effectively
highlights the difference in contour orientations of similar
looking spaghetti plots. The two foreground color schemes,
Cl : [yellow-green-cyan] and Cu : [red-magenta-blue], indicate relatively low and high gradients along individual
iso-contours. The presence of Cu indicates constantly large
gradient magnitudes along the iso-contours, and no contrast
between low and high gradient regions; while, the presence
of Cl indicates a much lower gradient strength. The final
spaghetti plot visualization (Figure 9e, 9f) can effectively
differentiate the two ensembles with different curve orientations and gradient distributions.
3.3

Surface-Oriented Techniques

The surface-oriented visualization techniques extract the
surface structure (e.g., iso-surface, stream surface) from a 3D
scalar/vector field for visualization. Examples of traditional
surface-oriented techniques include marching cubes, isosurface volume renderings (based on the ray-casting algorithm), and stream surface visualizations [67].
For ensemble data, multiple surface structures (each
from one ensemble member) exist at the same time, which
makes the traditional surface extraction and visualization
techniques not readily applicable. The key challenge for
visualization is to handle the multiple surfaces simultaneously, and effectively reveal the underlying uncertainty
in those surfaces. From our study of the visualization lit-
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erature, surface-oriented techniques have been adapted to
ensemble data by: (1) calculating surface statistics of the
uncertain simulation field (e.g., surface crossing probability
in each voxel), and visualizing the statistics with volume
visualization techniques; (2) compositing surface visualization results from individual members, and addressing the
resulted visual clutters or occlusion problem.
3.3.1

Aggregation before Visualization

The first group of surface-oriented ensemble visualization
techniques performs statistical aggregations on the surfaces
first, then visualizes the aggregated statistics of all surfaces.
For example, Pöthkow and Hege [68] proposed positional
uncertainty of iso-contours, which aggregates ensemble data
into a probability field, and uses volume rendering to visualize the field. Each probability value in a voxel (of the
probability field) is the Level Crossing Probability (LCP)
value for the interested iso-surface (i.e., the probability
that the iso-surface passing through that voxel). Specifically,
they first modeled values of all ensemble members at each
grid point as a Probability Density Function (PDF). The
LCP value is computed by employing a Monte-Carlo based
sampling strategy to generate multiple realizations/samples
for each voxel. Of the generated samples, the number of
times a cell (voxel configuration) suggests that the isosurface passed through the cell constitutes the LCP value
for that voxel. The resulted LCP volume, which shows the
probability of the iso-surface passing through the field, can
then be visualized using volume visualization techniques.
Later, they further extended their work by adding the
correlation between neighboring PDFs of the PDF volume
and proposed probabilistic marching cubes [12], as shown in
Figure 10a. The legend on the bottom-left shows the transfer
function that maps LCP values (from 0 to 0.5) to visual
channels (transparency and color).
Following this direction, more works that target to precisely model the uncertainty (i.e., the PDF) at each grid
location have been proposed. Those works employ parametric [12], [68], non-parametric [69], and mixed (parametric
and non-parametric [13]) distributions to model the positional uncertainty in varying ensemble datasets. Additionally, besides Monte-Carlo sampling, closed-form solutions to
compute the probabilistic iso-surfaces from the distribution
field (the PDF volume) have also been proposed [70], [71].

Fig. 10. Aggregation before visualization. (a) Probabilistic marching
cubes visualize the level crossing probability volume of a specific isovalue using the direct volume rendering. Image courtesy of Pöthkow et
al. [12] © 2011 John Wiley & Sons, Inc. (b) The volume rendering view of
the iso-surface crossing probability, where the probability computation is
integrated with the ray-casting algorithm. The iso-surface corresponds to
a certain atmospheric temperature value and the distance to the mean
surface is color-coded from green (low) to red (high). Image courtesy of
Pfaffelmoser et al. [72] © 2011 John Wiley & Sons, Inc.
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Another example for this group is the work of Pfaffelmoser et al. [72], as shown in Figure 10b. They proposed an
alternative method of computing the first-crossing probability (i.e., the probability of crossing an iso-surface for the first
time by a ray), which can be integrated into the ray-casting
algorithm to visualize probabilistic iso-contours with spatial correlations. They introduced an incremental update
scheme that allows efficient integration of the probability
computation into the front-to-back volume ray-casting. For
an effective visualization of the positional and geometrical
uncertainty, they proposed a new color mapping scheme
based on the approximated spatial deviation of possible surface points from the mean surface. Figure 10b shows their
visualization of an uncertain iso-surface (of atmospheric
temperature), where the distance to the mean surface (the
blue curve) is color-coded from green (low) to red (high).
3.3.2

Composition after Visualization

Fig. 11. Composition after visualization. Top: ensemble surface slicing,
four ensemble surfaces are superimposed together. Users can quickly
identify that the orange surface is different with the other three from the
luminance discontinuity. Image courtesy of Alabi et al. [73] © 2012 SPIE.
Bottom: screen-space silhouettes, the gray iso-surface represents the
mean surface, ensemble members are visualized as silhouettes of isosurfaces. Image courtesy of Demir et al. [74] © 2016 IEEE.

The second group of surface-oriented ensemble visualization techniques first visualizes individual ensemble
members (as surfaces), then visually composites those members (surfaces) and addresses the potential occlusion problem. For example, Alabi et al. [73] proposed ensemble surface
slicing, which cuts individual surfaces into multiple slices
and organizes the slices from different ensemble members
next to each other for members’ structure comparison. As
shown in Figure 11 (top), four ensemble surfaces (left) are
composited together in one view (right: each is presented
as a sequence of disjointed surface slices in the same
color). From the luminance discontinuity in the composite visualization, one can easily identify that the orange
member/surface is different from the other three. Another
example for this group is the ensemble visualization work
of Demir et al. [74] (i.e., screen space silhouettes). They
visualized 3D surfaces (extracted from different ensemble
members) using surfaces’ silhouettes (in a certain viewing
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direction) to alleviate the occlusion problem. Silhouettes
for different surfaces are clustered (encoded with different
colors), and composited together in the same 3D scene, as
shown in Figure 11 (bottom). The gray surface shows the
mean surface of all members, which works as a spatial
context and visualizes the overall trend of all surfaces.
3.4

Volume-Oriented Techniques

The volume-oriented visualization techniques target to
demonstrate a 3D simulation field, and reveal important
inner structure of the field. Direct volume rendering is the
most popular traditional volume visualization technique,
which visualizes a 3D deterministic scalar field as a 2D
image through the ray-casting algorithm.
An ensemble dataset usually has a multi-valued volume
(it can also be considered as a collection of single-valued
volumes), which makes traditional volume visualization
techniques not directly applicable. Following the general
pipeline, we observed that volume visualization techniques
have been adapted to ensemble data by aggregating the
multi-valued volume to a single-valued volume or a volume
of PDFs, then applying traditional volume visualizations
onto the aggregation results. A further composition step
may also exist to composite separated visualization results.
3.4.1

Aggregation before Visualization

The first group of volume-oriented ensemble visualization
techniques aggregates the multi-valued volume to a singlevalued volume by aggregating the multiple instances at each
grid point to a single instance. For example, assuming the
ensemble members at each grid point follow a Gaussian
distribution, the corresponding mean and standard deviation of values at each grid point can effectively represent
the multi-valued volume. In other words, the ensemble
of volumes can be aggregated to two volumes (one mean
volume and one standard deviation volume). These two
volumes can then be the input of the direct volume rendering. Djurcilov et al. [59] encoded the aggregated mean
and uncertainty values (e.g., standard deviation or variance) into the color and transparency of their visualization
through a 1D transfer function. As shown in Figure 12a,
the white curve depicts uncertainty mapping (regions with
higher uncertainty are less transparent); the color strip at
the bottom shows the color mapping. Figure 12b and 12c
show the visualization results for the variable “salinity” and
“temperature” (of an ocean ensemble) respectively.

a

b

c

Fig. 12. Aggregation before visualization: (a) 1D transfer function that
maps mean values to color and uncertainty values to transparency. (b,
c) Volume rendering results of the salinity and temperature volumes.
Image courtesy of Djurcilov et al. [59] © 2002 Elsevier Science Ltd.
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3.4.2

Aggregation before, Composition after Visualization

The aggregated volumes, e.g., mean and uncertainty volumes, can also be rendered separately, and visualized together through a composition step. For example, Djurcilov
et al. [59] visualized the mean and uncertainty of the ocean
volumes through separate renderings. Figure 13a and 13b
are the visualization results for the mean and uncertainty
volume (the two images show the two volumes in the same
viewing direction). The uncertainty volume was rendered
as a gray scale image. They inverted the image’s pixel
values and dithered the image into a gray scale bitmap.
The dithering tried to distribute black dots (representing
uncertainty) evenly into proper positions of the image, as
shown in Figure 13c. The final visual composition step
superimposed the volume rendering result of the mean
volume (Figure 13a) and the uncertainty volume (gray scale
bitmap, Figure 12c) to convey the uncertainty information
along with the mean volume, as shown in Figure 13d.
Visualizing the mean volume is misleading in certain
cases, as the underlying ensemble members may not follow
a Gaussian distribution. Liu et al. [9] modeled the ensemble
members at each grid point as a Gaussian Mixture Model
(GMM). As a result, the original ensemble volumes became
a single volume of GMMs. They could then sample the
GMM volume to reconstruct a single-valued scalar volume,
and use volume rendering to visualize it. Figure 13f, 13g,
13h, and 13i show the rendering results of their method
using one, two, four, and six Gaussian components respectively, in comparison with the mean volume (Figure 13e).
Repetitively sampling the GMM volume and visualizing
the sampled single-valued volume, in a fixed viewing direction, can produce a sequence of rendering results (2D
images). Playing these images frame by frame, as an animation, creates flicker effects in different image regions,
and the frequency of the flickers reflects the uncertain level
of those regions. The animation can be considered as the
composition result of the sequence of 2D images, where the
composition is conducted along the time dimension.
A more recent example in this category is the work of He
et al. [75]. They modeled ensemble members at each grid
point as a PDF, and binned the PDF evenly into separate
value ranges. Each grid point then has a set of “range
likelihoods values” for the original collection of scalar values. For example, assuming the original ensemble has 100
members with scalar values ranging from 0 to 255, and the
PDF at each grid point (modeled from the 100 values at
that point) is divided into four even value ranges: range 1
(0-63), range 2 (64-127), range 3 (128-191), and range 4 (192255). The original 100 volumes can then be aggregated into
four range likelihood volumes, i.e., likelihood volumes for
range 1, 2, 3, and 4. Each grid point of a range likelihood
volume records the probability that its scalar value is in
the corresponding range. He et al. then clustered the range
likelihood volumes and built a range likelihood tree (shown
in Figure 13j) of those volumes using hierarchical clustering.
They could then explore the tree and render different range
likelihood volumes (Figure 13k). The rendering results of
different range likelihood volumes can also be composited
(Figure 13l), using the multi-variate volume rendering (with
a multi-variate Gaussian transfer function) [76].

1077-2626 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2018.2853721, IEEE
Transactions on Visualization and Computer Graphics
JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Fig. 13. Aggregation and Composition: (a, b) volume rendering result of
the mean and uncertainty volume of an ocean ensemble; (c) inverting
pixels’ color of the uncertainty rendering result, and dithering it into a
gray scale bitmap; (d) composition result of (a) and (c). Image courtesy
of Djurcilov et al. [59] © 2002 Elsevier Science Ltd. Rendering result of
an air temperature ensemble using the GMM based volume visualization: (e) mean volume visualization; (f-i) GMM volume visualization using
one, two, four, and six Gaussian components. Image courtesy of Liu et
al. [9] © 2012 IEEE. (j) Range likelihood tree of a hurricane dataset; (k)
rendering results of different range likelihood volumes; (l) compositing
rendering results of the four range likelihood volumes in (k) together.
Image courtesy of He et al. [75] © 2017 IEEE.

3.5

Visualization Techniques for Non-Spatial Data

Visualization techniques for non-spatial data have also been
used extensively in ensemble visualization. Most of those
techniques can be easily adapted to ensemble data without any change. For example, Hazarika et al. [77] used a
parallel coordinates plot to present the order statistics of
ensemble surfaces. Wang et al. [25] adopted dendrograms
and heat maps to present an overview of member similarity in multi-resolution climate ensembles. Bock et al. [46]
combined scatter plots and glyph visualizations to provide
a global overview and comparison among members of a
space weather ensemble. Demir et al. [78] employed line
charts and bar charts (i.e., multi-charts) to demonstrate the
value distribution across ensemble members.
The non-spatial visualization techniques are mostly for
demonstrating different levels of abstraction/overview of
the ensemble data, and they are often used along with
multiple other spatial/non-spatial visualization techniques.
These techniques together demonstrate different facets of
ensemble data (with different levels of details) via different
visualization views. With them together, as an integrated visual analytic system, domain scientists can perform specific
visual analysis tasks and accomplish their analytical goals.
We discuss the details of those tasks in Section 4.

4

A NALYTIC TASKS

The general goal of ensemble visualization is to depict the
uncertainty encoded in ensemble data, from which useful
information can be inferred. In practice, this general goal
is usually accomplished by concrete visual analytic tasks.
From the ensemble visualization works, we elicit six tasks,
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which cover the major body of ensemble visualization literature. Note that, these tasks are not exclusively designed for
ensemble visualization, and have been conducted in many
other types of visualization works. In this survey, we focus
on how they have been performed differently for ensemble
data (i.e., how they cover the member/ensemble dimension).
The six tasks are:
1) Overview: provide a concise visual summary of ensemble data and convey the overall uncertainty.
2) Comparison: visually identify the difference between
two members or two ensembles of objects (e.g., two
ensembles of values at two spatial locations) using
juxtaposition, superimposition, and explicit encoding.
3) Clustering: divide members or ensembles of objects
into separate groups, where similar members or ensembles are in the same group.
4) Temporal Trend Analysis: reveal how a single member,
some members, or all members evolve over time.
5) Feature Extraction: extract geometric (e.g., vortex,
eddy) or topological (e.g., source, saddle, sink point)
features from the uncertain field of ensemble data.
6) Parameter Analysis: build connections between ensemble data and the simulation parameters.
These tasks appear to be the most popular ones with
respect to ensemble visualizations, and they reflect the core
interests and requirements of domain scientists. However,
it is worth mentioning that they are not the complete set of
tasks, and our intention is not to exhaust all possible tasks in
this survey. Moreover, these tasks are not orthogonal to each
other either. Some tasks may, to some extent, rely on others.
For example, to build connections between ensemble data
and simulation parameters, clustering ensemble data and
parameter data separately and correlating the clusters from
the two sides are often performed. Here, both the clustering
and parameter analysis tasks are conducted, and the parameter
analysis task relies on the clustering results.
4.1

Overview

Overview aims to present a high-level visual abstraction of
the data. It is usually designed to be seen at the first glance
before any interactions. Therefore, the overview is often
presented as a static scene and provides informative hints
for the following explorations.
For ensemble data, the overview task is to present all ensemble members and reveal the collective behavior (usually
the spatial or temporal behaviors) of them. To make the visual
representation concise, certain levels of abstractions may
need to be applied to each ensemble member. For example,
the box-plot based approaches (i.e., contour box-plot [7],
curve box-plot [6] in Figure 8a, 8b) present an overview of
a collection of curves/contours (i.e., members) by showing
their order statistics. From the statistics, one can identify
the major trend, the divergent scale, and the outliers of the
entire ensemble. The time-series plots abstract/aggregate
each ensemble member and present it as a line. Lines
representing different members are then superimposed into
a 2D time-line chart (one axis for time and the other axis for
the interested quantity), to demonstrate the overall temporal
trend of one ensemble [23], [46]. Those lines (representing
individual members) can further be aggregated to avoid
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visual clutters. For example, Potter et al. [23] demonstrated
the temporal overview of their ensemble data with quantile
trend charts (Figure 14a). The minimum and maximum
bounds (blue curves) show the value range of the entire
ensemble; the inter-quantile band (in gray) shows 50% of
members ordered in the center of the ensemble; the median
(black curve) shows the representative trend of all members.

b

a

Fig. 14. (a) Quantile trend chart: computing the order statistics of lines
representing different ensemble members in the time-line chart and
visualizing their order statistics for ensemble overview. Image courtesy
of Potter et al. [23] © 2009 IEEE. (b) Glyphs for parameter space
overview: color and size represent the speed and opening angle (two
parameters) respectively. The position of each glyph reflects the longitude, latitude values (another two parameters) for the corresponding
ensemble member. Image courtesy of Bock et al. [46] © 2015 IEEE.

Except the aforementioned spatial or temporal overview,
overview of the parameter settings for all ensemble members
is also of paramount importance to domain scientists. For
example, Bock et al. [46] encoded the four parameters (longitude, latitude, initial speed, and opening angle) associated
with individual members (of a space weather ensemble) into
circular glyphs, and presented the glyphs for all members
in a 2D plot to overview the ensemble parameter settings.
As shown in Figure 14b, the 2D plot is divided into three
sub-views, which present three cuts of the parameter space.
The top-left view shows the longitude and latitude coordinates of each member, whereas the bottom-left and topright views show the speed along longitude and latitude
directions. The color and size of each glyph encode the
speed magnitude and opening angle of the corresponding
ensemble member. From this overview of all parameter
settings, users are allowed to select individual glyphs to
further explore the corresponding ensemble members.
To some extent, most of the ensemble visualization
works provide an overview of all ensemble members, as
it is a very fundamental task. In the “Overview” column of
Table 3, we use character S, T, and P (representing spatial,
temporal, and parameter overview) to reflect what aspects
of the overview task is focused on in individual works.
4.2

Comparison

Comparison, as a general visual analytics method, allows us
to identify the similarities/dissimilarities between different
data instances. Gleicher et al. [79] categorized comparative
visualization techniques into three groups: superimposition,
juxtaposition, and explicit encoding, through their analysis
of the visualization literature. For ensemble visualization,
this categorization is still applicable, but the subjects of
comparison are not limited to only two data instances
(e.g., two members/time steps), but also two collections of
instances (e.g., two ensembles of values/curves) [80]. We
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give examples (of ensemble visualization works) for both
cases in the three categories of comparison techniques.
Juxtaposition puts multiple visualization results sideby-side for comparison. It relies on users’ short-term memory to identify the difference in the side-by-side views by
frequently switching their visual attention between them.
For example, Demir et al. [78] performed juxtaposed comparison in a 3D volumetric ensemble by putting individual
volumes/members side-by-side for comparison. Selecting
a specific value range of the volumes (using their multicharts interface) will highlight different regions of those
volumes. From the comparison, users can perceive how the
value distributions are different in different 3D volumes (i.e.,
ensemble members). Höllt et al. [20] conducted juxtaposed
comparison on two collections/ensembles of values at two
different locations across time to reveal the uncertainty and
uncertainty evolution at the two locations. As shown in
Figure 15a, each vertical axis shows the comparison between
the two locations (marked in the bottom right inset) at one
time step. The two collections of values at the two locations
are modeled as two PDFs, and put on two sides of the axis
for juxtaposed comparison (the figure is further explained
in Section 4.4 when we discuss the temporal trend task).
Superimposition aligns objects to be compared in the
same context, which avoids implicit mental registrations of
those objects to facilitate their comparisons. For example,
Alabi et al. [73] superimposed four surfaces (as shown in
Figure 11, top) to compare them in one view. The spatial
alignment of the four surfaces helped Alabi et al. identify
that the orange surface is different from the other three. Ferstl et al. [15] compared ensembles of curves and their cluster
information, at different time steps, by superimposing them
together, as shown in Figure 15b. The ensemble of curves
(i.e., 2D iso-contours) at each time step are first visualized
using a contour variability plot [4]. The plots for different
time steps are then stacked together to show the curves’
cluster evolution over time. The superimposed comparison
helps to track the ensemble of curves at different time steps.
Explicit Encoding quantifies the difference between the
objects to be compared using specific metrics, and explicitly
encodes the values of those metrics into visualization. For
example, in the climate ensemble visualization work of
Wang et al. [25], they computed the difference between
the simulated precipitation value (from one member) and
the observed precipitation value (from satellites) at all grid
points of the simulation field, and mapped those difference
values to different colors to assess the quality of the ensemble member. Köthur et al. [30] extended the use of Windowed Cross-Correlation (WCC) matrix to ensemble data to
reveal the correlation difference between two time-varying
ensembles. Conventionally, each cell of a WCC matrix stores
the correlation between two windowed time segments from
two different time-series (which can be two time-varying
ensemble members). In the work of Köthur et al., each
cell of their WCC matrix stores a collection of correlation
values, which are the correlations (for the designated time
segment) between all possible combinations of members
from two different time-varying ensembles. Köthur et al.
then designed glyphs for the cell to visualize the statistical
summaries (e.g., mean, standard deviation, and quantile
information) of those correlation values.
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Fig. 15. Demonstrating temporal trend. (a) Visualizing and comparing the temporal trend at two points with violin plot glyphs. The horizontal/vertical
axis of the chart is time/sea-level. At each timestamp, the PDFs of ensemble members at two points are shown as two violin plot glyphs side-by-side
(for comparison). Image courtesy of Höllt et al. [20] © 2014 IEEE. (b) Temporal trend of ensemble curves with stacked contour variability plot; (c)
parallel sets demonstrating the cluster splitting trend. Image courtesy of Ferstl et al. [15] © 2017 IEEE.

4.3

Clustering

Clustering divides data by putting data instances with similar features into the same group, which works as an effective
way to reveal prominent data patterns. The commonly
used clustering algorithms include: k -means [78], hierarchical clustering [25], DBSCAN [81], etc. For ensemble data,
clustering can be used to cluster members or ensembles of
objects (e.g., ensembles of values at different locations).
The difference in performing this task for ensemble data
is in the use of new distance metrics for the clustering algorithms. For example, to cluster grid points of a deterministic
simulation field (each grid point stores a single value),
the distance metric can simply be the absolute difference
between the values stored at those grid points. However,
to cluster grid points of an uncertain field (each grid point
stores a collection of values), new metrics that can measure
the difference between collections of values have to be used.
For example, we have seen ensemble visualization works
that model the collection of values at each grid point as a
PDF, and use the KL-divergence to quantify the difference
between the PDFs in different locations [33].
From the ensemble visualization literature, we found
that the distance metrics used in different ensemble visualization works (that contain clustering) are very different.
Those metrics are very application-specific, and are significantly affected by data features. As the number of clustering related ensemble visualization works is not extremely
large, we decided to present them all in this survey. Details
about the used clustering algorithms, clustered objects, and
applied distance metrics in those works are listed in Table 2.
Classification, which categorizes data instances into predefined categories [8], [92], is very similar to clustering (i.e.,
it also divides data instances into different groups based
on their similarity). We, therefore, treat them equally with
the clustering task in this paper. For ensemble data, the
difference of classification lies in the way of generating the
pre-defined categories. A typical classification example (of
ensemble visualization works) is the work of Bensema et
al. [8] (i.e., modality-driven classification). They modeled
the collection of values at each grid point of an uncertain
field (of their ensemble data) as a PDF. Grid points of the
uncertain field are then categorized into four classes based
on the modality of the corresponding PDFs: class-0 (grid
points with a low variance value distribution), class-U (grid

points with a unimodal value distribution), class-B (grid
points with a bi-modal value distribution), and class-M (grid
points with a multi-modal value distribution). The classification result reveals the feature complexity (i.e., modality)
encoded in the underlying ensemble members across different locations of the uncertain field. The ensemble-related
classification works have also been summarized in Table 2.
4.4

Temporal Trend Analysis

The temporal trend analysis task is to capture how the data of
interest evolve over time. It is a very important task in many
domains, like weather predictions [25], [40], fluid dynamics
simulations [18], and matter transitions in physics [17]. For
ensemble data, the temporal trend needs to be extracted
from either a single member (similar with the traditional
temporal trend analysis), or a collection of members (the
new part due to ensemble data). According to our study on
the literature, temporal trends can be captured through three
groups of approaches: (1) view compositions; (2) time-series
plots and their variations; (3) pathline based visualizations.
View Compositions. To reveal temporal trends, the first
group of visualization approaches relies on view compositions, i.e., juxtaposition or superimposition, to compare ensemble data at different time steps. Juxtaposition approaches
demonstrate temporal information of ensemble data by
putting visualization results of different time steps side-byside for comparison. For example, in the climate ensemble
visualization work of Wang et al. [25], they demonstrated
30 daily precipitations in 30 small-multiples (views), from
which domain scientists can explore back and forth to
perceive the temporal movement of precipitations over the
region of interest. Animation can also be considered as a
juxtaposition approach, as it also relies on users’ shortterm memory to build connections between time steps. The
difference is that animation juxtaposes views along the time
dimension, rather than a spatial dimension. For example,
Hao et al. [17] employed animations in their ensemble visualization work to show the shape change of 3D spaces comprised of high-energy particles. Superimposition approaches
overlay ensemble visualization results at different time steps
together for direct comparisons. Although they can easily
result in visual clutters, the superimposition approaches
enable users to focus on one view and directly compare
visualization results over time (need less efforts in mental
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TABLE 2
Clustering (classification) algorithms and distance metrics used in ensemble visualization works.
Clustering Algorithm

Publication
Biswas et al. [40]

k-means

Demir et al. [78]
Splechtna et al. [82]
Kumpf et al. [83]

k-medoids [84]

Potter et al. [85]
Bruckner &
Möller [14]

DBSCAN [86]

agglomerative
hierarchical clustering
(AHC)

Liu et al. [81]

Objects To Be Clustered/Classified
2D locations: each stores an ensemble of
scalar values
histograms: each describes the
statistical summary of members in a
spatial region
2D points: each represents a member
with a pair of parameter values
Members: each is represented as a
collection of locations (a spatial region)
2D locations: each stores an ensemble of
scalar values
3D volumes: each is from a time step of
an ensemble member
3D locations/voxels: each with a
variation value derived from ensemble
members (pathlines)

Wang et al. [25]

Members: each is a time-varying 2D
field

Ferstl et al. [4], [5],
[15]

Members: each is a streamline, pathline,
or 2D/3D contour

Hao et al. [17]

3D volumes: each is a spatial field for a
temporal ensemble members

Demir et al. [74]

Members: each is represented as a
silhouette of the original 3D surface

Jarema et al. [63]

Members: each is a 2D vector field

Bordoloi et al. [38]

(a) spatial ensemble members
(realization); (b) locations with a
collection of values

He et al. [75]

3D volumes: each is a likelihood
volume for a certain probability range

k-means, AHC, and
DBSCAN

Shu et al. [19]

GMM approximation,
AHC

Jarema et al. [21]

2D locations: each stores an ensemble of
time-varying values
(a) particles: from different pathlines
(members) at the same time step; (b)
pathlines/members

Distance Metric
The difference between derived parameter sensitivity values for
different locations
Pn
2
1
i=1 (h1 (i) − h2 (i)) , where h1 , h2 are two histograms and
n
n is the number of bins.
Euclidean distance between the 2D points (the coordinates of
each point are the corresponding member’s parameter values)
Euclidean distance between the linearized collection of locations
(region of interest) from different members
using the of scalar values (i.e., temperatures) as the feature vector
for each location
sum of squared intensity differences across all grid points (of
different volumes)
difference between the variation values (derived from the
proposed longest common subsequence)
structure similarity (SSIM [87]) to quantify the difference
between 2D fields, dynamic time warping (DTW [88]) to handle
the time-varying feature
Euclidean distance between points (representing the original
streamlines/pathlines/contours) in the rank-reduced PCA space
derived shape dissimilarity metric using Oc-Tree; use DTW to
handle the temporal facet; Manhattan distance between temporal
ensemble
members
p
P p
|fi (x) − µ| − |fj (x) − µ|)2 /m, where x is a grid
x(
point, and fi , fj are two fields, µ is the iso-value and m is the
number of grid point
accumulating the similarity at each grid point, and normalizing
by the number of points
P
Manhattan distance n
i=1 |pi − qi |: for (a), pi and qi are the ith
wavelet coefficients of different members; for (b), pi and qi are
the value of the ith member in different locations. They also
discussed the use of KL divergence in case (b).
The likelihood volumes are linearized and normalized as PDFs.
The distance used for clustering is the Jensen -Shannon
divergence [89] between the PDFs.
difference between their derived behavior vector of each location
Mahalanobis distance [90] on the modes derived from GMM
approximations, (transport similarity)

Hummel et al. [49]

2D points: each is a point in the flow
map

Euclidean distance between the end points, X 0 , in the flow map
(flow map is a set of points resulted from tracing a set of particles
X that start at time t and last over T , i.e., flow map
φ(X, t, T ) = X 0 ).

minimum spanning
tree cluster analysis
correlation filtering,
hierarchical cluster
subdivision

Obermaier et
al. [18]

p-dimensional points: each represents a
feature extracted from members

Euclidean distance between p-dimensional points

Pfaffelmoser &
Westermann [11]

2D locations: (of an uncertain field)
each with a collection of scalar values

correlation strength (correlation neighborhoods and their
cardinal numbers)

uncertainty projection

Chen et al. [64]

2D locations: each with a collection of
scalar values

PCA projection

Hazarika et al. [77]

3D locations: each with a collection of
values (orders of each member)

Bensema et al. [8]

locations: of uncertain scalar fields

Gosink et al. [92]

locations: of uncertain scalar fields

nearest-neighborbased density
estimation [91],

modality-driven
classification
error type based
classification

registration). For example, Ferstl et al. [15] stacked contour
variability plots (2D visualization results) at different time
steps together to create a space-time cube (Figure 15b), in
which an overview on the evolution of iso-contours across
time can be easily perceived. In general, the view composition approaches enable users to examine sufficient details
about each time step. However, they usually do not scale
well due to the limit of space or the visual clutter problem.
Time-Series Plots. Time-series (time-line) plots [20], [46]
are effective in summarizing the temporal trends of ensemble data and demonstrating them as high-level abstractions.
This type of 2D plot uses one axis to represent the time
extension, and the other axis to demonstrate a statistical

the difference between two collections of values, Ui and Uj , is
defined as: D(Ui , Uj )=αE(U i , U j )+βJ(Ui , Uj ), E is the
Euclidean distance between ensemble means, J is the Jensen
-Shannon divergence, α, β are two adjustable parameters
the collections of values at different locations are considered as
high-dimensional vectors and PCA is used to cluster them
modality at each location (four types): identified using Hartigans’
dip test on the collection of values at each location
four types of error: identified based on statistical summary of
values at each location

measurement derived from ensemble data [19], [46]. Different ensemble members can be presented as curves overlaid
in the 2D space, so that a direct comparison among members
over time is available. Showing the cluster information of
members at different time steps can also be accomplished
in time-series plots by bundling curves of the same cluster
into a strip [15], [21]. The resulting visualization is similar
to parallel sets [93], which can effectively demonstrate the
convergence/divergence of clusters over time. Figure 15c
shows such a plot for the same ensemble data in Figure 15b.
From this plot, it is very clear that the members are evolving
into four clusters. Figure 15a is also an example of timeseries plots for ensemble data. The horizontal axis is the
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time dimension, and the value distributions of sea-level (one
variable) at two locations are demonstrated along the vertical axis. The two collections of values (from all ensemble
members at two locations) are modeled as two side-by-side
PDFs. By comparing and tracking the pair of PDFs across
time, one can observe that the temporal trend of the risk
level at the two locations, represented by the left and right
PDFs, are different. The left one always has low risk level,
while the right one has an increasing risk level as its color
changes from green (low risk) to red (high risk). Time-series
plots usually can cover a long time range, but the temporal
trends they presented are usually in high-level abstractions.
Pathline Demonstrations. For time-varying vector field
ensemble data, pathlines are intuitive ways to show the underlying temporal trend with uncertainty. For example, Cox
et al. [50] used a bunch of pathlines to show the predicted
hurricane tracks. In their work, one pathline represents one
possible trajectory of the hurricane (one ensemble member).
Overlaying all pathlines from different members together
shows the high/low probability regions that the hurricane
will affect. When the member dimension is large, pathline
based approaches can easily result in visual clutters. Therefore, instead of directly demonstrating pathlines, summary
statistics of those pathlines are presented in certain scenarios. Uncertainty cones [42] and curve boxplots (when
applied on pathlines) [6] are examples. Pathline based approaches are intuitive in demonstrating the temporal trend
and uncertainty evolution, as they can be encoded directly
into the simulation field. However, they are limited to vector
field ensembles only, and cannot present details of ensemble
members at a specific time step [52], due to the lack of
synchronization among pathlines (at different time steps).
4.5

Feature Extraction

Feature extraction is to extract certain geometric/topological
features of interest from a simulation field. Different from
the four basic geometric features we discussed in Section 3,
the features in this section are more sophisticated, such as
flow transport behaviors (e.g., vortex, eddy), topological
critical points (e.g., source, sink, saddle), etc.
For ensemble data, those features need to be extracted
from an uncertain field. Their visualizations need to reveal
not only the features themselves, but also the associated
uncertainties. Here, we use an example of local vortex
detections to elaborate how feature extractions have been
extended to ensemble data. For a deterministic vector field,
local vortex detectors compute a numerical criterion for each
grid point (e.g., Q-criterion [94], λ2 -criterion [95], etc.) and
compare the criterion value with a user-specified threshold
to decide if the grid point belongs to a vortex region or
not. However, the numerical criterion cannot be directly
computed from the uncertain field of an ensemble data.
Otto et al. [10] addressed this problem using a MonteCarlo approach. They first modeled the ensemble members
at each grid point as a Gaussian distribution, with the
consideration of spatial correlations between neighboring
grid points. They then conducted Monte-Carlo sampling
from the distribution, and computed the numerical criterion
for each of the samples. As a result, each grid point would
have a collection of criterion values. Comparing this collection of values with the user-specified threshold value, they
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obtained a probability value for the grid point, indicating
the likelihood that the grid point is in a vortex region. Doing
this for all grid points, they derived a vortex probability field
for the original uncertain vector field, which can be visualized using conventional iso-surface or volume visualization
techniques. Figure 16a shows the iso-surface visualization
of their vortex probability field with P (λ2 <−0.003).

Fig. 16. (a) The Cylinder ensemble data set (time step 100): iso-surface
visualization of the probability field P (λ2 <−0.003) with iso-values 0.05
and 0.95. Image courtesy of Otto et al. [10] © 2012 John Wiley &
Sons, Inc. (b) LIC of vc and uncertain critical points: the peaks in
red/blue/yellow are source/sink/saddle points. Image courtesy of Otto
et al. [96] © 2010 John Wiley & Sons, Inc.

Identifying critical points (i.e., source, sink, saddle) is
an effective approach to analyze the topology of a spatial
field. However, different from deterministic fields where the
critical points have deterministic locations, the uncertain
field of ensemble data brings challenges to critical points
extractions. Targeting on this problem, Otto et al. [96], [97]
generalized the concepts of streamlines to uncertain vector
fields and proposed algorithms to identify critical points of
the fields. In their work, they modeled the uncertain vector
field as a density distribution function (i.e., the collection of
vectors at each grid point was modeled as a Gaussian distribution) and performed streamline tracing on the function.
Conventionally, for a specific integration step, the streamline tracing algorithm derives a deterministic location for
a particle. For an uncertain field, the deterministic location
becomes uncertain locations, and those locations constitute
a particle density distribution at each integration step. Based
on the derivative of the density distribution at different
integration steps, Otto et al. extracted source, sink, and
saddle points for the uncertain field. They also performed
a Monte-Carlo approach to integrate probabilistic particle
paths, so that they could segment the uncertain field. As
shown in Figure 16b, the uncertain source, sink, and saddle
points are represented as peaks (of a height field) in red,
blue, and yellow. The regions in different colors show the
segmented areas (affected by different source/sink points).
4.6

Parameter Analysis

The parameter analysis task is to build connections between
parameter data and ensemble data, to analyze the uncertainty in simulation inputs. From domain scientists’ perspective, the parameter data and ensemble data (simulation
inputs, outputs) are closely related, and analysis should be
conducted on both sides to build connections between them.
Sedlmair et al. [98] proposed a conceptual design framework for parameter analysis. Different with them, we only
focus on parameter analysis works that related to ensemble data in this survey. Pure parameter analysis works,
that have little connection with ensemble data, have been

1077-2626 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

15

excluded. The visualization of ensemble data has been
thoroughly discussed in Section 3, we, therefore, focus on
discussing how to visualize parameter data, and how to
correlate the two types of data, in this section.
Visualizing Parameter Data. Considering a single parameter as a dimension, multiple parameters with different
values (used in different runs) constitute a high-dimensional
space. Therefore, parameter visualization can resort to highdimensional data visualization techniques. According to our
review, the most common approaches used for parameter
visualization include Parallel Coordinates Plots (PCPs) [18],
[24], [25], [44], wheel plots [99], scatterplots [22], [82], line
charts [40], [82] and glyphs [46]. Most of those approaches
not only present the parameter space, but also demonstrate
the interrelations between different parameters. For example, a PCP can present each parameter with one parallel axis,
and each parameter setting (for one run) with one polyline
across all axes. The relational pattern formed between neighboring axes of the PCP can then demonstrate the correlation
between the corresponding parameters.
12 km

Dendrogram

Heat map

𝑃"

𝑃#

𝑃$

𝑃%

𝑃&

Right branch

Left branch

Fig. 17. Building connections between parameter data and ensemble
data. Each column of the heat map represents one temporal ensemble
member, and the members are clustered using hierarchical clustering.
The difference between the two highlighted groups of members (in blue
and red boxes) is resulted from the difference in the values of parameter
Pc . Image courtesy of Wang et al. [25] © 2017 IEEE.

Connecting with Ensemble Data. There is a one-toone correspondence between each instance of the parameter
data (one parameter setting) and each ensemble member.
Domain scientists usually study simulation parameters by
exploring this correspondence to connect parameter data
with ensemble data. Coordinated multiple views are usually
employed to present parameter data and ensemble data
simultaneously. Specifically, brushing and linking is the most
commonly employed strategy to connect parameter views
with ensemble views [40], [62]. Furthermore, we observed
that finding the correspondence between clusters (i.e., clusters of parameter settings, clusters of ensemble members) is
often more effective when correlating parameter data with
ensemble data [14], [18]. In Figure 17, parameter data are
presented in a variation of PCP, i.e., the nested PCP [25];
ensemble data are demonstrated with a linked visualization of a dendrogram (each leaf is an ensemble member)
and a heat map (horizontal/vertical extension represents
the member/time dimension). From the linked visualization,
domain scientists can perceive how the value of Pc (one
input parameter) is affecting the simulation outputs.

5

D ISCUSSION

In the above two sections, we categorized visualization
techniques into five categories, and summarized six analytic
tasks of ensemble visualization. From the categorization and
summarization, we found several research trends and some
promising research directions, which are discussed in this
section, along with the limitations of our work.
5.1

Observations, Research Trends

Uncertainty Modeling. Many visualization works analyze
the uncertainty of ensemble data by modeling ensemble
members as a PDF. We observed that visualization researchers devoted a lot of efforts in improving the accuracy
of the PDF in reflecting the uncertainty. Those efforts are
generally in two directions: (1) allowing more modalities;
(2) considering the correlation among PDFs. With respect
to the first direction, the Gaussian distribution was used
extensively in ensemble visualizations to model a PDF.
However, the underlying ensemble members may not follow a normal distribution [13]. To model the uncertainty
in a better way, researchers have started looking into more
complex models with higher modalities [8], [63]. This direction has also promoted the usage of non-parametric
(e.g., kernel density estimations, histograms [2]) and semiparametric (e.g., GMMs [9], [21]) models. For the second
direction, researchers have started to consider the correlations between neighboring grid points [10], [116]. Scientific
datasets often measure a continuous physical phenomenon
with the inherent property of local data continuity. As a
result, assuming the PDFs at individual grid locations to
be independent might lead to incorrect modeling of uncertainty. [12] and [72] have studied this mis-representation
and concluded that it is important to consider the spatial
dependency among the PDFs at different grid locations.
Consequently, the later batch of distribution based ensemble
visualization works focus more on multi-variate distributions to better model uncertainties [12], [13], [69], [72].
Coordinated Multiple Views. We also observed that
coordinated multiple views are used more often than a
single static view in ensemble visualization works. In fact,
it is rarely possible to demonstrate all facets of an ensemble
in a single static view. The attempts will mostly result in
information overload and/or visual clutters. Conversely,
the different facets of ensemble data can be simultaneously
demonstrated in coordinated multiple views, with different
focuses in different views. Analyzing ensemble data will
then require a process of exploration among those views,
as well as interactions (e.g., brushing and linking) that drive
the exploration. This observation/trend that visualizations
are evolving from single static views to interactive visual
analytic systems is not limited to ensemble visualization
works, but also other types of visualization works.
5.2

Future Challenges and Opportunities

Ensemble visualization is still young [35], [57], and many
works can be conducted for its advancements. We discuss
several directions that we believe important and promising.
The Variable and Ensemble Dimensions. From our
structured literature analysis, we found that the multivariate feature (i.e., the variable dimension) of ensemble
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TABLE 3
Ensemble visualization works are organized based on our discussions in Section 2, 3, and 4, i.e., ensemble data, visualization techniques, and
analytic tasks. For the "Ensemble Data" column, cells with filled color indicate the size of the corresponding dimension is more than one. S/V in the
“Variable” column represents scalar/vector variables. S/T/P in the “Overview” column represents spatial/temporal/parameter overview. J/S/E in the
“Compare” column represents comparisons through juxtaposition/superimposition/explicit encoding. T/C/P in the “Trend” column represents
time-series plot/view composition/pathline-based approaches. The footnotes of this table list works falling into the same category.
Ensemble Data
Visualization Techniques
Analytic Tasks
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Sanyal et al. [43]
Chen et al. [64]
Jarema et al. [63]
Höllt et al. [20], [48]
Obermaier et al. [18]
Gosink et al. [92]
Günther et al. [100]
Liu et al. [101]
Jiao et al. [102]
Höllt et al. [103]
Kehrer et al. [62]
Bensema et al. [8]1
Liu et al. [52]
Hlawatsch et al. [51]
Pfaffelmoser et al. [104]
Kao et al. [105] 2
Sakhaee & Entezari [58]
Ferstl et al. [4]
Guo et al. [106]
Pöthkow & Hege [69]3
Guo et al. [107]
Ferstl et al. [15]
Jarema et al. [21]
Potter et al. [23]
Kumpf et al. [83]
Liu et al. [108], [109]
Hummel et al. [49]
Fofonov et al. [16]
Ferstl et al. [5]
Cox et al. [50]
Mirzargar et al. [6]
Otto et al. [96] 4
Whitaker et al. [7]5
Bürger et al. [110]
Kern et al. [111]
Thompson et al. [2]
Hazarika et al. [77]
Alabi et al. [73]
Demir et al. [74]
Pöthkow et al. [12] 6
Bruckner & Möller [14]
Hao et al. [17]
He et al. [75]
Demir et al. [78]
Phadke et al. [47]
Bock et al. [46]
Liu et al. [81]
Liu et al. [9] 7
Biswas et al. [40]
Wang et al. [25]
Shu et al. [19]
Köthur et al. [30]
Poco et al. [112]
Malik et al. [113]
Piringer et al. [24]
Splechtna et al. [82]
Matković et al. [22] 8
Matković et al. [54]
1
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[66]

6

J
J
J
J

Noodles for weather ensemble data
uncertainty-aware projection
lobular glyphs
Ovis for ocean forecast ensembles
visual trend analysis
Bayesian model averaging
mandatory critical points
representative sampling
ODF ensembles
seismic horizon ensembles
heterogeneous data
modality-driven classification
risk ellipses for hurricane predictions
flow radar glyph
uncertainty of gradients
EOS satellite data
PDFs interpolation
contour variability plots
FTLE and LCS
nonparametric models
ensemble flow advection
time-hierarchical clustering
transport variability analysis
Ensemble-Vis
cluster analysis
vortex search and comparison
Lagrangian transport
multi-run plots
streamline variability plots
predicted hurricane tracks
curve boxplots
uncertain 2D vector topology
contour boxplots
instant visitation maps
spaghetti plots
hixels
local feature variance
ensemble surface slicing
screen-space silhouettes
probabilistic marching cubes
result-driven exploration
temporal ensemble analysis
range likelihood tree
multi-charts
animation/screen door tinting
space weather ensemble
longest common subsequence
GMM based visualization
parameter sensitivity analysis
nested parallel coordinates plot
EnsembleGraph
temporal ensemble correlation
SimilarityExplorer
3DCT dataset series
3-level visual exploration
interactive visual steering
data surface analysis
car setup analysis
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[65], [68], [72]

7

[59]

8

[53], [117];
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data has not been explored sufficiently. Although some
works visualized multiple variables of ensemble data [22],
[82], [117], analyzing the correlation or association between
those variables was not their focus. Given that the variable
correlation analysis is such an important topic of traditional
scientific data, we believe it is also promising to explore it in
the context of ensemble data, where the variable correlations
will become uncertain correlations. Additionally, the ensemble dimension of ensemble data has not been covered by
many existing visualization works either. Focusing on this
dimension may lead to new research ideas and pioneering
works. While it also depends on the availability of this type
of data and specific requirements from domain scientists.
Expert Evaluation and Technique Portability. We also
believe that more improvements can be conducted in the
evaluation of ensemble visualization techniques. The effectiveness of a new technique is usually evaluated by domain
scientists. However, several critical questions remain unanswered in making the evaluation rigorous. For example,
how many domain scientists should participate in an evaluation to eliminate the subjective effects? How willing a domain scientist is to adopt a new technique? How much training time is required to get familiar with a new technique?
Answers to these questions or a systematization on what
aspects should be included in an evaluation will greatly
improve the rigorousness of the evaluation. Additionally,
how easily a proposed ensemble visualization technique can
be applied to similar problems in other domains, i.e., the
portability of the technique, is not well-discussed in most
cases. Addressing this problem would significantly improve
the reusability of ensemble visualization techniques.
Scalability. The scalability problem of ensemble visualization may consistently exist, since the attempts to simulate real-world physical phenomena are always intended
to achieve higher spatial and/or temporal resolutions.
Domain scientists’ ambitions in generating more ensembles/members to better assess the underlying uncertainty
of their models will also significantly increase the size
of ensemble data. Therefore, concise data representations,
well-organized memory structures, high performance data
queries, and intelligent data movement strategies are always
in need to support the increasing scale of ensemble visualization. From our review, we have seen multiple works
that improve the performance of ensemble visualization
through parallelizations, e.g., [81], [107]. The parallelizations
can be conducted across different dimensions of ensemble
data based on the specific analytic goals (e.g. parallelizing
the computations across members, spatial locations, or time
steps). In terms of data storage, most of the existing distribution based data reduction methods for uncertain data,
e.g. [118], [119], can be used directly for ensemble data.
However, using those methods is usually based on specific
assumptions of the underlying member distributions, and
certain modifications may need to be adopted to better
preserve the features of ensemble data. Furthermore, we
believe in-situ visualization [120] for ensemble data is also a
promising direction in addressing the scalability challenge.

the subjective nature of them. The perspectives we used
to look at ensemble visualization papers, the criteria we
used to select them, and the taxonomy we used to classify
them are all affected by our way of understanding ensemble
visualization. These subjective choices and decisions are by
no means to be the best or unique. Equivalent analysis structures, taxonomies from different perspectives exist without
any doubts. However, we also believe that our work is
sufficient to provide a useful picture for the current research
endeavors in ensemble visualization. Given that there are
very few survey works for ensemble visualization, we hope
our work can play as a starting point to meet the demanding need and lead to more comprehensive summaries or
systematizations for this topic in the future.
Within the limited space, we focused more on summarizing the common features of different ensemble visualization
techniques and validating the effectiveness of our proposed
taxonomy. However, we believe our survey can be further
extended by comparing the visualization works in the same
category or across categories, e.g., discussing the merits and
frailties of different techniques in different application scenarios. This would potentially lead to a conceptual design
framework for ensemble visualization, and nourish more
research on the theoretical analysis of this topic.

5.3

[5]

Limitations

As a structured analysis of literature, our work suffers from
standard limitations associated with this type of works, i.e.,

6

C ONCLUSION

This paper presents a survey of ensemble visualization. The
survey categorizes ensemble visualization techniques into
five categories and reviews how traditional visualization
techniques have been adapted to ensemble data. It also elaborates how six popular analytic tasks have been performed
differently due to the unique features of ensemble data. With
this survey, we connected the dots representing disparate
ensemble visualization works and built up a big picture for
this topic. We hope our work could help the theoretical analysis of ensemble visualization and support the development
of novel ensemble visualization techniques.
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