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Abstract
In the field of organic electronics, understanding complex material morphologies and their role in efficient charge transport in
solar cells is extremely important. Related processes are studied using the Ising model and Kinetic Monte Carlo simulations
resulting in large ensembles of stochastic trajectories. Naive visualization of these trajectories, individually or as a whole,
does not lead to new knowledge discovery through exploration. In this paper, we present novel visualization and exploration
methods to analyze this complex dynamic data, which provide succinct and meaningful abstractions leading to scientific insights.
We propose a morphology abstraction yielding a network composed of material pockets and the interfaces, which serves as
backbone for the visualization of the charge diffusion. The trajectory network is created using a novel way of implicitly attracting
the trajectories to the skeleton of the morphology relying on a relaxation process. Each individual trajectory is then represented
as a connected sequence of nodes in the skeleton. The final network summarizes all of these sequences in a single aggregated
network. We apply our method to three different morphologies and demonstrate its suitability for exploring this kind of data.

CCS Concepts
• Human-centered computing → Scientific visualization; • Computing methodologies → Discrete-event simulation; •
Applied computing → Physical sciences and engineering;

1. Introduction

The development of organic solar cells plays an increasingly im-
portant role as they have a great potential as an alternative energy
source. They offer many benefits compared to conventional solar
cells since they can be manufactured in high throughput at low
prices. The major challenge with organic solar cells is their lim-
ited efficiency, which cannot yet compete with conventional solar
cells. In a nutshell, an organic solar cell consists of two different
materials that serve as donor and acceptor for charges. Photon ab-
sorption in the material leads to the formation of an exciton, which
migrates to the interface to be separated in a hole and an electron,
and then transported toward the electrodes. Thereby, the donor ma-
terial transports the holes and the acceptor material the electrons.
Figure 1a illustrates the process for one charge pair. The number of
generated charge pairs and their success in reaching the electrodes
without recombination is responsible for the efficiency of the solar
cell and is largely controlled by the morphology of the material.
Besides the obvious relevance of the morphology, there are many
other effects influencing the performance of the material. These are,
among others, charge interactions, temperature, external electrical
fields and polarization effects in organic materials through atomic
induced dipoles on nearby molecules [VKN∗16]. Therefore, it is
important to consider the actual transport of the charges within
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(a) (b)

Figure 1: (a) Setup of an organic solar cell consisting of two in-
terpenetrated materials. (b) Direct visualization of the trajectories
obtained from a Kinetic Monte Carlo simulation. Electron trajecto-
ries are displayed as green lines, hole trajectories as orange lines.
The acceptor material (blue) provides the morphological context.

the material and it is not sufficient to only analyze the morphol-
ogy. Kinetic Monte Carlo (KMC) simulations are widely used to
study charge transport in organic materials since they provide a fast
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Figure 2: Overview of our charge flow network pipeline. Given the raw data, the pipeline generates the network abstraction and network
visualization.

way to explore realistically the complex morphologies going fur-
ther than the simple shorter paths. Using KMC simulations it is
possible to represent the quantum mechanical interactions in the
material responsible for the charge transport [JLS12, VSL15]. The
results of these simulations are ensembles of pairs of charge trajec-
tories, which represent possible realizations of the charge transport,
see Figure 1b for a direct visualization. Understanding the differ-
ences or similarities between the geometric properties of the mor-
phology and the actual paths of the charges is one of the major
questions behind this research.

In this paper, we present a visualization system resulting from
a long collaboration between domain scientists and visualization
experts. At the beginning of the project, neither side was clear
about what is needed or what is feasible. Thus, the first visual-
ization framework was built on standard visualization concepts. It
combines various diagram views of scalar efficiency measures with
linked 3D views for interactive filtering and exploration [KVL∗17].
This framework for the first time gave the domain scientists the
possibility to explore their data visually. However, using the sys-
tem, soon new demands especially for multi-scale exploration on
different abstraction levels emerged.

The result is the construction of a ‘charge flow network’. The
network forms an abstraction of the trajectories embedded in the
morphology. In this setting, the morphology is represented as a
set of sub-domains of material morphology and layer of interface
between the sub-domains. From here forth, for simplicity we call
them as pockets and pocket interfaces. Each trajectory is described
as a sequence of visited material pockets and the associated dwell
times. The sum of all trajectories constitutes the charge flow net-
work, which is augmented with aggregated characteristic proper-
ties of the original trajectories. The system supports the selection of
pockets, interfaces, and trajectories and facilitates a detailed anal-
ysis of the charge transport through user interaction on all lev-
els. Hole and electron pairs can be followed through the network
thereby identifying possible transport bottlenecks, which can be re-

lated to the pocket interface geometry or charge interaction on the
morphology surface.

Within this paper, we make the following contributions:
• Introduction of the concept of transport networks as an abstrac-

tion for movements in complex morphologies.
• Novel approach for line bundling in constrained morphologies.
• Aggregation of novel statistical measures for charge distributions

in morphological pockets.
• An interactive visualization system for the visual analysis of

charge transport networks across different abstraction levels.
The paper is structured as follows. Section 2 gives details about
the data and the application requirements and how those are ap-
proached by the system. After the related work Section 3, the ex-
traction of the network is described in Section 4. The visual ex-
ploration of these networks in discussed in Section 5. We guide
through a couple of use cases in Section 7. Finally, the paper con-
cludes in Section 8.

2. Domain specific goals and basic concept

Background and requirements. Though the performance of or-
ganic devices is improving, a full theoretical understanding of the
physics of organic materials is still missing. Their properties dif-
fer significantly from crystals and the charge carriers tend to lo-
calize in preferred regions in the morphology. Theoretical investi-
gations of the charge mobility and transport are based on Kinetic
Monte Carlo (KMC) simulations [VKN∗16]. The underlying phys-
ical model is evolving continuously and new physical interactions
are integrated to make it more realistic.

The domain specific goals are two fold; at first, to extend quan-
tum mechanical models to realistically describe the transport of
charges in organic material. The second goal for these specific cal-
culations is to understand the relation between the geometric prop-
erties of the morphology and the charge transport. Specifically, this
is the distribution of the charges within the morphology, the proba-
bility of charge recombination at the morphology boundary and the
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identification of the bottlenecks that are not purely related to the
morphological geometry. Correspondingly the visualization tasks
are related to model verification and charge flow exploration.

Model verification requires the evaluation of basic macroscopic
transport properties. Typical questions to be answered are how the
charges progress toward the electrodes and how quickly they reach
them. Therefore, an abstraction from the stochastic movements and
a simplified charge path representation is essential. For an effi-
ciency analysis, the identification of bottlenecks and the risk for
charge recombination are of special interest. Bottlenecks can be re-
lated to large retention times of charges in certain preferred regions.
An important indicator for the risk of recombination of electrons
and holes is their distance to the material interface.

The concept of the charge flow network. An important aspect
of charge transport simulations is to understand how charges move
within a given morphology. The charge movement does not only
depend on the geometry of the morphology but also on the elec-
trostatic potential and the small-scale quantum mechanic configu-
ration. This information is contained within the trajectories. There-
fore, it is essential to extract the connectivity information from the
trajectories.

The charge flow network proposed in this paper is designed to
serve these requirements by providing an easy way to follow the
large scale transport of the charges in the morphology. Preferred lo-
cations for the charges can be associated with morphology pockets
and bottlenecks can be identified by the analysis of interfaces. The
network provides a valuable means to aggregate statistical informa-
tion necessary for the recombination analysis from the pockets and
their interfaces.

Algorithmic pipeline. Our proposed framework embeds the
charge transport and its properties in an interactive flow network
(see Figure 2). The morphology and the ensemble of trajectories
serve as the input of the pipeline. A topological morphology anal-
ysis defines the pockets, which subsequently serve as nodes for the
abstraction and simplification of the trajectories. The last step in
the pipeline is the visualization of the result either as an abstract 2D
graph or a spatial network embedded in the morphology. Charac-
teristic measures of the pockets and the interfaces can be inspected
in both representations. The individual steps of the pipeline will be
discussed in Section 4.

Data generation. The data consists of ensembles of charge trajec-
tories embedded in a material morphology. The morphologies are
generated using the Ising model for two materials with a volume
ratio of 50:50 resulting in morphologies with different interpenetra-
tion. They are represented as a binary volume consisting of donor
sites represented by ‘1’ and acceptor sites represented by ‘0’. For
this study, we have saved two morphologies with different inter-
penetration levels as indicated by different area-volume ratios. The
dimensions of the boxes obtained is 18×18×28.

The motion of the charges in the morphology is followed using
a KMC procedure based on the Marcus equation. At the begin-
ning the charges (electrons and holes) are placed at the interface
between the two materials (donor and acceptor, respectively). An

electric field is applied in the Z direction of the box inducing the
splitting of the charges and the motion toward the electrodes. For
each morphology, we have performed at least 200 KMC simula-
tions and saved the trajectories for both charge carriers, namely
holes and electrons.

Each trajectory is assembled from a discrete series of transitions
between the sites representing a stochastic movement through the
material. They are represented as a list of site IDs augmented with
a certain dwell time at the site. The simulation assumes periodic
boundary conditions in the horizontal plane. The Gromacs file for-
mat [LHvdS01] is used for the morphology and KMC simulations
are performed in Gorilla [VKN∗16].

3. Related work

Aspects of our work can be found in different fields of visualiza-
tion: abstraction of complex morphologies through networks; ren-
dering large sets of trajectories; and ensemble data. Each of these
aspects bears some similarities to our work, which we will summa-
rize briefly in this section.

In several applications, the extremal structure of the distance
field of porous materials has been used to build a graph struc-
ture to represent the material morphology [GRWH12]. Shiv-
ashankar et al. [SPN∗16] use similar abstractions to find filament
structures within density fields from the cosmology domain. Aboul-
hassan et al. [ABW∗15] focus on the exploration of the backbone
of the morphological structures of organic solar cells to detect geo-
metric bottlenecks. This backbone has some similarities to parts of
our network construction however without the consideration of the
trajectory data. This work has been extended by proposing a com-
parative visual analysis framework for parameter space exploration
for local morphology features [ASB∗17]. The framework is built on
shape-based clustering of local cubical regions of the morphology
that they call patches.

Ushizima et al. [UMW∗12] use an augmented pore network for
the analysis of CO2 storage in rock formations. Another appli-
cation using a similar abstraction concept has been presented by
Aldrich et al. [AHK∗17]. They construct a discrete fracture net-
work to characterize the flow in constrained networks in geoscience
applications. An exploration framework based on such methods us-
ing multiple views, filtering, brushing and linking for charge flow
data was recently presented by Kottravel et al. [KVL∗17]. Hierar-
chical edge bundling introduced by Holten [Hol06] has been used
in many applications dealing with large sets of lines.

The analysis of trajectories with similar characteristics plays also
a role for motion tracking and movement data. Though the appli-
cations are different, they both deal with non-smooth trajectories
allowing crossings. Andrienko et al. [AA12] presented a task clas-
sification with four categories: looking at trajectories, looking in-
side trajectories, bird’s-eye view on movement, and investigating
movement in context. All of these are of importance in our appli-
cation. An essential difference, however, is the dimensionality; the
3D charge trajectories cannot easily be projected onto 2D maps.
Also the kind of interactions between trajectories is fundamentally
different and thus most methods are not transferable.
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(a) (b) (c) (d)

Figure 3: Pocket extraction. (a) The distance field computed for the morphology (acceptor material in blue, donor material in orange).
(b) Red and blue points show the maxima of the distance field, while yellow points show the voxels in the ascending manifold of one of
the maxima, i.e. one pocket. (c) morphology segmentation corresponding to 182 originally extracted local maxima. (d) the segmentation
corresponding to 125 pockets obtained after pocket simplification.

4. Charge flow network extraction

The charge flow network is the key abstraction around, which the
application is built. It is constituted from pockets and connecting
interfaces. While the pocket definition is based on the morphology,
the connectivity is established on the basis of the trajectories. The
individual components will be described in the following sections.

4.1. Morphology analysis

Typically a morphological structure is analyzed by means of its
topological skeleton. However, a one dimensional skeleton is not
sufficient to represent the distribution of the charges in the mor-
phology. Therefore, we are more interested in morphology pockets,
which are later used as anchor points for the trajectory simplifica-
tion.

Pocket extraction. The morphology pockets are represented by
the maxima of the signed distance field of the morphology, see
Figure 3a. The distance transform is calculated using the algo-
rithm proposed by Saito et al. [ST94] using an Euclidean metric.
The local maxima are extracted by a simple voxel-based neigh-
borhood analysis; we consider a 26-voxel neighborhood. To avoid
artifacts due to plateaus, we follow the concept of symbolic pertur-
bation using the index of the voxels as introduced by Edelsbrun-
ner et al. [EM90]. The result is a list of pocket representatives car-
rying a unique index, indicated by red and blue points in Figure 3b.
The pockets are defined as the set of voxels in the ascending mani-
fold of the maxima, depicted as yellow points in Figure 3b.

Since the top and bottom layers of the material play a spe-
cial role, we distinguish between material pockets and surface
pockets. Surface pockets are pockets that have a direct connection
with the electrodes. They are represented by maxima of the two-
dimensional distance field of the surface layers, which ensures that
the simplified trajectories are always connected to the electrodes.

Pocket simplification. A typical approach to simplify topological
structures is the use of persistence [EH08]. Persistence is a measure
that does not take the geometric embedding of the structure into
account. Therefor we introduce a different strategy that considers
the geometry and the the value of the distance field in the maxima.

A B

Morphology Boundary

Maxima Pockets

d(p1)

d(p3)

p1 p2 p3

p4

d(B)

A′

‖A−B‖2 ≤ max{d(A),d(B)}

d(A)

Figure 4: A pair of pockets is merged if either center is located
within the influence sphere of the other pocket.

To remove small pockets that are closely attached to a larger pocket
we introduce a pocket merging step following a simple rule: a pair
of pockets is merged if either center is located within the influence
sphere of the other pocket. For pockets A and B with distance values
d(A) and d(B), this means

‖A−B‖2 ≤max{d(A),d(B)} (1)

The merging process starts from the largest pocket and is applied
as long as an adjacent pocket with smaller radius satisfying con-
dition 1 is available. The process continues from the next largest
pocket until no more merges are possible (see Figure 4). This guar-
antees that no pockets with holes, e.g. loops, are generated. The
pocket is represented by the location of the largest maxima. The
resulting volume segmentations are shown in Figures 3c and 3d.

4.2. Trajectory abstraction

The connectivity of the network is established by the trajectories
that are individually represented as a sequence of pockets or a
‘word’ where the pocket indices serve as the alphabet. The raw
words contain large sequences of constant letters when a charge re-
mains in one pocket, and sequences of alternating letters when a
charge transfers between pockets. To reduce a word to its essential
pockets and transitions a set of simple grammar rules is applied.

Rule 1: Establishing stable transitions. Charges often jump back
and forth between interface voxels of neighboring pockets until

c© 2019 The Author(s)
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they finally stay in the new pocket. Therefore, we ignore all transi-
tions until the charge stays for a minimum amount of jumps minlen
within the new pocket.

x y . . .y︸ ︷︷ ︸
≤ minlen

x→ xx

For example, consider the word ‘aaaabbaaaccc.’ Rule 1 removes
pocket ‘b’ if minlen > 2 thus yielding the word ‘aaaaaaaccc.’
However, a transition pocket ‘c’ in word ‘aaaacddd’ will not be
removed.

Rule 2: Representing each visited pocket by one letter. Consecu-
tive entries of the same letter are collapsed into a single letter, e.g.
‘aaaaacddd’ will yield the final word ‘acd.’

xx→ x

For each trajectory word, we create an adjacency matrix summa-
rizing all transitions of the trajectory. To keep track of the frequency
of transitions between the pockets each matrix entry xi, j represents
the total number of transitions from the letters xi to x j and, thus,
the connectedness of pockets. The diagonal entries are used to rep-
resent the number of charges contributing to one pocket. For the
complete network, all matrices are assembled by adding the non-
diagonal entries and keeping the diagonal elements. The composed
adjacency matrix provides all relevant information to create a di-
rected graph of the morphology. The trajectory words and matrices
provide an efficient and compact representation of the trajectories
and are later used as the basis for their exploration.

4.3. Trajectory based morphology skeleton

While the charge flow network summarizes the charge path in an
efficient way, the spatial embedding of this path is no longer repre-
sented. To compute exact geometric measures we require the mor-
phology skeleton as a reference.

To obtain the skeleton, we perform a constrained trajectory
bundling, which straightens the trajectories while also pulling them
toward the center of the morphology. The morphology’s center
is implicitly defined by the corresponding distance field (cf. Fig-
ure 3a).

The bundling is performed by employing a spring mass system
in combination with an external force defined by the gradient of
the distance field. Thus, charges are attracted by the ridges of the
morphology. A line of springs connects all charge positions within
each trajectory. Note that each trajectory corresponds to one in-
dependent spring chain. To obtain a more even distribution of the
charges along the relaxed trajectories we modify the linear behav-
ior of the springs (Hook’s law) by adding a cubic term. Thereby
ensuring that no topological feature of the morphology is lost. The
Verlet integration scheme is used to solve the system.

For our datasets, 200 to 500 steps were sufficient for relaxing
the entire system into the skeleton. The external forces pull them at
first toward the extremal surfaces and then to the extremal lines of
the distance field, see Figure 5. Planar structures already become
prominent after about 50 iterations and are be used as reference for
the geometric measures.

(a) Initial positions (b) 40 iterations

(c) 80 iterations (d) 200 iterations

Figure 5: Trajectory bundling using a spring mass system embed-
ded in a force field, which is defined by the gradient of the distance
field, During the bundling process the trajectories are first drawn
to planar structures before they move toward the ridges of the mor-
phological skeleton.

(a) (b)

Figure 6: (a) The charge flow network for one material of the mor-
phology. The starting pocket is highlighted in red while the end
pockets are shown in blue. Two selected pockets and the associated
charge positions are shown in green and yellow, respectively. Note
that the periodic boundary conditions are taken into account indi-
cated by the open-ended connections. (b) Top: Radial density plot
for the yellow pocket shown below. Bottom: The charge positions
within a pocket of interest are highlighted in yellow. The morphol-
ogy skeleton represented as lines and the volume rendering of the
distance field of the skeleton are shown for context.
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Charge Position

Morphology Boundary

Trajectory Skeleton

Distance Field of Skeleton

dmorph
dtraj

Figure 7: Radial pocket charge distributions. The radial distance
r for a given charge position (red) depends on the distance to the
morphology boundary dmorph and the distance to the skeleton dtraj.

5. Network efficiency measures

The network provides the basis to aggregate geometric efficiency
indicators for the charge transport as the charge distribution in
pockets and the transitions between the pockets.

5.1. Pocket exploration

Pockets are a connected component resulting from the morphology
segmentation. They are represented by the largest local maximum
within the pocket. In the abstract network, they are displayed as
ellipsoids representing either the geometrical shape of the pocket
or the distribution of the associated charges. The ellipsoid results
from a principal component analysis of the pocket voxels or the
charge distribution, respectively, see Figure 6a. Different properties
can be mapped to the color of the ellipsoid glyph. Typical exam-
ples are start or end pockets, number of charges, and pocket size.
Other provided mappings include average charge density and the
net flow through the pocket. All these parameters can alternatively
be mapped to the size of the ellipsoid. All charge positions associ-
ated with a pocket can be highlighted (Figure 6b).

Pocket classification. A typical classification of geometric shapes
that we use for the pockets employs the anisotropy measures: spher-
ical anisotropy cs, planarity cp, and linearity cl . The measures are
defined in terms of the eigenvalues λi, i = 1,2,3 of the charge dis-
tributions in the pockets as cs =

3λ3
λ1+λ2+λ3

, cp =
2(λ2−λ3)
λ1+λ2+λ3

, and cl =
λ1−λ2

λ1+λ2+λ3
. Every pocket is represented as a point in the barycentric

space spanned by cs, cp, and cl , see Figure 11, bottom.

Pocket charge distributions. An important characteristics of the
pockets is the distribution of enclosed charges and their proximity
to the material interface. Charges close to the boundary exhibit a
high chance for charge recombination. We define a relative prox-
imity measure with a value of 1 on the material interface and a
value of 0 at the morphology skeleton represented by the trajectory
bundles. It is computed from the shortest distance to the morphol-
ogy boundary dmorph, given by the distance field of the morphology
and the distance to the skeleton dtraj. The concept is illustrated in
Figure 7. To obtain the value dtraj, we compute an additional dis-
tance field with respect to the extracted skeleton. Since pockets ex-
hibit different sizes and shapes the value is normalized. For a given

Projection Subspace

Basis Vectors

Boundary Voxels Principal Components

Figure 8: Planar pocket interfaces are constructed using principal
component analysis of the boundary voxels.

charge position p, the normalized radial distance r is defined as

r =
dtraj(p)

dmorph(p)+dtraj(p)
(2)

The radial density plot of a single pocket is obtained by computing
the histogram over the radial distances of all charges located inside
this pocket (Figure 6b).

5.2. Pocket interface exploration

For the investigation of transport bottlenecks, the pocket interfaces
are of special interest. This comprises their cross-section geometry
and the distribution of the locations of the charges when passing
from one pocket to the next. Therefore, we extract the pocket inter-
faces as explicit geometry and use them to display some transport
characteristics.

Extracting the interface geometry between a pocket pair involves
three steps, which are illustrated in Figure 8. At first, interface vox-
els are identified as voxels having different pockets in their 3×3×3
neighborhood. The interface surface is obtained by means of a prin-
cipal component analysis of the interface voxels. The two largest
principal components span a plane positioned at the center of mass
of the interface voxels. The 2D convex hull of the projected inter-
face voxels determines the extent.

We augment these cross sections with a heatmap showing the
distribution of the charge transitions where we distinguish between
inflow and outflow. The heatmap of the outflow is generated by
scanning each trajectory for transitions from pocket A to B. All
intersection points are subsequently splatted onto the interface sur-
face using Gaussian splats. By considering transitions from B to A
we can obtain the inflow of pocket A. Figure 9 shows the pocket
interfaces computed for a single pocket. Each interface is rendered
in-place at the corresponding cross section of the morphology. The
heatmaps on these interfaces display the charge flow in blue.

6. Visualization and interaction

To visualize the data, we provide three different options: geomet-
rically embedded trajectory bundles, abstract charge flow networks
embedded in 3D, and 2D chord diagrams. All visualizations are
based on the three data structures we have defined above: the mor-
phology pockets, the adjacency matrices for the trajectories, and

c© 2019 The Author(s)
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Figure 9: Pocket interfaces between a single pocket (orange) and
all its neighbors. Charge transitions from one pocket to another are
represented as heatmap on the cross section: inflows from neigh-
boring pockets (top left) and corresponding outflows (top right)
embedded in the network visualization; extracted cross sectional
pocket interface hulls (bottom). Charges (yellow) are only shown
for the selected pocket.

the bundles obtained by the relaxation. Different rendering styles
using volume rendering and explicit geometry are provided by the
system. All parts of the network and the geometry can be inter-
actively selected and separately clipped or highlighted. The differ-
ent representations are all linked to each other and can be interac-
tively explored. In all representations, pockets or trajectories can
be selected. Alternatively one can iterate through the pockets or
trajectories using the keyboard. The presented concepts are imple-
mented in C++ and OpenGL using the Inviwo framework [JSS∗19].
D3 [BOH11] is being used for the generating the chord diagrams.

Morphology representation. For the 3D visualizations, the mor-
phology can be rendered as contextual information either as isosur-
face or as semitransparent volume. The segmentation process can
be evaluated by showing the pockets either by using their centers,
the contributing charges or the volume. Pockets and their connec-
tivity can also be inspected individually as shown in Figure 9. On
demand pocket interfaces can be highlighted. All scalar measures
can integrated into the volume, for example the distance field or the
charge density.

Trajectory bundle representation. In this representation, all lev-
els of the trajectory relaxation can be shown from the raw trajec-
tories up to the skeleton. Either individual trajectories or the entire
ensemble can be visualized while pocket centers and/or charge po-
sitions can be added on demand. The morphology can be rendered
as context.

Charge flow network. Embedded in the three dimensional vol-
ume, the charge flow network shows the pockets at their actual ge-
ometric position as ellipsoids. The connections between the pock-
ets are displayed as cylindrical connectors whose size can be for

(a) Raw DATASET2 (b) Expanded trajectories DATASET2

(c) Raw DATASET3 (d) Expanded trajectories DATASET3

Figure 10: Two datasets in comparison. Left: trajectories embed-
ded within the morphology. Right: expansion of the trajectories
considering periodic boundary conditions.

example mapped to the flow between the pockets. Figure 6a illus-
trates the result for the abstraction of all trajectories in one material
and gives an overview of the network and the connectivity between
nodes. The pocket volumes and the charge distributions for selected
pockets can be added on demand.

2D chord diagram. A different, more abstract variant of the
charge flow network is the chord diagram [KSB∗09] which does
not include any spatial information. The chord links indicate di-
rect relationships between two pockets where the thickness of each
link close to its start reflects the number of transitions from the
source to the target. This representation allows to get a qualitative
overview of all pocket size, their valency, and contribution to the
charge transport. As such they are a valuable interface to select tra-
jectories or pockets for further inspection.

7. Use cases

We explore the charge propagation in three different datasets using
the framework introduced. DATASET1 is a relatively large dataset
that has been used for all illustrating purposes above. The other
two datasets have the same volumetric extent (dimension), however
they differ with respect to their morphology with varying interpen-
etration levels (DATASET2: higher interpenetration, DATASET3:
lower interpenetration). For all morphologies, 100 or more trajec-
tory pairs were generated as a result of KMC simulations where
a hole-electron pair separates and diffuses to the electrodes (top-
bottom boundary plane) aligned perpendicular to the Z-axis. All
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(a) (b)

Figure 11: Morphology analysis. Distance fields of the morphology
(top) and pocket shape distributions (bottom) of DATASET2 (a) and
DATASET3 (b).

hole-electron pairs start at the same interface point between ac-
ceptor and donor material, hence they always start from the same
pocket.

7.1. Use case 1 – Comparison of two datasets

In this use case, we compare DATASET2 and DATASET3, which
present different levels of interpenetration.

First data inspection. The exploration starts with a first inspec-
tion of the datasets to verify the correctness of the data. Figure 10
shows both raw datasets as trajectories embedded in their mor-
phology without periodicity and with expanded trajectories con-
sidering the periodic boundary conditions. The trajectory paths are
clamped once they reach the electrodes. We can see that the mor-
phologies are almost completely filled with trajectories. This has
been expected and is a first test to verify the simulation and the
model parameters. From the expanded visualization we can con-
clude that the trajectories for the morphology with less interpene-
tration (DATASET3) are spreading further out and are not as con-
fined as in the other case. This information is very relevant for the
domain scientist to identify the level of interpenetration necessary
for a full diffusion of the charges in the morphology. However, it
becomes obvious that neither the compact representation nor the
periodic expansion diminishes the visual clutter, and hence are not
appropriate for a detailed analysis of the data.

Morphology analysis. In this step, we take a closer look at the two
morphologies. The visualization of the signed distance field of the
morphologies shows different levels of interpenetration (Figure 11,
top). The segmentation results in varying pocket counts and pocket
sizes for respective datasets. Figure 11, bottom shows the distribu-
tion of the pocket shapes, which confirms that the DATASET3 fea-
tures more planar structures. Note that due to the periodic boundary
conditions, pockets can be leaving the volume on one boundary and

(a) DATASET2

(b) DATASET3

Figure 12: Trajectory bundling. DATASET3 (bottom) exhibits more
planar structures than DATASET2 (top). Charge positions shown
on the right represent an intermediate state of the bundling process.

entering on the opposite side again. This continuity is reflected in
the segmentation results.

Trajectory bundling. Looking at the raw trajectories gives not
much information about the macroscopic charge transport. The
high level movement of charges across the pockets is captured by
the trajectory bundling relying on a spring mass system, see Fig-
ure 12. These visualizations show how the trajectories pass through
the pockets when moving toward the electrodes. The bundling pro-
cess can be interrupted and an intermediate state can be inspected
at any time. It appears that the charges have no preferred way to
pass through the pockets and the bundles enter and leave through
all possible interfaces. However, observing the bundling process in
the pockets already give interesting information about the charge
distributions and the dwell time of charges in a pocket. In compar-
ison, the two datasets reveal clearly that DATASET3 exhibits more
planar transport structures than DATASET2. With a planar distri-
bution, a charge interaction and recombination will be much less
likely due to linear structures, and thus results in a longer conver-
gence time (see Table 1). The bundling process allows to extract
the mean path of the many Kinetic Monte Carlo trajectories that is
more relevant for the efficiency than the detailed stochastic charge
movement. However, no clear inference can be made from these
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images. Hence further exploration of the trajectories and pockets in
the next stage is required.

Full abstraction. A more quantitative analysis is possible with
a full abstraction of the charge flow. The full three dimensional
embedding of the charge flow network (DATASET2) is depicted
in Figure 13a. While the embedding reveals the full complex-
ity of the transport process, the chord diagram provides a direct
overview of the number and size of pockets as well as their valency
(Figure 13c). Linking these two representations results in an intu-
itive interface for the exploration of the charge transport. The blue
chords on the left side of the diagrams represent the pockets at the
top electrode. The pockets of the bottom electrode correspond to
the blue are in the top part of the chord diagrams. This already re-
veals an interesting facet of the dataset: multiple charge pairs are
not separating and thus head toward the same electrode. In Fig-
ure 13b, the trajectories of one such a charge pair are depicted.

7.2. Use case 2 – Pocket and trajectory exploration

In this use case, we use the DATASET1 to explore selected pockets
and trajectories in more detail. The dataset is different from the use
case 1 in terms of interpenetration and has a more complex mor-
phology. The entire network is captured by the aggregated adja-
cency matrix and is represented using chord diagram in Figure 16a.
Pockets can be selected in the chord diagram, in the 3D embedding,
or via filtering using associated characteristic measures. With the
selection of a pocket, one can also highlight all trajectories passing
through pockets. We use two modes of pocket exploration using ab-
stract representations: within the abstract visualizations and in the
spatial embedding.

Case 2a. The first goal is to specify pockets with high a number of
connections to other pockets. For this purpose the summary of all
the trajectories in the chord diagram are very suitable Figure 16a.
In this diagram we select pockets 1091, 1174 (donor) and 202, 196
(acceptor) showing the highest number of connections. Filtering for
a trajectory that passes through all four pockets results in a trajec-
tory pair shown in Figure 16b. Pockets 1091 and 202 are the starting
nodes (Figure 16d). Pocket 1174 shows a high activity both for a
single trajectory and the entire network. Interestingly, both pockets
1174 and 196 are immediate neighbors to the start pocket but do
not receive much contribution from there. This can be an indicator
for strong charge interaction moving the charges back toward their
start position. In a second step we try to identify possible bottle-
necks,therefore we focus on pockets with a low valency and select
two pockets with valency 2 (Figure 14). The assumption is that low
valency is a hint for a transport bottleneck. Inspecting the spatial
embedding shows that both pockets act as connectors between two
larger pockets with a very thigh connection. In this case this means
that there is a strong correlation between the morphological and the
transport bottleneck. This identification of specific pockets such as
bottleneck is one of the goal for the domain scientist, and this can
be achieved with the chord diagram.

Case 2b. In this case, we select a trajectory pair from the spatial
network. This trajectory pair augmented with traversed pockets is
depicted in Figure 15a where color encodes time. Two different

(a) (b)

(c)

Figure 13: Charge flow network of DATASET2. (a) spatial net-
work embedding with two highlighted pockets; associated charge
distributions in green (electrons) and orange (holes). Pockets are
represented by ellipsoids whose shape corresponds to the local
charge distributions (red: start pockets; blue: end pockets at the
electrodes; light orange/green: transit pockets). Periodic bound-
ary conditions are indicated by open-ended connections. (b) tra-
jectory inspection of a single charge pair where both electron and
hole move toward the same electrode. (c) In depth inspection of
the transport behavior is facilitated in combination with chord dia-
grams (hole left, electrons right). Both diagrams feature end pock-
ets (blue) at the top and left which correspond to the bottom elec-
trode and the top electrode, respectively. This indicates that charge
pairs are not separating, as e.g. depicted in (b).

color scales are used for electron and hole, respectively. The large
yellow region in the center is a hint of a large dwell time of the
charges close to the exciton generation. This can be explained by
electrostatic forces between the two charges but may have a nega-
tive effect on the transport efficiency bearing a high risk of losing
the charge pair due to recombination. The second representation
Figure 15b shows the same pockets now colored with respect to the
overall charge count, which is relatively high for relevant pockets.
This shows that this behavior seems to be a general trend, which is
not only present for the selected trajectory. In such scenarios, the
spatial skeleton is useful for picking and selection of morphology
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Table 1: Computation time and data complexity involved in various stages of the charge flow network pipeline. The scaling is mostly
depending on the number of charge positions, i.e. the length of each trajectory and, of course, the total number of trajectories. The size of
the morphology, i.e. the volume, will only affect the segmentation and maxima extraction. Thus, trajectory bundling is most demanding since
it involves computing the distance field and force field gradient as well as the relaxation for all trajectories until convergence.

Data Morphology Trajectory Abstraction

Dimensions Maxima Extraction [ms] Segmentation [ms] # Trajectories Total Charge Count Bundling [ms] Adjacency Matrix Compute Adjacency [ms]

DATASET1 50x50x50 960 255 200 1 000 000 19 400 127x127 300
DATASET2 18x18x28 570 103 600 1 800 000 50 330 72x72 211
DATASET3 18x18x28 573 102 600 4 000 000 72 400 37x37 213

pockets. The interaction during exploration is a key feature, which
is facilitated in these abstract representations.

The next step is the exploration of the charge distribution in
the respective pockets. Interesting properties are the distribution of
charges within the pocket and during the transitions to its neighbors
shown as histogram respective heat map on the interfaces Figure 9.
Understanding the charge distribution within the pocket is a precur-
sor for detecting the interrupted flow in a pocket.
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Figure 14: Exploration of pockets with two neighbors. Three seg-
mented pockets of acceptor and donor channels form a narrow
channel (left). These pockets are identified using the chord diagram
of a single trajectory (right).
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Figure 15: Single Trajectory Analysis of an electron-hole charge
pair. Pockets traversed by either electron or hole are color mapped
to (a) pocket entry time and (b) charge count.

8. Conclusion

In summary, we propose a novel way to represent and analyze
charge trajectories using a flow network augmented with derived
statistical information. The framework is assembled of three major
parts that provide the backbone for visualization, interaction, and
aggregation of geometric measures: morphology segmentation, tra-
jectory bundling, and trajectory abstraction in one matrix. Linking
these elements together facilitates a large set of exploration possi-
bilities. Through this visualization system, it is the first time that
the physicists have full access to the simulation results. The inter-
activity and linkage of all levels plays an important role for the
understanding of the data. Questions of the domain experts include
debugging of the simulation results by comparing inflow and out-
flow of charges in the pockets, evaluating parameters like external
field strength, and comparing the efficiency for different morpholo-
gies. Some of the anticipated properties have been confirmed dur-
ing the exploration but there have also been novel aspects that were
not considered before. For example the role of the shape of the
morphology pockets and the different behavior of charges in pla-
nar and linear regions, which is not represented by the typically
used morphology measures such as domain size and volume to
area ratio. Due to this observation we plan to make these geometric
characteristics more quantitative in future development. The frame-
work is growing by adding novel functionalities as the exploration
of the data goes on. For the construction and augmentation of the
network, new concepts have been introduced, which have the po-
tential to be used in other application areas as well. This includes
bundling and abstraction of the trajectories, which can also be of
interest for other dynamic data. The visual and interactive analysis
provided here gives the domain expert a quick and intuitive tool
to analyze the trajectories and establish morphology-efficiency re-
lationship necessary for the design of more efficient materials. To
extend the comparison possibilities of the framework, we consider
integrate more shape analysis tools for the morphology as proposed
by Aboulhassan et al. [ASB∗17].
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Figure 16: Chord diagram of the adjacency matrix derived from the charge flow network. The numbers relate to unique pocket IDs while
colors differentiate electron and hole trajectories (green/orange), respectively. Red and blue pocket colors indicate start and end nodes
of a trajectory. (a) aggregated transitions of all pockets. (b)-(d) the trajectories of a single charge pair, i.e. an electron and a hole, are
selected from the aggregated network. (c) connections of two pockets (IDs 214 and 1174), which exhibit higher activity within the trajectory.
(d) connections of start and end nodes.
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