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Figure 1: Our approach combines different perspectives on uncertainty, which correspond to mental and mathematical models, for multiple
experiments on granular material: a) The spatial view encodes the probability of occurrence of a spatial pattern such as a force chain. b) The
variation of network descriptors such as the node degree over the packing fraction shows the uncertainty as variance. c) The heatmap treats
the edge probability as a variable and uses it, similar to the force, to threshold edges while computing the Sankey diagram.

Abstract

Uncertainty in experimental measurements makes it challenging to determine which features are intrinsic to the phenomenon
and which are most stable and reliable. Granular materials, such as sand, form a complex system in which the forces between
individual particles influence the material’s macroscopic behavior. However, these forces are also subject to uncertainty, as
repeated measurements can yield different results. In this paper, we investigate how to model and visually analyze the uncertain
structure of forces in granular materials. We adopt different perspectives on uncertainty by considering it as variance, probability,
or additional variable. For a nuanced analysis of granular material data, we propose combining visualizations that represent
these perspectives into a single visual analytics approach. We integrate uncertainty-aware spatial visualizations that convey
the probability of features, visualizations of derived measures and their variance over changes in the packing fraction, and
overviews of varying probability thresholds. Finally, we evaluate our proposed approach in a case study conducted together with
geotechnical engineers for the example of a 2D ensemble of photoelastic disks.
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1. Introduction

Granular materials, such as sand, are composed of solid, macro-
scopic particles that exhibit complex force patterns between the par-
ticles [PMWTO05,ZNL 17]. Understanding the formation of these
force patterns is challenging because minor deviations in the sys-
tem’s parameters, such as the initial positions of the grains, can lead
to changes in the individual forces between the particles and the
formation of patterns on different scales. Therefore, even in highly
controlled experiments, repeated measurements may yield different
results. Thus, experiments can be conducted repeatedly to quantify
the uncertainty and identify the most likely force patterns.

In this paper, we propose an uncertainty-aware analysis in so-
called force networks, which are formed by treating the individ-
ual grains as nodes and the forces between them as weighted
edges. As we consider highly controlled experiments where the
initial particle positions are very similar, the main uncertainty in
the system arises from the existence and force weighting of the
edges. However, domain experts are not primarily interested in
individual edges, but instead in mesoscopic (middle-scale) fea-
tures, such as force chains, which correspond to connected com-
ponents of the force network, and macroscopic features. While
previous visualization approaches for granular material focus on fea-
ture extraction [RMM 23], tracking [RNN 24], and multi-scale
analysis [RNM 26], they do not consider the data uncertainty.
Visualization of an uncertain graph, independent of the applica-
tion domain, traditionally aims at showing uncertainty in edges or
nodes [vBW17b,CGH 24,GHLI15,vKS 11,ZAH22,SNG 17].In
this paper, we instead focus on encoding the uncertainty of derived
features. For a multifaceted analysis of the uncertain dataset, we
combine visualizations at different aggregation levels, ranging from
spatial details to an overview of the entire experiment, that also
represent different mental (how the uncertainty is understood and
used) and mathematical models of the underlying uncertainty (see
Figure 1).

Based on this application scenario, we identify different perspec-
tives to view the uncertainty. At first, the uncertainty describes a
variance in macroscopic parameters, such as the number of particles
without any forces to or from other particles. Second, the different
realizations of the experiment are used to compute a probability of
an observation, for example, the probability that a particle is part
of a force chain. Third, the probability that a force exists between
two particles can be treated as a variable and used for thresholding,
allowing the user to interactively select the desired certainty required
in the analysis.

In this paper, we first introduce the data in more detail (see Sec-
tion 3) and discuss these different ways of treating uncertainty,
which we derived from the application scenario (see Section 4). In
Section 5, we describe how the different perspectives are incorpo-
rated in each visualization and how they are integrated in a visual
analytics approach. We combine aggregated overview visualizations
that show the evolution of the system if it is compressed and de-
compressed under external pressure with a glyph-based view that
shows the spatial context for a fixed pressure. A Sankey diagram
encodes changes of particles between connected components for
user-defined force and uncertainty thresholds. Our approach was
evaluated through case studies and interviews with domain experts,

demonstrating the utility of combining different perspectives. In
summary, our contributions are as follows.

e A discussion of different perspectives on uncertainty and how to
combine them in a visual analytics system.

e A visualization of uncertain connected components that covers
the uncertainty without requiring a dedicated matching.

e A visual analysis approach and workflow for analyzing uncertain
structures in granular materials.

e A case study with domain experts to evaluate the usefulness of
our approach that combines different views on uncertainty.

2. Related Work

In the following, we discuss related work to our approach. At first,
we discuss visualization approaches that also target applications to
granular materials followed by a discussion on uncertainty visual-
ization beyond the domain of granular materials. Finally, we discuss
existing usages of glyphs, which we will use to encode uncertainty
in our spatial view.

Granular Materials. For a general overview of the use of vi-
sual computing for material science, we refer to Heinzl and Stap-
pen [HS17]. While related applications such as the visualization
of porous media [GVTA10, SKR 24] also make use of graph
descriptions, they focus on connectivity structures or fluid flow
through the material. ASEVis proposes an interactive approach
to identifying user-defined features in active materials [EWL22],
but its focus is on understanding dynamics and finding aggrega-
tions, rather than considering the uncertainty in the graph structure
of the force network. Meier et al. [MSW 08] investigate multi-
scale visualizations to connect micro- and macroscale information.
While they also address the force network, they visualize only
single measurements without considering uncertainty. Rasheed et
al. [RMM 23,RNN 24, RNM 26] work on the same dataset as
we do, but focus on extracting [RMM 23] and tracking [RNN 24]
cycles that enclose particles without forces to and from other parti-
cles. To track the evolution over the experiment, they use a Sankey
diagram, which we adopt in our paper and apply to the evolution of
force chains. VisPhoD [RNM 26] provides a comprehensive analy-
sis framework to analyze granular materials, but it does not focus
on force chains or consider uncertainty explicitly.

Uncertainty Models. Uncertainty visualization is considered a chal-
lenging problem [KDJ 21]. A broad overview of different aspects
of uncertainty visualization and its application in various domains
can be found in a set of survey articles [HSB 22, Wei22,BHJ 14,
PRJ11]. An attempt to characterize uncertainty has been made by
Skeels et al. [SLSRO8]. They discuss formats for uncertainty, in-
cluding probabilities and ranges for quantified uncertainty, which
closely relate to our perspectives on uncertain data. Pefia-Araya
et al. [PAFW 25] discuss the fuzziness of uncertainty based on
a case study on geology. They find that many factors influence
uncertainty and that it might vary during the analysis process.
Gillmann et al. [GMR 23] discuss uncertainty in visual analytics.
While they also discuss descriptions that relate to our perspectives,
they mainly focus on sources of uncertainty in the visual analyt-
ics pipeline, which has been generalized to include uncertainty by
Maack et al. [MSH 23]. Different sources of uncertainty are also
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commonly discussed in other taxonomies for different application de ned by the position of the corresponding disk and also associated
elds [Fis99, RPHL14, PPK21]. We, however, focus on how to  with the radius of the disk. There is an edg2 E between two
view uncertainty during the analysis process, where the uncertainty neighboring disks, which is weighted by the force that the two disks
may be attributed to a single source. exert on each other. If there is no force, the weigfe) = 0. As the
nodes correspond to a 2D system, the resulting force network forms

Uncertainty in Graphs. On a more abstract data level, we con- an embedded, planar graph.

sider graphs with uncertain edge weights. Existing approaches
often focus on data mining in uncertain graphs, where an uncer- During the course of the experiment, pressure is exerted on the set
tain graph denotes a graph where each edge is associated with thef disks. In the rst stage, the loading stage, an increasing external
probability that the corresponding nodes are connected [Ban22,pressure is exerted on the system, and in the unloading stage, the
KGPT17]. Common tasks include pattern extraction [JLA11, pressure is decreased. For higher pressures, the disks are more
CZL 19], clustering [CFP17, HGX 19, YWL 22], and graph tightly packed, which can be quanti ed by thmacking fraction
decompositions [BGKV14]. Reachability queries, which are re- of the disks, that is, the proportion of the total area occupied by
quired to extract connected components, are known to be #P-the disks in the granular system. One goal of the experiment is to
complete, which means that they are at least NP-hard [JLDW11].investigate the system's behavior over different packing fractions to
Thus, they are commonly computed based on samples, which areunderstand the phenomenonjafnming a macro property of the

also referred to as possible worlds [PGPB14]. In this paper, we granular system, and its link to meso- and microscale properties
follow a similar approach by treating the measurements as sam-of the system. Jamming occurs at higher packing fractions and is
ples of an unknown distribution. However, note that we differen- associated with phase transitions of the granular material.

tiate not only whether an edge exists but also that existing €dges g gataset we consider in this paper consists of 10 measure-
are weighted. Visualization approaches for uncertain graphs of- a0t with identical initial conditions. Each measurement consists
ten include the graph layout, _for example, by_ comb_'n'ng splat- 4t g 19 17 steps with different packing fractions. Although the 10
ting, edge bundling, and blending [SNE7] or using animations e agurements are repetitions of the same experimental setup, they
of different possible outcomes [ZAH22]. In our case, each node ey jate from each other. As the disks are manually placed according
corresponds to a particle with a physical location, and thus the (4 their initial conditions, there might be small deviations in their
node layout is already de ned by the dataset. An alternative for ,,qjions. Due to the complexity and nonlinearity of the underlying
encoding edge weight uncertainty uses visual variables on thesystem, these small deviations might amplify when exerting pressure
edges [vBW17b, CGH24, GHL15,vKS 11, SSSE16], aswe also 54 ead to larger differences in the resulting force networks. In the

do for one of our spatial visualization options. However, these visu- following, individual measurements are referred toesizationof
alizations from prior work do not explicitly encode information on the possible experimental behavior.

derived graph properties such as connected components. o
Thus, measurements can be seen as samples of a probability dis-

Glyph-based Visualizations. Glyph-based visualizations are  ripytion that models the uncertainty of the system's behavior. We
commonly used to visualize complex information [BKI3, considered modeling the distributions explicitly. However, with only
ROP11]. For example, glyphs can encode uncertainty in scalarig measurements corresponding to 10 samples, a statistically mean-
elds [RGH 19], but without visualizing discrete features such ngfyl modeling is not possible and could easily lead to over tting.
as connected components. Cowe et al. [CNM8] used pie-chart-  Ag performing the experiment is very time-consuming, obtaining
based glyphs for multi-scale visualization but did not encode un- nore measurements is not feasible. Therefore, we instead decided to

certainty. In this work, we use radial glyphs to visualize uncertain \york on the sample level and use the 10 measurements as samples
connected components [ERI5], a visualization that Vehlow et of the underlying distribution.

al. [VBW17a] also used to indicate overlap in fuzzy communities.

3.2. Analysis Tasks

3. Application Background, Data, and Tasks In contrast to previous work [RNM26], we focus on a joint analysis

This section summarizes information on the application domain, of all measurements as a single uncertain dataset instead of com-

particularly the relation to data and task abstraction. paring individual measurements separately. Based on a discussion
with the domain experts, who created the data, we identi ed a set of
relevant analysis tasks in which the uncertainty should be taken into

3.1. Data Acquisition and Description account and which we use to guide our visual design presented in

In this paper, we focus on a 2D granular ensemble comprising Section 5:

photoelastic disks [DNM26]; the birefringent property of the disks T1: Identifying reliable structures. The measurement is repeated

is employed to quantify the contact forces between the disks. For 10 times with approximately identical initial conditions to identify
detailed descriptions of the experimental setup, we refer to previous structures in the experiment that occur regularly. Thus, the goal
works [NDM26, RNN 24, RNM 26]. is to nd information with a high probability of occurring in a
measurement. Structures that only rarely occur should be visualized
while also communicating the uncertainty, such that the probability
is conveyed to the analyst.

After preprocessing performed by the domain experts, one obtains
a force network from the imaging data. This force network can
be described as an undirected, weighted g@aph E) where the
nodesV are given as the disks. Each nad2V has a spatial location ~ T2: Visualizing different scales.The main goal of the experiment is
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additional uncertainty, this uncertainty is small compared to the data
uncertainty and is, thus, not explicitly considered in this paper.

4. Perspectives on Uncertainty

While existing work considers different formats [SLSR08] or de-
scriptions [GMR 23] of uncertainty, its main focus is on combining
uncertainty from different sources. Instead, we focus on combining
multiple descriptions and usages of an uncertainty model to provide
a more comprehensive view of the data, but we do not differentiate
Figure 2: For synchronizing the data between the different mea- sources of uncertainty.
surements (gray lines), only packing fractions between the two red
dashed lines, which indicate the area where data for all ten (in-
crease) or eight (decrease) measurements are available, are consid
ered.

The uncertain data considered in this paper contains a set of mea-
surements that can be used to quantify the system's uncertainty.
However, the number of measurements is typically small because
conducting the measurements is time-consuming. Therefore, we
avoid estimating the underlying distribution directly and instead
treat realizations as samples, thereby obtaining an implicit represen-
to obtain an understanding of how structures on the microscale, suchtation of the (unknown) probability distribution. Thus, the weight of
as forces between particles, relate to information on the macroscale€ach edge can be described by a random variaidlée) with prob-
such as the number of nonparticipating nodes in the force network.ability distributionpy(g (f) wheref denotes the force. Note that

Visualizations of both scales should include the uncertainty to avoid the random variables of different edges are not independent. Since
misinterpretations. all explicit computations are based on samples, the dependencies

) ) . - between the different edges are also taken into account.
T3: Investigate the behavior when applying pressureWith in-

creasing pressure, the packing fraction of the system increases. To [N the following, we will discuss different perspectives on how
better understand phase transitions in granular materials, the beha/t® Work with this uncertainty model. The perspectives have been

ior of the system and associated uncertainty should be visualized asiéveloped based on joint' m_eetings and discussions with doma?n
the packing fraction changes. experts to understand their views on the data and to de ne analysis

goals but are also grounded in the authors' previous experience with
uncertainty modeling and visualization.
3.3. Data Alignment

The force networks in the raw data are not aligned, and there is4.1. Uncertainty as Statistical Variation

no explicit correspondence between disks across realizations. For o . - L
One common description of uncertainty targets statistical variation.

clarity, we will, in the following, refer to a set of realizations with a . Lo . . .
. . - : ; . Especially for quantitative data, the uncertain value is associated
single packing fraction as a single step in the experiment. To treat ) o . .
with a variance or standard deviation. In this paper, we mainly use

data as realizations of the same underlying behavior, we need to . N . ) .
this description of uncertainty for macroscopic measures, which

perform an alignment. . . . - .
is a common approach from the domain expert's familiar analysis
First, we create a mapping between the individual disks based onwork ow. We include three different graph-based descriptors. To
their distances (see supplemental material for details). Next, we alsoobtain a distribution over all measurements, the descriptors are rst
needed to align the individual measurements based on the packingcomputed separately for each realization. The individual results
fraction of the different measurement steps. The packing fractions can then be used to estimate the statistical variation over the entire
for individual measurements are shown in Figure 2. For consistency experiment.

and completeness, we focus on the packing fraction range present Ny .
X . ode degreeThe node degree is commonly analyzed as the so-
all measurements. Note that two experiments stop at the maximum L : .
called coordination number in the analysis of force networks to

increase of the packing fraction and do not contain a decrease. To - .
) o ! . understand how densely connected the material is. Here, we consider
still optimize the amount of data available but also consider that

the decrease might lead to different effects, we treat the increasethe average node degree over the entire network, which corresponds

and the decrease in packing fraction differently. After obtaining the to the average number of othgr d.ISkS that a disk interacts with. Thus,
we compute for each experimenthe average node degrie=

possible data range, we divide it into 19 equidistant steps such that2j Ejj=jVj. We say that an edge exists if the weighe) > R, where

the r_lumber (.)f SFEPS is symmetric around the. maximum packing R is a user-de ned force threshold that can be changed interactively.
fraction and lies in the same range as the original number of steps.

For the increasing steps, including the maximum, we take the joint Connected component sizeThe average size of the connected
range of all 10 measurements, while for the 9 decreasing steps, onlycomponents indicates whether large or small structures form in the
8 measurements are considered. For computing each realization, wegranular material. Connected components are computed considering
use linear interpolation of adjacent measurements which can be conthe edges wittw(e) > k. To compute their size, the number of
sidered a suitable approximation due to relatively small differences particles in each connected component is counted. According to the
between adjacent steps. While the interpolation might introduce usual de nition of connected components, a single node forms a
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Figure 3: The gure shows schematically how the spatial view is created (top-left), the different derived information that is included
(bottom-left), and which different visual encodings are supported (right). The different visual encodings can also be combined.

connected component of size one. However, since the disks correthan using the probabilistic graph, due to computational complexity
sponding to these nodes do not form force chains, we consider onlyand to account for covariances not included in the edge probabilities.
connected components that contain at least two distinct nodes. Combining the connected components computed across different
measurements not only allows consideration of spatial variability

Number of non-participating nodes. Disks that do not experience ésee Section 5.3 for details) but also enables identi cation of the

or exert forces on other nodes are also referred to as rattlers. Thes

disks correspond to nodés 2 Vj8e2 E(v) : w(e) FRg where probability
E(v) denotes the set of incident edges/t@ounting the number of _ffm2fo;nnM 1gjjc™(v)j > 1gj 5
these non-participating nodes gives an overview of how many nodes Pec(V) = M 2)

do not participate in the interactions of the system.
P b y that a nodev belongs to a connected component, whef8(v)

denotes the connected component to which ndolelongs in mea-
4.2. Uncertainty as Probability suremenin of M measurements in total.

An alternative view of the data's uncertainty is to express it as a
probability. Probability as a measure for uncertainty is common 4.3. Uncertainty as Additional Variable
in everyday life [VHW25]. In the context of our work, probability

N~ . . nlike the previ ions that f n mathematical model
indicates the chance that a feature in the data exists. Unlike the previous sections that focused o athematical models

or descriptions [GMR23] of uncertainty, this section addresses how
On the microscopic level, the probabilityp(e) for an edge the uncertainty value can be used. Often, uncertainty is considered
e=(vy;v2) 2 E indicates how probable it is that there is a fovge) integrated with other values, for example, with the mean. In contrast,
larger than a user-de ned threshdfdbetween the disks correspond- the quanti ed uncertainty can be seen as an additional variable.
ing to nodesrq; v, 2 V. Starting from the probability distribution ~ Besides mapping it to a visual channel, such as color, this also
function py¢ (f), the probability that an edge with a strong enough  enables processing operations, such as using uncertainty for ltering.

force exists can be computed as While these approaches could, in principle, be applied to different
Z, (scalar) quanti cations of uncertainty, we focus on probability in
wp(e) = . Pw(e (fdf : 1) this work.

For the sampling-based computation in this work, we divide the Starting_ from the probabilistic grapBp, a threshold, Wh,iCh
number of realizations in which the force is exceeded by the total is de ned |rr:tek:act|wlely by the USErs, can be used for Iterln%_the
number of measurements. Thus, we obtain a probabilistic gegph edges such that only edges withh(€) > R are considered. This

where each edge is weighted by the probabikife). ltered graph is de ned as3p- g = (V. Ep>r) With Ep>p = fe2
Ejwp(e) > Rg Note that we also consider the probability threshold

Additionally, our goal is to obtain the probability that a node R for computing the measures by neglecting edges wiite) R.
belongs to a connected component, indicating that it participates in To support users in selecting meaningful thresholds, the macroscopic
force propagation. At the same time, the spatial positions of the con-measures introduced in Section 4.1 can be visualized as a function
nected components in the 2D embedded graph could be associatedf the two thresholds (see Section 5.2 for details on the visual
with uncertainty. Therefore, we want to include both aspects. The encoding). In this work, we use the gra@-p to encode the
computation of the uncertain connected components is illustrated in evolution of the system over changes in the packing fraction which
Figure 3. First, we compute the connected componéﬁ‘isbased we will visually encode using a Sankey diagram (see Section 5.4).
on the force thresholg for each measurement The computations Thus, no explicit encoding of uncertainty is inherent in this graph.
are directly applied to the individual measurement results, rather Instead, it is encoded implicitly by the user-de ned threshold.
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5.2. Measure Visualizations

We compute three graph-based measures, as discussed in Section 4.1,
and visualize them using line charts and heatmaps. These measures
are aggregated over the spatial domain and thus provide information
at a larger scale, addressing part of task T2. To investigate behavior
as a function of packing fraction (task T3), we chose to show a
line chart(see Figure 1b) for each measure. As the underlying data
uncertainty propagates to the nal result, it can be visualized using
color bands, which is a common approach that encodes uncertainty
as variance. Due to the small number of realizations, we use the full
range instead of smaller percentiles or the standard deviation. Based
on discussions with domain experts, the visualization is enriched
5. Visual Analysis Process by domain-speci c information. To facilitate analysis, the packing
fraction range classi ed as jammed is highlighted with a green
background color. A horizontal red line highlights the currently
selected time step.

Figure 4: The schematic diagram shows the user's work ow (solid
arrows) and the impact of the selections (dashed arrows).

In the following, we will rst discuss our visual analytics approach
and the work ow for analyzing granular material experiments with
respect to the tasks presented above. The work ow was designed
based on experience working on the same dataset, but with a focus To support informed decisions for choosing the thresholds, the
on single experiments [RMM23, RNN 24], and re ned in joint measures are shown heatmapdgor varying potential threshold
meetings with the domain experts. values (see Figure 1c, left) using the uncertainty as a variable for
thresholding (task T1). The visualizations are also used to inter-
actively select the threshold by clicking within them. A red dot
indicates the currently selected threshold. To avoid misinterpreta-
Our visual analytics approach follows a navigation strategy that tion, we set the probability threshold resolution based on the number
starts with an overview of the entire experiment, including all pack- of distinct realizations for each packing fraction (in our case, 10 or
ing fractions, and proceeds to more detailed analyses based or8), allowing us to derive this parameter directly from the dataset.
user-de ned ltering criteria [Shn96]. In contrast to alternative ap- Note that, due to the temporal demand for the experiment, the num-
proaches [LBS19], this mirrors the domain expert's common rst  ber of measurements is usually small. Otherwise, a xed resolution
step of identifying relevant packing fractions for further analysis. could be used here. For the force threshold, we use a xed resolution
However, as explorative data analysis is an iterative process, theof 15, but the heatmap resolution can be easily adapted. Calculating
different levels of detail are closely linked (see Figure 4), thereby the measures shown in the heatmap can take several seconds (see
supporting analysis across different scales (task T2). Section 6.1). Therefore, the heatmaps for each packing fraction are
precomputed. To provide a direct visual link to the evolution, we
show the heatmaps for the different measures directly next to the

5.1. Overview and Work ow

We adopt two approaches to show the system's evolution over
the packing fraction (task T3): Line plots display changes in de- -
rived measures and their associated uncertainties. A Sankey diagramCorreSponGlIIng line charts.
shows changes in the Itered grap-p, and enables users to inves-
tigate cc_mnectlwty changgs across packlng fracyons (sge Se_ctlo_n 545 5 Spatial Visualization
for details). When selecting a packing fraction in any visualization,
all other visualizations are updated to either show the corresponding The spatial visualization supports visualization of the microscale
data or indicate the selected packing fraction. Heatmaps use color(task T2) and should encode uncertainty to assess the reliability of
coding to indicate how the force threshdidand the probability the structure (task T1). We use a glyph-based visualization, build-
thresholdR affect the different measures, using the same measuresing on radial glyphs [ERM25, VBW17a], in which each glyph
as for the uncertain line plots. These plots provide additional in- represents a disk (see Figure 1a,). The glyph is designed to show
formation to inform threshold selection. A glyph visualization (see the probability of belonging to a connected component and the
Section 5.3) conveys spatial information for the connected compo-spatial variation among different connected components. We aim
nents, along with their uncertainty. The uncertainty encoding in the for a visual encoding in which small spatial variations appear less
spatial view and the probability-based thresholding support the iden-prominent than large variations. While matching components, for
ti cation of reliable structures (task T1). The spatial information is example, based on graph matching approaches, would support a
also used to inform the color-coding in the Sankey diagram. Further, direct quanti cation of this spatial variation, the desired outcome
hovering over a box in the Sankey diagram highlights the corre- for larger variations is not always clear. Thus, nding a meaningful
sponding spatial structure in the spatial view, facilitating bridging matching heuristic is challenging. Therefore, we use visual similari-
abstraction levels. ties rather than establishing explicit correspondences between the
different measurements. Figure 3 shows an illustration of how this

The visual analytics system is implemented as a web ap-iew is created

plication using a Python backend with Plotly and Dash. The

Sankey diagram and the spatial visualization are realized using An alternative to glyphs is to use edges rather than nodes. How-
D3 [BOH11]. The source code is availabletditps://github. ever, this results in more visual clutter, as even in planar graphs, the
com/marinaevers/uncertain-force-networks . number of edges is often higher than the number of nodes. Each disk
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closely related rose charts depends on the encoded size, we see the
strength of the size encoding in our case to quickly identify very
high or very low probabilities. For estimating exact percentages, we
expect the alternative encoding using light gray slices to perform
better. To leverage the advantages of both encodings, the user can
interactively switch. A comparison of the different options is shown

in Figure 3 (right).

Major and minor force chains. Based on the domain experts'
feedback, we also support the explicit domain-speci ¢ encoding of
so-called major and minor force chains in the visualization which
Figure 5: The spatial variation of the disks is visualized by color- helps to identify reliable structure (task T1). They differentiate
coding the standard deviations and showing the different positions between these two types of force chains based on an additional
with reduced opacity. For most disks, there is little variation. force threshold: major force chains are linked to forces above the
threshold, and minor force chains are linked to forces below it. By
default, they use the average across all forces as a threshold, which
we also use in this paper. Alternatively, users can use the threshold
is encoded by a radial glyph whose size corresponds to the disk's, to separate major and minor force chains. Major force chains are
size. For the glyph positions, we use the average positions over allencoded in red, while minor ones are shown in blue. Using only two
measurements. Because position deviations are mostly very smalkolors allows differentiation between the two features but no longer
and the original disks do not overlap, this prevents glyph overlap shows the spatial variations of individual components. An example
and de nes the graph's spatial layout. Each slice of the radial glyph for this encoding is shown in Figure 3.
corresponds to one realization. We enhance the glyph-based visu-_ . . .
alization by showing the probabilistic gra@. The probabilities ~ Slic€ ordering. By default, we order the slices in the glyphs ac-
are encoded using a white-to-black colormap along the edges, sgeording to the initial order of the measurements, starting from the

that the most probable edges are drawn in black and are thus clearyP middle and proceeding clockwise. Keeping the same order for
distinguishable from the glyphs. all individual glyphs allows for seeing relations such as correla-

tions between the disks. However, this makes it hard to estimate
Spatial variation. The colors of the slices are determined by the the probability of belonging to the same component. Therefore, we
spatial positions of the connected components. For each connectedhllow users to activate reordering based on color similarity, so that
component with at least two nodes, we compute the barycentersimilar colors, which should correspond to similar spatial positions
Then, we use the spatial position of the barycenter to assign a colorof the components, are grouped close together. To compute the color
of a 2D colormap [SBT15, RNN 24] to the corresponding compo-  order, we start with the rst component and nd the component with
nent (see Figure 3). Similar colors across different slices indicate the closest barycenter, which is shown second. Then, we proceed
that the corresponding connected components have a large spateratively. The light gray slices are always grouped together and
tial overlap, while different colors indicate more spatial separation. shown last. When clicking on a disk, all slices belonging to other
Within the paper, we use the same 2D colormap that was used incomponents are desaturated (see Figure 3, bottom right).
previous work and is familiar to the domain experts [RN2M], but

the colormap could be exchanged easily. One important aspect when creating the spatial view is to ensure

convergence as the number of measurements increases, to be consis-

For interpreting the force chains, it is important for domain ex- tent with the view that the realizations are samples from an unknown
perts to be able to map the information back to variations in disk under|ying distribution. One common ana|ysis step does further ag-
positions. Therefore, users can activate a deviation view, which usesgregations over different packing fractions. Given that the jammed
a white-to-black color scale to encode the standard deviation of the phase is especially relevant, aggregating the dataset analyzed in
particle positions. For more detailed information on the spatial devi- this paper would yield 38 individual realizations, which should be
ation, we render the outlines of the particles with reduced opacity, displayed simultaneously. Especially with the prede ned ordering,
as shown in Figure 5. our visualizations support showing many realizations at once. While

Non-participating nodes. For individual nodes that do not interact ~ the main focus of our work is analyzing the entire experiment to
with others, we use a light gray that is not part of the 2D color map. represent an unce_rtal_n system, it |s_als.o.p033|ble to select a single
We choose a less prominent color to indicate that these nodes do noff€asurement, which is then shown individually.

contribute to the force propagation. Thus, the percentage of colorful
slices indicates the probability that a node belongs to a connected
component. An alternative encoding uses the glyph's size to encode
probability, so that larger glyphs have a higher probability than Finally, the variations of the force chains should be visualized over
smaller ones. To maintain the disk size encoding, a black outline the changes in the packing fraction to identify their reaction to the
shows the disk's original size, and the relative sizes with respect external pressure (task T3). This evolution is visualized using a
to the outline encode the probability. Here, we use the circle's area Sankey diagram, which shows the sizes of the connected compo-
as a visual channel. Even though recent work [KRF25] found that nents but also split and merge events (see Figure 6b). Each node
the use of area encodings over length encodings in circle sectors inin the Sankey diagram corresponds to a connected component, and

5.4. Sankey Diagram
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Figure 6: The Sankey diagram (b) is computed based on connected components in the probabilistisgnapich is shown as color-coded
edges in the spatial views for the rst step (a).

transitions indicate how the connected components change as the
system load varies. Node size represents the size of the connected
components, and color encodes the position in the spatial domain.
Here, we apply the same color coding based on barycenters as for
the spatial view. The non-participating nodes are aggregated into
one node shown in light gray. While the Sankey diagram was used
in previous work [RNN 24] to show the evolution of cycles in this
data, we instead show the connected components of the Giai.

By investigating connected componentsGy g, the general force
structure is evaluated, while the uncertainty is indirectly encoded as
a variable for thresholding the probability.

Figure 7: When increasing the number of samples created from a
synthetic dataset, our sample-based computation converges toward
the analytically computed ground truth.

Th_e Sankey diagram can be useq t_o select an individual paCk'nginvestigate scalability with respect to problem size, we upscale the
fraction for a more detailed analysis in other views. The currently

lected king fraction is hiahliahted with d box. It is al synthetic dataset by varying the number of disks, the number of
selected packing fraction Is ightighted with a red box. 1S S0 - o 5y rements per packing fraction, and the number of packing
possible to select a node in the Sankey diagram. To provide more

i . . - . ._fraction steps. All timings were recorded using an AMD Ryzen 9
spatlal cor_ltext, _the cor_respo_ndlng disks are hlghllght_ed_ln the spatlal 9900X 12-core processor (detailed evaluations are provided in the
view by thickening their outline. Therefore, the spatial information

. isibl supplemental material). For the real dataset, all computations are
remains visiole. performed within a few seconds (see the video for the interaction).

6. Evaluation 6.2. Case Study

In the following, we rst discuss algorithmic evaluations of compu- \we evaluate our approach on real-world data with two domain ex-
tation time and scalability for key components of the visual analytics perts (5 years and 16 years of experience in the domain of granular
system based on synthetic data. After that, we discuss a case StUd)hateriaIs), both of whom are authors of this paper. In a rst for-
and feedback from domain and visualization experts. mative assessment, we aimed to gain a deeper understanding of
the insights they want from data analysis and their current analy-
sis work ow, and to receive feedback on an initial prototype. We
used their feedback to improve our visual analytics solution. We
To validate that our sampling strategy and our visual similarity conducted a summative assessment spread over several meetings
approximate the ground truth, we validate the convergence. Forwith the same domain experts who had also participated in the initial
comparison against the ground truth, we use a small synthetic datasetneeting. In between, we provided our visual analytics solution via
(see Figure 7) de ned by using Gaussian distributions for the force web-based hosting, which allowed domain scientists to use the tool
distributions of the edges, where the edges are independent of eactand explore their data independently [SMM12]. Finally, one of the
other. This allows us to compute the ground truth for the connected domain experts completed an online questionnaire comprising raw
components, shown in Figure 7. The ground truth is computed by NASA-TLX and four questions to rate the intuitiveness of the differ-
considering all possible connected components and determiningent views of uncertainty and their interpretations on a 7-point Likert
their probability by multiplying the edge probabilities. By visually  scale. More details on the structure of the meetings and the question-
investigating the results for different sample sizes, we see that thenaires used to prompt the semistructured interviews are available in
visualization approximates the one of the ground truth and, thus,the supplemental material. The following analysis, including more
shows the desired behavior. To quantify computation times and details, is also shown in the supplemental video.

6.1. Convergence and Computation Times
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